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Abstract of thesis presented to the Senate of Universiti Putra Malaysia in fulfilment of
the requirement for the degree of Doctor of Philosophy

SUSTAINABLE LIGNOCELLULOSIC BIOMASS ECONOMICS AND
LOGISTICS FOR BIOFUEL IN MALAYSIA

By
ONG CHU LEE
July 2023
Chair : Jean-Marc RODA, PhD
Institute : Tropical Forestry and Forest Product

Lignocellulosic biomass is one of the renewable resources to help carbon emissions
mitigation and delay peak oil events and transition fossil energy reliance to alternative
sustainable energy. In tropical region with high primary productivity, biofuel
development was motivated by its abundance of biomass. However, biofuel
sustainability is challenged by the context of resource fragmentation and complex
landscape structure, this is compromising the feasibility and competitiveness of
biorefineries. Hence, this study aims to assess the costs and quantities of feasible biofuel
potentials in Peninsular Malaysia while considering the impact of spatial fragmentation
as a significant challenge. This involves determining cost and quantity of lignocellulosic
biomass wastes in Peninsular Malaysia, identifying ideal location(s) for a biorefinery
(biorefineries) and assess the cost and quantity of biofuels that could potentially be
produced in Peninsular Malaysia at an optimum scale. Furthermore, the impact of spatial
fragmentation on the feasibility of biofuels production is also examine.

Using GRASS GIS, this study simulates the biomass transportation in Peninsular
Malaysia and extend the costs and supply into biorefineries using the order of magnitude
estimation method. As a result, we obtained biofuel transportation cost curves, least-cost
locations, biorefinery cost curves, biorefinery optimal costs and scales based on ten
major biomasses and multi-biomass scenarios in Peninsular Malaysia. Quantification of
impacts from significant factors were also demonstrated.

Biomass transport costs increases by more than 4 USD/tonne at basis of 1 million tonnes
feedstock for every added unit of edge density (fragmentation index). It also increases
by more than 6 USD/tonne for every added 100km of average transport distance.
Average truck size has a strong nonlinear negative relation with 84 USD/tonne reduction
when changing from 3- to 26-tonne trucks. Biorefinery optimal costs also strongly linked
to spatial fragmentation, it increases 42 USD/tonne for each unit of edge density. Every
10% increase of moisture content increase optimal cost by 12 USD/tonne. Conversion



technology is as important as fragmentation, parameter-a (represent investment cost and
conversion efficiency) at interval of 250 increases optimal cost by 42 USD/tonne. To the
author’s knowledge, this is the first work that simultaneously address effects of
fragmentation with other classical logistical factors to biomass and biorefinery
economics in tropical country like Malaysia. It has strong implications for policymakers:
the importance of the landscape structure makes a seemingly abundant biomass not
viable for biorefineries if too fragmented compared to a much less abundant one, but
more concentrated. This is illustrated by the identified feasibility of rice straw and palm
pressed fiber (PPF) in contrast of more discussed resources such as empty fruit bunch
and oil palm frond. The fermented biofuels produced from rice straw or from PPF are
the only biomass source to be systematically cheaper than 97.5% of the crude oil price
variability (below 191 USD/tonne).

The total potentials from the two biomasses are between 0.96 to 1.38 million tonnes of
annual liquid biofuel which represents 5 to 7% tonne of oil equivalent of Malaysia petrol
consumption in a year. This also implies that in tropical countries where the landscape is
typically very fragmented, more holistic approach that include landscape variations is
needed in selection of supply zone and location, as well as consideration of multi-
feedstock for sustainable biorefineries.

Keywords: bioenergy, biomass, biorefinery, feedstock, landscape fragmentation,
lignocellulose, residues, supply cost, transport cost, biofuel cost, wastes



Abstrak tesis yang dikemukakan kepada Senat Universiti Putra Malaysia Sebagai
memenuhi keperluan untuk [jazah Doktor Falsafah

PELESTARIAN EKONOMI DAN LOGISTIK BIOJISIM
LIGNOSELLULOSIK UNTUK PNGELUARAN TENAGA-BIO DI MALAYSIA

Oleh
ONG CHU LEE
Julai 2023
Pengerusi : Jean-Marc RODA, PhD
Institut : Perhutannan Tropika dan Produk Hutan

Biojisim lignoselulosa ialah salah satu sumber yang boleh diperbaharui untuk membantu
pengurangan pelepasan karbon dan menangguhkan kemelesetan punca tenaga fosil dan
mengalihkan pergantungan tenaga fosil kepada tenaga lestari alternatif. Di rantauan
tropika, dengan produktiviti primer yang tinggi, pembangunan tenaga-bio didorong oleh
kesuburan biojisimnya. Walau bagaimanapun, kemampanan tenaga-bio dicabari oleh
struktur kepingan sumber-sumber dan struktur geografi yang kompleks, ini menjejaskan
kebolehlaksanaan dan daya saing produksi tenaga-bio. Ini merangkumi penentuan kos
dan kuantiti sisa biomassa lignoselulosa di Semenanjung Malaysia, mengenal pasti
lokasi yang ideal untuk satu atau lebih biorefineri, dan menilai kos dan kuantiti biofuel
yang berpotensi dihasilkan di Semenanjung Malaysia pada skala optimum. Selain itu,
kesan pecah bahagian ruang terhadap kelayakan pengeluaran biofuel juga dikaji.

Dengan menggunakan GRASS GIS, kajian ini mensimulasikan pengangkutan biomassa
di Semenanjung Malaysia dan meluaskan kos dan bekalan ke biorefineri menggunakan
kaedah anggaran kadar besaran. Akibatnya, kami memperoleh lengkung kos
pengangkutan biofuel, lokasi kos terendah, lengkung kos biorefineri, kos optimum dan
skala biorefineri berdasarkan sepuluh biomassa utama dan skenario biomassa pelbagai
dalam Semenanjung Malaysia. Kuantifikasi kesan daripada faktor-faktor penting telah
ditunjukkan.

Kos pengangkutan biojisim meningkat lebih daripada 4 USD/tan pada asas 1 juta tan
bahan mentah untuk setiap unit tambahan ‘kepadatan tepi’ (indeks kepingan geografi).
la juga meningkat lebih daripada 6 USD/tan untuk setiap tambahan 100km jarak
pengangkutan purata. Purata saiz trak mempunyai hubungan negatif tidak-linear yang
kuat dengan pengurangan 84 USD/tan apabila menukar daripada trak 3- kepada 26 tan.
Kos optimum kilang tenaga-bio juga berkait kuat dengan ‘kepadatan tepi’, ia meningkat
42 USD/tan untuk setiap unit ‘kepadatan tepi’. Setiap peningkatan 10% kandungan
lembapan meningkatkan kos optimum sebanyak 12 USD/tan. Teknologi pemprosesan
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tenaga adalah sama kepentingnya dengan indeks kepingan geografi, parameter-a
(mewakili kos pelaburan dan kecekapan proses) pada selang 250 meningkatkan kos
optimum sebanyak 42 USD/tan. Dalam penaklukan pengetahuan penulis, ini adalah
karya pertama yang secara serentaknya menangani kesan kepingan sumber dengan faktor
logistik klasik yang lain-lain kepada biojisim dan ekonomi kilang pemprosesan tenaga-
bio di negara tropika seperti Malaysia. la mempunyai implikasi yang kuat untuk
penggubal dasar: kepentingan struktur landskap menjadikan biojisim yang kelihatan
banyak tidak mampan untuk produksi tenaga-bio jika terlalu berpecahan berbanding
dengan yang kurang banyak, tetapi lebih padat. Ini digambarkan oleh kebolehlaksanaan
yang dikenal pasti bagi jerami padi dan sabut mesocarp sawit (PPF) berbanding sumber
yang lebih banyak dibincangkan seperti tandan kosong sawit dan pelepah sawit. Tenaga-
bio yang diperolehi daripada jerami padi atau daripada PPF adalah satu-satunya sumber
biojisim yang secara sistematik lebih murah daripada 97.5% kebolehubahan harga
minyak mentah (di bawah 191 USD/tan).

Jumlah potensi daripada kedua-dua biojisim itu adalah antara 0.96 hingga 1.38 juta tan
tenaga-bio cecair tahunan yang mewakili 5 hingga 7% tan minyak bersamaan dengan
penggunaan petrol Malaysia dalam setahun. Ini juga menyarankan bahawa di negara
tropika di mana struktur geografinya sangat berpecah-belah, pendekatan yang lebih
holistik dengan merangkumi variasi struktur geografi diperlukan dalam pemilihan zon
bekalan dan lokasi, serta pertimbangan berbilang bahan biojisim untuk produksi tenaga-
bio yang mampan.

Kata kunci: biotenaga, biojisim, biorefinery, bahan mentah, pemecahan landskap,
lignoselulosa, sisa, kos bekalan, kos pengangkutan, kos tenaga, bahan buangan
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CHAPTER 1

INTRODUCTION

1.1 Background

Climate change is posing unprecedented threats to humanity. These risks include
biodiversity loss, global warming, and extreme weather events (OECD, 2012).
Transitioning from fossil fuels to renewable energy is at the forefront of mitigating these
risks among the available alternatives. However, in Malaysia the major culprit of global
warming — carbon dioxide emissions are still on the rise (Figure 1.1); where the nation’s
energy consumption is still heavily relying on fossil sources while biofuels and waste
sources only composed of 1.1% in Year 2020 (Figure 1.2).

million
tonnes of
C0o2

250

150 /

50 /7

o 7 T T T T T T T T T T T T T T T
1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Year

Figure 1.1: Total CO: emissions from energy consumption Malaysia, Year 1990 —
2020
(Reproduced from: IEA,2023)

100

Natural gas

. -

Electricity

who g2 19ba  ibs  w9bs 2000 2002 2004 2005 2008 200 202 204 206 20 2000

Year

Figure 1.2: Total final energy consumption by source, Malaysia Year 1990 — 2020
(Reproduced from: IEA,2023)



This suggested that there is urgency to accelerate reduction of fossil fuel reliance for
climate change mitigation. Among others, biofuel is expected to become one of the major
alternative energy to replace fossil energy (Mofijur, Masjuki, Kalam, Ashrafur Rahman,
& Mahmudul, 2015). Their renewability and sustainability can insure environmental and
sociological services such as energy security, carbon neutrality and rural areas
development (Gheewala, Damen & Shi, 2013).

1.1.1 Definitions of biofuel

Biofuels are energies in the form of solid, liquid or gaseous that are derived from
renewable sources such as biomass (Demirbas, 2009; Liew, Hassim, & Ng, 2014).
Biofuels are classified into four types according to their sources of feedstock (Naik, Goud,
Rout, & Dalai, 2010, Demirbas 2011).

The first-generation biofuels also known as ‘conventional biofuels’ are derived from
agricultural food crop. Sugar or starchy crops such as corn, wheat, sugar cane and cassava
are used to produce bioethanol through microbial fermentation. Oil seed crops such as
palm, soybean and rapeseed are used to produce biodiesel through transesterification
process which the lipids were reacted with alcohols (Balat, 2011).

The first-generation biofuels involve large scale crop cultivation that heighten
inefficiencies and created issues such as competition of arable land and water resources
with food crop, increased food prices, land use change and anthropogenic emission
(Rajagopal & Zilberman, 2007; Searchinger et. al., 2008; Gehlhar et. al., 2010). This led
to advent of newer generations of biofuel or “advanced biofuels” as describe below
which could avoid these externalities.

The second-generation biofuels are derived from non-edible plant, solid waste and
residue materials. These feedstocks are lignocellulosic biomass from cultivation on
marginal land (Izaurralde & Zhao,2015); agricultural residues, forestry, wood and
industrial wastes (Balan, 2014; Mahlia, Ismail, Hossain, Silitonga, & Shamsuddin, 2019;
Magda, Szlovak, & Toth, 2021). Other materials including used cooking oils and
municipal solid waste also fall into this category (Azapagic et al., 2017).

The third-generation biofuels are derived from microbes, microalgae, and seaweeds and
furthermore the fourth-generation biofuels are derived from genetically modified
microalgae (Agrawal, Khatri, & Rathore, 2020).

The following table summarize the feedstock sources, benefits and drawbacks of each
generation of biofuels.



Table 1.1: Feedstocks, benefits and drawbacks of the four generations of biofuel

Biofuel Generation Feedstock Benefit Drawback
First e Edible crops cultivated on arable land including, e Cost efficient processing e Intensive use on arable land and fresh water
- Sugar/Starchy crops, ie., Cassava, corn, - due to well-established and simpler - led to competition with food resources,
wheat, barley, sugar cane, potatoes technology, does not require raising food price (11)
- Oil seeds, i.e. Rapeseed, Sunflower, Palm oil, intensive pre-treatment (3, 10)
Coconut, Jatropha curcas, Soybean e Negative in energy balance (2,11)
- Animal fat
Second e Non-edible crops, from waste or cultivated on non- e  Potentially to be positive in energy e Limited amounts of biomass
arable land; other organic wastes balance (4, 14) e Require extensive pre-treatment, due to
e Utilize waste sources thus avoided the complex feedstocks (12)
- Lignocellulosic biomass from agricultural and food vs fuel conflict (circular economy)
forestry residues, i.e. straw, husk, sawdust;
wood chips
- GQrass, i.e., Kenaf, Miscanthus, Sorghum
- Organic wastes, i.e., used cooking oil,
municipal solid wastes, manure
Third Microalgae, macroalgae and microbes - Fast growing organisms in water - Expensive downstream process where
body utilizing photosynthesis intensive dewatering is required (9, 15)

process (sunlight, carbon)

- Potentially carbon neutral and
positive energy balance (1)

- Does not use arable land

Fourth Genetically modified microalgae - Higher yield with high lipid - High initial investment but economical

containing algae due to genetic in the long run. (8)
engineering (6) - Higher regulation due to safety issues

- Potentially carbon negative from environmental risk in case of
through creation of artificial carbon algae spills (7, 13)
sinks. (5)

- No land use change, reduced fresh
water use

(Source: (1) Aresta, Dibenedetto & Barberio (2005) ; (2) De Souza, Pacca, De Avila,& Borges (2010) ; (3) Eggert & Greaker (2014); (4) Eisentraut (2010); (5) El-Sheekh, El-Dalatony,
Thakur, Zheng & Salama (2021); (6) Flynn, Mitra, Greenwell & Sui (2013); (7) Gressel, van der Vlugt & Bergmans (2013); (8) Ketzer, Skarka & Rosch (2018); (9) Lee, Cho, Chang
& Oh (2017); (10) Naik, Goud, Rout & Dalai (2010); (11) Sims, Taylor, Saddler & Mabee (2008); (12) Sinitsyn & Sinitsyna (2021); (13) Snow & Smith (2012); (14) Wang, Han, Dunn,
Cai & Elgowainy (2012) ; (15) Yang, Xu, Zhang, Hu, Sommerfeld & Chen (2011).)



1.1.2 Lignocellulosic biomass biorefinery and biofuel conversion pathways

Among the feedstock choices for second-generation biofuels, lignocellulosic biomass is
a major input source and it is an abundant resource resultant of its non-edible nature.
Unlike crop such as grain, seeds, vegetable and fruit, lumber from forestry that has
immediate economic and consumption value at its natural form; lignocellulosic biomass
is treated as waste or residues with very low or no economic value unless it can fit into a
specific value-added process.

From a biorefinery standpoint, biomass is a broad term that encompasses any organic
material with the potential to be transformed into fuels and chemicals. It is a renewable
and non-fossil substance from living matter, created through natural or human-driven
processes. Biomass is derived from plants, algae, and certain bacteria; which utilize
sunlight, CO2 and water to produce carbohydrates and lipids through the process of
photosynthesis. For a lignocellulosic biomass biorefinery, the sources of lignocellulose
feedstock are numerous from various fibrous botanical parts ranging from straw, stalk,
hull, husk, bagasse, coir, shell, barks, leaves, needles, twigs etc. (Nanda, Rana, Sarangi,
Dalai & Kozinski, 2018). A prevalent lignocellulosic biomass biorefinery is pulp and
paper mill where after production of main products (paper, fibre board) it also created
various by-products (black liquor, saw dust, ash, sludge) and could be further valorize to
produce higher value added fuels and chemicals. (Haile et al.,2021; Isaksson, Pettersson,
Mahmoudkhani, Asblad & Berntsson, 2012; Sikarwar, Zhao, Fennell, Shah & Anthony,
2017).

Lignocellulosic biomass consist of three main components, its composition usually made
up of about 30-60% cellulose, 20-40% hemicellulose, and 15-25% lignin. The trio are
all important components of a plant's cell wall, and they work together to provide
structural support and protection. Cellulose is a long chain of glucose units linked
together, forming a strong structure. Hemicellulose is a shorter chain of different sugars,
including xylose, arabinose, mannose, glucose, galactose, and sugar acids. Lignin is a
complex molecule that gives plants their strength and resistance to pests and microbes.
Unlike sugary or starchy feedstock (e.g., corn, cassava, sugarcane) in first-generation
biofuel, the presence of lignin brings up the need for pre-treatment which increases the
processing cost and time. (Nanda, Rana, Sarangi, Dalai & Kozinski, 2018; Rosales-
Calderon & Arantes, 2019).

In the pre-treatment stage, biomass undergoes a compaction and decomposition process
via chemical (i.e., acid, alkali or ion) or mechanical process aimed at transforming it into
an intermediate product suitable for two primary conversion pathways: thermochemical
and biochemical technologies. The objective of the pre-treatment stage is to enhance the
bulk density and energy density of the biomass (Yan, Acharjee, Coronella & Vasquez,
2009). This involves implementing size reduction and milling processes to improve
supply chain efficiency (Hamelinck, Suurs & Faaij, 2005; Lam et al., 2015; Uslu, Faaij
& Bergman, 2008). Specifically, prior to thermochemical conversion, the pre-treatment
stage focuses on reducing the moisture content of the biomass and enhancing its chemical
reactivity (Acharjee, Coronella & Vasquez, 2011; Mosier et al., 2015; Yan, Acharjee,
Coronella & Vasquez, 2009). For biochemical conversion, the pre-treatment aims to
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delignify the feedstock and breaking down the cell wall of the biomass and release the
internal components - cellulose and hemicellulose to latter facilitate the recovery of
fermentable sugars (Hendriks & Zeeman, 2009; Rizal et al., 2018).

In the thermochemical conversion pathway, different processes are utilized by applying
varying levels of heat and oxygen to the biomass. At temperatures ranging from 250 to
350°C without oxygen, the process known as torrefaction is employed. Torrefaction is
considered a pre-treatment method for the thermochemical pathway, resulting in the
production of biochar as its main output. Additionally, two other significant
thermochemical processes are pyrolysis and gasification. Pyrolysis occurs at higher
temperatures (550 to 750°C) in the absence of oxygen, yielding bio-oil as its primary
product. Whereas, gasification takes place at even higher temperatures (750 to 1,200°C)
with limited oxygen. The primary products of gasification are predominantly syngas,
while biochar and bio-oils serve as by-products. (Lee & Lavoie, 2013).

After the pre-treatment stage, the biochemical conversion process involves two main
steps: enzymatic hydrolysis and fermentation. Enzymatic hydrolysis use enzymes such
as cellulases and hemicellulases to break down chemical bond in cellulose and
hemicellulose into simpler sugar molecules. This stage requires careful optimization of
enzyme dosage, reaction conditions (pH, temperature), and duration to achieve efficient
sugar conversion (Rizal et al., 2018; Zhu & Pan, 2022). In the next step, fermentation,
microorganisms like yeast or bacteria consume these sugars and convert them into useful
products. The main product that can be obtained from fermentation is ethanol, which can
be used as a biofuel. Other products include organic acids and chemicals that can be used
in various industries (Lee & Lavoie, 2013; Nanda, Rana, Sarangi, Dalai & Kozinski,
2018).

The following diagram depicts a simple schematic process of the two pathways.

Thermochemical _ . itieation/Pyrolysis — Syngas,bio-oil bio-char
processes

Lignocellulosic hiomass = Pre-treatment

- Biochemical processes === Enzymatic hydrolysis === Fermentation === Bioethanol

Figure 1.3: Thermochemical and biochemical biofuel conversion pathway for
lignocellulosic biomass

1.2 Problem Statement

1.2.1 Spatial fragmentation hinders biomass accessibility

Malaysia as part of Southeast Asia region is located in the tropical and subtropical
climatic zone, it is one of the zones that contains global highest net primary productivity



(NPP) (Cramer et al., 1999). NPP is a measure of the amount of energy captured by
plants through photosynthesis, minus the energy they consume during respiration (Del
Gross et al., 2008). In other words, Southeast Asia is one of the regions around the globe
that is experiencing the highest rate of biomass production by photosynthetic organisms.
This condition led to prosperous agricultural and forestry industries (de Koninck &
Rousseau, 2013). For example, Indonesia, Malaysia and Thailand are the world’s top
three producers of palm oil for decades (FAOSTAT, 2021a). Major exporters of woods
in the region are Malaysia and Myanmar (FAOSTAT, 2021b). Abundance of
lignocellulosic residues are generated from agriculture and forestry industry (Gregg &
Smith, 2010; Koopmans, 2005). These resources are underutilized and commonly being
disposed through open burning and dumping in the past decades (Carlos & Ba Khang,
2008).

The availability of un-valorized lignocellulosic biomass in the region could provide
substantial sustainable biofuel potentials. However, the nature of biofuels production is
tied with the biomass feedstock characteristics such as its geographical spatial pattern.
This is even more so in Malaysia. As illustrated in Figure 1.1, measures from Lesiv et.
al. (2019) shows that half of the field size in Asia (53%) and Africa (50%) are of the
category “very small”. In contrast, majority of field size in South America, North
America and Australia are categorized as “large” — 44%, 45% and 56% respectively.
While in the Europe, majority of the fields are “large” (32%) and “medium” (30%). This
implies that the agricultural landscape structure in the region other than Asia and Africa
are more centralized. This can provide advantage on ease of access and more efficient
logistics for feedstock supply to achieve higher scale economy in biofuel production.
Contrarily, the agronomic practices in Southeast Asia are highly fragmented as shown
by the mosaic and relatively small size of croplands (Figure 1.1). This phenomenon poses
a significant challenge for the region, including Malaysia, in harnessing the potential of
lignocellulosic biomass for biofuel production.

. . very large large medium small very small
ize:
Field s ‘ >100 ha 16 and 100 ha 2.56 and 16 ha 0.64 and 2.56 ha . <0.64 ha

Figure 1.4: Global field size of agricultural area
(Reproduced from: Lesiv et. al., 2019)



Differences in spatial patterns play a crucial role in determining the accessibility of
biomass. The ease of accessing biomass resources is influenced by variations in their
spatial density and distribution. While optimizing the location can improve access by
reducing distances, the existing landscape structure largely dictates the overall distances
required. For instance, in Figure 1.5, Location-I in the four theoretical spatial patterns
aims to optimize access to the circles representing the biomass locations, resulting in
reduced total distances. However, in Figure 1.5A, the biomass exhibits a highly
centralized and densely clustered spatial pattern, leading to significantly lower overall
collection distances compared to other patterns. This is further illustrated by the relative
global field size in Figure 1.4. In Southeast Asia, including Malaysia, biomass locations
are more dispersed and smaller in size compared to other continents. As a result of spatial
fragmentation and varying land use practices, the accessibility of biomass in Southeast
Asia including Malaysia varies significantly, impacting the economics of biomass
logistics and relative supply costs.
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The circles represent locations of biomass. Location-I can access the biomass areas with lower total distance
compared to Location-II. Location-I in quadrant-A required less total distance to access compared to other
quadrants.

Figure 1.5: Theoretical spatial pattern of biomass

(Source: Rodrigue, Comtois, & Slack, 2013)

1.2.2 Biomass logistics determine biorefineries’ scale economy and
sustainability

Studies on biofuel production had found that the logistic variable such as transportation,
collection, and storage have substantial impact on its economic feasibility (Iakovou,
Karagiannidis, Vlachos, Toka, & Malamakis, 2010). An evaluation showed that there are
two significant factors affecting the biorefinery production cost the most, namely
conversion efficiency and variations in biomass spatial structure and transportation
distance (Gan & Smith, 2011). With technology advancement, conversion technology
could reduce its cost by improving the productivity and recovery rate. However, the
biomass landscape affects the biorefinery cost externally and have substantial impact on



its profitability. Due to high reliance on biomass feedstock, the major portion of the
production cost is stemming from the biomass transportation (Caputo, Palumbo,
Pelagagge, & Scacchia, 2005; Kudakasseril Kurian, Raveendran Nair, Hussain, & Vijaya
Raghavan, 2013; Reeb, Hays, Venditti, Gonzalez, & Kelley, 2014). Empirically, the cost
to deliver the biomass to its facility were ranging from 35% to 50% and it could be more
(Allen, Browne, Hunter, Boyd, & Palmer, 1998; Kumar, Sokhansanj, & Flynn, 2006).

This cost constraint presents a challenge to realized biofuel potential in Southeast Asia
including Malaysia. On one hand, biorefinery need to expand its capacity to achieve
economy of scale or lower unit cost. On the other, biomass transportation cost would
increase due to increase of sourcing distance to supply more feedstock input for
biorefinery which could lead to diseconomy of scale. Given the context of resource
fragmentation in Southeast Asia including Malaysia, the variation in the spatial structure
would be vital to determine ideal location, capacity and cost of sustainable biofuel
production.

1.3 Research objective and scope

Based on the observations and descriptions in the previous section, the distribution of
lignocellulosic biomass in Malaysia exhibits resource fragmentation, primarily attributed
by the higher dispersion and smaller sizes of croplands. The objective of this thesis is to
conduct a comprehensive assessment of the potential for second-generation biofuel
production by examining the logistics involved in utilizing agricultural and wood
industry waste for biofuel production. Through the analysis of unique spatial patterns
and other relevant characteristics of biomass logistics, a deeper understanding of their
economic impact on biofuel production can be obtained. It should be noted that due to
limitations in time and resources, the scope of this thesis will be confined to Peninsular
Malaysia.

1.3.1 Study Area

Peninsular Malaysia has 13.21 million hectares of total land area with 43.6% (5.76
million hectares) of forested area (Forestry Department of Peninsular Malaysia, 2018).
Another 40.3% are agricultural land consisting 5.32 million hectares in year 2012
(Ministry of Agriculture and Food Industries Malaysia, 2016). Major commodity that
could generate copious amount of lignocellulosic biomass includes oil palm, rubber,
paddy, sugar cane, coconut and forest (Goh & Lee, 2011; Koopmans, 2005; Milbrandt
& Overend, 2008). The oil palm, rubber and paddy took up majority of the cropland
(total area in year 2018 — 4.03 million hectares); at 2.73 million hectares, 0.78 million
hectares and 0.52 million hectares respectively. Within these three crops, the percentage
of smallholder setting is around 31% (Department of Statistics Malaysia, 2021).



1.3.2 Research objectives

In the context of spatial fragmentation, the accessibility and logistics associated with
biomass can become complex. Existing studies that assess biofuel potentials in Malaysia
without considering logistics and their economic impacts may yield over-optimistic
results (Chuah, Wan Azlina, Robiah & Omar, 2006; Tock, Lai, Lee, Tan & Bhatia, 2010;
Goh & Lee, 201; Tye, Lee, Wan Abdullah & Leh, 2011; Ng, Lam, Ng, Kamal & Lim,
2012; Aditiya, Chong, Mahlia, Sebayang, Berawi & Nur, 2016). Therefore, this study
aims to obtain a comprehensive assessment of the biofuel potential in Peninsular
Malaysia by investigating biomass transport and logistics in the context of spatial
fragmentation, thus providing a more accurate depiction of the biofuel potential.

The main research objective of this thesis is as follows:
To assess the costs and quantities of feasible biofuel potentials in Peninsular Malaysia
while considering the impact of spatial fragmentation as a significant challenge.

A set of sub-objectives were developed to obtain the details and desired findings.

Objective-1: To determine the cost and quantity of lignocellulosic biomass wastes in
Peninsular Malaysia.

Objective-2: To identify the ideal location(s) for a biorefinery (biorefineries).

Objective-3: To assess the cost and quantity of biofuels that could potentially be
produced in Peninsular Malaysia at an optimum scale.

Objective-4: To examine the impact of spatial fragmentation on the feasibility of biofuels
production in Peninsular Malaysia.

14 Theoretical framework and thesis organization

A theoretical framework (Figure 1.6) was developed based on the research objectives
mentioned above to guide the study. Figure 1.6 illustrates the theoretical framework that
corresponds to the research objectives.
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Figure 1.6: Theoretical framework diagram corresponding to respective research
objectives

Chapter 1 sets the context by providing an overview of lignocellulosic biomass and
biofuels. It emphasizes the issue of spatial fragmentation in Malaysia and its potential
impact on sustainable biofuel development. This chapter also outlines the research
objectives, delimitations, and the significance of the study.

Chapter 2 presents a review of existing studies on lignocellulosic biomass logistics and
supply chains for biofuel production. The review categorizes the research based on
decision-making and planning hierarchy. Additionally, it identifies the United States as
a dominant country in this field and explores the geographical context and industrial
practices in both the United States and Malaysia.

Chapter 3 addresses Objective-1 and Objective-2. As illustrated in Figure 1.6, the
relevant variables in the aspect of “Biomass Spatial Pattern” and “Biomass Availability”
are gathered. Using Geographic Information System (GIS) as a tool, along with other
variables as data inputs, a model is developed to simulate logistics operations. The model
generates important interim results such as "Transport Distance", "Biomass Supply Cost"
while also identifying the optimal "Biomass Sourcing Locations" for specific biomass

types

Chapter 4 focuses on Objective-4 and examines the impact of landscape fragmentation.
It explores various relevant biomass characteristics and logistical variables to quantify
their effects on "Biomass Supply Cost." This chapter also presents scenarios of different



biomass types in Malaysia in the international market of densified biomass, contributing
to the investigation of the supply chain for viable biofuel production.

Chapter 5 introduces a biorefinery cost estimation model. It demonstrates the
computation procedures for the "CAPEX" (capital expenditure) of different conversion
pathways. The results from Chapter 3, including "Biomass Supply Cost" and "Biomass
Sourcing Locations," are used as scenarios for respective lignocellulosic "Biorefineries"
in Peninsular Malaysia. These scenarios serve as the basis for "OPEX" (operating
expenditure) calculations to determine biofuel production costs. The model also
identifies optimal costs and capacities based on these scenarios and considers crude oil
prices to assess feasibility and competitiveness, ultimately providing insights into the
"Biofuel Potentials" in Peninsular Malaysia.

Finally, Chapter 6 synthesizes the major findings of the study and draws conclusions. It
also recommends directions for future research.

1.5 Significance of the study

The biomass landscape in Malaysia is characterized by intricate patterns and
fragmentation, which have implications for the cost of biomass transportation, a major
factor in feedstock supply and biorefinery operations. The economic impacts resulting
from spatial fragmentation specific to Peninsular Malaysia remain largely unknown.
Therefore, conducting a thorough study of biomass logistics becomes imperative in order
to assess the variations and their significance given that there is abundance of biomass
in the nation. By examining these variations, we can gain insights into diverse conditions
of feedstock supply conditions and extend our analysis to energy conversion and biofuel
production. This will enable a comprehensive assessment of biorefinery feasibility and
to present a more accurate and nuanced portrayal of the biofuel potentials within the
region.

This research endeavour aims to identify the underlying bottlenecks that hinder the
sustainable development of biofuels, ensuring a more robust and pragmatic
understanding of the challenges faced. By deepening our comprehension of these factors,
we can pave the way for advancements in the field of sustainable biofuels in Malaysia
and beyond borders where similar phenomena exist.
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CHAPTER 2

LITERATURE REVIEW

Chapter overview

This chapter presents a description of literatures on biomass logistics studies for biofuels.
In general, this body of research were divided into management hierarchy including
strategic, tactical and operational levels. Next, this work also identified the pioneering
country in biomass logistics especially in terms of crop residues — United States.
Descriptions and comparisons were then illustrated between the subject country of this
thesis — Malaysia and the U.S. to identify research gap and bottlenecks.

2.1 Introduction

Lignocellulosic biomass supply is the origin in biofuels supply chain. A supply chain is
constituted by a network of activities for movement of materials, goods, and information
(Lummus & Vokurka, 1999). Within the network, biomass logistical and distributional
operations served as the major components between stages in the network.

The logistics of biomass feedstock involved several stages including harvest and
collection, transportation, storage, pre-processing and energy conversion across various
entities and stakeholders (Figure 2.1). In each of the stages, there would be different
factors affecting the production system. Factors such as biomass composition and bulk
density would affect the pre-processing technology and storage method used and
calorific value of biofuel (Allen, Browne, Hunter, Boyd & Palmer, 1998; Svanberg &
Halldérsson, 2013). Prior to this, the high reliance on biomass feedstock that are
geographically scattered also led to the questions on feedstock supply variations,
collection and transport cost minimisation and facility location (Miao, Shastri, Grift,
Hansen & Ting, 2011; Young, Zaretzki, Perdue, Guess & Liu, 2011).
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Figure 2.1: Biomass supply chain

The geographical and climatic conditions could led to differences in managing biomass
resources. It is also the major challenge in biomass logistics and supply chain
optimization when the resources are fragmented and when this contradicts with cost
efficiency and economy of scale (Sultana & Kumar, 2012; Argo et al., 2013). Due to
socio-economic, political and environmental reason, the geography of biomass in
Southeast Asia are more fragmented than other continents (Fritz et al., 2015; Lesiv et al.,
2018). This situation could further complicates the biomass logistics management and
towards sustainable biofuels.

This review provides an overview of biomass logistics studies which can be categorized
into decision hierarchy; including the strategic, tactical and operational levels.
Furthermore, to put the geographical differences into context, this review also includes
specificities of two countries in their development of biomass logistics for biofuel
productions. First, the United States as the top contributor in this body of research and
Malaysia as the typical Southeast Asian country with fragmented resources.

2.2 Review

2.2.1 Levels of biomass logistics studies

Biomass logistics studies could be based on various biomass, localities, scale of study
and biofuel products. However, these studies shared a common role which is to provide
information for decision-making. Since biomass to biofuel production requires a series
of interlinked decisions, we can distinguish the vast body of literature into levels of
decision that encompasses strategic, tactical and operational planning.
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2.2.1.1  Strategic level

Strategic decisions are decisions that span over long-term time horizons. In cellulosic
based biofuels value chain, the high reliance on biomass feedstock requires decision
makers to carefully assess the opportunities and cost of adopting the biomass and to
capture its dynamics along with the technology and investment involved. The focus of
these decisions is to ensure that the value chain is establish in a sustainable and
economical way.

i.  Securing feedstock supply

Before venturing into a cellulosic biofuel project, one must understand its local biomass.
This would require knowledge about the cost and quantity of the feedstock at the desired
locations. In this regard, biomass logistics cost assessments are keys to determine
economic feasibility and energy potential in the area (Singh, Panesar, & Sharma, 2008;
Kinoshita, Inoue, Iwao, Kagemoto & Yamagata, 2009; Mahmoudi, Sowlati &
Sokhansanj, 2009; Mateos & Edeso, 2017). When presented with alternative biomass, it
is important to recognize the differences among them and in preparing the biomass; the
economics and associated impacts of a feedstock is pivotal to the biorefinery
sustainability. Such studies could assist the decision maker to distinguish based on their
priority, be it of financial or environmental performance or both. For instance, Huang,
Ramaswamy, Al-Dajani, Tschirner & Cairncross (2009) found that the chemical
composition of the feedstock determined the amount of ethanol production, among the
four alternatives; aspen wood could produce highest amount of ethanol and excess
electricity while incurring least water loss but corn stover could produce the cheapest
ethanol; switchgrass and hybrid poplar are the in-betweens. Using mathematical
programming model, Egbendewe-Mondzozo, Swinton, Izaurralde, Manowitz, & Zhang
(2011) simulate the economics and environmental impacts of biomass production. They
found that feedstocks from agri-waste have negative impacts on soil quality and increase
GHG emissions while perennial grass although more costly they create positive
environmental outcomes. Other similar studies also found the nuances between
alternative biomass and their relative impact in biofuel production (Noon & Daly,
1996; Tembo, Epplin, & Huhnke, 2003; Kumar, Cameron, & Flynn, 2005; Lu, Withers,
Seifkar, Field, Barrett & Herzog, 2015).

The spatial variations of the feedstock land cover are geographically unique. In these
circumstances, biofuel investors need to determine the choices of supply zone while
fulfilling their desired fuel capacity and demand. Frombo, Minciardi, Robba, Rosso &
Sacile (2009) developed a decision support system with GIS that categorized forest
biomass into categories of elevation in non-reserved area, account the collection cost and
supplies variation to various plant size and investment at a designated location. These
combinations of factors determined the suitable plant size and specified the area for
feedstock supplies. Thomas, Bond & Hiscock (2013) estimated the amount of feedstock
and energy potentials within 25km and 40 km to provide information to policy makers
on renewable energy related decisions such as constraints on transportation distances,
resource utilization and industry supports. The associated transport distance of the supply
zone is an important insight towards sustainability of an energy value chain because it is

14



the key cost element and major source of GHG emission. Such studies often involved
GIS application which allows inclusion and organization of related spatial features such
as land cover types, tortuosity factor, elevations and connectivity into the simulation
(Ghilardi, Guerrero & Masera, 2007; Reorstad, Tromborg, Bergseng & Solberg, 2010;
Sahoo, Mani, Das & Bettinger, 2018).

To cope with inconsistent feedstock supply such as biomass seasonality, researchers tried
to implement multi-feedstock sourcing strategy. Several studies had found that compared
to single feedstock supplies, the average supply distance could be reduced and has
significant cost-saving on transportation in addition capital cost is spread thinner and
warehousing need is also lower (Rentizelas, Tatsiopoulos & Tolis, 2009; Maung et al.,
2013; Ascenso, D’ Amore, Carvalho, & Bezzo, 2018).

ii.  Facility location and capacity optimization

Feedstock supply cost is the key input cost in a biorefinery. This cost component is hinge
on the availability and geographical distribution of the biomass over the biorefinery
lifetime of 20 to 30 years (Stephen et al., 2010). This strategic decision is very much
dependent on the accessibility to the input material that includes logistical operations and
transportation to a location which the final feedstock delivered cost can be derived. The
cost of the feedstock supplies differs according to the quantity of supplies; hence it will
also determine the plant size and its associated capital investment. This situation requires
cost optimization to find the balance between economy of scale from biorefinery capacity
and diseconomy of scale from expanding sourcing distance. For instance, Noon, Zhan &
Graham (2002) developed a GIS model to present maps of varying feedstock cost for a
number of potential locations. This allowed decision maker to visualize the locations and
biomass areas that are feasible for biofuel plants. A GIS tool that is commonly used in
such studies is continuous cost surface also known as Euclidean distance, researchers
could include the local road network and differentiate the associated transport cost on
different kind of access (on-road and off-road) for identification of the most suitable
plant location (Moller & Nielsen, 2007; Nepal, Contreras, Lhotka& Stainback, 2014).
This tool operates in raster format where the map data are in pixel cells. Other approach
in this setting includes resource density measurement, for example Laasasenaho, Lensu,
Lauhanen & Rintala (2019) categorize the density of forest biomass to locate biofuel
facility in the core supply zone. Vector tool such as route optimization are also applicable,
it aims to minimize transport distances and travel time, the energy potentials and
locations are then summarized in the form of points, lines and polygons (Khachatryan,
Jessup & Casavant, 2009; Laasasenaho, Lensu, Lauhanen & Rintala, 2019). A similar
study was also performed with GIS and included a decision ranking tool to rate and
shortlist the choices of candidate locations based on biomass density, elevation and
logistical and transportation cost (Rodriguez, Gauthier-Maradei & Escalante, 2017).

More factors could be included in deciding the plant location and capacity. Among
options of plant locations, factors that affect biomass availability are included to find the
best biorefinery plant size. Sahoo, Mani, Das & Bettinger (2018) concerned on impacts
of residues removal rate and developed a predictive model that includes elevation,
weather, soil type and crop management practice of corn and wheat to find sustainable
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capacity for numbers of biorefinery locations in Ohio, United States. Logistical
operations would also affect feedstock cost and affect the feasible quantities of supplies
and plant size. Stephen et al. (2010) explored the uncertainties of biomass productivity
along with several options of logistical configuration to find optimal distance and range
of input capacity that could mitigate this supply risk. Policy measures could also affect
the choice of locations and capacity. In the case of Sweden, ideal plant location is
affected due to carbon tax from the feedstock transportation altering the optimum cost
and supplies (Leduc et al., 2010).

ili. Supply chain network configuration

Supply chain network involves decisions of multiple facilities that includes structuring
flow of materials and configuration of distribution channel. Since supply chain risk are
mostly associated with operational parameters (e.g. distribution and inventory
management, supply and demand variability, transportation schedule), the tactical and
operational planning became precursor in strategic planning (e.g. number, size and
location of facilities) of supply chain network (Borghesi and Gaudenze, 2012; Yue, You
& Snyder, 2014; Ho et al., 2015).

Fundamentally, supply chain network configuration is to allocate and optimize resource
use through logistic network that consists of biomass sourcing area planning,
determining transportation mode and distance; and allocate the supplies to an optimized
number of facilities, locations and capacity that encompass warehouses, intermediate
processing plants and biorefineries (Gonzales & Searcy, 2017; Morato, Vaezi & Kumar,
2019). One of the methods is to simulate and find optimal mix of feedstock via multiple
biomass sourcing and blending technology to increase total output and minimize supply
uncertainty and logistics cost of the supply chain network (Roni, Thompson & Hartley,
2019). Supply chain that involved large area and scale of production often involved
intricate distribution network from source to end users, optimization model that includes
multi-modal transportation and availability of infrastructure could also optimize the
supply chain by identifying cost-minimizing routes and combination of transport
channels (EksiogLu, Li, Zhang, Sokhansanj & Petrolia, 2010; Jeong, Karim, Sieverding
& Stone, 2021).

Other than economic sustainability, environmental sustainability is essential in designing
biofuel supply chain. Environmental assessment is included in the network
configurations studies to suggest improvement to the supply chain. The most used
indicator is greenhouse gas (GHG) emissions, other indicators include impacts to the
ecosystem such as land use change and water footprint (You & Wang, 2011; Kanzian,
Kithmaier, & Erber, 2016; Khoo, Eufrasio-Espinosa, Koh, Sharratt & Isoni, 2019).
Furthermore, network design also includes robustness analysis to deal with supply chain
related uncertainties such as fluctuations of market demand, seasonal feedstock supply
or major disruptions (You & Wang, 2011; Maheshwari, Singla & Shastri, 2017; Ascenso,
D’Amore, Carvalho, & Bezzo, 2018; Sy, Ubando, Aviso, & Tan, 2018; Khoo, Eufrasio-
Espinosa, Koh, Sharratt & Isoni, 2019). The purpose is to minimize the negative effects
from disruptive events through risk identification and assessment followed by measures
to monitor and control the risks.

16



2.2.1.2  Tactical and operational level

Tactical decisions focus on execution planning for medium-term deployment.
Operational decisions focus on day-to-day tasks and problems. The common decisions
in operational level include scheduling of biomass harvesting, collection and transport
demand while tactical management focus on selecting processing methods and
technologies for harvest and collection, storage, pre-treatment, transport mode, inventory
management and coordination of these operations for production of feedstocks and
biofuels.

i.  Processing method selection and scheduling for harvesting, storage and
pre-treatment

Other than transportation, logistic operations between biomass source to biorefinery
includes harvest and collection, storage, and pre-treatment. Managers need to decide the
suitable equipment, machineries and the capacity for these operations. The level of these
decisions are between strategic and tactical planning. Some are unchanged and some
need to be restructured according to harvesting seasons given the climatic conditions,
weather, yield composition, suppliers feedback and other relevant info. Timing the
harvest and collection of biomass, scheduling of workforce and subsequent operations
are also critical to reduce dry matter loss and minimize the supply chain costs.

To plan the harvesting operation, the manager can determine the demand and cost of
harvesting equipment and storage by using yearly number of harvesting days and
differences in days between harvesting season (McCullough & Judd, 2012; Aguayo,
Sarin., Cundiff, Comer & Clark, 2017). To minimize the logistics cost, it is essential to
compare between the alternative harvesting and storage method (Spinelli, Ward, &
Owende, 2009; Yu, Larson, English, & Gao, 2011; Brue, Darr, Bergman & Webster,
2015; Sun et al., 2017). Both of these functions can achieve cost-savings through
densification of biomass, prevention of material loss and degradation. Furthermore,
accounting the GHG emission is also crucial to ensure sustainability of the supply chain
since energy demand of harvesting machinery and equipment are substantial (Zhang,
Johnson & Wang, 2015).

The pre-treatment process aims to produce standardized semi-finished feedstock with
required quality prior to energy conversion at biorefinery. The process involved size
reduction, densification or compaction and drying of biomass (Annevelink et al., 2017).
The pre-treated biomass could increase cost efficiency by prolonging the biomass shelf
life and having higher density thus increasing payload during transportation (Lin et al.,
2016). To decide between alternative pre-treatment technology, other than cost and
technical efficiency, the manager also need to take into account other operational
limitations such as storage capacity, weather condition and equipment maintenance to
ensure quality and timeliness of feedstock supplies (Cundiff & Grisso, 2008; Flisberg,
Frisk & Ronnqvist, 2012).
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ii. Transportation planning and scheduling

Tactical and operational decisions in biomass transportation generally involve transport
mode selection, route optimization and scheduling. The biomass can be move by means
of truck, train, pipeline and barge or combination of the above. The selection of
transportation modes are subject to the availability of infrastructure. The selection
process involve cost and carbon accounting of the transport mode, biomass demand,
distance, weather condition or seasonality and timeliness (Kumar, Cameron, J & Flynn,
2005; Jappinen, Korpinen & Ranta, 2013; Jappinen, Korpinen & Ranta, 2014; Xie,
Huang & Eksioglu, 2014; Balaman, Matopoulos, Wright & Scott, 2016; Zhang, Johnson
& Wang, 2016).

In the daily operations, large fleet of trucks is required to deliver biomass from source to
terminal or plants. To organize this demand, the manager need to find optimal route to
minimize transport distance and cost (Gracia, Velazquez-Marti & Estornell, 2014),
schedule the transport demands (Han & Murphy, 2012; An, 2019) and foresee
uncertainties like traffic congestions (Bai, Hwang, Kang & Ouyang, 2011; Jouzdani &
Fathian, 2016). Other factors such as road conditions (Jappinen, Korpinen & Ranta,
2011) and tortuosity factor (Sultana & Kumar, 2014) were also examined to improve
accuracy of the simulation for decision making support.

ili. Inventory control

Inventories in biofuel supply chain are biomass feedstock stored in facilities to ensure
fulfilment of all year-round biofuels demand. The sufficient amount of inventory is a
tactical decision dealing mainly with seasonal biomass availability and variations of
biofuel demands. Since biomass feedstock can be perishable and semi-finished goods,
the decision-making process involved determining inventory level within multi-stage
productions with multi-period supply variations. For instance, Gharaei, Pasandideh &
Arshadi Khamseh (2017) demonstrated a decision support model that fulfilled these
criteria using mathematical algorithms to account the stochastic constraints and achieved
integrated objective function. Others situation involved more specified inventory
management scenarios. Larson, Yu, English, Jensen, Gao & Wang (2015) examined the
factors determining storage losses for switchgrass-to-ethanol supply chain and found that
amount of dry matter depreciated with time and delivery distance; they coped this with
last in, first out method and coordination of delivery schedule and locations. Akhtari,
Sowlati, Siller-Benitez & Roeser (2019) found that inventory management is also key to
sustainability of biomass supply chain because from operational perspective it incurred
cost and emissions from biomass preparation with machineries and transportations. They
examined two inventory systems i.e. order-up-to-level and fixed order quantity and
found that the first system has better cost and emissions performance.

iv. Master Production Planning
Master production planning involves simultaneously making tactical decisions for multi-

stage process in the biomass-to-biofuel supply chain. The decisions would involve
production schedule, work force requirement, inventory level and biofuel demand
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forecast while considering the production capacities and potential uncertainties. Dunnett,
Adjiman & Shah (2007) using state-task-network approach to modelled the monthly
tasks and supply variations for creation of biomass delivery operation schedule and
anticipate inventory requirement, this led to 5 to 25% cost savings for 20MW bioenergy
supply. Awudu & Zhang (2013) tested two simulation models to cope with biofuel
supply chain production planning in uncertainties of biofuel demand and price, their
scenario analysis showed that application of stochastic model generated more profit than
the deterministic model. Sharma, Ingalls, Jones, Huhnke & Khanchi (2013) focused on
uncertainties from weather condition to schedule field harvest operation and chose
biomass storage method to optimize cost of biomass supply chain.

2.2.2 GIS application in biomass logistics and supply chain

GIS methodology plays a vital role in the field of biomass logistics and supply chain
management. Its robust capabilities in collecting, storing, analysing, and visualizing
spatial data make it a powerful tool for gaining insights, aiding decision-making, and
facilitating planning processes. Within the realm of biomass logistics and supply chain,
GIS methodology has been successfully utilized to address critical decisions, including
assessing biomass availability, optimizing transport distances, identifying suitable
facility locations, and managing the supply chain.

Several noteworthy application examples highlight the versatility of GIS methodology,
allowing for the incorporation of key concerns and attributes within the local context.
For instance, Zambelli et al. (2012) conducted a study in Italy, considering different
forest residue harvesting techniques to estimate the amount of biomass that could be
harvested in a specific forest area. They employed open-source GIS software, such as
GRASS, PostgreSQL, and PostGIS, utilizing the raster setting to account for important
parameters like topography, road conditions, and wood biomass yield. Similarly,
Gonzales and Searcy (2017) conducted a study in Texas, USA, where they examined the
impact of biomass accessibility on the feasibility of biorefineries. Using a raster-based
algorithm, they measured the proximity of biomass to roads and railroads, identifying
biomass distribution centroids and estimating the number of biorefineries and hubs that
could be located in the region.

Recognizing the significance of geographical distribution and biomass variations, as well
as the presence of constraints, some studies focused on optimizing transport and supply
chain scenarios. Woo, Acuna, Moroni, Taskhiri & Turner (2018) integrated socio-
economic and environmental criteria into the ArcGIS software's raster setting. They
delineated areas suitable for building biomass plants, considering factors such as
excluding preserved areas and creating buffer zones. Additionally, they employed the p-
median location-allocation method to optimize transport routes and minimize biomass
supply chain costs for siting biomass plants.

As this review of GIS applications in the biomass logistics and supply chain field
demonstrates, the raster setting is more commonly used compared to the vector
alternative. The distinction between these settings lies in their data structure and
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representation. The raster setting's suitability for handling large-scale analyses and
incorporating diverse parameters makes it particularly advantageous in this context.

Raster and vector models

The difference between raster and vector settings stems from their data structures and
the way they represent spatial information.

In a raster setting, data is organized into a grid of cells or pixels, where each cell
represents a specific area and contains a value or attribute. This data structure is well-
suited for continuous or regularly sampled phenomena, such as elevation or temperature
data. Raster data is represented as a matrix of rows and columns, and each cell's value
represents a measurement or characteristic of the spatial phenomenon at that location.
This structure allows for efficient storage and analysis of large-scale data sets, as well as
the ability to perform operations like interpolation and overlay analysis (Lloyd,2010;
Longley, Goodchild, Maguire & Rhind, 2005).

On the other hand, in a vector setting, spatial features are represented as individual points,
lines, or polygons. Each feature has its own set of attributes, and the relationships
between features can be defined through topology. This refers to the spatial relationships
and connectivity between geographic features. It defines how features are related to each
other based on their geometry and position in space. Vector data is based on geometric
elements such as points (representing discrete locations), lines (representing linear
features), and polygons (representing areas). This data structure is suitable for
representing discrete or non-continuous phenomena, such as roads, buildings, or
administrative boundaries. Vector data allows for precise spatial representation and
analysis, including operations like buffering, intersection, and network analysis
(Lloyd,2010; Longley, Goodchild, Maguire & Rhind, 2005).

Raster data is often used when dealing with continuous phenomena that can be measured
or sampled at regular intervals, such as elevation or satellite imagery (Bernal, Stephens,
Collins, & Battles, 2022). Vector data, on the other hand, is commonly used for
representing discrete objects or features with precise boundaries and attributes, such as
road networks or land parcels.

In comparison, the raster and vector data have the following advantages and
disadvantages over one another (Lloyd,2010; Longley, Goodchild, Maguire & Rhind,
2005; Neteler & Mitasova, 2013).

Advantages of Raster Data:
1. Continuous Representation: Raster data provides a continuous representation of
spatial phenomena, allowing for the analysis of phenomena that vary smoothly

across space, such as elevation or temperature. This makes raster data suitable
for modeling and analyzing continuous processes.
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Efficient Storage: Raster data can be stored efficiently using grid-based
structures, where each cell contains a value. This makes it easier to handle and
manage large datasets, especially when dealing with extensive spatial coverages
or high-resolution imagery.

Spatial Analysis: Raster data enables various spatial analysis techniques, such
as interpolation, overlay analysis, and proximity analysis. These operations are
well-suited for raster data because they can be performed on a cell-by-cell basis,
allowing for the derivation of new information from the original data.

Disadvantages of Raster Data:

1.

Loss of Detail: Raster data, by its nature, represents spatial features as a
collection of cells. This can result in a loss of detail, particularly when
representing complex geometric shapes or capturing fine-scale features. Raster
data may not accurately represent sharp boundaries or intricate shapes.

Large Data Size: Raster data can consume significant storage space, especially
at high resolutions or when working with large study areas. This can pose
challenges in terms of data storage, processing speed, and data transfer,
particularly in resource-constrained environments.

Generalization: Raster data is typically aggregated at a certain resolution or cell
size, which requires generalization of the original spatial information. This can
lead to a loss of precision and introduce uncertainties, especially when
analyzing data with varying spatial scales.

Advantages of Vector Data:

1.

Precise Representation: Vector data provides a precise representation of spatial
features with distinct boundaries and attributes. It can accurately represent
points, lines, and polygons, making it suitable for capturing discrete objects like
buildings, roads, and administrative boundaries.

Topological Relationships: Vector data allows for the establishment of
topological relationships between spatial features, enabling advanced spatial
analysis operations such as network analysis, connectivity analysis, and
geometric operations like buffering and intersection.

Compact Data Size: Vector data tends to have a smaller file size compared to
raster data, as it only stores the geometric coordinates and attributes of
individual features. This makes it easier to manage, transfer, and store data,
particularly when dealing with datasets that primarily consist of discrete
features.
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Disadvantages of Vector Data:

1. Discrete Representation: Vector data represents spatial features as individual
points, lines, or polygons, which may not be suitable for representing
continuous phenomena or data that varies smoothly across space. It may require
additional processing or interpolation to analyse and model continuous
processes accurately.

2. Complex Geometries: Vector data can become more complex when dealing
with intricate geometric shapes, such as irregular boundaries or overlapping
features. Handling and processing such complex geometries can be
computationally intensive and may require specialized algorithms or tools.

3. Limited Analysis Techniques: Some spatial analysis techniques, such as surface
analysis or modeling continuous phenomena, are more challenging to perform
directly on vector data. Additional steps, such as converting vector data to raster
format, may be required to enable certain types of analysis.

When deciding between the raster and vector setting, it becomes apparent that the raster
setting offers greater flexibility in designing algorithms that are suitable for specific
situations, particularly when dealing with large study areas. This flexibility has been
demonstrated in various studies focusing on biomass logistics and supply chain, where
different algorithms and methods, such as k-medoid data mining, weighted overlay, and
least-cost path analysis, have been employed (Kaundinya, Balachandra, Ravindranath &
Ashok, 2013; Lozano-Garcia, Santibafez-Aguilar, Lozano & Flores-Tlacuahuac, 2020;
Panichelli & Gnansounou, 2008). Additionally, heuristically designed algorithms have
been utilized, this shows that the raster model allows for customization based on specific
criteria and situations (Gonzales & Searcy, 2017).

Furthermore, a hybrid approach has been identified, where the vector sector is initially
employed to capture map features and serve as a data layer before converting the analysis
into the raster setting. Furthermore, higher resolution setting can be set in raster model
to maintain the precision in representation and computations (Jappinen, Korpinen &
Ranta, 2013). This hybrid procedure minimizes data loss while enabling analysis over
large study areas and facilitating iterative processes, such as the continuous cost surface
method commonly utilized in biomass supply chain studies (Fiorese & Guariso, 2010;
Moller & Nielsen, 2007; Zhang, Johnson & Sutherland, 2011).

By considering these approaches, researchers could leverage the advantages of the raster
setting, such as its flexibility and ability to handle large spatial datasets, while also
incorporating vector data to preserve important map features. This combination of
techniques ensures more accurate and comprehensive analyses in the context of biomass
logistics and supply chain management.
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2.2.3 Geographical differences in biomass logistics study: case of U.S and
Malaysia

2.2.3.1  Genesis and development of the industrial practices in the U.S

In the literatures of cellulosic biomass logistics for biofuel production, a dominating
majority of the studies is led by the United States. The publications from the U.S. alone
in the last four decades are more than one-third globally (Figure 2.2). This suggest that
the epistemology of this subject area is more developed and comprehensive in the U.S.
Hence, this section seeks to understand the development of cellulosic biomass logistics
and supply chain for biofuel using U.S based publications.

Most Productive Countries by Corresponding Authors, Year 1980 to 2020
Subject Area: Cellulosic biomass logistics and supply chain for biofuel
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(In the field of cellulosic biomass logistics and supply chain for biofuel. U.S. alone consists of 39% of total
worldwide publications.)

Figure 2.2: Scientific publications by country
(Source: This study)

Due to the development of first-generation biofuel, large scale cereal crops production
was used to produce biofuel in the U.S. This led to resource competition with food
production and environmental issues like land use change and conservation, raising
concerns on food security and sustainability (Pimentel et al., 2009). To cope this with
more sustainable approach, in the late 90s biofuels’ interest started to switch to cellulosic
based resources. This switch involved new feedstock cultivation of perennial grass and
biomass sourcing from crop residuals.

In the late 90s and 2000s, a series of effort was focusing on biomass economics by
determining production cost and supply structure of cellulosic feedstock from various
sources such as wood residuals, straws, corn stover and cultivation of switchgrass
(Downing & Graham, 1993; Downing & Graham, 1996; Walshi, Ugarte, Slinsky,
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Graham & Ray, 1998; Graham, English & Noon, 2000; Perlack & Turhollow, 2003;
Banowetz, Boateng, Steiner, Griffith, Sethi, & El-Nashaar, 2008; Sanderson, & Adler,
2008). Other than finding out cost of producing biomass feedstock, researchers also seek
to understand and portrayed the variations of feedstock costs and supplies with
geographical distribution, soil and climatic conditions, yields, availability and scale of
processing facility in their region and subregions (Walshi, Ugarte, Slinsky, Graham &
Ray, 1998; Noon, Zhan, & Graham, 2002; English, Ugarte, Walsh, Hellwinkel, &
Menard, 2006; Di Virgilio, Monti, & Venturi, 2007; Walsh, 2008; Scheffran & BenDor,
2009). A switch of resource development and application might create new externalities
to the environment and current crop practice. Hence, assessments were performed to
foresee the possible impacts. For example, Lal (2009) collated and compared data of crop
residues removal and impacts on soil properties, he found that crop residuals removal
has negative impacts on soil quality in all climates. He also concluded that cultivation of
perennial grass on marginal and degraded soils could restore the land and that these grass
are the better option as biofuel feedstock. Meanwhile, others studied the environmental
impacts of crop residues extraction and explored the sustainable rate of crop residues
removal and ecological management (Cruse & Herndl, 2009; Newman, Kaleita & Laflen,
2010; Wilhelm et al., 2010; Meki et al., 2011; Nafziger, 2011).

One of the advantage from cultivation of perennial grass is that it can overcome seasonal
supply of other biomass (Golecha & Gan, 2016a). Other than evaluating production cost
and quantities of perennial grass (Epplin, 1996; Turhollow & Sokhansanj, 2007; Khanna,
Dhungana & Clifton-Brown, 2008; Larson, Yu, English, Mooney & Wang, 2010), the
development also involved research on management of farmers’ participation such as
their willingness to plant and contracts arrangement (Caldas et al., 2014; Golecha & Gan,
2016b; Fewell, Bergtold & Williams, 2016). Furthermore, feedstock production
inevitably involved harvest and collection operations as well as transportation and
storage; this led to logistics simulation models (Kumar & Sokhansanj, 2007; Larson, Yu,
English, Mooney & Wang, 2010; Ebadian, Sowlati, Sokhansanj, Stumborg & Townley-
Smith, 2011; Yu, Larson, English & Gao, 2011) and development of harvesting
machinery and methods (Sanderson, Egg & Wiselogel, 1997; Thorsell, Epplin, Huhnke
& Taliaferro, 2004; Shastri, Hansen, Rodriguez & Ting, 2010; Mathanker &
Hansen,2013; Brue, Darr, Bergman & Webster, 2015; Tsapekos et al., 2017) that
specifically focused on the cellulosic biomass.

In the late 2000s, more focus transitioned to economic feasibility of cellulosic biofuel.
This involved costs identification and evaluation that encompass feedstock supplies,
capital investment, biofuel production and energy conversion efficiency (Kwiatkowski,
McAloon, Taylor & Johnston, 2006; Morrow, 2006; Shapouri & Salassi, 2006; Perrin,
Fretes & Sesmero, 2009). Comparisons of biofuel production were also made between
applications of alternative feedstock (Vadas, Barnett & Undersander, 2008; Huang,
Ramaswamy, Al-Dajani, Tschirner & Cairncross, 2009) and conversion technologies
(Woodson & Jablonowski, 2008; Tiffany, Morey & De Kam, 2009; Anex et al., 2010),
to find the most viable deployment settings and move towards commercialized
production (Chandel, Singh, Chandrasekhar, Rao, & Narasu, 2010). At the same time,
the dynamics between feedstock supplies and biorefinery scale effects, its associated
impacts and limitations were also explored (Gallagher, Brubaker & Shapouri, 2005; Fike,
Parrish, Alwang & Cundiff, 2007; Huang, H.-J., Ramaswamy, Al-Dajani, Tschirner &
Cairncross, 2009).
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In the last decade, the body of research in cellulosic biofuel logistics and supply chain
management was proliferated. The number of publications spiked since 2011 and
maintained more than 450 publications per year (Figure 2.3). These publications had
evolved into industrial practices in management and operations of biomass and biofuel
productions. In the initial stage, it involved making decisions simultaneously on
biorefinery or facility location, and associate biomass supply with plant capacity.
Subsequently, the focus moved towards more comprehensive supply chain planning, the
concept of “Regional Biomass Processing Depots” (RBPDs) (Eranki, Bals & Dale, 2011)
were introduced. This is a supply chain concept proposed to overcome limitations of
biomass feedstock such as low bulk density, variation in composition and seasonal
supplies. The “RBPDs” refers to the network of strategically located facilities that
procure, densified and produce standardized intermediate biofuel products. The
publications during this period developed more advanced simulation and programming
methods that aimed to optimize in ways that are more refined and at the same time
encompassing multi-level and networks in the biomass the supply chain. Burgeoning
author’s keywords such as “artificial neural network”, multi-criteria decision making”,
“multi-objective optimisation”, and “geographic information system” in the niche
quadrant of the research themes between year 2011 to 2020 shows the computation
models deployed for this development (Figure 2.4).
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Figure 2.3: Annual production of publications in the field of cellulosic biomass logistics and supply chain for biofuel
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Figure 2.4: Thematic Evolution by Author’s Keyword
(During year 2011 to 2020, various programming and simulation methods for biomass supply chain optimization were
developed shown by the niche quadrant. This indicates that biomass supply chain models in the U.S. had become more
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2.2.3.2  Development of lignocellulosic biomass to biofuel in Malaysia

Interest on biomass to biofuel had been growing in Malaysia since last decade.
Researchers are increasing the awareness and showing potentials of biomass valorization
in Malaysia for biofuel production (Shuit, Tan, Lee & Kamaruddin, 2009; Goh & Lee,
2011; Asari, Suratman & Jaafar, 201; Aditiya, et al., 2016).

With tropical climate and as one of the world’s top producer of palm oil, lignocellulosic
biomass in the country has high primary productivity and with various agronomy crops;
biomass availability here is perceived as abundance (Mekhilef, Saidur, Safari & Mustaffa,
2011; Ratnasingam, Ramasamy, Wai, Senin & Muttiah, 2015; Shafie, 2016; Yatim, Lin,
Lam & Choy, 2017). Majority of the attentions are surrounding on oil palm biomass as
the most abundant resource. To date, majority of the research effort are focusing on
developing conversion and processing technology using palm-based biomass. For
example, identification and comparison of efficient parameters and catalysts for
biochemical (Chin, H’ng, Wong, Tey & Paridah, 2010; Yamada et al.,2010; Chin, H’ng,
Wong, Tey & Paridah, 2011) and thermochemical (Guangul, Sulaiman & Raghavan,
2012; Abnisa, Arami-Niya, Daud & Sahu, 2013; Abnisa, Arami-Niya, Wan Daud, Sahu
& Noor, 2013; Chiew & Shimada, 2013; Ayodele & Cheng, 2016; Pogaku, Hardinge,
Vuthaluru & Amir, 2016; Chan, Quitain, Yusup, Uemura, Sasaki, & Kida, 2018) energy
conversion pathways and various pre-treatment technology (Shamsuddin & Liew, 2009;
Aziz, Morad, Wambeck & Shah, 2011; Chin et al., 2013a; Chin et al., 2013b; Rizal et
al., 2018) using palm-based biomasses.

The palm oil industry produced a variety of biomass wastes. Biomass generated from the
plantations are oil palm frond (OPF) and oil palm trunk (OPT). OPF were pruned during
harvesting and both the OPF and OPT are available during tree felling for replantation.
Based on Loh (2017), the yield of OPF and OPT are 10.4 and 74.48 tonnes per hectare
respectively. For the planted area in Peninsular Malaysia year 2018 - 2.73 million
hectares (Department of Agriculture Malaysia, 2019; Department of Statistics Malaysia,
2021), there would be 28.4 million tonnes of OPF and 203 million tonnes of OPT
available. After deducting 50% to leave in the field for soil nutrient maintenance (Onoja,
Chandren, Abdul Razak, Mahat, & Wahab, 2019), the total palm biomass from field
would be 115.7 million tonnes.

The harvest — fresh fruit bunch (FFB) would be processed in the palm oil refinery; it
consists of 21% of palm oil and 7% of palm kernel. Twenty-eight percent from the FFB
are liquid waste - palm oil mill effluent (POME). The remaining 44% are solid biomass
wastes including 23% of empty fruit bunch (EFB), 6% of palm kernel shell (PKS) and
15% of mesocarp or palm pressed fibre (PPF) (Husain, Zainac, & Abdullah, 2002). In
year 2018, Peninsular Malaysia produced 47.6 milion tonnes of FFB (Department of
Agriculture Malaysia, 2019; Department of Statistics Malaysia, 2021) and this would
yield 20.9 million tonnes of solid oil palm biomass. Together with biomass wastes from
the field,s for the year 2018 alone the oil palm industry produced a staggering 136.6
million tonnes of lignocellulosic biomass wastes.
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The existing practices of handling palm biomass in most cases are left in or return to the
plantation for soil maintenance, mulching, and incineration for energy for the milling
process (Khalil, Jawaid, Hassan, Paridah & Zaidon, 2012; Onoja, Chandren, Abdul
Razak, Mahat & Wahab, 2019). With the biomasses ready on-site, palm oil refineries
can generate energy more than what they required and sell the extra to national grid
(Lacrosse & Shakya, 2004; Hossain & Jalil, 2017). For instance, palm mesocarp fiber
and palm kernel shells are combusted since they are drier and smaller in size (Salleh et
al., 2020). After these applications, the palm oil industry would still have plenty of
biomass pending to dispose or valorize (Poh, Wu, Lam, Poon & Lim, 2020).

Among which, EFB are relative more bulky with higher moisture and left behind in large
quantities. The EFB presented disposable problems to the industry, it requires further
processing before an intended application. For example, EFB are not favoured for
mulching since it requires backhauling cost to plantations and also will caused nitrogen
loss in soil while leaving it at site would lead to sludge leachate pollutions and risks of
combustions (Poh, Wu, Lam, Poon & Lim, 2020; Salleh et al., 2020). Due to this, EFB
is the most abundant resource and it received the most attention in biomass to biofuel
studies. A number of works focused on application of EFB alone, including processing
system and parameters for energy, chemical and material productions (Chiew, Iwata &
Shimada, 2011; Langé & Pellegrini, 2013; Zahraee, Golroudbary, Shiwakoti,
Stasinopoulos & Kraslawski, 2020; Karunakaran, Abd-Talib & Kelly Yong 2020), solid
biofuels (Faizal, Jusoh, Rahman, Syahrullail & Latiff, 2016; Sukiran, Kheang, Bakar &
May, 2011; Pua, Subari, Ean & Krishnan, 2020; Kamal Baharin et al., 2020) and liquid
biofuels (Sukiran, Loh & Bakar, 2018; Lau, Muhammad Syafiq, Nasuha Yahya & Abdul
Rasid, 2019).

Other than biomass processing, biomass logistics play a pivotal role in biomass to biofuel
supply chain. However, biomass logistics studies are very limited in Malaysia. Only a
handful of studies address this issue. A series of rice straw logistics models were
developed, these studies focused on the tactical and operational level (Mahlia, Masjuki
& Chong, 2013; Shafie, Masjuki & Mabhlia, 2014; Shafie, 2016). Tan et al. (2018)
included spatial model for biomass logistic cost in biofuel production, however the
contextual difference such as fragmented landscape in Malaysia was ignored and applied
a distance threshold from the U.S. which is based on large field size and high centrality
landscape. Profitable biofuel value chain design that included biomass logistics costs
based on EFB was demonstrated by Abdulrazik, Elsholkami, Elkamel & Simon (2017)
and Chiew, Iwata & Shimada (2011) using integrated system with palm oil refinery.
These successful examples are encouraging however due to their specificity of study area,
capacity and single-biomass-based, it does not paint the bigger picture whereby the high
spatial fragmentation, unique geographical distribution and characteristics variation of
biomasses in Malaysia would lead to high variability in feedstock cost. A number of
research highlighted logistics as an issue to the biomass to biofuel industry, and the cost
variability in biomass sourcing is a major challenge (Goh & Lee, 2011; Onoja, Chandren,
Abdul Razak, Mahat & Wahab, 2019; Salleh et al., 2020). Mohd Idris, Leduc,
Yowargana, Hashim & Kraxner (2021) included various biomasses in Malaysia with
spatial model to also compute logistics cost for bioenergy productions, but the study
focused only on fulfilling policy targets in amount of renewable energy and carbon credit
without looking at economic feasibility. To the best knowledge of the author, no one
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address the issue of landscape fragmentation in relation to strategic views in biomass
logistics and economics.

2.3 Discussion and Conclusion

This literature review first categorized the biomass logistics studies into level of decision
and management hierarchy. This is followed by chronically review studies within
pioneering country — U.S. and the subject country of the thesis — Malaysia.

We found that in the three decades of biomass logistics development in the U.S., majority
of the focus transition from resource economics (biomass supply costs, zonings and
categorisation of biomass supply areas), development of supply chain design and
network to the recent burgeoning mathematical programming and simulations of
logistics and supply chain operations and optimization. This transitions encompass first
understanding the effects of biomass application in terms of economics and
environmental impacts before further planning and optimization of the value chain.

Malaysia development in lignocellulosic based biofuel is around one decade, majority of
the studies were developing conversion technology and systems that could suit local
climate and biomass. This is important as one of the foundation to biofuel development.
The biomass logistics and economics are as important as we witnessed from the U.S.,
however the perceived resource abundance in the country led to overlook in this aspects.
Availability does not permit accessibility, the landscape fragmentation in Malaysia
would affect biomass supplies differently and hence impacting the feasibility of biofuel
productions.

Furthermore, we observed that other than centrality of land use in the U.S., the crop
residues in the country are relatively homogenous in size with existing large-scale
mechanized logistics operations. For example, switchgrass and corn stover. Although
these biomass supplies were hampered by seasonality, the associated landscape centrality
and highly mechanized practices could yield efficiency in biomass logistics. Conversely,
Malaysia enjoys all year round production of biomass but we foresee bottlenecks in
logistics operations since the flagship biomasses are from oil palm industry and the
industry is still relying significantly on importation of labour (Crowley, 2020).
Furthermore, the palm-based biomasses come in varieties of size and form, the needs to
process variety of biomasses will also requires various efforts and investments in
research and development. This further highlights the crucial need to first understand the
local biomass economics and their feasibility for sustainable biofuel, which is viable
through biomass logistics studies; before expanding substantive investment into diverse
alternatives resources.
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CHAPTER 3

DESIGNING GIS MODEL FOR BIOMASS TRANSPORT COST IN
PENINSULAR MALAYSIA !

Chapter overview:

This chapter develop biomass transportation model using GRASS GIS software. The
model consists of fine resolution raster workspace in view of landscape fragmentation in
the study area. Ten major biomass and several multi-biomass scenarios were explored to
illustrate their biomass transport cost curves. On top of least-cost locations identification,
their cost and supply variations were also presented.

This chapter integrates the following two articles by restructuring the content of both
papers, removing repetition to avoid excessive length and reshaping the content to fit
into the thesis structure.

Ong, C. L., Babin, J., Chen, J. T., & Liew, K. (2016). Designing model for biomass
transport cost of biofuel refinery in Malaysia. Proceeding of the Burapha University
International Conferences 2016, 610-621. Retrieved from
www.buuconference.buu.ac.th

20Ong, C., Deprés, G., Hollebecq, J.-E., Shaiffudin Hishamudin, M. O., Kamaruddin, N.,
Anugerah, A.R., ... Roda, J.-M. (2020). Quantifying the effect of landscape structure on
transport costs for biorefinery of agricultural and forestry wastes in Malaysia. GCB
Bioenergy, 12(11), 910-922. https://doi.org/10.1111/gcbb.12740

The original published article is reproduced in Appendix A and Appendix D.

3.1 Introduction

Biofuels is expected to become the major alternative energy to replace fossil energy
sources (Demirbas, 2008). Their renewability and sustainability insure some
environmental and sociological services such as energy security, rural areas development
and a lower greenhouse gases emission. These environmental considerations added to
the current variability of the oil price leads to an increased interest by the industries, such
as the aviation industry.

Southeast Asia including Malaysia is having the fastest growing demand for biofuel,
although the expansion of new crops is very limited in the region (Roda et al., 2015). In
Malaysia, there are abundance of biomass waste (Tye, 2011), it is estimated that around
168 million tons of biomass are annually wasted (Roda et al., 2015). The availability of
these resources can be valorize for biofuel production.
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Numerous studies have highlighted the significant impact of logistic variables such as
transportation, collection, and storage on the economic feasibility of biofuel production
(Takovou, Karagiannidis, Vlachos, Toka & Malamakis, 2010). The transportation of
biomass, in particular, constitutes a major portion of the production cost due to its heavy
reliance on feedstock (Caputo, Palumbo, Pelagagge & Scacchia, 2005; Kudakasseril
Kurian, Raveendran Nair, Hussain & Vijaya Raghavan, 2013; Reeb, Hays, Venditti,
Gonzalez & Kelley, 2014). Cost variations in delivering biomass to the facility are
substantial and directly impact total cost of biofuel productions (Allen, Browne, Hunter,
Boyd, & Palmer, 1998; Kumar, Sokhansanj & Flynn, 2006). This predicament poses a
challenge for biofuel refineries, as the pursuit of economies of scale to reduce production
costs necessitates larger quantities of feedstock, leading to increased transportation
expenses (Leboreiro & Hilaly, 2011). Therefore, it is crucial to minimize transportation
costs by strategically locating biorefineries to optimize feedstock sources in terms of cost
and quantity.

Nevertheless, in Malaysia the complexities arise and affect the accessibilities when
spatial structure of the resources differs greatly in terms of centrality and dispersion
(Rodrigue Comtois & Slack, 2013) as well as residues production density. To be able to
take these factors into account, it was found that GIS (Geospatial Information System)
modelling is pertinent to such conundrum and had been used in many related studies.
These GIS applications were addressing subjects such as biomass availability
assessments (Ranta, 2005; Batzias, Sidiras & Spyrou, 2005; Kinoshita, Inoue, Iwao,
Kagemoto & Yamagata, 2009; Viana, Cohen, Lopes & Aranha, 2010), location and cost
analysis (Panichelli & Gnansounou, 2008), biomass potentials and environmental impact
(Fiorese & Guariso, 2010) and impact of topography features to transportation cost
(Sultana & Kumar, 2014). Furthermore, there are spatial models specially proposed for
processing facilities network design (Kim, Realff, Lee, Whittaker, & Furtner, 2011),
logistics cost evaluation (Graham, English & Noon, 2000; Larson Yu, English, Mooney
& Wang, 2010) and decision support system (Voivontas, Assimacopoulos & Koukios,
2001) of bioenergy plant establishment.

Existing studies based in Malaysia are very limited and only founded on selected
feedstock and smaller study area (Reeb, Hays, Venditti, Gonzalez & Kelley, 2014; Shafie
Masjuki & Mabhlia, 2014). To address the lack of information and aiming at minimize
the major cost component for biofuel industry in Malaysia, this section would assess the
geo-location factor and availability of biomass wastes within the region to develop the
transport cost model for biorefineries.

3.2 Material and methods

Peninsular Malaysia is an example of Southeast Asia landscape, with an intricate mosaic
of land uses, and contrasted elevations. It comprises 13 million hectares of landmass. We
used GRASS GIS (Neteler et al., 2012 & GRASS development Team, 2018) open-source
software on a 64GB RAM and 12-core computing station. The workspace was a 10870
by 10822 cells raster (West 99.40538; East 456.987285311424; South
4.95295466447834; North 4.95295466447834), where a pixel is approximately 0.4
hectare (63 x 63 meters). We obtained the land use layers from the Department of
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Agriculture Malaysia (2010). Our work considers distances, quantities of biomass,
landscape patterns, and costs. The procedures applied are programs in GRASS such as
the continuous cost surface method using “r.cost” and map calculator “r.mapcalc”.
Figure 3.1 shows the simplified steps in the simulation and computation process for
estimations of biomass supply cost in Peninsular Malaysia.

Map layers:

Land use .
Road network Distance
N - —> calibration —>
Points of district

(candidate location)

Biomass production Quantification to
statistics —> tonne/pixel/year

Biomass Supply
Cost
$/tonne

Transport distances to
candidate location
“r.cost”

Trucking cost
equations

Simulation with
“r.mapcalc”

Simulated data
extraction and
computation

e ~
Legend:
Procedure

Figure 3.1: Simplified methodology framework for Biomass Supply Cost

Biomass Transport Cost

3.21 Transport network calibration

Prior to the distance computation, the modelling first started with simulating the
movement on the roads and off-roads in GRASS GIS workspace.

i. Road calibration

To account travel distance on the paved road, the distance of crossing one pixel of the
surface was calculated. GRASS continuous cost surface procedure “r.cost” (Greenberg
et al., 2011) tool was used to compute a “friction” coefficient. In the map workspace,
thirty-two sets of coordinates were randomly selected to measure their distance and cell
counts (Figure 3.2). In addition, the “knight move” option was applied to account the
diagonal distance of crossing a pixel. This application improved the accuracy of distance
whereby the movements were calculated in 16 directions instead of only 8 directions
(Figure 3.3). However, the diagonal distance is longer than the straight-line distance of
crossing one cell hence resulting error in the cell counts. To fix this, Equation 3.1 was
applied as bias correction in the values of cell count.
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‘

Figure 3.2: Cumulative distance calculated between two coordinates with “r.cost”
procedure

Figure 3.3: Possible directions to go from one point to another
(— diagonal, vertical or mixed of vertical and horizontal and an example of knight move
moving from the centre to point “K”)

Equation 3.1 Bias adjustment for diagonal movement

4\/2+12
16

Bias =

=1.1 3.1

Next, a statistical correlation was performed between the adjusted cell counts and
distances of the coordinates. The result indicated that there are 0.0696 kilometres in one
pixel (Figure 3.4). The coefficient of determination (R-squared) showed that the data
fitted very well and the value of standard error is almost zero. Every pixel appeared to
be very similar and were not distorted by the shape of the Earth. This coefficient could
be applied to the paved road.
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Figure 3.4: Statistical correlation of distances, function of cell counts

ii. Off-road calibration

To enter the location of cropland and forest in the reality, there are routes that are
unpaved. Unlike the road network, these off-road cannot be treated the same because of
its tortuosity and roughness.

There were four steps taken in calibrating the off-road
a. Acquire map area of a typical forest massif without roads
b. Measure the straight-line or also known as crow-flight distance and travel

distance from point of road to point inside the forest massif (Figure 3.5).

The chosen off-road area is the biggest area of forest massif in Malaysia located in natural
park or “Taman Negara”. The distance from a point of road (red) to a point inside the
forest massif with forest track (blue) were collected using Google maps. Ninety-six sets
of point were collected to have a good approximation.

This approach imagined that to enter the forest massif, the driver must travel on the same
road until the closest forest track could be found. This way of capturing the higher
“friction” traveling on the unpaved road is a good representation of the reality.

c. Perform statistical correlation between forest tracks distances of Google Map
over the straight-line distances (Figure 3.6)
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As shown, the standard deviation is much higher than the statistical correlation of road
calibration previously. The reason is due to the diversity of forest tracks. For example,
some of the tracks were newly established for luxury hotel and some are old and obsolete.

d. Multiply the tortuosity coefficient with the road calibration coefficient to
represent unpaved road “friction” (Equation 3.2)

Equation 3.2 shows the distance to cross each pixel of off-road is 0.145km. This is more
than double of the paved road coefficient.

Distance totale : 39,33 km (24,44 mi)

Figure 3.5: Forest massif of Taman Negara from Google Map
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Figure 3.6: Linear regression on forest tracks length function of straight line
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Equation 3.2 Friction coefficient for off-road

Off-road friction cost =2.85*0.07=0.145km 3.2)

3.2.2 Transport costs

An effective driving network was obtained from the Malaysia-Singapore association of
drivers (Malsingmaps, 2015) and a friction map was created using the coefficient
calibrated previously (Figure 3.7). Any location could be a candidate site for
biorefineries. To simplified, the possibilities was narrowed down to the vicinity of 89
capitals of Peninsular Malaysia districts (Annex B). The transportation distance maps of
the 89 locations was generated with “r.cost” procedure. As an example (Figure 3.8), the
city of Kuala Lumpur was set as the destination and the remaining pixels contained
continuous values of distance to reach the pixel of the city.

Summary of Friction coefficient

Friction Coefficient SE df R2
Paved-road friction 0.07km/pixel 0.0005 31 0.9989
Off-road tortuosity 2.085km of track/km of crow-flight 0.94 95 0.8188
Off-road friction 2.085*0.07=0.145km/pixel

Figure 3.7: Friction map of Peninsular Malaysia
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Figure 3.8: Distance map to Kuala Lumpur from anywhere within the peninsula
using “r.cost” procedure

Using another another GRASS procedure “r.mapcalc” (Mitasova et al., 1995), the
Malaysian trucking costs equations were applied to the distance maps. These equations
give the trucking cost as a function of transportation distance and tonnage of the truck
(Table 3.1; Roda et al., 2012) which we obtained the transport cost maps as illustrated in
Figure 3.9. In Figure 3.9, the darker colour is farther and more expensive, but the
heterogeneity of the transport network plays a role too; where there is no transportation
network the colour is very dark, and where there are various roads, the colour is lighter.

Table 3.1: Trucking cost equation of 4 sizes in Peninsular Malaysia.

Truck size (tonnes) Trucking cost linear equation
1 MYR/tonne = distance (km) x 1.88657771 + 132.004442
3 MYR/tonne = distance (km) x 0.672738734 + 69.0615618
10 MYR/tonne = distance (km) x 0.258860505 + 49.3286760
26 MYR/tonne = distance (km) x 0.193541212 + 39.5358461

Notes: The linear equations are fitted from data collected from logistic companies in Malaysia.
(Source: Roda et al., 2012.)
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Figure 3.9: This illustrative raster shows what would be the cost to reach any pixel
from a given point (here cost for 1-tonne truck)

3.23 Feedstock quantification

We separated feedstocks into primary sources and secondary sources of lignocellulosic
biomass (Seixas, 2008). The primary sources are the harvesting biomass potentially
available on the field. These biomasses are forest logging wastes, rubberwood logging
wastes, oil palm fronds, oil palm trunks, and rice straw (Figure 3.9). The secondary
sources are processing residues potentially available at mills (Figure 3.10). These
biomasses are rice husk, sawmill and plywood mill waste, empty fruit bunches, and palm
pressed fibre. We used the quantities of biomass published for Peninsular Malaysia
(Roda et al., 2015, see Table 3.2). To explore the quantities of feedstock available per
area in a raster workspace, we created a variable “biomass yield”. For the primary
sources, the national average quantity per pixel was quantified. For the secondary sources,
the same was applied into average quantity available per mill, or per pixel representing
such mill. Table 3.3 shows the steps to derive these values. Malaysia is an equatorial
country with limited seasonality. Except for rice which is harvested twice a year, all
feedstocks are produced all year long. To simplify, we consider only annual production.

Table 3.2: Biomass wastes availability in Peninsular Malaysia

Total biomass availability o) Local biomass yield

Lignocellulosic biomass wastes Min Max Tonne/hectare/year
Million tonne/year (fresh) (fresh)

Primary sources
Forest logging waste 1.83 2.65 0.44
Oil palm frond 7.12 2.68
Oil palm trunk 17.80 6.7
Rice straw 2.83 4.96 16.45
Rubberwood logging waste 0.20 0.70 0.64
Secondary sources Tonne/mill/year (fresh)
Rice husk 0.51 0.67 65,555.56
Empty fruit bunch 9.40 95,918.37
Palm pressed fibre 5.70 58,163.27
Plywood mill waste 0.17 2.49 2,871.75
Saw mill waste 0.97 1.16 840.61

(Source : Roda et.al., 2015)
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Table 3.3: Equations used to quantify biomass waste yield to tonne/pixel/year

Equations Unit

Area per pixel

Step L _ Total land use area of biomass / Total pixel cells of biomass ha/pixel
Average annual waste yield per hectare
Step2 - _ Average of annual waste available / Total land use area of biomass Tonne/ha/year
Step 3 Biomass availability Tonne/pixel/year
P =Average annual waste yield per area X Area of biomass per pixel P y
Forest Rubber

i
3
o

Palm oil

Figure 3.10: Land cover of biomass from primary sources
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Rice mills

Figure 3.11: Distribution of mill locations for biomass from secondary biomass
sources

3.24 Biomass transport simulation and least-cost location

Transportation of biomass was obtained through the multiplication of transport cost maps
with waste density maps. This procedure simulates the truck delivery of biomass
contained in each pixel to the potential biorefinery location. Each pixel of the new map
contained the biomass transport cost from that pixel to the biorefinery location in
MYR/pixel. The sum of the values of each pixel under a given biomass category provides
the total biomass transport cost to one specific location. With the GRASS procedure “r.
report” (Mitasova et al., 1995), the total biomass transport cost of each biomass to each
district was computed. For each biomass, the district with the lowest total transport cost
(see Table 3.4) was identified as the best possible biorefinery mill location, and we
named it “least-cost location”. Several biomasses coming from the same crop (such as
rice biomasses or palm biomasses) share the same least-cost location (Figure 3.12). We
also created different sourcing scenarios based on the least-cost locations as illustrated
in the latter sections.

41



Table 3.4: Total transport cost in ascending order (case of 1-tonne-truck)

Total transport cost

Total transport cost

Total transport cost

Ranking  Forest logging waste (RM) QOil palm frond (RM) Oil palm trunk (RM)

1 Gua Musang, Kelantan 1,042,514,763 Jempol, Negeri Sembilan 4,072,279,119 Jempol, Negeri Sembilan 10,180,697,799

2 Lipis, Pahang 1,048,420,803 Bera, Pahang 4,143,731,418 Bera, Pahang 10,320,090,069

3 Jerantut, Pahang 1,090,309,514 Temerloh, Pahang 4,186,932,473 Temerloh, Pahang 10,430,357,193

\ \ \ \ \ \ \

87 Pontian, Johor 2,090,830,721 Pokok Sena, Kedah 9,402,601,341 Pokok Sena, Kedah 23,456,500,807

88 Kota Tinggi, Johor 2,149,584,684 Padang Terap, Kedah 9,482,998,990 Padang Terap, Kedah 23,656,786,718

89 Johor Bahru, Johor 2,165,627,892 Perlis 9,902,194,132 Perlis 24,702,372,594
Ranking  Rice straw Total transport cost Empty fruit bunch Total transport cost Palm pressed fibre Total transport cost

(RM) (RM) (RM)
1 Yan, Kedah 1,212,928,564 Jempol, Negeri Sembilan 5,373,412,589 Jempol, Negeri Sembilan 3,258,345,932
2 Seberang Perai Utara, 1,227,147,677 Bera, Pahang 5,398,346,896 Bera, Pahang 3,273,465,671
Penang

3 Pendang, Kedah 1,241,641,075 Temerloh, Pahang 5,418,060,413 Temerloh, Pahang 3,285,419,612

\ \ \ \ \ \ \

87 Kulaijaya, Johor 4,479,608,814 Pokok Sena, Kedah 12,087,712,875 Pokok Sena, Kedah 7,329,783,339

88 Johor Bahru, Johor 4,623,433,712 Padang Terap, Kedah 12,194,286,079 Padang Terap, Kedah 7,394,407,516

89 Kota Tinggi, Johor 4,678,043,332 Perlis 12,745,053,599 Perlis 7,728,383,565
Ranking Rice husk Total tr(aﬁll\s/f)ort cost Plywood mill waste Total tr(z;{nﬁ/gort cost Saw mill waste Total tr(z;{nﬁ/gort cost

1 Yan, Kedah 268,784,075 Kuala Lumpur, Federal 100,886,601 Kuala Lumpur, Federal 607,529,150

Territories Territories
2 Pendang, Kedah 271,325,716 Hulu Langat, Selangor 101,884,580 Hulu Selangor, Selangor 608,607,806
3 Seberang Perai Utara, 271,732,695 Hulu Selangor, Selangor 102,057,176 Hulu Langat, Selangor 611,892,750
Penang

\ \ \ \ \ \

87 Kulaijaya, Johor 783,390,741 Pokok Sena, Kedah 189,427,625 Pokok Sena, Kedah 1,067,451,840

88 Johor Bahru, Johor 805,652,631 Padang Terap, Kedah 191,517,999 Padang Terap, Kedah 1,079,253,690

89 Kota Tinggi, Johor 809,757,498 Perlis 201,113,455 Perlis 1,135,402,308
Ranking vRv::)tl;erwood logging Total transport cost (RM)

1 Bentong, Pahang 133,034,242

2 Hulu Selangor, Selangor 133,079,025

3 Raub, Pahang 133,105,952

\ \ \

87 Kulaijaya, Johor 226,718,869

88 Johor Bahru, Johor 236,413,097

89 Kota Tinggi, Johor 237,544,760
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Figure 3.12: Land use, amount of biomass by districts and least-cost locations in
Peninsular Malaysia

3.2.5 Simulated-data extraction and computation of biomass transport cost

We created zonal maps based on general transport cost maps of each least-cost location
using the GRASS procedure “r.reclass” and each zone categorised by intervals of
MYRS50. The areas without biomass were nullified with the GRASS procedure “r.null”
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and only areas with biomass were accounted. With the GRASS procedure “r.univar” and
the zonal map as input, we extracted the sum of biomass transport cost and the sum of
biomass tonnage within each zone. An illustrative example of this procedure is presented
in Figure 3.13. These data were then calculated with Equation 3.3.

Equation 3.3

. BTC
Biomass supply cost | g (MYR/fresh tonne) =YL, (/%) (3.3)

Tonnagez

where,

L denotes the location of the biorefinery

B denotes the types of biomass waste

z denotes the number of the zone

BTC denotes biomass transport cost of each zone

Tonnage denotes the amount of biomass waste in each zone

The cost was converted from MYR into USD at the rate of 3.94 MYR/USD (Accountant
General’s Department of Malaysia, 2016). The marginal cost curves of the best potential
mill location for each biomass category, using 1-tonne trucks and 26-tonne trucks, are
established and used in the discussion.
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(i) As shown in (a), each zone has interval of 50 MYR/tonne. Each pixel contains the transport cost per
tonne to go to the designated town/city.

(ii) In (b), all pixels in grey were not accounted since these are not forest area. This map was used as a
filter to extract the data from non-null cell/non-grey pixels that are relevant to collection of biomass.

(iii) Statistic data of map (c), (d), (¢) were calculated and extracted by zones in the form of .csv files. This
is done by r.univar in GRASS.

Figure 3.13: Illustrative example of data extraction - procedures of zonal map and
statistical data computation

33 Result and discussion

331 Heterogeneity of lignocellulosic biomass supply cost and structure

From the least cost locations identified (Figure 3.12), we also obtained the biomass
supply cost structure. At each least-cost location, the biorefinery could maximize the
supply quantity of the biomass and minimize the supply distance and cost. Each biomass
has their own unique cost structure which were driven by the spatial structure and
biomass yield. In Table 3.5, the supply costs at maximum availability were ranked in
ascending order within categories of primary sources, secondary sources and multi-
biomass scenarios.
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Table 3.5: Supply cost to transport 100% of biomass residues in Peninsular
Malaysia to optimal location for each truck size

Average 1 3 10 26

Biomass Optimal locations availability tonne tonne tonne tonne

truck truck  truck  truck
Primary sources Million fresh USD/fresh tonne

tonne/year

Rice straw Yan, Kedah 3.88 110.09 44.88 23.09 17.94
Oil palm frond (OPF) Jempol, Negeri Sembilan 7.12 146.34 57.81 28.07  21.66
Oil palm trunk (OPT) 17.80 146.34 57.81 28.07 21.66
Forest logging residues ~ Gua Musang, Kelantan 2.22 147.27 58.14 28.19  21.76
Rubberwood logging Bentong, Pahang 0.45 356.76 132.85 56.94 43.25
residues
Secondary sources
Rice husk Yan, Kedah 0.59 13485 5371 2649 2048
Empty fruit bunch Jempol, Negeri Sembilan 9.40 146.26 57.78 28.06  21.66
(EFB)
Palm pressed fibre 5.70 146.26 57.78 28.06  21.66
(PPF)
Plywood mill residues ~ Kuala Lumpur, Federal 1.33 151.75 59.74 28.81 22.22
Saw mill residues Territory 1.06 160.33  62.80 29.99  23.10
Multi-biomass scenarios
Paddy (Rice straw & Yan, Kedah 4.47 119.80 48.35 2442 1894
rice husk)
Palm oil (OPF, OPT, Jempol, Negeri Sembilan 40.02 146.32 57.80 28.06 21.66
EFB, PPF)
5 primary biomasses Temerloh, Pahang 30.11 164.06 64.13 30.50 23.48

(Rice straw, OPF, OPT,
forest & rubber logging
residues)

3.3.1.1 Ample biomass supplies from only two crops

It appears that in Peninsular Malaysia, there are two significant biomass for biorefinery.
One is rice straw — it is the cheapest biomass but the supply is limited. Secondly, biomass
from palm oil industry offer significant quantities but at moderate cost. Refer to Table
3.5, among the primary and secondary wastes; with 1-tonne-truck, rice straw can supply
at 110 USD/fresh tonne to Yan, Kedah but the availability is capped at 3.88 million fresh
tonne annually. Palm-based biomass are abundant and shared the same least-cost location
at Jempol, Negeri Sembilan. Namely the OPT, OPF, EFB and PPF cost 146 USD/fresh
tonne at 1-tonne-truck supply at total supplies of 17.8, 7.12, 9.4 and 5.7 million fresh
tonnes respectively.

Other biomass supplies are significantly lower in quantity. Forest logging residues can
supply about 2 million tonnes per year at cost (147 USD/fresh tonne with 1-tonne-truck)
slightly higher than palm-based biomass to Gua Musang, Kelantan. Other resources have
negligible availability. For example, rice husk although came with quite competitive cost
(135 USD/fresh tonne with 1-tonne-truck) among others, the supplies is only 0.59 million
tonne per year. Similarly for rubberwood residues with only 0.45 million fresh tonne
annually but with very expensive cost (357 USD/fresh tonne with 1-tonne-truck)
although to its optimal location — Bentong, Pahang; due to its highly dispersed
geographical structure (see Figure 3.12d). In the case of plywood mill and sawmill
residues, both have availability around 1 million tonne per year and optimal location at
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Kuala Lumpur; but the cost (152 & 160 USD/fresh tonne with 1-tonne-truck) were
relatively higher than biomass with significant supplies like rice straw and the oil palm
biomasses.

3.3.1.2  Multi-biomass supplies

In multi-biomass scenarios, combination of rice straw and rice husk to Yan, Kedah is the
cheapest option (120 USD/fresh tonne with 1-tonne truck) among all other scenarios
except for rice straw supply alone (110 USD/fresh tonne with 1-tonne truck). This
scenario is incurring higher cost than taking rice straw alone without increasing
significant quantity at difference of only 0.59 million fresh tonne per year. Combination
of four palm-based biomass (OPF, OPT, EFB, PPF) to Jempol, Negeri Sembilan have
same per-tonne unit cost with sourcing of each oil palm biomasses alone. This shows a
good sourcing strategy as it could increase the supplies to up to 40 million tonnes per
year. It allows the biorefinery to obtained more feedstock within the same supply radius.
In the 5-primary biomasses scenario to optimal location at Temerloh, Pahang; the supply
cost is higher than sourcing of each biomass alone except for rubberwood logging wastes.
Furthermore, this combination is dominant by oil palm primary wastes where 83% are
OPF and OPT, 11% of rice straw, 6% of forest logging residues and 1% of rubberwood
logging wastes. This suggests that the sourcing of different crop to one location in the
peninsula is not economic efficient. However, the combined sourcing from single crop
is feasible such as the case of palm oil biomass.

3.3.1.3 Biomass supply cost structure varies according to spatial structure

Figure 3.14 presents the result in the form of supply cost curves. Using 10-tonne-truck
supply as example, the supply cost structure are significantly heterogenous. This
indicates the effect of the biomass spatial structure. Due to the impact of spatial structure
and variations of biomass yield, the economic viability of the biomass varies between
each other at different level of availability.
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To see the variations, we present the cost curves again with lower threshold at 5 million
tonnes limit (Figure 3.15) and presented the cost and supplies at various availability in
Table 3.6.
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Figure 3.15: Lignocellulosic biomass in Peninsular Malaysia with 10-tonne-truck
supply to optimal locations at below 5 million fresh tonnes per year
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Table 3.6: Lignocellulosic biomass availability and cost to least-cost location in Peninsular Malaysia with 10-tonne-truck

Ranklflg At 2 million fresh tonne/year USD/fresh At 3 million fresh tonne/year USD/tonne At 5 million fresh tonne/year USD/ fresh
(ascending) tonne p.a. p-a. tonne p.a.
Single source

1 Rice straw 16.16 OPT 17.12 OPT 18.64

2 OPT 16.24 Rice straw 18.79 EFB 21.32

3 EFB 17.49 EFB 18.87 OPF 23.66

4 OPF 18.64 OPF 20.37 PPF 25.79

5 PPF 19.27 PPF 21.26 Forest logging residues N/A

6 Forest logging residues 26.16 Forest logging residues N/A Rice straw N/A

7 Rubberwood logging residues N/A Rubberwood logging residues N/A Rubberwood logging residues N/A

8 Rice husk N/A Rice husk N/A Rice husk N/A

9 Plywood mill N/A Plywood mill N/A Plywood mill N/A

10 Saw mill N/A Saw mill N/A Saw mill N/A

Multi-biomass scenario

1 Palm oil 14.88 Palm oil 15.47 Palm oil 16.40

2 5 biomasses 16.20 5 biomasses 16.96 5 biomasses 18.24

3 Paddy 16.72 Paddy 18.11 Paddy N/A
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At annual supply of 2 million fresh tonne, rice straw is the cheapest biomass at 16.16
USD/fresh tonne with 10-tonne-truck, contributed by its relative geographical
concentration in the north of peninsula and high biomass yield at 16.45 fresh tonne-per-
hectare. Its supply curve increased steadily up to around 2 — 2.5 million tonnes and later
increased steeply (see Figure 3.15). This is due to the centralised and clustered structure
of paddy field in the region (see Figure 3.12c¢), after transporting rice straw in the most
concentrated and biggest cluster of paddy fields to Yan, Kedah; the truck needed to travel
substantially more distance to get the resources in other smaller clusters and leading to
the cost surging steeply. This could be seen at 3 millions fresh tonne availability with
10-tonne-truck, the rice straw supplies had move past the most optimal area and its cost
became higher at 18.79 USD /fresh tonne compared to OPT had become the cheapest
biomass at 17.12 USD/fresh tonne.

The next economic viable resources are biomass from oil palm. At availability more than
5 million fresh tonnes per year, only biomass from oil palm are available. All the palm-
based biomasses have the same cost curvatures where they increased gradually with
flatter slope but at different cost level. This is because the oil palm plantations are
markedly more ubiquitous and abundant than paddy and rubber plantations (see Figure
3.12); and the palm biomasses also shared the same land cover or least-cost location.
Although the forest cover is more centralised than the oil palm plantations but due to
very low biomass yield (0.44 fresh tonne-per-hectare) and higher transport cost on the
off-roads; the palm-based biomasses incurred less cost than the forest logging wastes.
For example, at 2 million tonnes supplies per year with 10-tonne-truck; forest logging
wastes cost 24 USD/fresh tonne while OPT, EFB, OPF and PPF cost only 16.2, 17.5,
18.6 and 19.3 USD/fresh tonne respectively. Affected by the biomass yield, the cost at
each level of availability for the four major palm-based biomass differ. The OPT seemed
to be the cheapest due to its high fresh biomass yield (6.7 fresh tonne-per-hectare), next
is the EFB (95,918.37 fresh tonne-per-hectare) are very copious from the palm oil mills
and subsequently the OPF (2.68 fresh tonne-per-hectare) and PPF (58,163.27 fresh
tonne-per-hectare).

In the multi-biomass scenarios, combination of palm-based biomass appeared as the
cheapest option compared to all other alternatives as shown in Figure 3.15 and Table 3.6.
With 10-tonne-truck supply, the costs are 14.9, 15.5 and 16.4 USD/fresh tonne at 2
million, 3 million and 5 million fresh tonne annual supplies respectively. The underlying
reason could be due to. That the oil palm produces variety of biomasses and they are
within the same vicinity. When supply of these resources was grouped, resources are
denser within the same sourcing radius. This allows more efficient logistics management
and economy of scale.

However, the case is different with combination of paddy biomasses and 5-primary
biomasses. From Table 3.6, at 2 million fresh tonnes supply, paddy biomasses cost 0.56
USD/tonne higher compared to rice straw alone. The cost became cheaper at 3 million
fresh tonnes supply where the paddy biomasses is 0.99 USD/tonne cheaper than rice
straw. This change happened after 2.7 million tonnes supplies. It was due to
disproportionate increase of distances over small increase of biomass supplies from the
geographical dispersion of resources. At above 2.7 million tonnes, the supplies are from
farther paddy fields which are smaller and more scattered. Hence, when combined with
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quantities of rice husk after this level of supplies, it increases the quantities within same
vicinity and resulted in cheaper cost than rice straw alone.

In the 5-primary biomasses supply scenario, the cost structure is similar to OPT supplies.
In this scenario, the supply is dominance by OPT and OPF while others resources have
little impact on the cost structure. Given this situation in Peninsular Malaysia, this
scenario is inconsequential and negligible compared to scenarios of combination of
paddy biomasses and palm-based biomasses.

34 Conclusion

The study examined the heterogeneity of lignocellulosic biomass supply cost and
structure in Peninsular Malaysia. The results showed that rice straw and biomass from
the palm oil industry are the primary sources of biomass for biorefineries. Rice straw is
the cheapest but has limited availability, while palm-based biomass offers significant
quantities at a moderate cost. Other biomass sources have lower quantities and higher
costs. Combining rice straw and rice husk is the cheapest multi-biomass option, while
combining palm-based biomasses increases the supply without increasing the cost
significantly. The biomass supply cost structure varies based on the spatial structure and
biomass yield. Combined oil palm biomasses have lower costs due to their ubiquity and
substantial quantity. Overall, combining palm-based biomasses appears promising and
potentially cost-effective strategy. Further research and study should be conducted to
explore the utilization of various biomass derived from oil palm for multi-feedstock
biorefineries, aiming to achieve scale economies. However, it is important to
acknowledge the existing technical barriers arising from differences in the chemical
composition of these biomasses. By addressing and overcoming these challenges, we can
unlock the full potential of palm-based biomass and establish it as a viable and efficient
feedstock for biorefinery operations."
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CHAPTER 4

QUANTIFYING THE EFFECT OF LANDSCAPE STRUCTURE ON
TRANSPORT COSTS OF AGRICULTURAL AND FORESTRY WASTES IN
MALAYSIA!

Chapter overview:

This chapter measured the landscape biomass of major biomasses in Peninsular Malaysia.
Together with other relevant variables, regression analysis was performed to quantify
their impacts to biomass transport cost. Furthermore, the industrial implications were
discussed by comparing the biomass transport cost to international biomass pellet price.

The content of this chapter was published in the form of the following peer-reviewed
articles in indexed Journals:

’Ong, C., Deprés, G., Hollebecq, J.-E., Shaiffudin Hishamudin, M. O., Kamaruddin, N.,
Anugerah, A. R, ... Roda, J.-M. (2020). Quantifying the effect of landscape structure on
transport costs for biorefinery of agricultural and forestry wastes in Malaysia. GCB
Bioenergy, 12(11), 910-922. https://doi.org/10.1111/gcbb.12740

The original published article is reproduced in Apendix D.

4.1 Introduction

In biomass resource assessment and logistics studies, an important metric used to
measure biomass attributes is biomass yield density, typically expressed as tonnes per
hectare (Golecha & Gan, 2016; Panichelli & Gnansounou, 2008; Van Meerbeek, Muys
& Hermy, 2019). This metric quantifies the productivity of biomass and serves as input
data for assessing logistics costs. Additionally, it allows for comparisons between
choices of biomass to be made and its implication to logistics costs. Research has shown
that higher biomass yield density is associated with higher logistics costs, while lower
biomass yield density is associated with lower logistics costs (Maung et al., 2013).

However, it is important to note that these comparisons are typically made within the
context of homogeneous landscape settings, such as farms where the geographical
patterns are similar. In the case of Malaysia, biomass features exhibit significant
variation. Chapter one, Figure 1.4 on categories of global field size, it provides evidence
that field sizes in Malaysia are predominantly categorized as small and very small,
indicating high fragmentation. Together, the fragmentation and unique distribution result
in the heterogeneity of biomass supply costs, as depicted in Chapter 3, Figure 3.14.
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Furthermore, other apparent differences, such as whether the biomass originates from a
field or a mill, production density, and the trajectory of transport distances, contribute to
these variations. While spatial patterns do play a role in biomass supply cost variations,
they are embedded within the map. Therefore, in this section, our aim is to explicitly
consider landscape fragmentation as a variable, alongside other factors, in order to
analyse the dynamics between these different factors and quantify their relationship with
biomass supply costs. This approach will provide insights into understanding the
underlying variations and help in managing scenarios specific to Malaysia. To the best
of the author's knowledge, this is the first time that the metric of landscape pattern has
been measured to comprehend biomass supply and logistics. Overall, this analysis will
contribute to a better understanding of biomass supply costs and logistics by
incorporating landscape fragmentation as a key variable, in addition to exploring other
factors.

4.2 Data and method

4.2.1 Landscape metric as spatial fragmentation index

The landscape structure is the arrangement of and relations between the parts or elements
of the land mosaic, and can be described through landscape metrics. To investigate the
linkages between spatial fragmentation and biomass transport cost, we needed to
measure the spatial fragmentation (Rodrigue, Comtois & Slack, 2013) of land cover for
biomass waste in Peninsular Malaysia. Many landscape metrics exist (Haines-Young &
Chopping, 1996 and Cardille & Turner, 2017). Among these metrics, “edge density”,
“patch density”, and the “aggregation index” express various aspects of the spatial
fragmentation, respectively expressed by Equation 4.1, 4.2, and 4.3; in Table 4.1
(GRASS Development Team, 2019 and McGarigal, 2012). The metrics for each biomass
category was computed, see Table 4.2.

Table 4.1: Equations of the selected Landscape Metrics
Equation 4.1: Edge density

_ Yk=1Cik

S (10000)

Unit: meters per hectare

k = patch type. It refers to the disjointed land areas (or patches) of a biomass category.

n = number of edge segments of patch type k. It counts the pixels that are recognized as the border of the
patches of a biomass category.

e = total edge length (m) in landscape involving patch type k. For a biomass category, &, ei is the sum of
edge length for all the patches of £.

A = total landscape area (m?). It refers to the land cover of the study area, in our case, Peninsular Malaysia.
Equation 4.2 Patch density

Npatch

V=
A

_ Npatch

A

Units: Number of patches per square kilometre

Npatch = number of patches.

It counts the total number of disjointed land area (or patches) for a biomass category.
A = sampling area size.

This refers to our study area — Peninsular Malaysia.
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Table 4.1: Continued

Equation 4.3 Aggregation index

G; — P,
ﬁfOTGiZPi
i

G, — P,
= ﬁfOT’Gi<Pi;PiZ.5

i

G — P,
meT’Gi<Pi; Pi< .5

i

= i

Range: -1 < Aggregation index < 1.

gi: = number of like adjacencies between pixels of land cover type i.

gik = number of adjacencies between pixels of land cover types 7 and £.

(k = unlike cell adjacencies)

Each pixel is referred as a function of its neighbours, with neighbour 7 being a pixel of land cover that
belongs to the biomass category i, and neighbour & being a pixel of land cover that does not belong to the
biomass category i.

P; = proportion of the landscape occupied by land cover type (class) i.
It is the number of pixels for the land cover of the biomass category i divided by the number of pixels of
the study area (Peninsular Malaysia).

The procedure was performed in “Fragstats 4.2” software. It uses double-count method, also known
“Clumpiness index”.

Interpretation:

Edge density & Patch density: a higher value indicates a more fragmented spatial structure.

Aggregation index: The value is expressed in dimensionless unit, from -1 to 1. Approaching to -1 is when
the land cover type increasing in disaggregation or each patch is more of an isolated pixel away from each
other. Approaching to 1 is the most is when the land cover type increasing aggregation where the patches
are more centralized and clustered.

Table 4.2: Spatial fragmentation metrics for biomass in Peninsular Malaysia

Spatial fragmentation metrics

Edge Patch density  Aggregation index

Category of . s

Biomass wastes density (NDb of patches per sq (procedure
wastes (m/Ha) km) “Clumpy”)
From the Field Forest logging wastes 3.2705 0.0064 0.9804

Oil palm frond (OPF) 6.0825 0.0610 0.9434

Oil palm trunk (OPT) 6.0825 0.0610 0.9434

Rice straw 1.1346 0.0341 0.9243

Rubberwood logging  11.7165 2.1068 0.6407

wastes
From Mills Empty fruit bunch 0.2822 0.0034 0.6722

(EFB)

Palm pressed fibre 0.2822 0.0034 0.6722

(PPF)

EFB & PPF 0.2822 0.0034 0.6722

Plywood & Saw mill 0.3425 0.0261 0.6757

Plywood mill 0.2990 0.0097 0.6794

Rice husk 0.2780 0.0018 0.7169

Saw dust 0.3364 0.0240 0.6725
From Both OPF & OPT & EFB & 6.0847 0.0618 0.9434

PPF

Rice straw & husk 1.1349 0.0342 0.9243

55



4.2.2 Regression modelling & variables included

We performed a series of regression analyses to understand how to best describe biomass
supply costs (variable: Y) at any point of the country, according to different combinations
(linear and non-linear) of the factors. These factors are; the transportation distance in km
(X1), the truck size in tonne (X2), the yield of biomass wastes in tonne/ha (X3), the spatial
fragmentation under the form of edge density of the feedstock in m/ha (X4a), or its patch
density in number of patches/km? (Xab), or its aggregation index (Xac), and also the
categorical origin (Xs), of the agricultural or forestry wastes — from field (Xsa), mill (Xsb)
or both (Xsc). Nineteen models were analysed and compared (see table 4.3). Their
replicable equations are given in methodological annex (Annex C) under the form of R
code. These nineteen models are not predictive models which require validation. They
are descriptive models meant to explore which structure and combination of variables
best describe the observed biomass transportation cost in Peninsular Malaysia. The best
way to assess these models is their Akaike information criterion (AIC) and their
parsimony. However, in the future other research should ideally validate the generality
of their structures by exploring their behaviour in other countries.

Table 4.3: Evaluation for model selection to describe biomass supply cost
Group 1: Y = f(X1, X2)

Significance . 52
Model: BiX1+ BaX BiXi BXz Adi. R RSE df AlC
Ml (AT PaA2 p<0.001 p<0.001 | 0.641 36.95 1218 12274
Group 2: Y = (X1, In(X2))
Significance
Model: BiXi Ba2ln(X2) Adj. R? RSE df AIC
M2 BiXi+ Ban(X2) 6601 <0.001 0.667 3560 1218 12183
Group 3: Y = f(X1, In(X>), X3)
Significance Adj.
Model: BX: [ BanCXd) [ B r?  RSE ¢ AIC
M3 BiXi+Paln(Xa) + | p<0.001 | p<0.001 | p<0.001 | 0.682 3481 1217 12129
BsXs
Group 4: Y = f(Xy, In(X2), X4)
Significance Adj.R* RSE df AIC
Model: BiXi1 Baln(X2) BaXa

Mda  BiXi+ BaIn(X2) + BaXaa | p<0.001 | p<0.001 | p<0.001 | 0.698 _ 33.89 1217 12063
M4b__ BiXi+ paln(Xz) + BaXas | p<0.001 | p<0.001 | p<0.001 | 0.677 _ 35.08 1217 12148
Mac__ BiXit PaIn(X2) T BaXae | p<0.001 | p<0.001 | p<0.001 | 0.856 _ 2344 1217 11164

Group 5: Y = f(X, In(X2), Xs)

Significance . D2
Model: BXi [ panCG) | Poxs | Ad-RTORSEdf - AIC
M5 BoXs+ BiXi+ Baln(Xz) [ p<0.001 | p<0.001 | p<0.001 | 0.896 _ 19.86 1215 10762

Group 6: Y = f(X1, In(X2), X3, X4)

Model: B:1Xi lens(l)%glﬁcangf)(S BaXa ARdzJ " RSE df AIC
Mé6a El)é;;fflggj) p<0.001 | p<0.001 |p<0.001 |p<0.001 [0.729 32.11 1216 11933
M6b E‘%;;ﬁlggjg p<0.001 | p<0.001 |p<0.001 |p<0.001 [0.694 34.11 1216 12080
Mé6c E‘ﬁ;;ﬁ‘ggj’ p<0.001 | p<0.001 |p<0.001 |p<0.001 [0.865 22.69 1216 11085
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Table 4.3: Continued

Group 7: Y = f(X1, In(X2), X5, X4, X5)

Significance Adj.
RSE df AIC
Model: BiXi BaIn(X2) |BsXs | PaXa BoXs R?
BoXs+ B1 X1+
M7a  Baln(X2) + BsXs |p<0.001 [p<0.001 | ns |p<0.001 |p<0.001 |0.898 19.70 1213 10744
+ﬁ4X4m
BoXs+ B1 X1+
M7b  Baln(Xz) + BsXs |p<0.001 |p<0.001 | ns | p<0.01 |p<0.001 [0.897 19.82 1213 10758
BaXap
BoXs+ B1 X1+
M7c  Baln(X2) + BsXs |p<0.001 [p<0.001 | ns | p<0.05 |p<0.001 |0.897 19.83 1213 10760
BaXae
Group 8: Y = (X1, In(Xa), In(X3), X4, Xs)
Significance Adj.
RSE df AIC
Model: Bi1Xi1 BaIn(X2) | Bsln(X3) BaX4 BoXs R?
BoXs+
BiX1+
BaIn(X2)
MS8a +B p<0.001 [p<0.001 ns p<0.001 [p<0.001 [0.898 19.69 1213 10743
3
In(Xs) +
BaXaa
BoXs+
BiX1+
MS8b B2E‘(BX2) p<0.001 [p<0.001 | p<0.1 | p<0.05 |p<0.001 [0.897 19.79 1213 10754
3
In(Xs) +
BaXap
BoXs+
BiX1+
MSc B2E‘(BX2) p<0.001 [p<0.001 | p<0.05 | p<0.05 |p<0.001 [0.897 19.80 1213 10756
3
In(Xs) +
BaXac
Group 9: Y = f(Xy, In(X2) , X4 , X5)
Significance Adj.
RSE df AIC
Model: BiXi B2In(X2) BaXa BoXs R?
BoXs+ Bi1Xi+ - < - -
. . . 0.001 |0.898 19.69 1214 10742
M9 o aXa | PRO.00L | p<0.001 | p<0.001 |p
Xs+ Bi1X1+
M9b Bo <0.001 <0.001 <0.01 <0.001 |(0.897 19.81 1214 10756
Ban(X2) + BaXa | P P P p
BoXs+ Bi1Xi+ - - < -
. . . 0.001 |0.897 19.83 1214 10759
M9e o b aXa | PRO.00L | p<0.001 | p<0.05 |p
4.3 Result

The first category of models (M1, M2, M3, M4a, M4b, M4c, M6a, M6b & M6c¢) presents
low adjusted coefficients of determination below 0.87, and relative standard errors above
22. None of them has simultaneously all the factors (distance, truck size, waste yield,
fragmentation, and origin of wastes) in their structure. This suggests that all of these
factors have their critical importance in the determination of the supply costs and should
be included in the models.
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The second category of models (M5, M7a, M7b, M7¢, M8a, M8b, M8c, M9a, M9 &
M9c) presents higher coefficients of determination and lower relative standard errors.
But a number of them are less robust, with non-significant parameters (M7a, M7b, M7c,
& M8a), or with less significant parameters (M8b, M8c, M9b, M9c), suggesting that
their specific combinations of the factors are not the best representation of the reality.

The two best models are M5 and M9a. M9a = f(Distance, In(Truck), Edge density, Waste
origin) has the highest adjusted coefficient of determination and the lowest relative
standard error among these nineteen models. The model M5 have satisfying
performances while not describing any aspect of the fragmentation factor: this could
mean, according to the rule of parsimony, that this fragmentation factor is not needed to
understand the structure of the costs. However, the AIC is lower in the case of M9a. This
confirms that the fragmentation factor has critical importance too, and needs to be
included and better understood. Thus, the model M9a describes best the structure of the
biomass supply costs in Peninsular Malaysia. Table 4.4 provides its details and its
reliability.

Table 4.4: Biomass supply cost as a function of transportation distance, truck size,
fragmentation, and waste origin
Model M9a: USD/fresh tonne = BoXs+ B1X1+ B2In(X2) + BaX4a

Parameter gggff:;:nt SE t-value Pr(>|t)

X1 : Transportation distance 0.0678 0.002915 23.274 <2e-16 ***
In(X>) : In(Truck size) -26.07 0.458950 -56.805  <2e-16 ***
X4a : Fragmentation (Edge density) 1.066 0.228711 4.662 0.00000348 ***
Xsa : Waste origin_field 63.06 1.974433 31.937 <2e-16 ***
Xsb : Waste origin_mill 69.67 1.451147 48.009 <2e-16 ***
Xsc: Waste origin_both 62.35 2.027559 30.750 <2e-16 ***

Significance codes: *** 0.001; ** 0.01; * 0.05; « 0.1

Residual standard error: 19.69 on 1214 degrees of freedom

Multiple R-squared: 0.8986 Adjusted R-squared: 0.8981
F-statistic: 1792 on 6 and 1214 DF, p-value: <2.2e-16

We find that the base supply cost is higher for the biomass wastes originating from the
mills (69.67 USD/tonne) than for the wastes originating from the fields (63 USD/tonne).
This could contradict the intuition because mills produce proportionally much more
wastes per hectare. The fact that the mills are relatively small in average, and are
scattered all over the territory, is the reason for the counterintuitive finding.

We find also that the fragmentation (edge density) of the resource is extremely costly: a
1 million hectares feedstock would see an increase of 4.16 USD/tonne for every added
unit of edge density. With a similar edge density as paddy fields, the field size of such a
feedstock would be of 950 hectares in average and have a baseline supply cost of 67.16
USD/tonne. The same feedstock with an edge density similar to palm oil plantations
would have field size of 26 hectares in average, inducing a surplus of 20.8 USD/tonne
for the supply cost. And with an edge density similar to rubber plantations, field size
would be of 7.8 hectares in average, inducing another surplus of 20.8 USD/tonne for the
supply cost compared to oil palm plantations.
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The supply cost also increases in average by 6.78 USD/tonne for every added 100 km of
transportation distance. Conversely and compared to a 1-tonne truck, the supply cost
logarithmically decreases according to the tonnage, with -36 USD for a 3-tonne truck,
and with -84 USD for a 26-tonne truck.

The scattered nature of the mills increases the supply cost, despite the relatively high
concentration of wastes in each mill. This unexpected finding raises the question of
whether this model separates correctly the fragmentation from the biomass yield. The
categorical variable “waste origin” implicitly contains information on the concentration
of biomass yield per hectare since the yields are immensely more concentrated in a mill
than in fields. It also contains information on spatial fragmentation since most of the
mills are scattered over the territory, which makes them inherently a fragmented source
of biomass. The examination of models M7a and M6a which differ from model M9a by
only one variable, allows to clarify this point. Model 7a is the same as M9a plus a variable
on describing the concentration of biomass yield per hectare. But this variable is not
significant (see table 4.3). In model M6a, the categorical waste origin is replaced by the
biomass yield (see table 4.5). It reinforces the apparent weight of the fragmentation,
which is 3 times more influential on the cost structure. The truck size influence is lower
but remains a crucial factor, and the influence of the transportation distance importance
is more than double. The yield of biomass, although being significant, induces little
supply cost variation. Altogether these results demonstrate that the categorical variable
“waste origin” encapsulates relatively few information on the concentration of yield per
hectare, and more on fragmentation. However, the regimes of fragmentation of fields and
mills are so different, that they are not appropriately described by a single variable, as it
is the case in model M6a. They are better described by the categorical variable “waste
origin”. The relationships of the fragmentation to the supply costs according to the origin
of the wastes would probably yield interesting results with non-linear models, but it is
beyond the scope of this paper.

Table 4.5: Biomass supply cost as a function of transportation distance, truck size,
fragmentation, and biomass yield
Model Mé6a: USD/fresh tonne = B1Xi + B2In(Xz) + B3X5 + BaX4a

Parameter Coefficient Estimate SE t-value  Pr(>|t|)

X1 : Transportation distance 0.14624175 0.00376956 38.8 <2e-16 ***
In(X>) : In(Truck size) -15.54994379 0.64271174 -24.19 <2e-16 ***
X5 : Biomass yield 0.00038155 0.00003234 11.8 <2e-16 ***
X4a : Fragmentation (Edge density) 3.81978851 0.26104091 14.63 <2e-16 ***

Multiple  R-squared: 0.7299, Adjusted R-
squared: 0.729
F-statistic: 821.4 on 4 and 1216 DF, p-value: < 2.2e-

Significance codes: *** 0; **(0.001; * 0.01; «0.05
Residual standard error: 32.11 on 1216 degrees of

freedom 16
4.4 Analysis and discussion
4.4.1 Respective impacts of supply cost factors

In a tropical country such as Malaysia, the biomass feedstocks are heterogeneous and
fragmented. The increase of biomass supply cost with spatial fragmentation
demonstrates that landscape structure can be as much critical for biorefinery economics,
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as transport distances are (Tahvanainen & Anttila, 2011; Ghaffariyan, Acuna & Brown,
2013, Vijay et al. 2014 and Reeb et al., 2014). Our results are the first to quantify the
direct effect of landscape structure on the transport cost. The fragmentation amplifies the
average transportation distance. This consequently amplifies nonlinearly the effects of
the size of the fleet trucks. The respective impact of each factor can be measured with
the model M9a, and can be visualised by comparing to a base scenario attainable for all
feedstocks, of best and worst scenarios; in Table 4.6 and Figure 4.1. The baseline
scenario is set at 1 million tonnes of biomass supply because this quantity is commonly
available from almost all Malaysian feedstocks. We assign to it the fragmentation of the
most common feedstock (oil palm wastes). The most common trucks used for agriculture
and biomass transport in West Malaysia are 3-tonne trucks. 26-tonne trucks are
uncommon because this kind of trucks cannot reach most of the fields. The best truck
scenario is set at 10-tonne truck and the worst with 1-tonne truck. The average distances
are computed by GIS for the baseline, best and worst scenarios for 1 million tonnes of

supply.

Table 4.6: Supply scenarios in Peninsular Malaysia

. Scenarios
Parameter Unit Best Baseline Worst
Transport distance km 180 300 500
Truck size tonne 10 3 1
Fragmentation (Edge density) meter/hectare 11.7165 6.0825 0.278
Biomass origin categories 62.347859 63.056592 69.66853

Transport distance
(km)

+$13.57/tonne | -$8.14/tonne

Truck size
(tonne/truck)
+$12.44/tonne |-$13.63/tonne
Fragmentation
(edge density in m/ha) +$6.01/tonne | -$6.19/tonne
Biomass origin ]
(field or mill or both)
+$6.61/tonne | -$0.71/tonne
I l T l T T N T
-60 -40 -20 0 20 40
Change of cost-effectiveness (%)

T

Figure 4.1: Impact of the main biomass supply cost factors in Peninsular Malaysia
(The baseline scenario is centered at 0%. The cost-effectiveness increases when biomass
supply costs decrease.)

Among all the cost factors, the landscape fragmentation is a heritage of geography,
history, and long-term agricultural policies. Biomass entrepreneurs cannot modify this
fragmentation, but they can act on the truck size factor. For example, in the US & EU,
the trucks used for biomass are always above 20 tonnes (Sosa, McDonnell, 2015; Laitila,
Asikainen & Ranta, 2016 and Teter et al., 2017). In Malaysia, 98.5% of businesses are
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very small (Department of Statistics Malaysia, 2017) and are extremely small if
compared to European standards (Gonzales et al., 2019). In general, 48% of truck traffics
are light weighted truck, 33% and 19% are medium and heavy-weighted truck
respectively (see Table 4.7 and Ministry of Transport Malaysia, 2019). In the agriculture
and forestry sector, the most common trucks are 1-tonne trucks, while 10 to 12-tonne
trucks were used only by big mills (Roda et al., 2015).

Table 4.7: Five years average (2013 - 2017) of truck traffic composition at 14
selected stations

Light truck Medium truck Heavy truck
Below 2 tonnes 2 - 10 tonnes Above 10 tonnes
48 33 19

(Source: Ministry of Transport Malaysia, 2019)

4.4.2 International competitiveness of Malaysian biomass

One criterion in order to assess the feasibility of any industry willing to use Malaysian
biomass would be to compare its local cost with the price or cost of biomass available
on the international market. For example, we can compare with the feedstock biomass
costs in the USA or the densified biomass costs exported by the USA on the international
market, Free On Board cost (U.S. Energy Information Administration, 2020). We
estimated a theoretical fresh biomass FOB price based on Mani, Sokhansanj and
Turhollow (2006) and Mani (2005) as a benchmark for “theoretical FOB price” (FOB
export cost — densification cost).

Compared to the marginal cost curves of the best potential mill location for each biomass
category (Figures 4.2 & 4.3; Annex D), this kind of competitiveness benchmark
discriminates 3 groups of Malaysian feedstocks. These groups are critical for the scale
of the possi ble biorefineries, and for the choice of biofuel technologies. Wastes from
plywood and sawmills, forest logging, plywood mills, rubberwood logging, sawdust and
rice husk belong to the first group. They could only supply much less than 1 million fresh
tonne/year at 50% of the international benchmark if transported with 1-tonne trucks
(Figure 4.2). However, they could supply the total of their available wastes if transported
with 26-tonne trucks (Figure 4.3). In the case of the forest logging wastes, 26-tonne
trucks access to most of the forest tracks is hypothetical in actual Malaysian logistic
conditions. The second group is much more competitive. These wastes are Oil Palm
Trunks (OPT), Empty Fruit Bunches (EFB), Oil Palm Fronds (OPF), Palm Pressed Fiber
(PPF), EFB + PPF, rice straw, and rice straw + rice husk. They could supply from 1.2 to
3.5 million fresh tonnes/year at 50% of the international benchmark with 1-tonne trucks
(Figure 4.2), and from 5.4 to 17 million fresh tonnes/year at 15% of the international
benchmark with 26-tonne trucks (Figure 4.3). The third group, the simultaneous
collection of all lignocellulosic wastes from oil palm plantation or oil palm mills, is
extremely competitive. It can supply 8.2 million fresh tonnes/year at 50% of the
international benchmark with 1-tonne trucks (about 20% of Malaysian oil palm wastes,
Figure 4.2), and 38 million fresh tonnes/year at 15% of the international benchmark with
26-tonne trucks (about 97% of Malaysian oil palm wastes Figure 4.3). The specificity of
this third group is that it mixes wastes from the fields and wastes from the mills. It implies
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that the mills could be used as collection and pre-treatment point since they are already
the collection points of the Fresh Fruit Bunches (FFB). In these conditions, nothing
would prevent to add pre-treatment stages in order to dry and densify the biomass prior

to further transportation.

180
Ttonnetruck ) 1+ OPF, OPT EFB & PPF 6. Palm pressed fiber (PPF) 11. Plywood mill waste
] 2. Ol paim trunk (OPT) 7. Rice straw & rice husk 12. Saw dust
3.EFB & PPF 8. Rice straw 13. Rice husk
4. Empty fruit bunch (EFB) 9. Plywood mill waste & saw dust 14. Rubberwood logging waste
160 — 5. Oil palm frond (OPF) 10. Forest logging waste
140 %
/
2 7
€ 120 g4
i) /
£ s
= - R
8 100 /
[} O
3 ]
80—
i 50% of theoretical FOB price
69
60
40
T T T

T T
2x108 3x108
Fresh tonne/year

Figure 4.2: Marginal supply cost curves of Malaysian fresh feedstocks — 1-tonne

truck, with international benchmark
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3.EFB & PPF 8. Rice straw 13. Rice husk
| 4. Empty fruit bunch (EFB) 9. Plywood mill waste & saw dust 14. Rubberwood logging waste
5. Gl paim frond (OPF)  10. Forest logging waste
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Figure 4.3: Marginal supply cost curves of Malaysian fresh feedstocks — 26-tonne

truck, with international benchmark
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4.4.3 Feasibility of consolidation, collection and pre-treatment of the biomass

In the hot and humid Malaysian weather, the actual practice is to transport quickly the
biomass in fresh matter, in order to avoid microbial degradation (Salétes, Caliman &
Raham, 2004; Hess, Wright & Kenney, 2007; Rentizelas, Tolis & Tatsiopoulos, 2009;
Chico-Santamarta et al., 2011 and Larson et al., 2015). The low bulk density and the high
moisture content (see Annex E) of most of the biomass reduce the profitability of
feedstock transportation. Since 26-tonne trucks cannot access many of the tracks within
the field (Shafie, Masjuki & Mahlia 2014; Roda et al 2015 and Yusoft, 2019), collection
points would be needed for their large-scale use. The exact cost of such facilities is
beyond the scope of the present paper, but an approximation of their supply cost can be
assessed against international benchmarks (we omit the densification cost in Malaysia).
We use international FOB biomass pellet prices (USD162/tonne; U.S. Energy
Information Administration, 2020) as a benchmark for the supply of dry feedstocks. We
consider only the transportation by 26-tonne trucks that would make sense with
densification facilities. Three different dry feedstocks emerge (see Figure 4.4). OPT and
rubberwood logging wastes which the fresh feedstocks with the highest water content
(Annex E). They form the first group with either very little dry matter available, or most
of it above 40% of the international FOB price for pellets. The other oil palm wastes
except for PPF (and OPT) form the second group, with most or all of their dry feedstock
above 17% of the international benchmark.

All the remaining wastes form the third group, with 100% (or almost) of the dry
feedstock below 17% of the international benchmark. The most remarkable and the
cheapest among them are the wastes from plywood and sawmills (0.2 to 0.8 million dry
tonnes/year), and rice straw (0.8 to 3.3 million dry tonnes/year).

26-tonne-truck

40% of biomass pellet price,

17% of biomass pellet price

USD/dry tonne

1.OPF, OPT, EFB & PPF 6. Palm pressed fiber (PPF) 11. Plywood mill waste

2. Oil paim trunk (OPT) 7. Rice straw & rice husk 12. Saw dust

3.EFB & PPF 8. Rice straw 13. Rice husk

4. Empty fruit bunch (EFB) 9. Plywood mill waste & saw dust 14. Rubberwood logging waste
5. Oil paim frond (OPF)  10. Forest logging waste

; ! | R R R
0 2x10° 4x108 5x10° 10x10°
Dry tonne/year

Figure 4.4: Marginal supply cost curves of Malaysian dry feedstocks — 26-tonne
truck, with international benchmark
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4.4.4 Policy implications

Altogether these considerations have strong implications for policymakers: the
importance of the landscape structure may make a seemingly abundant biomass not
viable for biorefineries if too fragmented, while a much less abundant one, but more
concentrated may be viable. This first implies that with proper supply chain management
and location optimisation, Peninsular Malaysia biomass could supply a competitive
biofuel industry. There are enough quantities to sustain small or medium mono-feedstock
industries if their location is carefully chosen. This also means that biomass studies in
Malaysia and countries with similar conditions should consider the design and location
of collection consolidation and pre-processing, and hubs to connect small and medium
stakeholders with bigger ones. The overall results of this study have also shown that large
multi-feedstock industries can be economically viable. This means that in Malaysia and
other tropical countries where the landscape is typically very fragmented, multi-crops
feedstocks could be considered for sustainable biorefineries. It poses new technological
and economic implications, but these are beyond the scope of the present paper.

4.5 Conclusion

Fragmentation of the landscape is costly in tropical countries with complex mosaics of
land uses, such as Malaysia. The feedstock cost increases by more than 4 USD/tonne for
every added unit of edge density. In comparison, it increases by more than 6 USD/tonne,
but by every 100 km of added average transport distance. These natural drawbacks could
be offset by organising better logistic chains. From a fleet of 1-tonne trucks, the cost
decreases by -36 USD/tonne if using 3-tonne trucks, and down to -84 USD/tonne if using
26-tonne trucks. But most of the biorefinery technologies and solutions for agricultural
and forestry wastes were developed in the rather uniform plains of North Europe and
North America. Our results mean that these technologies and solutions cannot be just
transferred to tropical countries with complex landscape mosaics. We demonstrated here
how the landscape structure, through the concept of fragmentation, is a major
determinant of biomass economics under the tropics. For policy-makers, counter-
intuitive situations may arise, such as seemingly abundant biomasses may be less
profitable if too fragmented, while much less abundant but more concentrated biomasses
may be more efficient. There may be other situations where multi-crop biomass
strategies are more profitable than relying on too fragmented feedstocks. The concept of
landscape fragmentation has been mostly used in ecology, for edge effects and other
phenomenon. But our results suggest that fragmentation of the landscape probably
influence the economics of many activities dealing with agriculture and forest resources,
too. Methodologically, it would be interesting to develop fragmentation metrics
specifically designed to capture economic aspects. Conceptually, it would also be
interesting to explore how multifactorial dynamics, such as deforestation, are linked to
pre-existing fragmentation and change it.
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CHAPTER §

FEASIBILITY OF LIGNOCELLULOSIC BIOREFINERY IN THE CONTEXT
OF LANDSCAPE FRAGMENTATION AND CRUDE OIL PRICE: CASE OF
MALAYSIA

Chapter overview:

This chapter develop biorefinery cost estimation model in a two-stage approach. The
order of magnitude method was adopted to compute capital expenditure of various
conversion pathways and later incorporate with operational expenditure that consists of
biomass transport cost and other relevant variables. The biorefinery cost curves and
optimum cost and scale were derived. Putting into context, the impact of spatial
fragmentation and biomass natures to optimum cost were quantified and feasibility of
biofuels were assessed by comparing to crude oil price.

5.1 Introduction

The challenge of lignocellulosic biorefineries is the see-saw effect between scale of
economy and diseconomy of scale from feedstock supplies (Kumar, Cameron & Flynn,
2003; Larasati, Liu & Epplin,2012; Liu & Bao, 2019) due to sourcing distance and
various biomass characteristics such as geographical distribution, moisture content, yield
and bulk density (Caputo, Palumbo, Pelagagge & Scacchia, 2005; Huang, Ramaswamy,
Al-Dajani, Tschirner & Cairncross, 2009). This implies that the optimum scale of
biorefineries is unique to the biomass feedstock and that the landscape pattern of the
biomass could be pivotal to sustainable biofuel.

As a typical Southeast Asia country, Malaysia consists of very fragmented tropical
landscape (Fritz et al., 2015; Lesiv et al., 2018). Biomasses in the region have very
different supply cost structure due to their heterogeneity (Ong et al., 2020), consequently
despite abundance certain biomass might not be economical for biorefinery. Yet, the
biofuel production costs are hinge on the choice of biomass. This raises questions on
feasibility of biorefineries, the comparative differences among choices of biomass and
their respective optimum cost and biofuel potentials.

Lignocellulosic biomass is also one of the renewable resources to delay peak oil events
and paves ways towards alternative fuels. As an alternative energy to fossil fuel, studies
had found that biofuel profitability is affected by fossil fuel price (Chiu, Hsu, Ho &
Chen,2016; Maghyereh & Sweidan, 2020). There are substitution effects between these
two choices of commodity (Chang & Su 2010; Pacini & Silveira, 2011; Anderson, 2012).
Hence, this could compromise cellulosic biofuel development when the profitability is
temporal and subject to volatility of fossil fuel price (Ghoddusi 2017; Markel, Sims &
English, 2018).
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In this context, in addition to overcoming biomass heterogeneity; sustainable cellulosic
biorefineries are also required to optimize their cost and scale in order to compete and
replace conventional fossil fuel energy. In the past, most of the studies compared price
of biofuel among choices of conversion technologies and biomass (Egbendewe-
Mondzozo, Swinton, Izaurralde, Manowitz & Zhang, 2011; Li, Larsson, Thorin,
Dahlquist & Yu, 2015; Brigagdo, de Queiroz Fernandes Aratjo, de Medeiros, Mikulcic
& Duic, 2019). Yet very limited study relates crude oil price with biorefinery profitability.
For instance, the price of biofuels were compared with price of gasoline by Kennedy &
Ahamad (2007) and Slade, Bauen & Shah (2009) to assess commercial feasibility of
biofuel in their region but without taking into account the volatility of fossil fuel prices.

As quoted from Kim & Dale (2015): “All biomass is local”, in spite of achieving
biorefinery optimization; the feasibility of biorefinery would still subject to the local
context of the biomass. Given the unique landscape patterns and natures of biomass in
Malaysia, optimization of biomass application for biorefinery also need to be assess in
terms of fossil fuel price. To address these issues, this chapter focuses on deriving biofuel
production costs unique to the biomass. The design of biorefinery cost estimation model
while simultaneously incorporate unique biomass transportation cost curves into it were
demonstrated. Furthermore, the optimized cost and scale of biorefineries based on each
biomass are compared with crude oil price and the impacts of relevant factors to optimum
costs are also quantified. To the best knowledge of the author, this is the first work that
simultaneously address biorefinery optimization in relation of landscape fragmentation,
natures of biomass and historical crude oil price.

5.2 Material and method

5.2.1 Actualization of data

This study assessed economic competitiveness of biorefineries in Peninsular Malaysia
by expanding the simulation of biomass supply cost (Ong et al., 2020) to biorefinery
production cost. We first collected data for capital expenditure (CAPEX) of commercial
scale biorefineries (Figure 5.1a). These data were based in different years and located in
United States Gulf Coast area. To actualize the historical data into a common year and
locality of our study, we applied the following equations (Table 5.1) using details and
procedures shown in Annex F and G. We actualized the data into year 2015 and locality
of Southeast Asia.

Table 5.1: Equations to actualize CAPEX data
Equation 5.1

. . . . Cost index in year A
Cost actualization: Cost in year A = Costinyear B X ———————
Cost index year B

Equation 5.2

Location factor: Cost of plant in location = cost of plant on USGC X LF,

where LF, = location factor for location A relative to USGC basis.
(Source: Towler & Sinnott 2013)
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5.2.2 CAPEX Models

These data were fed into a non-linear regression analysis using R software to obtains
CAPEX models of various biofuel pathways. This method is widely applied in chemical
industry using the equation shown in Table 5.2 known as the cost curve method or order
of magnitude estimates (Towler & Sinnott, 2013). The models were simulated in Figure
5.1b based on the parameters derived in Table 5.2.

Table 5.2: Estimation models for capital expenditure of various conversion process

CAPEX Model: C = aSn

Process or Variables Coef'ﬁc1ent SE t-value Pr(>|t))
Estimate

(1) Ethanol by Ethylene Hydration O al: 585.7 23.49 24.93 1.27e-13 ***
(2) Ethanol by Fermentation A a2: 1380 24.41 56.52 <2e-16 ***
(3) Ethanol (fuel grade) by Corn Dry Milling & a3:6392 22.20 28.79 1.52¢-14 ***
(4) Glucose (40% solution) by Basic Wet Corn a4: 623.6 19.37 32.19 2.93e-15 ***
Milling o

(5) Biodiesel (FAME) from Vegetable Oil X a5:389.3 26.65 14.61 2.82e-10 ***
(6) Fischer-Tropsch Process * a6: 3502 22.42 156.22 <2e-16 ***
(7) Methanol via Steam Reforming & Synthesis = a7:588.5 6.36 92.51 <2e-16 ***
Correlating exponent n 0.6051 0.0081 74.86 <2e-16 ***

Significance codes: *** 0; ** 0.001; * 0.01; «0.05

Number of iterations to convergence: 8
R-squared: 0.9997245
(' capital cost

a : coefficient of the process

Residual standard error: 13.77 on 15 degrees of
freedom
Achieved convergence tolerance: 7.97e-07
S : capacity or quantity

n : correlating exponent

(a) Capital Expenditure for commercial plant

of various pathways

(b) Actualized CAPEX and CAPEX

cost curve simulation
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@] Ethanol by Ethylene Hydration X Biodiesel (FAME) from vegetable oil

A Ethanol by Fermentation * Fischer-Tropsch Process

* Ethanol (fuel grade) by Corn Dry Milling + Methanol via Steam Reforming & Synthesis

O Glucose (40% solution) by Basic Wet Corn Milling

Figure 5.1: Capital expenditure of commercial biorefineries before and after
actualization and estimations
(Source: Towler & Sinnott (2013); Brown & Brown (2013); Chen, Ong & Babin (2017))
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5.2.3 Biofuel production cost simulation

To derive biofuel production cost, we first assume the intended product are liquid
biofuels and we would simulate both biochemical and thermochemical biorefinery. From
Table 5.2, we observed that Process (2), (3) and (4) are fermented biofuel with coefficient
estimate a2= 1380, a3=639.2 and a4=623.6. Based on these parameters, we rounded up
to assume that values of parameter-a for fermentation processes range from a=500 to
a=1500. We used Fischer-Tropsch process as a typical representation of thermochemical
process. Based on the coefficient estimates a6=3502. We assumed that the values of
parameter-a for Fischer-Tropsch process would range from a=3000 to a=4000.

Based on the assumptions of CAPEX models above, we rearranged the equation of
CAPEX estimation model to obtain the per unit CAPEX in USD/tonne of biofuel using
interval computations. The interval value applied was 250 between the range of
parameter-a for fermentation processes and Fischer-Tropsch process with 15 years
biorefinery life span. This process is illustrated in Figure 5.2.
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(a) Interval Computations of Capital Expenditures
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Figure 5.2: Illustration of procedures and equations in interval computations of
CAPEX
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(By varying the parameter-a representing two major conversion pathways, from a=500
to 1500 for fermentation process and a=3000 to 4000 for Fischer-Tropsch process. The
rearranged equations of capital expenditure yield capital cost curves in per-unit-basis —
USD/tonne/year.)

For the operation expenditures (OPEX), we assumed arbitrarily that biomass transport
cost of 26-tonne-truck supplies to optimized location from previous study (Ong et al.,
2020) would be 80% of total OPEX to adapt to the context of resource fragmentation in
Peninsular Malaysia. The remaining 20% of the OPEX would be other variable cost. Ten
major lignocellulosic biomass in Peninsular Malaysia were included in this simulation,
including empty fruit bunch (EFB), palm pressed fibre (PPF), oil palm frond (OPF), oil
palm trunk (OPT), rice straw, rice husk, forest logging wastes, rubber logging wastes,
plywood mill wastes and sawdust. In MS Excel, we synchronized the capacity of the
biorefinery based on biomass in dry matter basis (Annex E) using Equation 5.3 and also
applied the biofuel recovery rate (Annex H) corresponding to the two representative
liquid biofuel pathways. We then applied the synchronized biorefinery capacity based
on respective biomass availability following the interval computations procedure
mentioned (Figure 5.2) to obtain the per unit CAPEX in USD/tonne of biofuel/year. We
computed OPEX in USD/tonne of biofuel with Equation 5.4 and total biofuel production
cost in USD/tonne of biofuel/year with Equation 5.5. The process of obtaining the
biorefineries production costs in Peninsular Malaysia is simplified into a schematic
diagram in Figure

Equation 5.3 Synchronized Capacity = (Fresh matter supply X DM) + R
i . BTC
Equation 5.4 OPEX:(W +DM)>< R

Equation 5.5 Biofuel production cost (USD/tonne/year) = CAPEX (USD/tonne/year) + OPEX
(USD/tonne/year)
OPEX: Operating expenditure (USD/tonne of biofuel/year)
BTC*: Biomass transport cost (USD/fresh tonne/year)
Synchronized Capacity (S): Biofuel output capacity based on local biomass supplies (tonne of biofuel/year)
Fresh matter supply*: Biomass supplies in fresh tonne/year
DM**: Dry matter content of biomass (%)
R***: Biofuel recovery factor — the ratio of biomass for 1 tonne of biofuel
(*Source: Ong et al. (2020), Ong & Roda (2020))
** Annex E
***Annex H
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Figure 5.3: Schematic diagram illustrating process of biorefineries production costs

5.2.4 Identification of optimal cost & scale

For each biomass we produced five production cost curves for both fermentation and
Fischer-Tropsch conversion process. We then identified the minimum per unit
production cost along each curve. This is where the capacity of biorefinery is optimal or
known as an economy of scale. Figure 5.4 illustrates the identification of optimum points.
These points would be compared to the past fifteen years of historical crude oil price.

A (b)
5 Fisher-Tropsch 5
kY technologies R
2 2 Fisher-Tropsch
5 5 technologies minima
= =
k7 k7
o o
o o
Fermentation
technologies
Fermentation
technologies minima
> >
Production capacity / Year - Production capacity / Year

Figure 5.4: Illustration example: economy of scale identification and optimal points
extraction
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5.2.5 Establishing variability of crude oil price over time using empirical rule

We collected data on crude oil prices in the past fifteen years from August-2005 to July-
2020 and converted the prices into common unit of metric tonne using the specified
conversion rate to match the measurement unit of this study (British Petroleum, n.d.;
World Bank, 2020). We wanted to capture the variability of crude oil price over the last
15 years. This was done by regressing the data around its mean. We made a linear model
regressing over its intercept in R software. Based on the 68-95 empirical rule
(Bandyopadhyay & Cherry, 2011), we computed the crude oil price limits at one and two
standard deviation. The R code and the results were presented in Annex I. We then
translated the percentage of probability distribution into a chart for ease of comparison
(Figure 5.5) and renamed the limits as percentage of variability.

1000

16% of

50% of
600 — variability

USD/tonne

84% of
variability

97.5% of
variability

2006 2008 2010 2012 2014 2016 2018 2020
Year

Figure 5.5: Fifteen years of crude oil price variability (August-2005 to July-2020)
and its probability distribution limits

(e.g. a price at USD150/tonne is lower than crude oil price in 97.5% of the cases)
(Source: BP p.l.c (n.d.); World Bank (2020))

5.3 Result and analysis
5.3.1 Optimized biofuel production cost of each biomass in Peninsular
Malaysia

The biofuel production costs curves were obtained and the minimum cost along each
curve is identified as optimum point or commonly known as economy of scale (Figure
5.6). In Table 5.3, the values of the optimized cost and capacity are presented. These
values present a more realistic biofuel potentials in Peninsular Malaysia where
economics of both biomass supplies and biorefinery were taken into account.

We find the biomass that could yield the largest optimized biofuel potential is palm
pressed fiber (PPF) and followed by rice straw and empty fruit bunch (EFB) at annual
biofuel capacity of 0.5 million tonne and above. With fermentation process, PPF
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biorefinery optimized between 0.47 to 0.97 million tonne biofuel per year at 130 to 206
USD/tonne. With Fischer-Tropsch process, PPF biorefinery achieved optimum at 0.73
to 0.8 million tonne biofuel per year at 396 to 470 USD/tonne. Rice straw biorefinery of
fermentation process has similar cost as PPF biorefinery at 123 to 208 USD/tonne but
with lower optimized scale range between 0.49 to 0.56 million tonne biofuel per year.
Rice straw biorefinery of Fischer-Tropsch process costs higher than the PPF biorefinery,
it optimized at 0.45 to 0.52 million tonne biofuel per year at 418 to 505 USD/tonne. In
case of EFB biorefinery, although it can optimized at annual potential more than 0.5
million tonne, however its costs are approximately 20% to 60% higher than rice straw
and PPF. With fermentation process, EFB biorefinery optimized at between 0.25 to 0.6
million tonne biofuel per year at 196 to 287 USD/tonne and; with Fischer-Tropsch
process optimized at between 0.55 to 0.62 million tonne per year at 531 to 613
USD/tonne.

The biomass that could yield moderate optimized biofuel potentials are forest logging
wastes and oil palm frond (OPF). Biofuel from forest logging wastes are cheaper than
the OPF biorefinery. It costs 140 to 233 USD/tonne for optimized scale between 0.3 to
0.49 million tonne per year with fermentation process and; 463 to 563 USD/tonne for
optimized scale between 0.35 to 0.36 million tonne per year with Fischer-Tropsch
process. OPF biorefinery cost about 40% to 60% higher than forest logging wastes with
fermentation process. It optimized at between 223 to 321 USD/tonne for 0.22 to 0.47
million tonne biofuel per year. With Fischer-Tropsch process, OPF biorefinery costs 24%
to 31% higher than forest logging wastes. The optimized costs are between 607 to 701
USD/tonne for 0.38 to 0.46 million tonne biofuel per year.

Biorefinery with small biofuel potential are offer by plywood mill wastes, sawdust and
oil palm trunk (OPT). The biorefinery costs of plywood mill wastes and sawdust are very
similar. With fermentation process, biorefinery of plywood mill wastes achieved
optimum between 145 to 259 USD/tonne for 0.12 to 0.32 million tonne biofuel per year
and; biorefinery of sawdust achieved optimum between 143 to 260 USD/tonne for 0.17
to 0.3 million tonne biofuel per year. With Fischer-Tropsch process, biorefinery of
plywood mill wastes achieved optimum between 522 to 642 USD/tonne for 0.23 million
tonne biofuel per year and; biorefinery of sawdust achieved optimum between 530 to
656 USD/tonne for 0.2 million tonne biofuel per year. The OPF biorefinery is relatively
more costly compare to the plywood mill wastes and saw dust, it costs approximately
one to two times higher with fermentation process and 74% to 92 % higher with Fischer-
Tropsch process. The OPT optimums are between 429 to 563 USD/tonne for 0.11 to 0.23
million tonne biofuel per year using fermentation process and between 1003 to 1118
USD/tonne for 0.24 to 0.28 million tonne biofuel per year using Fischer-Tropsch process.

Biorefinery with very small potentials are from rice husk and rubber logging wastes. The
optimum costs of rice husk biorefinery range from 148 to 300 USD/tonne for 0.09 to
0.15 million tonne per year of fermented biofuel and 632 to 794 USD/tonne for 0.1
million tonne per year of Fischer-Tropsch biofuel. Rubber logging wastes supply very
expensive biofuel, it offers optimized cost of 375 to 642 USD/tonne for only 0.02 to 0.04
million tonne per year of fermented biofuel and 1266 to 1534 USD/tonne for only 0.03
million tonne per year of Fischer-Tropsch biofuel.

73



0 0.2

Biorefinery cost curves and optimum points
(with 26-tonne-truck to least-cost locations )

04 0 0.5

0 012 014 0.6

0.8

1.0

1.2

L L
-t Rubber loggin
1500; E wastes

1000

REEse

500

1000 Rice husk

800+
600 —

400 g
200+ =2

1000 Sawdust
800
600

400
200

USD/tonnelyear
L

L L L L
g Oil palm trunk

Oil palm frond

Forest logging wastes

%

&gﬁgﬁj

/\ Optimum point
[ Fischer-Tropsch process

[[] Fermentation process

Empty fruit bunch

A

%

Palm pressed fiber

1000 Plywood mil Rice straw
800 wastes
600
400
200
(‘) 0.‘2 oﬁ4 6 0.5
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Table 5.3: Biofuel production cost at optimized scale for each biomass

Technology: Fermentation process Fischer-Tropsch process
Parameter: a=500 a=750 a=1000 a=1250 a=1500 a=3000 a=3250 a=3500 a=3750 a=4000
. USD/tonne biofuel USD/tonne biofuel
Biomass . -
million tonne/year million tonne/year
Large biofuel potential (above 0.5 million tonne/year)

Rice straw 123.2 144.5 165.7 186.8 207.8 418.1 440.4 462.1 483.7 505.4
0.49 0.55 0.55 0.55 0.56 0.45 0.51 0.51 0.52 0.52

PPF 130.6 151.5 170.7 188.9 206.3 395.9 414.7 4333 451.7 470.0
0.47 0.67 0.76 0.83 0.97 0.73 0.75 0.78 0.78 0.8

EFB 195.6 2222 245.7 266.9 287.2 530.9 552.0 572.7 593.3 613.4
0.25 0.32 0.54 0.54 0.62 0.55 0.55 0.59 0.62 0.62

Moderate biofuel potential (below 0.5 million tonne/year)

Forest logging wastes 139.9 165.0 188.3 210.9 233.0 463.0 488.2 513.3 538.2 563.0
0.3 0.38 0.45 0.48 0.49 0.35 0.35 0.36 0.36 0.36

OPF 222.8 252.8 279.8 304.6 328.1 606.7 630.6 654.3 677.5 700.6
0.22 0.28 0.35 0.41 0.47 0.38 0.41 0.41 0.44 0.46

Small biofuel potential (below 0.3 million tonne/year)

Plywood mill wastes 144.6 176.0 205.2 233.1 259.4 522.3 5522 582.1 612.1 642.0
0.12 0.23 0.24 0.31 0.32 0.23 0.23 0.23 0.23 0.23

Sawdust 143.4 175.3 205.6 233.8 260.9 530.4 561.8 593.3 624.7 656.1
0.17 0.21 0.23 0.28 0.3 0.2 0.2 0.2 0.2 0.2

OPT 429.2 469.6 505.1 538.3 568.3 1003.1 1032.4 1061.7 1090.4 1117.9
0.11 0.11 0.17 0.23 0.23 0.24 0.24 0.24 0.28 0.28

Very small biofuel potential (below 0.15 million tonne/year)

Rice husk 147.9 190.8 229.4 264.5 299.6 631.5 672.2 712.8 753.4 794.1
0.09 0.1 0.15 0.15 0.15 0.1 0.1 0.1 0.1 0.1

Rubber logging wastes 374.5 448.7; 0.02 518.1 581.7 641.8 1265.9 1333.0 1400.1 1467.2 15343
0.02 0.03 0.04 0.04 0.03 0.03 0.03 0.03 0.03
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5.3.2 Feasibility of biofuel feedstock in comparison with crude oil price

Putting into the context of fuel commodity market, we combined the optimal points of
each biorefinery and crude oil price variability together (Figure 5.7). We find that
fermented biofuels produced from rice straw or from palm pressed fibre are the only
biomass source to be systematically cheaper than 97.5% of the crude oil price variability.

The biorefinery of rice straw and palm pressed fibre (PPF) could produce liquid biofuel
most competitively at lowest optimal cost for largest amount of output. With Fischer-
Tropsch process, optimized rice straw and PPF biorefinery produce biofuel at cost lower
than crude oil price in 50% of the cases (less than USD541/tonne). At this possibility,
the annual optimized are between 0.45 to 0.52 million tonne with rice straw and between
0.73 to 0.80 million tonne with PPF. This is more efficient with the fermentation process.
The cost is much cheaper at a level lower than crude oil price in 97.5% of the cases (less
than USD191/tonne). At this possibility, the annual optimized biofuel output are between
0.49 to 0.55 million tonne with rice straw and between 0.47 to 0.83 million tonne with
PPF.

The opposite extremes are biorefinery of oil palm trunk (OPT) and rubber logging wastes.
Their optimized cost and scale are expensive and small. For Fischer-Tropsch biofuel,
they are higher than crude oil price in 97.5% of the cases (above USD890/tonne) at
annual output between 0.24 to 0.28 million tonne with OPT and 0.03 million tonne with
rubber logging wastes. For fermented biofuel, they are lower than crude oil price in only
16% of the cases (less than USD717/tonne). The optimum scale consists of annual output
between 0.11 to 0.23 million tonne with OPT and between 0.02 to 0.04 million tonne
with rubber logging wastes.

Three biomass could optimize at significant quantity of output but at cost higher than
biorefinery of rice straw and PPF. These biomass are oil palm frond (OPF), empty fruit
bunch (EFB) and forest logging wastes. With Fischer-Tropsch process, biorefinery of
OPF and EFB optimized at cost lower than crude oil price in only 16% of the cases (less
than USD717/tonne). They optimize at annual biofuel capacity between 0.38 to 0.46
million tonne and between 0.55 to 0.62 million tonne respectively. Forest logging wastes
with Fischer-Tropsch process optimized at cost lower than crude oil price in 50% of the
cases (less than USD541/tonne) with annual biofuel between 0.35 to 0.36 million tonne.
With fermentation technology, they optimized at cost lower than crude oil price in 84%
of the cases (less than USD364/tonne). The optimized fermented biofuel from OPF is
between 0.22 to 0.47 million tonne, from EFB is between 0.25 to 0.62 million tonne and
from forest logging wastes is between 0.30 to 0.49 million tonne.

The remaining biomass are also between the two extremes mentioned above. The
biorefinery of rice husk, plywood mill wastes and sawdust could only produce small
amount of biofuel due to their limited biomass availability. With Fischer-Tropsch
technology, rice husk biorefinery optimized at cost lower than crude oil price in only 2.5%
of the cases (less than USD890/tonne) with annual biofuel of 0.1 million tonne only.
Plywood mill wastes or sawdust biorefinery of Fischer-Tropsch process optimized at cost
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lower than crude oil price in only 16% of the cases (less than USD717/tonne). They
optimized at annual biofuel of 0.23 million tonne and 0.20 million tonne respectively. In
case of fermentation biorefinery, they optimized at cost lower than crude oil price in 84%
of the cases (less than USD364/tonne). The annual optimized production from rice husk
are between 0.09 to 0.15 million tonne, from plywood mill wastes are between 0.12 to
0.32 million tonne and from sawdust are between 0.17 to 0.30 million tonne.
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Figure 5.7: Optimal cost and scale of various biomass resources in Peninsular
Malaysia and crude oil price variability in percentage of probability density

5.3.3 Impact quantification of biomass natures on optimum biorefinery cost

To examine and quantify the impacts of the biomass natures to optimal biorefinery cost,
we ran a multiple regression analysis. The optimal biorefineries cost were regressed over
landscape fragmentation - edge density (ED), moisture content (MC) of the biomass and
parameter-a that represent conversion technologies (Table 5.4).

Table 5.4: Multiple regression analysis of optimal biorefinery cost
Cost of Optimal scale (USD/tonne) ~ Edge Density + Moisture Content + Parameter-a

Variables Cocfficient estimate SE t-value Pr(>|t)
Intercept -67.98720 35.04253 -1.940 0.0553 «
Edge density 41.94829 5.20969 8.052 2.21e-12 ***
Moisture content 1.22781 0.74532 1.647 0.1028
Parameter-a 0.16807 0.01055 15.93 <2e-16 ***

Signif. codes: *** 0; ** 0.001; * 0.01; «0.05

Residual standard error: 137.1 on 96 degrees of freedom

Multiple R-squared: 0.8146, Adjusted R-squared: 0.8088
F-statistic: 140.6 on 3 and 96 DF, p-value: < 2.2e-16
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For the 10 major biomasses types available in Malaysia, the biorefinery technology
factor (parameter-a) is the most significant factor of the biofuel cost. All the variables
are significant in the model except ‘moisture content’ but we interpreted that ‘moisture
content’ is as important. This is because the optimal cost is a point in each cost curve
where the minimum is achieved but the ‘moisture content’ exists along the entire cost
curve.

For instance, the two extremes of biorefinery costing —rice straw and PPF are the most
competitive feedstock for biorefinery and in contrast rubber logging wastes and OPT are
the costliest resources. These resources have opposite attributes in terms of landscape
fragmentation and moisture content (Annex J). Rice straw has the most concentrated
landscape pattern (ED = 1.13 metre/ha) and PPF is significantly lower in moisture
content (28%). Contrarily, OPT has the highest moisture content (85%) and similarly for
rubber logging wastes (68%), it also has the most fragmented spatial pattern (ED = 11.7
meter/ha). Based on these examples, we observed that the effects of moisture content
exists and with landscape fragmentation, their effects amplify each other creating more
impacts on the optimum costs.

Furthermore, the model also indicates a good coefficient of determination at around 80%.
To conclude, we find that in a tropical country such as Malaysia; one unit of landscape
fragmentation increases the biorefinery optimal cost by 42 USD/tonne, a switch of
conversion pathway on parameter-a at interval of 250 increases the optimal cost similarly
by 42 USD/tonne and 10% of moisture content increase the optimal cost by 12
USD/tonne.

5.4 Discussion
54.1 Landscape fragmentation and moisture content amplify costliness of
biorefinery

We created biorefinery costing with scenarios of landscape fragmentation and moisture
content based on the attributes of rice straw and OPF. These two resources have the same
total annual availability of dry matter at around 2.6 million tonnes but varies in landscape
fragmentation and moisture content. This allows us to observe the dynamics of the two
significant biomass attributes on optimal biorefinery cost (Figure 5.8).
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Figure 5.8: Biorefinery costing for rice straw, OPF and pseudo-biomass

Assuming that rice straw is the base line, in Figure 5.7 rice straw biorefinery achieved
optimal cost at 123 USD/tonne and 0.49 million tonnes of biofuel per year. Scenario-1
represents a resource with higher landscape fragmentation and same moisture content as
rice straw. This situation increases the cost curve to a higher position due to increase in
supply cost incurred by higher transport distance from the landscape fragmentation. This
shifted the optimal cost to a higher cost level but lower economy of scale - 19% of
optimal cost increment to 147 USD/tonne and 43% reduction of optimal scale to 0.28
million tonne biofuel per year.

Compared rice straw to scenario-2, landscape fragmentation remains the same but
moisture content has increased. Within the same supply distance, the density of dry
matter per area had reduced hence reducing the quantity supplied per unit of distance and
increases the total distance travelled and supply cost. Subsequently, the optimal cost
increased by 53% to 189 USD/tonne and the optimal scale reduced by 19% to 0.39
million tonne per year.

Lastly, both landscape fragmentation and moisture content are higher when comparing
OPF with rice straw. Both effects as described above would amplify the feedstock supply
cost. The increments of biorefinery cost expand significantly as shown by the cost curve
shifted to the highest level. The optimal point shifted to 223 USD/tonne with
amplification of 81% in cost increment and optimal scale reduced by 56% to 0.22 million
tonne per year.

From the point of view of industrial stakeholders and policy makers, the decision-making
process often involve projection of a desired scale or selected technology and subject to
one or a few feedstocks with availability (Lange & Pellegrini, 2013; Crawford et al.,
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2016; Malek, Hasanuzzaman, Rahim & Al Turki, 2017; Mustafa, Calay & Mustafa,
2017). However, our findings suggest that feedstock selection could not rely on merely
resource abundant. In tropical country with complex landscape pattern and high relative
humidity, landscape fragmentation and moisture content could greatly affect
competitiveness and feasibility of the biorefinery. It also implies that intermediary
operations such as biomass consolidation and densification centres are needed to
diminish the effects of landscape fragmentation and moisture content. The design of the
intermediaries needs to adapt to the distinct groups of biomasses taking into account the
spatial pattern, size of supply zone and location to minimize its cost. Furthermore, to
avoid amplification effects from landscape fragmentation and moisture content, mobile
machinery or methods that could perform preliminary drying and densification of
biomass at source prior to transportation could significantly improve optimum
biorefinery cost and scale.

5.4.2 Abundant biomass does not permit competitive biofuels

The most abundant biomass should be the main resource for a competitive and
sustainable biorefinery (Chuah, Wan Azlina, Robiah & Omar, 2006; Shuit, Tan, Lee &
Kamaruddin, 2009; Aditiya et al., 2016), but this is not what we found. Instead, we see
that the most abundant biomasses, that are also the most discussed in the literature as
candidates for biofuels in Malaysia (Goh & Lee, 2010; Derman, Abdulla, Marbawi &
Sabullah, 2018) produce more expensive liquid biofuels. For example, EFB, OPF and
OPT received more attention as biorefinery feedstock are more expensive than rice straw
and PPF.

Usually biofuels (especially fermentation liquid biofuels) are not expected to be
competitive with fossil fuels (Lynd et al., 2017). From our study, in Peninsular Malaysia
alone; a total of 0.96 to 1.38 million tonnes of liquid biofuel from rice straw and PPF
fermentation could be very competitively produced. This represents 5 to 7% tonne of oil
equivalent of Malaysia petrol consumption in a year (Eurostat, 2005; Suruhanjaya
Tenaga, 2020). It would be a major step for emissions reduction in a country that
historically was a fossil fuel producer (Muhammed, 1986; Rahim & Liwan, 2012).

The quantification of biorefinery production costs, in relation to the landscape structure
and categories of feedstock, is not only innovative, but it is also critical for tropical
countries with high resource fragmentation such as Malaysia. In these countries less
abundant and less fragmented resources may have more potential for sustainable and
competitive biofuels than the flagship resources. Sustainability of biorefinery depends
on its regional specificities (Kim & Dale, 2015), understanding the impacts of resource
fragmentation and biomass nature are critical for the competitiveness of biofuels, it is
also critical as supplementary incomes for the small farmers that is a characteristic of
Southeast Asia (Gheewala, Damen & Shi, 2013). These supplementary incomes can be
a way for them to reduce the practice of agricultural burning that often end up in
catastrophic fires in the region (Fox, 2000; Rosmiza et al, 2014).
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5.5 Conclusion

Our work highlighted the importance of landscape structure and biomass natures in
tropical context compared to abundance of resources. We find that fermented biofuels
produced from rice straw or from palm pressed fibre are the only to be systematically
cheaper than 97.5% of the crude oil price variability. Landscape fragmentation (edge
density) and moisture content play directly on the optimum cost of biofuels, they amplify
each other. In a tropical country such as Malaysia, one unit of landscape fragmentation
increases the biofuel cost by 42 USD/tonne, and 10% of moisture content increase the
biofuel cost by 12 USD/tonne. These effects are as significant as the investment or energy
conversion pathway indicated by the effect of parameter-a, at interval of 250 it increases
the optimal cost by 42 USD/tonne similarly to effect of landscape fragmentation.

We also illustrated the dynamics of how landscape structure and biomass moisture
content plays on optimal scale of biorefinery. This shows that resource abundance
permits a pool of supplies but not feasibility of biomass and biorefinery. Significant
biomass natures in tropical context such as spatial fragmentation and moisture content
could greatly increase operating cost and diminish feasibility of biorefinery. In addition,
technology efficiency allows more output per unit of investment. For example, our work
demonstrated the fermentation technology with higher energy recovery rate and lower
investment cost can achieve higher optimum scale at lower cost compared to Fischer-
Tropsch pathway. The optimums of biorefinery are mainly determined by these three
factors.

In a typical tropical country with abundant of lignocellulosic biomass, it is vital to
address feedstock selection in a more holistic approach. This work demonstrate Malaysia
as an example, due to landscape fragmentation, less abundant and less fragmented
resources may have more potential for sustainable and competitive biofuels than the
flagship resources. This also highlighted that the perceived abundance of resource led to
overlooking of resource fragmentation. Industry players and policy makers could add a
different perspective in developing biofuel industry, deeper understanding of the
specifics and the dynamics of biomass within the supply zone is needed to assess
feasibility of energy projects than merely the availability. Future study that focus on
delineate and cluster the regional resources by geographical patterns, density and costs
could help further clarify these obstacles in such landscape. Well planned and
customized biomass consolidation centres, method and mobile machinery that could
improve bulk density of biomass are also useful to overcome resource fragmentation.
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CHAPTER 6

SYNTHESIS AND CONCLUSION

6.1 Introduction

One of the motivations of biomass valorization to biofuels in Southeast Asia is driven by
resource abundance due to their high primary productivity in the tropical climate.
However, Malaysia as an example of such agriculture landscape consists of high resource
fragmentation. The biomass transport cost is a major cost component for feedstock
supply and biofuel production. However, due to spatial variability and heterogeneity of
biomass, these resources would yield very different biomass supply costs to biorefinery.
As aresult, this would incur different impacts on economics of biorefinery and feasibility
of biofuel production.

With the context of spatial fragmentation, this dissertation studies the variations of
biomass transport cost and expand it to biorefinery costing and optimizations. This works
also address the impacts of spatial fragmentation, explored other variables that have
significant impacts to feedstock supply and biofuel production and quantified them.
Given the industrial context, scenarios were also established to assess possible
implications.

6.2 Major findings

6.2.1 Biomass transport costs and least-cost locations

In this work, we simulate biomass transport cost using GIS raster model with fine
resolution at 0.4 hectare (63 x 63 meter) for each cell. The purpose is to capture field size
that are small in the context of spatial fragmentation. Based on minimum total
transportation cost, we narrowed down six least-cost locations for fresh biomass
transportation in Peninsular Malaysia.

These locations are Yan, Kedah for rice straw and rice husk. Gua Musang, Kelantan for
forest logging wastes. Bentong, Pahang for rubberwood logging wastes. Jempol, Negeri
Sembilan for palm-based biomass namely, oil palm trunk (OPT), oil palm frond (OPF),
empty fruit bunch (EFB) and palm pressed fiber (PPF).

We also identified four biomasses that could provide ample fresh supplies at more than
5 million tonnes annually. These biomasses are from oil palm industry. With a moderate
truck size of 10-tonne-truck supplies, from 2 to 5 million fresh tonne per year; OPT costs
16.2 to 18.6 USD/tonne, EFB costs 17.5 to 21.3 USD/tonne, OPF costs 18.6 to 23.7
USD/tonne and PPF costs 19.3 to 25.8 USD/tonne. If these four biomasses are combined
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for multi-feedstock scenario the cost of 2 to 5 million fresh tonne could be reduce to 14.9
to 16.4 USD/tonne.

Two other alternatives were identified to supply significant amount at around 2 million
fresh tonnes annually. With 10-tonne-truck supply, forest logging wastes costs 26
USD/tonne for 2 million fresh supplies. Rice straw could supply 2 to 3 million fresh
tonne at 16.2 to 18.8 USD/tonne.

6.2.2 Biofuel potentials and costs

With the order of magnitude estimation method, capital expenditure of various energy
conversion pathways was computed and incorporated with dry matter availability,
biomass transport cost and other variable cost to obtain biofuel production costs curves.
The optimum costs or economy of scale where the minimum cost occurred along each
curve are derived.

Among the ten major biomasses, we find that PPF offer the most cost competitive and
largest biofuel potential from fermentation pathway, at cost ranging from 130.6 to 206.3
USD/tonne yielding 0.47 to 0.97 million tonnes biofuel per year. This is followed by rice
straw, it offers fermented biofuel at cost between 123.2 to 207.8 to yield 0.49 to 0.56
million tonnes per year. EFB could also offer fermented annual biofuel potential up to
0.5 million tonnes and beyond, however the optimum costs are more expensive at
varying optimum scales. At cost between 195.6 to 287.2 USD/tonne, the optimum scale
varies between 0.25 to 0.62 million tonnes per year.

Other two biomass that could offer moderate biofuel potentials are forest logging wastes
and OPF. Forest logging wastes offer more cost-efficient fermented biofuel potentials,
ranging from 140 to 233 USD/tonne could yield 0.3 to 0.49 million tonnes biofuel per
year. OPF offer 0.22 to 0.47 annual fermented biofuels at cost between 223 to 328
USD/tonne.

Contrary to OPT fresh biomass supplies being the most ample and cheap, its biofuel
potential is relatively small and expensive. Due to high moisture content (85%), OPT
could yield only 0.11 to 0.23 million tonnes of fermented biofuel annually at costs
between 429 to 568 USD/tonne. Other two biomass could offer similar amount of
fermented biofuels at cheaper cost. Plywood mill wastes could offer 0.12 to 0.32 million
tonnes per year at 145 to 259 USD/tonne and sawdust could offer 0.17 to 0.3 million
tonnes per year at 143 to 261 USD/tonne. The remaining biomass including rice husk
and rubber logging wastes could offer only very little biofuel production at below 0.15
million tonnes per year.
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6.2.3 Feasibility of feedstock supplies and biofuel productions

The feasibility of biomass supplies and biofuel productions were assessed by putting into
context of international commodity markets. In comparison to biomass pellet price, a
theoretical fresh biomass FOB (free on board) price was established by excluding the
estimated biomass densification cost. Small truck transportation for example 1-tonne-
truck would make only one biomass sourcing scenario (multi-feedstock from OPF, OPT,
EFB and PPF) supply at below 50% of theoretical fresh biomass FOB price. With 26-
tonne-truck transport, 93 % of total availability of the ten biomasses could supply fresh
biomass at below 15% of theoretical fresh biomass FOB price. Extending the comparison,
we converted the fresh biomass transport cost to dry matter basis (USD/dry tonne). We
found that PPF, rice straw, rice husk, plywood mill wastes, sawdust, forest logging
wastes and 50% of combination of PPF and EFB have competitive cost at below 17% of
FOB biomass pellet price.

The optimum biorefinery costs were also put into the context of crude oil price given
their substitution effect. We find that fermented biofuels produced from rice straw or
from PPF are the only biomass source to be systematically cheaper than 97.5% of the
crude oil price variability (below 191 USD/tonne). This total potentials from the two
biomasses are between 0.96 to 1.38 million tonnes of annual liquid biofuel which
represents 5 to 7% tonne of oil equivalent of Malaysia petrol consumption in a year.
Realizing this potential could significantly increase carbon neutrality of the country.

From the findings above, we observed that the biomass that are less abundant i.e., PPF
and rice straw are more feasible and competitive compared to biomasses that were
perceived as abundant such as OPF, OPT and EFB. Furthermore, larger truck size could
give aggregation effect to biomass supplies reducing total transport distance and increase
their cost competitiveness.

6.2.4 Impacts of spatial fragmentation and other significant factors

Regression analyses were performed to quantified the impacts of spatial fragmentation
and other relevant variables to biomass transport cost and biorefinery optimum costs. We
find that spatial fragmentation amplifies the effect of other variables on costliness of
biomass transportation and biorefinery optimum costs.

In the case of biomass transport costs, transportation distance, truck size, spatial
fragmentation (edge density) and waste origins significantly impact the cost. Given the
context in Malaysia, a 1 million hectares feedstock would increase of 4.16 USD/tonne
for every added unit of edge density. With a similar edge density as paddy fields, the
field size of such a feedstock would be of 950 hectares in average and have a baseline
supply cost of 67.16 USD/tonne based on its waste origin. The same feedstock with an
edge density similar to palm oil plantations would have field size of 26 hectares in
average, inducing a surplus of 20.8 USD/tonne for the supply cost. And with an edge
density similar to rubber plantations, field size would be of 7.8 hectares in average,
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inducing another surplus of 20.8 USD/tonne for the supply cost compared to oil palm
plantations. In addition, the supply cost also increases in average by 6.78 USD/tonne for
every added 100 km of transportation distance. Only one variables — truck size could
decrease biomass transport cost, compared to a 1-tonne truck, the supply cost
logarithmically decreases according to the tonnage, with -36 USD for a 3-tonne truck,
and with -84 USD for a 26-tonne truck.

In the case of biorefinery optimal costs, we find that edge density (ED), moisture content
(MC) and parameter-a have significant impacts. one unit of edge density increases the
biorefinery optimal cost by 42 USD/tonne, a switch of conversion pathway on parameter-
a (represent investment cost and conversion efficiency) at interval of 250 increases the
optimal cost similarly by 42 USD/tonne and 10% of moisture content increase the
optimal cost by 12 USD/tonne. Furthermore, a scenario of biomasses with same dry
matter availability also demonstrated amplification effects of spatial fragmentation and
moisture content. At baseline scenario — case of rice straw, ED=1.13 and MC=33%; a
switch to higher ED=6.08 and MC remain the same increase optimum cost by 19% and
reduce optimal scale by 43%. A switch to higher MC=64% and ED remain the same
increase optimum cost by 53% with optimal scale reduced by 19%. When both of factors
increase - case of OPF; ED=6.08 and MC=64%, the changes drastically increase
optimum cost by 81% and reduction in optimal scale by 56%.

This implies that in tropical country with complex landscape pattern and high relative
humidity, landscape fragmentation and moisture content could greatly affect
competitiveness and feasibility of the biorefinery. Understanding regional specificities
is equally important as developing efficient technology pathways, deeper understanding
of the variations of biomass within the supply zone is needed to assess feasibility of
energy projects than merely the availability for policy makers and industry players to
develop sustainable biofuels.

6.3 Policy implications and future studies

This study had identified several constraints in biomass logistics and their implications
for feasible sustainable biofuels. These constraints include landscape fragmentation,
transport load size, smallholder settings, and moisture content of biomass. Landscape
fragmentation, along with higher moisture content in biomass, amplifies the effects on
transport distances and costs. To address this, the establishment of consolidation centers
can help reduce overall transport distance.

Future studies can focus on delineating biomass availability into zones of different
geographical density. This approach would assist policymakers in managing resource
utilization and competition. Zones with higher resource density could consider the
application of conversion technology with higher scale factors, while zones with lower
resource density may benefit from conversion technology with lower scale factors.
Another implication pertains to the competitive use of biomass resources. As biomass
can be utilized for various purposes, opportunity costs and trade-offs arise. When
biomass is used for other products within an area, it reduces the availability and
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geographical density of feedstock for biorefineries, negatively impacting their feasibility
to achieve economies of scale. Strategic planning and incentives are therefore necessary
to redirect biomass applications towards biofuel production.

Additionally, limitations exist in increasing truck sizes due to the prevalence of
smallholder ownership structures in the agriculture and forestry sectors. Lighter truck
sizes are commonly use in Malaysia, leading to inefficiencies in biomass transportation.
This situation is reminiscent of the "last mile logistics" challenges faced in the business-
to-consumer (B2C) e-commerce industry, where issues such as "fragmentation of
deliveries" and "shipment size and homogeneity" arise (Olsson, Hellstrom & Palsson,
2019). In the case of biomass logistics, these challenges manifest at the beginning of the
value chain, with geographical dispersion and variations in bulk density. Drawing from
successful approaches in the B2C arena, future studies could explore digital platforms
and sharing economy models in utilizing transportation capacity to help smallholders
schedule and consolidate delivery demands. This could enable the use of larger truck
sizes, ultimately reducing transport costs.

6.4 Conclusion

In conclusion, this study has examined the constraints and implications of biomass
logistics for the development of sustainable biofuels. The research focused on the context
of spatial fragmentation in Malaysia, where high resource fragmentation poses
challenges to biomass transport costs and biofuel production feasibility. By simulating
biomass transport costs using a GIS raster model and considering various variables, the
study identified least-cost locations for fresh biomass transportation in Peninsular
Malaysia.

The analysis revealed that four biomasses from the oil palm industry, namely oil palm
trunk (OPT), oil palm frond (OPF), empty fruit bunch (EFB), and palm pressed fiber
(PPF), could provide ample supplies of biomass feedstock. Combining these four
biomasses in a multi-feedstock scenario could potentially reduce the supply cost,
highlighting the potential for cost optimization through biomass diversification.
Additionally, PPF and rice straw were identified as alternative biomass sources with the
cheapest biofuel potentials.

Furthermore, the study assessed the feasibility of feedstock supplies and biofuel
production by comparing fresh biomass transport costs to theoretical FOB prices. The
results showed that larger truck sizes could significantly increase the cost
competitiveness of biomass supplies. Moreover, fermented biofuels produced from rice
straw and PPF were found to be systematically cheaper than the majority of crude oil
price variability, offering substantial biofuel potential and contributing to the country's
carbon neutrality goals.
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The research also quantified the impacts of spatial fragmentation and other significant
factors on biomass transport costs and biorefinery optimal costs. Spatial fragmentation
was found to amplify the effect of variables on costliness, emphasizing the need to
consider regional specificities when assessing the feasibility of bioenergy projects.
Moreover, landscape fragmentation and moisture content were identified as crucial
factors influencing the competitiveness and feasibility of biorefineries in tropical
countries.

Based on the findings, the study suggests several policy implications and areas for future
research. Policy efforts should focus on managing resource utilization and competition
by delineating biomass availability into zones of different geographical density. Strategic
planning and incentives are necessary to redirect biomass applications towards biofuel
production, considering the trade-offs and opportunity costs associated with competing
uses of biomass resources.

Furthermore, the study highlights the limitations of increasing truck sizes in biomass
transportation due to the prevalence of smallholder ownership structures. Drawing on
successful approaches in the B2C e-commerce industry, future studies could explore
digital platforms and sharing economy models to optimize transportation capacity and
consolidate delivery demands. Such initiatives would enable the use of larger truck sizes,
ultimately reducing transport costs and improving the efficiency of biomass logistics.

Overall, this research provides valuable insights into the constraints, opportunities, and
policy implications of biomass logistics for the development of sustainable biofuels. By
addressing spatial fragmentation, optimizing biomass supply chains, and considering
regional specificities, it is possible to enhance the feasibility and competitiveness of
biofuel production, contributing to a more sustainable and carbon-neutral energy future.

87



REFERENCES

Abdulrazik, A., Elsholkami, M., Elkamel, A., & Simon, L. (2017). Multi-products
productions from Malaysian oil palm empty fruit bunch (EFB): Analyzing
economic potentials from the optimal biomass supply chain. Journal of Cleaner
Production, 168, 131-148. https://doi.org/10.1016/j.jclepro.2017.08.088

Abnisa, F., Arami-Niya, A., Daud, W. M. A. W., & Sahu, J. N. (2013). Characterization
of Bio-oil and Bio-char from Pyrolysis of Palm Oil Wastes. BioEnergy Research,
6(2), 830-840. https://doi.org/10.1007/s12155-013-9313-8

Abnisa, F., Arami-Niya, A., Wan Daud, W. M. A., Sahu, J. N., & Noor, I. M. (2013).
Utilization of oil palm tree residues to produce bio-oil and bio-char via pyrolysis.
Energy Conversion and Management, 76, 1073—1082.

Accountant General’s Department of Malaysia. (2016). Kadar Pertukaran Matawang
Asing Untuk Kerajaan Malaysia Bagi Bulan Mei 2016. Dataset.Putrajaya.

Acharjee, T. C., Coronella, C. J., & Vasquez, V. R. (2011). Effect of thermal
pretreatment on equilibrium moisture content of lignocellulosic biomass.
Bioresource technology, 102(7), 4849-4854.

Aditiya, H. B. B., Chong, W. T. T., Mahlia, T. M. I. M. L., Sebayang, A. H. H., Berawi,
M. A. A., & Nur, H. (2016). Second generation bioethanol potential from selected
Malaysia’s biodiversity biomasses: A review. Waste Management, 47, 46—61.
https://doi.org/10.1016/j.wasman.2015.07.031

Aerospace Malaysia Innovation Centre (AMIC) - Liew, Kan-Ern & Chen, Jia Tian.
(2016, May 18). Personal communication [Personal interview].

Agrawal, S., Khatri, K., & Rathore, M. S. (2020). Seaweed Biomass and Microbial
Lipids as a Source of Biofuel. In Biotechnology for Biofuels: A Sustainable Green
Energy Solution (pp. 135-163). Springer, Singapore.

Aguayo, M. M., Sarin, S. C., Cundiff, J. S., Comer, K., & Clark, T. (2017). A corn-stover
harvest scheduling problem arising in cellulosic ethanol production. Biomass and
Bioenergy, 107, 102—112. https://doi.org/10.1016/j.biombioe.2017.09.013

Akhtari, S., Sowlati, T., Siller-Benitez, D. G., & Roeser, D. (2019). Impact of inventory
management on demand fulfilment, cost and emission of forest-based biomass
supply chains using simulation modelling. Biosystems Engineering, 178, 184—
199. https://doi.org/10.1016/j.biosystemseng.2018.11.015

Allen, J., Browne, M., Hunter, a., Boyd, J., & Palmer, H. (1998). Logistics management
and costs of biomass fuel supply. International Journal of Physical Distribution &
Logistics Management, 28(6), 463-477.
https://doi.org/10.1108/09600039810245120

88



An, H. (2019). Optimal daily scheduling of mobile machines to transport cellulosic
biomass from satellite storage locations to a bioenergy plant. Applied Energy,
231-243. https://doi.org/10.1016/j.apenergy.2018.11.073

Anderson, S. T. (2012). The demand for ethanol as a gasoline substitute. Journal of
Environmental Economics and Management, 63(2), 151-168.

Anex, R. P., Aden, A., Kazi, F. K., Fortman, J., Swanson, R. M., Wright, M. M., ... Dutta,
A. (2010). Techno-economic comparison of biomass-to-transportation fuels via
pyrolysis, gasification, and biochemical pathways. Fuel, 8(SUPPL. 1), S29-S35.
https://doi.org/10.1016/j.fuel.2010.07.015

Annevelink, B., Anttila, P., Vaitdinen, K., Gabrielle, B., Garcia-Galindo, D., Leduc, S.,
& Staritsky, I. (2017). Modeling Biomass Logistics. In Modeling and
Optimization of Biomass Supply Chains (pp. 79-103).
https://doi.org/10.1016/B978-0-12-812303-4.00004-5

Aresta, M., Dibenedetto, A., & Barberio, G. (2005). Utilization of macro-algae for
enhanced CO2 fixation and biofuels production: Development of a computing
software for an LCA study. Fuel processing technology, 86(14-15), 1679-1693.

Argo, A. M., Tan, E. C., Inman, D., Langholtz, M. H., Eaton, L. M., Jacobson, J. J., ...
Graham, R. L. (2013). Investigation of biochemical biorefinery sizing and
environmental sustainability impacts for conventional bale system and advanced
uniform biomass logistics designs. Biofuels, Bioproducts and Biorefining, 7(3),
282-302. https://doi.org/10.1002/bbb.1391

Aria, M., & Cuccurullo, C. (2017). bibliometrix: An R-tool for comprehensive science
mapping  analysis.  Journal of  informetrics, 11(4),  959-975.
https://doi.org/10.1016/j.j0i.2017.08.007.

Asari, N., Suratman, M. N., & Jaafar, J. (2011). Preliminary study of above ground
biomass (AGB) and stem volume of oil palm stands. ISBEIA 2011 - 2011 IEEE
Symposium on Business, Engineering and Industrial Applications, 65-70.
https://doi.org/10.1109/ISBEIA.2011.6088888

Ascenso, L., D’Amore, F., Carvalho, A., & Bezzo, F. (2018). Assessing multiple
biomass-feedstock in the optimization of power and fuel supply chains for
sustainable mobility. Chemical Engineering Research and Design, 131, 127-143.
https://doi.org/10.1016/j.cherd.2017.12.023

Awalludin, M. F., Sulaiman, O., Hashim, R., & Nadhari, W. N. A. W. (2015). An
overview of the oil palm industry in Malaysia and its waste utilization through
thermochemical conversion, specifically via liquefaction. Renewable and
Sustainable Energy Reviews, 50, 1469-1484.
https://doi.org/10.1016/j.rser.2015.05.085

Awudu, ., & Zhang, J. (2013). Stochastic production planning for a biofuel supply chain
under demand and price uncertainties. Applied Energy, 103, 189-196.
https://doi.org/10.1016/j.apenergy.2012.09.025.

89



Ayodele, B. V, & Cheng, C. K. (2016). Biorefinery for the production of biodiesel,
hydrogen and synthesis gas integrated with CHP from oil palm in Malaysia.
Chemical  Product and  Process  Modeling, 11(4), 305-314.
https://doi.org/10.1515/cppm-2015-0050

Azapagic, A., Hall, J., Heaton, R., Kemp, R. J., Ocone, R., Shah, N., ... Jeswani, H.
(2017). Sustainability of liquid biofuels. London: Royal Academy of Engineering.

Aziz, M. K. A., Morad, N. A., Wambeck, N., & Shah, M. H. (2011). Optimizing palm
biomass energy though size reduction. 2011 4th International Conference on
Modeling, Simulation and Applied Optimization, ICMSAO 2011.
https://doi.org/10.1109/ICMSAO.2011.5775516

Bai, Y., Hwang, T., Kang, S., & Ouyang, Y. (2011). Biofuel refinery location and supply
chain planning under traffic congestion. Transportation Research Part B:
Methodological, 45(1), 162—-175. https://doi.org/10.1016/.trb.2010.04.006

Balaman, S. Y., Matopoulos, A., Wright, D. G., & Scott, J. (2016). Integrated
optimization of sustainable supply chains and transportation networks for multi
technology bio-based production: A decision support system based on fuzzy e-
constraint method. Journal of Cleaner Production, 172, 2594-2617.
https://doi.org/10.1016/j.jclepro.2017.11.150

Balan, V. (2014). Current Challenges in Commercially Producing Biofuels from
Lignocellulosic ~ Biomass. ISRN  Biotechnology,  2014(i), 1-31.
https://doi.org/10.1155/2014/463074

Balat, M. (2011). Chapter 3. Fuels from Biomass — Overview. In Green Energy and
Technology (Vol. 26, pp. 76-117). https://doi.org/10.1039/9781849731027-
00076

Bandyopadhyay, P. S., & Cherry, S. (2011). Elementary probability and statistics: A
primer. In Philosophy of statistics(pp. 53-95). North-Holland.

Banowetz, G. M., Boateng, A., Steiner, J. J., Griffith, S. M., Sethi, V., & El-Nashaar, H.
(2008). Assessment of straw biomass feedstock resources in the Pacific
Northwest. Biomass and Bioenergy, 32(7), 629-634.
https://doi.org/https://doi.org/10.1016/j.biombioe.2007.12.014

Batzias, F. A., Sidiras, D. K., & Spyrou, E. K. (2005). Evaluating livestock manures for
biogas production: a GIS based method. Renewable Energy, 30(8), 1161-1176.

Bernal, A. A., Stephens, S. L., Collins, B. M., & Battles, J. J. (2022). Biomass stocks in
California’s fire-prone forests: mismatch in ecology and policy. Environmental

Research Letters, 17(4), 044047.

Borghesi, A., Gaudenzi, B., 2012. Operational risk and supply chain risk management.
Risk Manag. 117, 137.

90



Brigagdo, G. V., de Queiroz Fernandes Araujo, O., de Medeiros, J. L., Mikulcic, H., &
Duic, N. (2019). A techno-economic analysis of thermochemical pathways for
corncob-to-energy: Fast pyrolysis to bio-oil, gasification to methanol and
combustion to electricity. Fuel Processing Technology, 193, 102-113.
https://doi.org/https://doi.org/10.1016/j.fuproc.2019.05.011

British  Petroleum P.L.C. (2017). BP Energy Outlook, 2017 Edition.
https://www.bp.com/content/dam/bp/business-
sites/en/global/corporate/pdfs/energy-economics/energy-outlook/bp-energy-
outlook-2017.pdf Accessed on: 16 Jan 2017

British Petroleum P.L.C. (n.d.). Approximate conversion factors. Retrived from:
https://www.bp.com/content/dam/bp/business-
sites/en/global/corporate/pdfs/energy-economics/statistical-review/bp-stats-
review-2019-approximate-conversion-factors.pdf on 20/08/2020.

Brue, J., Darr, M. J., Bergman, R., & Webster, K. (2015). Understanding management
practices for biomass harvest equipment for commercial scale operation.
American Society of Agricultural and Biological Engineers Annual International
Meeting 2015, 4, 3462-3471.

Caldas, M. M., Bergtold, J. S., Peterson, J. M., Graves, R. W., Earnhart, D., Gong, S., ...
Brown, J. C. (2014). Factors affecting farmers’ willingness to grow alternative
biofuel feedstocks across Kansas. Biomass and Bioenergy, 66, 223-231.
https://doi.org/https://doi.org/10.1016/j.biombioe.2014.04.009

Caputo, A. C., Palumbo, M., Pelagagge, P. M., & Scacchia, F. (2005). Economics of
biomass energy utilization in combustion and gasification plants: effects of
logistic variables. Biomass and Bioenergy, 28(1), 35-51.
https://doi.org/10.1016/j.biombioe.2004.04.009

Cardille J.A., Turner M.G. (2017) Understanding Landscape Metrics. In: Gergel S.,
Turner M. (eds) Learning Landscape Ecology. Springer (pp.45-63). New York:
Springer-Verlag. doi: 10.1007/978-1-4939-6374-4

Carlos, R. M., & Ba Khang, D. (2008). Characterization of biomass energy projects in
Southeast ~ Asia. Biomass and  Bioenergy, 32(6), 525-532.
https://doi.org/10.1016/j.biombioe.2007.11.005

Chan, Y. H., Quitain, A. T., Yusup, S., Uemura, Y., Sasaki, M., & Kida, T. (2018).
Liquefaction of palm kernel shell in sub- and supercritical water for bio-oil
production. Journal of the Energy Institute, 91(5), 721-732.
https://doi.org/10.1016/j.joei.2017.05.009

Chandel, A. K., Singh, O. V., Chandrasekhar, G., Rao, L. V., & Narasu, M. L. (2010).
Key drivers influencing the commercialization of ethanol-based biorefineries.
Journal of Commercial Biotechnology, 16(3), 239-257.
https://doi.org/10.1057/jcb.2010.5

91



Chang, T. H., & Su, H. M. (2010). The substitutive effect of biofuels on fossil fuels in
the lower and higher crude oil price periods. Energy, 35(7), 2807-2813.

Chen, B. J. T., Ong, C.L., & Babin, J. (2017). Cost analysis and GIS-modelling for the
production of biofuel from lignocellulosic biomass in biorefineries in Peninsular
Malaysia. ASM Science (10), Special Issue 2017(1) ICT-Bio, 1-45.
https://www.akademisains.gov.my/asmsj/article/cost-analysis-and-gis-
modelling-for-the-production-of-biofuel-from-lignocellulosic-biomass-in-
biorefineries-in-peninsular-malaysia-2/

Chico-Santamarta, L., Humphries, A. C., Chaney, K., White, D. R., Magan, N., &
Godwin, R. J. (2011). Microbial changes during the on-farm storage of canola
(oilseed rape) straw bales and pellets. Biomass and bioenergy, 35(7), 2939-2949.
doi: 10.1016/j.biombioe.2011.03.025

Chiew, Y. L., & Shimada, S. (2013). Current state and environmental impact assessment
for utilizing oil palm empty fruit bunches for fuel, fiber and fertilizer - A case
study of Malaysia. Biomass and Bioenergy, 51, 109-124.
https://doi.org/10.1016/j.biombioe.2013.01.012

Chiew, Y. L., Iwata, T., & Shimada, S. (2011). System analysis for effective use of palm
oil waste as energy resources. Biomass and Bioenergy, 35(7), 2925-2935.
https://doi.org/10.1016/j.biombioe.2011.03.027

Chin, K. L.,H’ng, P. S., Chai, E. W., Tey, B. T., Chin, M. J., Paridah, M. T., ... Maminski,
M. (2013a). Fuel Characteristics of Solid Biofuel Derived from Oil Palm Biomass
and Fast Growing Timber Species in Malaysia. Bioenergy Research, 6(1), 75-82.
https://doi.org/10.1007/s12155-012-9232-0

Chin,K.L.,H’ng, P.S., Go, W.Z., Wong, W. Z., Lim, T. W., Maminski, M., ... Lugman,
A. C. (2013b). Optimization of torrefaction conditions for high energy density
solid biofuel from oil palm biomass and fast growing species available in
Malaysia. Industrial Crops and Products, 49, 768-T774.
https://doi.org/10.1016/j.indcrop.2013.06.007

Chin, K. L., H’ng, P. S., Wong, L. J., Tey, B. T., & Paridah, M. T. (2010). Optimization
study of ethanolic fermentation from oil palm trunk, rubberwood and mixed
hardwood hydrolysates using Saccharomyces cerevisiae. Bioresource
Technology, 101(9), 3287-3291. https://doi.org/10.1016/j.biortech.2009.12.036

Chin, K. L., H’ng, P. S., Wong, L. J., Tey, B. T., & Paridah, M. T. (2011). Production of
glucose from oil palm trunk and sawdust of rubberwood and mixed hardwood.
Applied Energy, 88(11), 4222-4228.
https://doi.org/10.1016/j.apenergy.2011.05.001

Chiu, F. P, Hsu, C. S., Ho, A., & Chen, C. C. (2016). Modeling the price relationships
between crude oil, energy crops and biofuels. Energy, 109, 845-857.

92



Chuah, T. G., Wan Azlina, A. G. K. K., Robiah, Y., & Omar, R. (2006). Biomass as the
renewable energy sources in Malaysia: An overview. International Journal of
Green Energy, 3(3), 323-346. https://doi.org/10.1080/01971520600704779

Cobo, M. J., Jirgens, B., Herrero-Solana, V., Martinez, M. A., & Herrera-Viedma, E.
(2018). Industry 4.0: a perspective based on bibliometric analysis. Procedia
computer science, 139, 364-371.

Cramer, W., Kicklighter, D. W., Bondeau, A, lii, B. M., Churkina, G., Nemry, B., ...
Intercomparison, T. P. O. T. P. (1999). Comparing global models of terrestrial net
primary productivity (NPP): overview and key results. Global Change Biology,
5(S1), 1-15. https://doi.org/10.1046/j.1365-2486.1999.00009.x

Crawford, J. T., Shan, C. W., Budsberg, E., Morgan, H., Bura, R., & Gustafson, R. (2016).
Hydrocarbon bio-jet fuel from bioconversion of poplar biomass: Techno-
economic assessment. Biotechnology for Biofuels, 9(1).
https://doi.org/10.1186/s13068-016-0545-7

Crowley, M. Z. (2020). Foreign labor shortages in the malaysian palm oil industry:
impacts and recommendations. Asian Journal of Agriculture and Development,
17(1362-2020-1833), 1-18.

Cruse, R. M., & Herndl, C. G. (2009). Balancing corn stover harvest for biofuels with
soil and water conservation. Journal of Soil and Water Conservation, 64(4), 286—
291. https://doi.org/10.2489/jswc.64.4.286

Cundiff, J. S., & Grisso, R. D. (2008). Containerized handling to minimize hauling cost
of herbaceous biomass. Biomass and Bioenergy, 32(4), 308-313.

de Koninck, R., & Rousseau, J.-F. (2013). Pourquoi et jusqu’ou la fuite en avant des
agricultures sud-est asiatiques? Espace Géographique, 42(2), 143.
https://doi.org/10.3917/eg.422.0143

De Souza, S. P., Pacca, S., De Avila, M. T., & Borges, J. L. B. (2010). Greenhouse gas
emissions and energy balance of palm oil biofuel. Renewable energy, 35(11),
2552-2561.

Del Grosso, S., Parton, W., Stohlgren, T., Zheng, D., Bachelet, D., Prince, S., ... & Olson,
R. (2008). Global potential net primary production predicted from vegetation
class, precipitation, and temperature. Ecology, 89(8), 2117-2126.

Demirbas, A. (2008). Biofuels sources, biofuel policy, biofuel economy and global
biofuel projections. Energy conversion and management, 49(8), 2106-2116.

Demirbas, A. (2009). Biofuels securing the planet’s future energy needs. Energy
Conversion and Management, 5009), 2239-2249.
https://doi.org/10.1016/j.enconman.2009.05.010

Demirbas, A. (2011). Fuels from biomass. Focus on Catalysts, 2011(10), 7.
https://doi.org/10.1016/S1351-4180(11)70436-6

93



Department of Agriculture Malaysia. (2010). Land Use Map Peninsular Malaysia Year
2010. Map. Scale 1:50,000. Kuala Lumpur:

Department of Agriculture, Malaysia. (2019). Industrial Crops Statistic Malaysia 2019.
Putrajaya, Malaysia. Retrieved from
http://www.doa.gov.my/index/resources/aktiviti_sumber/sumber awam/maklum
at_pertanian/perangkaan_tanaman/perangkaan tnmn_industri 2019.pdf

Department of Agriculture, Malaysia. (2020). Crop Statistics Booklet (Food Crops Sub-
Sector) 2020. Putrajaya, Malaysia. Retrieved from
http://www.doa.gov.my/index/resources/aktiviti_sumber/sumber awam/maklum
at_pertanian/perangkaan_tanaman/bbookle statistik tanaman 2020.pdf

Department of Statistics Malaysia. (2017). Highlight Overall Economic Sector,
Economic Census 2016 All Sectors. Putrajaya.

Department of Statistics Malaysia. (2021). Planted Area for Selected Crops, Malaysia.
Retrieved from https://www.data.gov.my/data/en US/organization/department-
of-statistics

Derman, E., Abdulla, R., Marbawi, H., & Sabullah, M. K. (2018). Oil palm empty fruit
bunches as a promising feedstock for bioethanol production in Malaysia.
Renewable Energy, 129, 285-298. https://doi.org/10.1016/j.renene.2018.06.003

Di Virgilio, N., Monti, A., & Venturi, G. (2007). Spatial variability of switchgrass
(Panicum virgatum L.) yield as related to soil parameters in a small field. Field
Crops Research, 101(2), 232-239. https://doi.org/10.1016/j.fcr.2006.11.009

Dogurer, T., & Hudson, D. (2017). The Welfare Effects of Ethanol and Biodiesel
Mandates on Edible Oil Uses in the United States. Available at SSRN 3058263.

Dong, J., Xiao, X., Sheldon, S., Biradar, C., Zhang, G., Duong, N. D., ... & Moore III, B.
(2014). A 50-m forest cover map in Southeast Asia from ALOS/PALSAR and its
application on forest fragmentation assessment. PloS one, 9(1), e85801.

Downing, M., & Graham, R. L. (1993). Evaluating a biomass resource: The TV A region-
wide biomass resource assessment model (No. CONF-9308106-5). Oak Ridge
National Lab., TN (United States).

Downing, M., & Graham, R. L. (1996). The potential supply and cost of biomass from
energy crops in the Tennessee Valley authority region. Biomass and Bioenergy,
11(4), 283-303. https://doi.org/10.1016/0961-9534(96)00004-9

Dunnett, A., Adjiman, C., & Shah, N. (2007). Biomass to heat supply chains:
applications of process optimization. Process Safety and Environmental
Protection, 85(5), 419-429.

Ebadian, M., Sowlati, T., Sokhansanj, S., Stumborg, M., & Townley-Smith, L. (2011).

A new simulation model for multi-agricultural biomass logistics system in
bioenergy production. Biosystems engineering, 110(3), 280-290.

94



Egbendewe-Mondzozo, A., Swinton, S. M., Izaurralde, C. R., Manowitz, D. H., & Zhang,
X. (2011). Biomass supply from alternative cellulosic crops and crop residues: A
spatially explicit bioeconomic modeling approach. Biomass and Bioenergy,
35(11), 4636—4647. https://doi.org/10.1016/j.biombioe.2011.09.010

Eggert, H., & Greaker, M. (2014). Promoting Second Generation Biofuels: Does the First
Generation Pave the Road? Energies, 7(7), 4430-4445.
https://doi.org/10.3390/en7074430

Eisentraut, A. (2010), "Sustainable Production of Second-Generation Biofuels: Potential
and Perspectives in Major Economies and Developing Countries", IEA Energy
Papers, No. 2010/01, OECD Publishing, Paris,
https://doi.org/10.1787/5kmh3njpt6r0-en.

Eksioglu, S. D., Li, S., Zhang, S., Sokhansanj, S., & Petrolia, D. (2010). Analyzing
Impact of Intermodal Facilities on Design and Management of Biofuel Supply
Chain. Transportation Research Record: Journal of the Transportation Research
Board, 2191(1), 144-151. https://doi.org/10.3141/2191-18

El-Sheekh, M., El-Dalatony, M. M., Thakur, N., Zheng, Y., & Salama, E. S. (2021). Role
of microalgae and cyanobacteria in wastewater treatment: Genetic engineering
and omics approaches. International Journal of Environmental Science and
Technology, 1-22.

English, B. C., Ugarte, D. G. D. L. T., Walsh, M. E., Hellwinkel, C., & Menard, J. (2006).
Economic Competitiveness of Bioenergy Production and Effects on Agriculture
of the Southern Region. Journal of Agricultural and Applied Economics, 38(2),
389-402. https://doi.org/10.1017/s1074070800022434

Epplin, F. M. (1996). Cost to produce and deliver switchgrass biomass to an ethanol-
conversion facility in the southern plains of the United States. Biomass and
Bioenergy, 11(6), 459-467.

Eurostat. (2005). "Energiebilanzen - Daten 2002-2003; Energy balance sheets - Data
2002-2003; Bilans de I’énergie Données 2002-2003". Luxembourg.

Faizal, H. M., Jusoh, M. A. M., Rahman, M. R. A, Syahrullail, S., & Latiff, Z. A. (2016).
Torrefaction of palm biomass briquettes at different temperature. Jurnal
Teknologi, 78(9-2).

Fewell, J. E., Bergtold, J. S., & Williams, J. R. (2016). Farmers’ willingness to contract
switchgrass as a cellulosic bioenergy crop in Kansas. Energy Economics, 55,
292-302. https://doi.org/10.1016/j.eneco.2016.01.015

Fike, J. H., Parrish, D. J., Alwang, J., & Cundiff, J. S. (2007). Challenges for deploying
dedicated, large-scale, bioenergy systems in the USA. CAB Reviews:
Perspectives in Agriculture, Veterinary Science, Nutrition and Natural Resources,
2. https://doi.org/10.1079/PAVSNNR20072064

95



Fiorese, G., & Guariso, G. (2010). A GIS-based approach to evaluate biomass potential
from energy crops at regional scale. Environmental Modelling & Software, 25(6),
702-711.

Flisberg, P., Frisk, M., & Ronnqvist, M. (2012). FuelOpt: a decision support system for
forest fuel logistics. Journal of the Operational Research Society, 63(11), 1600-
1612.

Flynn, K. J., Mitra, A., Greenwell, H. C., & Sui, J. (2013). Monster potential meets
potential monster: pros and cons of deploying genetically modified microalgae
for biofuels production. Interface focus, 3(1), 20120037.

Food and Agriculture Organization of the United Nations. (2021a). Production of Oil,
palm: top 10 producers. Average 1994 - 2019. FAOSTAT. Rome, Italy: FAO.
Retrieved from http://www.fao.org/faostat/en/#data/QCL/visualize

Food and Agriculture Organization of the United Nations. (2021b) Top 10 countries -
Industrial roundwood + (Total) Export Value. Average 1993 — 2020. FAO.
Retrieved from http://www.fao.org/faostat/en/#data/QCL/visualize

Forestry Department of Peninsular Malaysia. (2018). Forestry Statistics 2018. Retrieved
from https://www.forestry.gov.my/en/2016-06-07-02-53-46/2016-06-07-03-12-
29

Fox, J. (2000). How Blaming" Slash and Burn" Farmers in Deforesting Mainland
Southeast Asia and Asia Pacific. In International Symposium on Watershed
Management Highland and Lowland in the Protected Area Regime: Toward New
Principle and Practices, Hawaii, East-West Center, 2000.

Fritz, S., See, L., McCallum, 1., You, L., Bun, A., Moltchanova, E., ... Obersteiner, M.
(2015). Mapping global cropland and field size. Global Change Biology, 21(5),
1980-1992. https://doi.org/10.1111/gcb.12838

Gallagher, P. W., Brubaker, H., & Shapouri, H. (2005). Plant size: Capital cost
relationships in  the dry mill ethanol industry. 28, 565-571.
https://doi.org/10.1016/j.biombioe.2005.01.001

Gan, J., & Smith, C. T. (2011). Optimal plant size and feedstock supply radius: A
modeling approach to minimize bioenergy production costs. Biomass and
Bioenergy, 35(8), 3350-3359. https://doi.org/10.1016/j.biombioe.2010.08.062

Gehlhar, M., Somwaru, A., Dixon, P. B., Rimmer, M. T., and Winston, A. R. (2010).
Economywide Implications from US Bioenergy Expansion. American Economic
Review, 100(2):172 - 77

Ghaffariyan, M. R., Acuna, M., & Brown, M. (2013). Analysing the effect of five
operational factors on forest residue supply chain costs: A case study in Western
Australia. Biomass and Bioenergy, 59, 486-493. doi:
10.1016/j.biombioe.2013.08.029

96



Gharaei, A., Pasandideh, S. H. R., & Arshadi Khamseh, A. (2017). Inventory model in a
four-echelon integrated supply chain: modeling and optimization. Journal of
Modelling in Management, 12(4), 739-762. https://doi.org/10.1108/IM2-07-
2016-0065

Gheewala, S. H., Damen, B., & Shi, X. (2013). Biofuels: economic, environmental and
social benefits and costs for developing countries in Asia. Wiley Interdisciplinary
Reviews: Climate Change, 4(6), 497-511.

Ghilardi, A., Guerrero, G., & Masera, O. (2007). Spatial analysis of residential fuelwood
supply and demand patterns in Mexico using the WISDOM approach. Biomass
and Bioenergy, 31(7), 475-491. https://doi.org/10.1016/j.biombioe.2007.02.003

Ghoddusi, H. (2017). Price risks for biofuel producers in a deregulated market.
Renewable Energy, 114, 394-407.

Goh, C. S., & Lee, K. T. (2010). Palm-based biofuel refinery (PBR) to substitute
petroleum refinery: An energy and emergy assessment. Renewable and
Sustainable Energy Reviews, 14(9), 2986-2995.
https://doi.org/10.1016/j.rser.2010.07.048

Golecha, R., & Gan, J. (2016). Biomass transport cost from field to conversion facility
when biomass yield density and road network vary with transport radius. Applied
Energy, 164, 321-331. https://doi.org/10.1016/j.apenergy.2015.11.070

Golecha, R., & Gan, J. (2016a). Effects of corn stover year-to-year supply variability and
market structure on biomass utilization and cost. Renewable and Sustainable
Energy Reviews, 57, 34—44. https://doi.org/10.1016/j.rser.2015.12.075

Golecha, R., & Gan, J. (2016b). Optimal contracting structure between cellulosic
biorefineries and farmers to reduce the impact of biomass supply variation: Game
theoretic analysis. Biofuels, Bioproducts and Biorefining, 10(2), 129-138.
https://doi.org/10.1002/bbb.1626

Gonzales, D. S., & Searcy, S. W. (2017). GIS-based allocation of herbaceous biomass in
biorefineries and depots. Biomass and Bioenergy, 97, 1-10.

Gonzales, D. S., & Searcy, S. W. (2017). GIS-based allocation of herbaceous biomass in
biorefineries and depots. Biomass and Bioenergy, 97, 1-10.
https://doi.org/10.1016/j.biombioe.2016.12.009

Gonzales, E., Hommes, M., Mirmulstein, M.L. (2019). Micro, small and medium
enterprise country indicators. A dataset collected by IFC and GPFI of historic
dataset on number of MSME in 155 economies.

Gracia, C., Velazquez-Marti, B., & Estornell, J. (2014). An application of the vehicle

routing problem to biomass transportation. Biosystems Engineering, 124, 40-52.
https://doi.org/https://doi.org/10.1016/j.biosystemseng.2014.06.009

97



Graham, R. L., English, B. C., & Noon, C. E. (2000). A Geographic Information System-
based modeling system for evaluating the cost of delivered energy crop feedstock.
Biomass and Bioenergy, 18(4), 309-329. https://doi.org/10.1016/S0961-
9534(99)00098-7

Graham, R. L., Liu, W., Downing, M., Noon, C. E., Daly, M., & Moore, A. (1997). The
effect of location and facility demand on the marginal cost of delivered wood
chips from energy crops: a case study of the state of Tennessee. Biomass and
bioenergy, 13(3), 117-123. doi: 10.1016/S0961-9534(97)00022-6

GRASS Development Team, (2018). Geographic Resources Analysis Support System
(GRASS GIS) Software, Version 7.4. USA: Open Source Geospatial Foundation.
Retrieved from https://grass.osgeo.org

GRASS Development Team. (2019). Landscape structure analysis. Online Reference
Manual. USA: Open Source Geospatial Foundation. Retrieved from
https://grass.osgeo.org/grass78/manuals/topic landscape structure analysis.htm
1

Greenberg, J. A., Rueda, C., Hestir, E. L., Santos, M. J., & Ustin, S. L. (2011). Least cost
distance analysis for spatial interpolation. Computers & Geosciences, 37(2), 272-
276. doi: 10.1016/j.cageo.2010.05.012

Gregg, J. S., & Smith, S. J. (2010). Global and regional potential for bioenergy from
agricultural and forestry residue biomass. Mitigation and Adaptation Strategies
for Global Change, 15(3), 241-262. https://doi.org/10.1007/s11027-010-9215-4

Gressel, J., van der Vlugt, C. J., & Bergmans, H. E. (2013). Environmental risks of large
scale cultivation of microalgae: mitigation of spills. Algal research, 2(3), 286-298.

Griffin, W. M., Michalek, J., Matthews, H. S., Hassan, M. N. (2014). Availability of
biomass residues for co-firing in Peninsular Malaysia: Implications for cost and
GHG emissions in the electricity sector. Energies, 7(2), 804-823. doi:
10.3390/en7020804

Guangul, F. M., Sulaiman, S. A., & Raghavan, V. R. (2012). Elemental and thermo-
chemical analysis of oil palm fronds for biomass energy conversion. AIP
Conference Proceedings, 1440, 1197-1205. https://doi.org/10.1063/1.4704337

Haines-Young, R., & Chopping, M. (1996). Quantifying landscape structure: a review
of landscape indices and their application to forested landscapes. Progress in
Physical Geography: Earth and Environment, 20(4), 418-445. doi:
0.1177/030913339602000403

Hamelinck, C. N., Suurs, R. A., & Faaij, A. P. (2005). International bioenergy transport
costs and energy balance. Biomass and Bioenergy, 29(2), 114-134.

Han, S. K., & Murphy, G. E. (2012). Solving a woody biomass truck scheduling problem

for a transport company in Western Oregon, USA. Biomass and Bioenergy, 44,
47-55.

98



Hendriks, A. T. W. M., & Zeeman, G. (2009). Pretreatments to enhance the digestibility
of lignocellulosic biomass. Bioresource technology, 100(1), 10-18.

Hess, J. R., Wright, C. T., & Kenney, K. L. (2007). Cellulosic biomass feedstocks and
logistics for ethanol production. Biofuels Bioproducts & Biorefining, 1(3), 181—
190. doi: 10.1002/bbb.26

Ho, W., Zheng, T., Yildiz, H., Talluri, S., 2015. Supply chain risk management: a
literature review. Int. J. Prod. Res. 53, 5031e5069.

Hossain, N., & Jalil, R. (2017). Sugar and bioethanol production from oil palm trunk
(OPT). Asia Pacific Journal of Energy and Environment, 4(1), 13-16.

Huang, H. J., Ramaswamy, S., Al-Dajani, W., Tschirner, U., & Cairncross, R. A. (2009).
Effect of biomass species and plant size on cellulosic ethanol: a comparative
process and economic analysis. Biomass and Bioenergy, 33(2), 234-246.

Husain, Z., Zainac, Z., & Abdullah, Z. (2002). Briquetting of palm fibre and shell from
the processing of palm nuts to palm oil. Biomass and bioenergy, 22(6), 505-509.

lakovou, E., Karagiannidis, A., Vlachos, D., Toka, A., & Malamakis, A. (2010). Waste
biomass-to-energy supply chain management: A critical synthesis. Waste
Management, 30(10), 1860—1870. https://doi.org/10.1016/j.wasman.2010.02.030

IEA - International Energy Association. (2014). World Energy Outlook 2014 Factsheet:
How will global energy markets evolve to 2040.
https://esmap.org/sites/esmap.org/files/DocumentLibrary/WEO2014FactSheets
%281%29.pdf Accessed on: 20 Aug 2016

IFC & World Bank. Dataset. Accessible at https://www.smefinanceforum.org/data-
sites/msme-country-indicators

International Energy Agency (IEA). (2023). Dataset: World Energy Balances 2022.
Retrieved April 15, 2023, from https://www.iea.org/countries/malaysia

Izaurralde, R. C., & Zhao, K. (2015). Biomass Potential of Switchgrass and Miscanthus
on the USA’s Marginal Lands. In Sustainable Biofuels (pp. 299-318). De Gruyter.

Jéppinen, E., Korpinen, O.-]., & Ranta, T. (2011). Effects of Local Biomass Availability
and Road Network Properties on the Greenhouse Gas Emissions of Biomass
Supply Chain. ISRN Renewable Energy, 2011, 1-6.
https://doi.org/10.5402/2011/189734

Jappinen, E., Korpinen, O.-J.,, & Ranta, T. (2013). The Effects of Local Biomass
Availability and Possibilities for Truck and Train Transportation on the
Greenhouse Gas Emissions of a Small-Diameter Energy Wood Supply Chain.
BIOENERGY RESEARCH, 6(1), 166—177. https://doi.org/10.1007/s12155-012-
9244-9

99



Jappinen, E., Korpinen, O.-J., & Ranta, T. (2014). GHG emissions of forest-biomass
supply chains to commercial-scale liquid-biofuel production plants in Finland.
GCB Bioenergy, 6(3), 290-299. https://doi.org/10.1111/gcbb.12048

Jeong, H., Karim, R. A., Sieverding, H. L., & Stone, J. J. (2021). An Application of GIS-
Linked Biofuel Supply Chain Optimization Model for Various Transportation
Network Scenarios in Northern Great Plains (NGP), USA. Bioenergy Research,
14(2), 612—-622. https://doi.org/10.1007/s12155-020-10223-7

Jouzdani, J., & Fathian, M. (2016). Hybrid Electromagnetism-Like Algorithm for
Dynamic Supply Chain Network Design under Traffic Congestion and
Uncertainty. Mathematical Problems in Engineering, 2016.
https://doi.org/10.1155/2016/2498616

Kamal Baharin, N. S., Koesoemadinata, V. C., Nakamura, S., Yahya, W. J., Muhammad
Yuzir, M. A., Md Akhir, F. N, ... Hara, H. (2020). Conversion and
characterization of Bio-Coke from abundant biomass waste in Malaysia.
Renewable Energy, 162, 1017-1025.
https://doi.org/10.1016/j.renene.2020.08.083

Kanzian, C., Kithmaier, M., & Erber, G. (2016). Effects of moisture content on supply
costs and CO2 emissions for an optimized energy wood supply network. Croatian
Journal of Forest Engineering, 37(1), 51-60.

Karunakaran, V., Abd-Talib, N., & Kelly Yong, T. L. (2020). Lignin from oil palm
empty fruit bunches (EFB) under subcritical phenol conditions as a precursor for
carbon fiber production. Materials Today: Proceedings, 31, 100-105.
https://doi.org/10.1016/j.matpr.2020.01.252

Kaundinya, D. P., Balachandra, P., Ravindranath, N. H., & Ashok, V. (2013). A GIS
(geographical information system)-based spatial data mining approach for
optimal location and capacity planning of distributed biomass power generation
facilities: A case study of Tumkur district, India. Energy, 52, 77-88

Kennedy, S., & Ahamad, F. (2007). Estimating the impact of vehicle modification costs
on the demand for biofuels in Malaysia. Energy for Sustainable Development,
11(3), 67-76.

Ketzer, F., Skarka, J., & Rosch, C. (2018). Critical review of microalgae LCA studies
for bioenergy production. BioEnergy Research, 11, 95-105.

Khachatryan, H., Jessup, E., & Casavant, K. (2010). A GIS-based estimation of regional
biomass supply and transportation costs for biofuel plant least-cost location
decisions (No. 1430-2016-118675).

Khalil, H. A., Jawaid, M., Hassan, A., Paridah, M. T., & Zaidon, A. (2012). Oil palm

biomass fibres and recent advancement. In Oil Palm Biomass Fibres Based
Hybrid Biocomposites. (pp. 187-220). Intech, Rijeka.

100



Khanna, M., Dhungana, B., & Clifton-Brown, J. (2008). Costs of producing miscanthus
and switchgrass for bioenergy in Illinois. Biomass and Bioenergy, 32(6), 482—
493. https://doi.org/https://doi.org/10.1016/j.biombioe.2007.11.003

Khoo, H. H., Eufrasio-Espinosa, R. M., Koh, L. S. C., Sharratt, P. N., & Isoni, V. (2019).
Sustainability assessment of biorefinery production chains: A combined LCA-
supply chain approach. Journal of Cleaner Production, 235, 1116-1137.
https://doi.org/10.1016/j.jclepro.2019.07.007

Kim, J., Realff, M. J., Lee, J. H., Whittaker, C., & Furtner, L. (2011). Design of biomass
processing network for biofuel production using an MILP model. Biomass and
bioenergy, 35(2), 853-871. http://dx.doi.org/10.1016/j.biombioe.2010.11.008.

Kim, S., & Dale, B. E. (2015). All biomass is local: The cost, volume produced, and
global warming impact of cellulosic biofuels depend strongly on logistics and
local conditions. Biofuels, Bioproducts and Biorefining, 9(4), 422-434.

Kinoshita, Tsuguki, Keisuke Inoue, Koki Iwao, Hiroshi Kagemoto, and Yoshiki
Yamagata. "A spatial evaluation of forest biomass usage using GIS." Applied
Energy 86, no. 1 (2009): 1-8. https://doi.org/10.1016/j.apenergy.2008.03.017

Koopmans, A. (2005). Biomass energy demand and supply for South and South-East
Asia—assessing the resource base. Biomass and Bioenergy, 28(2), 133-150.
https://doi.org/10.1016/j.biombioe.2004.08.004

Kudakasseril Kurian, J., Raveendran Nair, G., Hussain, A., & Vijaya Raghavan, G. S.
(2013). Feedstocks, logistics and pre-treatment processes for sustainable
lignocellulosic  biorefineries: A comprehensive review. Renewable and
Sustainable Energy Reviews, 25, 205-219.
https://doi.org/10.1016/j.rser.2013.04.019

Kumar, A., & Sokhansanj, S. (2007). Switchgrass (Panicum vigratum, L.) delivery to a
biorefinery using integrated biomass supply analysis and logistics (IBSAL) model.
Bioresource Technology, 98(5), 1033-1044.
https://doi.org/https://doi.org/10.1016/j.biortech.2006.04.027

Kumar, A., Cameron, J. B., & Flynn, P. C. (2003). Biomass power cost and optimum
plant size in western Canada. Biomass and Bioenergy, 24(6), 445-464.

Kumar, A., Cameron, J. B., & Flynn, P. C. (2005). Large-scale ethanol fermentation
through pipeline delivery of biomass. APPLIED BIOCHEMISTRY AND
BIOTECHNOLOGY, 121, 47-58. https://doi.org/10.1385/ABAB:121:1-3:0047

Kumar, A., Sokhansanj, S., & Flynn, P. C. (2006). Development of a Multicriteria
Assessment Model for Ranking Biomass Feedstock Collection and
Transportation Systems. Applied Biochemistry and Biotechnology, 129(1-3),
71-87. https://doi.org/10.1385/ABAB:129:1:71

101



Kwiatkowski, J. R., McAloon, A. J., Taylor, F., & Johnston, D. B. (2006). Modeling the
process and costs of fuel ethanol production by the corn dry-grind process.
Industrial Crops and Products, 23(3), 288-296.
https://doi.org/10.1016/j.indcrop.2005.08.004

Laasasenaho, K., Lensu, A., Lauhanen, R., & Rintala, J. (2019). GIS-data related route
optimization, hierarchical clustering, location optimization, and kernel density
methods are useful for promoting distributed bioenergy plant planning in rural
areas. Sustainable Energy Technologies and Assessments, 32, 47-57.
https://doi.org/10.1016/j.seta.2019.01.006

Lacrosse, L., & Shakya, S. K. (2004, October). Clean and efficient biomass cogeneration
technology in ASEAN. In POWER-GEN Asia conference and exhibition (pp. 5-
7).

Laitila, J., Asikainen, A., & Ranta, T. (2016). Cost analysis of transporting forest chips
and forest industry by-products with large truck-trailers in Finland. Biomass and
Bioenergy, 90, 252-261. doi: 10.1016/j.biombioe.2016.04.011

Lal, R. (2009). Soil quality impacts of residue removal for bioethanol production. Soil
and Tillage Research, 102(2), 233-241.
https://doi.org/10.1016/j.stil1.2008.07.003

Langg, S., & Pellegrini, L. A. (2013). Economic analysis of a combined production of
hydrogen-energy from empty fruit bunches. Biomass and Bioenergy, 59, 520—
531. https://doi.org/10.1016/j.biombioe.2013.08.039

Langg, S., & Pellegrini, L. A. (2013). Sustainable combined production of hydrogen and
energy from biomass in Malaysia. Chemical Engineering Transactions, 32, 607—
612. https://doi.org/10.3303/CET1332102

Larasati, A., Liu, T., & Epplin, F. M. (2012). An analysis of logistic costs to determine
optimal size of a biofuel refinery. EMJ - Engineering Management Journal, 24(4),
63—72. https://doi.org/10.1080/10429247.2012.11431956

Larson, J. A., Yu, T. E., English, B. C., Jensen, K. L., Gao, Y., & Wang, C. (2015). Effect
of outdoor storage losses on feedstock inventory management and plant-gate cost
for a switchgrass conversion facility in East Tennessee. Renewable Energy, 74,
803-814.doi: 10.1016/j.renene.2014.08.064

Larson, J. a., Yu, T.-H., English, B. C., Mooney, D. F., & Wang, C. (2010). Cost
evaluation of alternative switchgrass producing, harvesting, storing, and
transporting systems and their logistics in the Southeastern USA. Agricultural
Finance Review, 70(2), 184-200. https://doi.org/10.1108/00021461011064950

Lau Sze Yii, B., Muhammad Syafiq Wan Ismail, W., Nasuha Yahya, F., & Abdul Rasid,
R. (2019). The Effect of Operating Temperature and Equivalence Ratio in an
Entrained Flow Gasification of EFB. Materials Today: Proceedings, 19, 1373—
1381. https://doi.org/10.1016/j.matpr.2019.11.155

102



Leboreiro, J., & Hilaly, A. K. (2011). Biomass transportation model and optimum plant
size for the production of ethanol. Bioresource technology, 102(3), 2712-2723.

Leduc, S., Starfelt, F., Dotzauer, E., Kindermann, G., McCallum, I., Obersteiner, M., &
Lundgren, J. (2010). Optimal location of lignocellulosic ethanol refineries with
polygeneration in  Sweden. ENERGY, 35(6, SI), 2709-2716.
https://doi.org/10.1016/j.energy.2009.07.018

Lee, M. K., Hashim, H., Lim, J. S., & Taib, M. R. (2019). Spatial planning and
optimisation for virtual distribution of BioCNG derived from palm oil mill
effluent to meet industrial energy demand. Renewable Energy, 141, 526-540. doi:
10.1016/j.renene.2019.03.097

Lee, R. A., & Lavoie, J. M. (2013). From first-to third-generation biofuels: Challenges
of producing a commodity from a biomass of increasing complexity. Animal
Frontiers, 3(2), 6-11.

Lee, S. Y., Cho, J. M., Chang, Y. K., & Oh, Y. K. (2017). Cell disruption and lipid
extraction for microalgal biorefineries: A review. Bioresource technology, 244,
1317-1328.

Lesiv, M., Fritz, S., Laso Bayas, J. C., Duerauer, M., Domian, D., See, L., ... &
Schepaschenko, D. (2018). Global Field Sizes Dataset for Ecosystems Modeling.
In EGU General Assembly Conference Abstracts (Vol. 20, p. 17801).

Lesiv, M., Laso Bayas, J. C., See, L., Duerauer, M., Dahlia, D., Durando, N., ... Fritz, S.
(2019). Estimating the global distribution of field size using crowdsourcing.
Global Change Biology, 25(1), 174-186. https://doi.org/10.1111/gcb.14492

Li, H., Larsson, E., Thorin, E., Dahlquist, E., & Yu, X. (2015). Feasibility study on
combining anaerobic digestion and biomass gasification to increase the
production of biomethane. Energy Conversion and Management, 100, 212-219.
https://doi.org/https://doi.org/10.1016/j.enconman.2015.05.007

Liew, W. H., Hassim, M. H., & Ng, D. K. S. (2014). Review of evolution, technology
and sustainability assessments of biofuel production. Journal of Cleaner
Production, 71, 11-29. https://doi.org/10.1016/j.jclepro.2014.01.006

Lin, T., Rodriguez, L. F., Davis, S., Khanna, M., Shastri, Y., Grift, T., ... Ting, K. C.
(2016). Biomass feedstock preprocessing and long-distance transportation
logistics. GCB Bioenergy, 8(1), 160—170. https://doi.org/10.1111/gcbb.12241

Liu, G., & Bao, J. (2019). Constructing super large scale cellulosic ethanol plant by
decentralizing dry acid pretreatment technology into biomass collection depots.
Bioresource Technology, 338-344.
https://doi.org/10.1016/j.biortech.2018.12.061

Lloyd, C. (2010). Spatial data analysis: an introduction for GIS users. Oxford university
press.

103



Logeswaran, J., Shamsuddin, A. H., Silitonga, A. S., & Mahlia, T. M. I. (2020). Prospect
of using rice straw for power generation: a review. Environmental Science and
Pollution Research, 27(21), 25956-25969. https://doi.org/10.1007/s11356-020-
09102-7

Loh, S. K. (2017). The potential of the Malaysian oil palm biomass as a renewable energy
source. Energy conversion and management, 141, 285-298.

Longley, P. A., Goodchild, M. F., Maguire, D. J., & Rhind, D. W. (2005). Geographic
information systems and science. John Wiley & Sons.

Lozano-Garcia, D. F., Santibafiez-Aguilar, J. E., Lozano, F. J., & Flores-Tlacuahuac, A.
(2020). GIS-based modeling of residual biomass availability for energy and
production in Mexico. Renewable and Sustainable Energy Reviews, 120, 109610.

Lu, X., Withers, M. R., Seifkar, N., Field, R. P., Barrett, S. R. H. H., & Herzog, H. J.
(2015). Biomass logistics analysis for large scale biofuel production: Case study
of loblolly pine and switchgrass. BIORESOURCE TECHNOLOGY, 183, 1-9.
https://doi.org/10.1016/j.biortech.2015.02.032

Lummus, R. R., & Vokurka, R. J. (1999). Defining supply chain management: a
historical perspective and practical guidelines. Industrial management & data
systems.

Lynd, L. R., Liang, X., Biddy, M. J., Allee, A., Cai, H., Foust, T., ... & Wyman, C. E.
(2017). Cellulosic ethanol: status and innovation. Current opinion in
biotechnology, 45, 202-211.

Magda, R., Szlovak, S., & Toéth, J. (2021). The role of using bioalcohol fuels in
sustainable development. In Bio-Economy and Agri-production (pp. 133-146).
Academic Press.

Maghyereh, A. 1., & Sweidan, O. D. (2020). Do structural shocks in the crude oil market
affect biofuel prices?. International Economics, 164, 183-193.

Maheshwari, P., Singla, S., & Shastri, Y. (2017). Resiliency optimization of biomass to
biofuel supply chain incorporating regional biomass pre-processing depots.
Biomass and Bioenergy, 97, 116-131.
https://doi.org/10.1016/j.biombioe.2016.12.015

Mabhlia, T. M. L., Ismail, N., Hossain, N., Silitonga, A. S., & Shamsuddin, A. H. (2019).
Palm oil and its wastes as bioenergy sources: a comprehensive review.
Environmental Science and Pollution Research, 26(15), 14849-14866.
https://doi.org/10.1007/s11356-019-04563-x

Mabhlia, T. M. 1., Masjuki, H. H., & Chong, W. T. (2013). Logistic cost analysis of rice

straw to optimize power plant in Malaysia. Journal of Technology Innovations in
Renewable Energy, 2(1), 67.

104



Mahmoudi, M., Sowlati, T., & Sokhansanj, S. (2009). Logistics of supplying biomass
from a mountain pine beetle-infested forest to a power plant in British Columbia.
SCANDINAVIAN JOURNAL OF FOREST RESEARCH, 24(1), 76-86.
https://doi.org/10.1080/02827580802660397

Malek, A. B. M. A., Hasanuzzaman, M., Rahim, N. A., & Al Turki, Y. A. (2017).
Techno-economic analysis and environmental impact assessment of a 10 MW

biomass-based power plant in Malaysia. Journal of Cleaner Production,
141(2017), 502—-513. https://doi.org/10.1016/j.jclepro.2016.09.057

Malsingmaps. (2015). MST 2015 NT v2015.20 map. Kuala Lumpur. Retrieved from
http://www.malsingmaps.com/portal/

Mani, S. (2005). A systems analysis of biomass densification process (Doctoral
dissertation,  University = of  British  Columbia). Retrieved from
https://open.library.ubc.ca/collections/831/831/items/1.0058759

Mani, S., Sokhansanj, S., Bi, X., & Turhollow, A. (2006). Economics of producing fuel
pellets from biomass. Applied Engineering in agriculture, 22(3), 421-426.

Markel, E., Sims, C., & English, B. C. (2018). Policy uncertainty and the optimal
investment decisions of second-generation biofuel producers. Energy Economics,
76, 89-100.

Mateos, E., & Edeso, J. M. (2017). Assessment of biomass potential for Power
Production. Renewable Energy and Power Quality Journal, 20, 758-762.
https://doi.org/10.24084/repqj13.494

Mathanker, S. K., & Hansen, A. C. (2013). Harvesting system design and performance.
In Engineering and Science of Biomass Feedstock Production and Provision (Vol.
9781489980). https://doi.org/10.1007/978-1-4899-8014-4 5

Maung, T. A., Gustafson, C. R., Saxowsky, D. M., Nowatzki, J., Miljkovic, T., &
Ripplinger, D. (2013). The logistics of supplying single vs. multi-crop cellulosic
feedstocks to a biorefinery in southeast North Dakota. Applied Energy, 109, 229—
238. https://doi.org/10.1016/j.apenergy.2013.04.003

McCullough, D., Cundiff, J. S., & Judd, J. D. (2012). Harvest Schedule to Fulfil
Inventory for Truck Transport. In 2012 Dallas, Texas, July 29-August 1, 2012 (p.
1). American Society of Agricultural and Biological Engineers.

McGarigal, K., Cushman, S. A., and E Ene, E. (2012). FRAGSTATS v4: Spatial Pattern
Analysis Program for Categorical and Continuous Maps. Computer software.
Amberst: University of Massachusetts. Retrieved from
http://www.umass.edu/landeco/research/fragstats/fragstats.html

Mekhilef, S., Saidur, R., Safari, A., & Mustaffa, W. E. S. B. E. S. B. (2011). Biomass

energy in Malaysia: Current state and prospects. Renewable and Sustainable
Energy Reviews, 15(7), 3360-3370. https://doi.org/10.1016/j.rser.2011.04.016

105



Meki, M. N., Marcos, J. P., Atwood, J. D., Norfleet, L. M., Steglich, E. M., Williams, J.
R., & Gerik, T. J. (2011). Effects of site-specific factors on corn stover removal
thresholds and subsequent environmental impacts in the Upper Mississippi River
Basin. Journal of soil and water conservation, 66(6), 386-399.

Miao, Z., Shastri, Y., Grift, T. E., Hansen, A. C., & Ting, K. C. (2011). Lignocellulosic
biomass feedstock supply logistic analysis. American Society of Agricultural and
Biological Engineers Annual International Meeting 2011, 7(11), 5440-5460.

Milbrandt, A., & Overend, R. P. (2008). Survey of biomass resource assessments and
assessment capabilities in APEC economies.

Ministry of Agriculture and Food Industries Malaysia. (2016). Guna Tanah Pertanian
Semenanjung Malaysia. Retrieved from
https://www.data.gov.my/data/en US/dataset/guna-tanah-pertanian-
semenanjung-malaysia

Ministry of Transport Malaysia. (2019). Transport statistics Malaysia 2018 [Annual
report]. Putrajaya. (78p). Retrieved from
http://www.mot.gov.my/en/resources/yearly-statistic

Mitasova, H., Mitas, L., Brown, W. M., Gerdes, D. P., Kosinovsky, 1., & Baker, T. (1995).
Modelling spatially and temporally distributed phenomena: new methods and
tools for GRASS GIS. International journal of geographical information systems,
9(4), 433-446.

Mofijur, M., Logeswaran, J., Anwar, M., Silitonga, A. S., Rahman, S. M. A., &
Shamsuddin, A. H. (2019). Potential of Rice Industry Biomass as a Renewable
Energy Source. Energies, 12(4116), 1-21.

Mofijur, M., Masjuki, H. H., Kalam, M. A., Ashrafur Rahman, S. M., & Mahmudul, H.
M. (2015). Energy scenario and biofuel policies and targets in ASEAN countries.
Renewable and Sustainable Energy Reviews, 46, 51-61.
https://doi.org/10.1016/j.rser.2015.02.020

Mohd Idris, M. N., Leduc, S., Yowargana, P., Hashim, H., & Kraxner, F. (2021). Spatio-
temporal assessment of the impact of intensive palm oil-based bioenergy
deployment on cross-sectoral energy decarbonization. Applied Energy, 285(July
2020), 116460. https://doi.org/10.1016/j.apenergy.2021.116460

Moller, B., & Nielsen, P. S. (2007). Analysing transport costs of Danish forest wood chip
resources by means of continuous cost surfaces. BIOMASS & BIOENERGY,
31(5), 291-298. https://doi.org/10.1016/j.biombioe.2007.01.018

Morato, T., Vaezi, M., & Kumar, A. (2019). Developing a framework to optimally locate
biomass collection points to improve the biomass-based energy facilities locating
procedure — A case study for Bolivia. Renewable and Sustainable Energy
Reviews, 107(March), 183—199. https://doi.org/10.1016/j.rser.2019.03.004

106



Morrow, W. R. (2006). U.S. Biomass Energy: An Assessment of Costs & Infrastructure
for Alternative Uses of Biomass Energy Crops as an Energy Feedstock. 1-209.

Mosier, N., Wyman, C., Dale, B., Elander, R., Lee, Y. Y., Holtzapple, M., & Ladisch,
M. (2005). Features of promising technologies for pretreatment of lignocellulosic
biomass. Bioresource technology, 96(6), 673-686.

Muhammed, M. (1986). OPEC and Asia: The changing structure of the oil market—
Malaysia. Energy, 11(4-5), 481-482.

Mustafa, A., Calay, R. K., & Mustafa, M. Y. (2017). A Techno-economic Study of a
Biomass Gasification Plant for the Production of Transport Biofuel for Small
Communities. Energy Procedia, 112, 529-536.
https://doi.org/https://doi.org/10.1016/j.egypro.2017.03.1111

Nafziger, E. D. (2011, November). Tillage and nitrogen responses to residue removal in
continuous corn. In North central extension-industry soil fertility conference.
International Plant Nutrition Institute, Des Moines (pp. 16-19).

Naik, S. N., Goud, V. V, Rout, P. K., & Dalai, A. K. (2010). Production of first and
second generation biofuels: A comprehensive review. Renewable and Sustainable
Energy Reviews, 14(2), 578-597. https://doi.org/10.1016/j.rser.2009.10.003

Nanda, S., Rana, R., Sarangi, P. K., Dalai, A. K., & Kozinski, J. A. (2018). A broad
introduction to first-, second-, and third-generation biofuels. Recent
advancements in biofuels and bioenergy utilization, 1-25.

Nepal, S., Contreras, M. A., Lhotka, J. M., & Stainback, G. A. (2014). A spatially explicit
model to identify suitable sites to establish dedicated woody energy crops.
BIOMASS & BIOENERGY, 71, 245-255.
https://doi.org/10.1016/j.biombioe.2014.10.002

Neteler, M., & Mitasova, H. (2013). Open source GIS: a GRASS GIS approach (Vol.
689). Springer Science & Business Media.

Neteler, M., Bowman, M. H., Landa, M., & Metz, M. (2012). GRASS GIS: A multi-
purpose open source GIS. Environmental Modelling & Software, 31, 124-130.
doi: 10.1016/j.envsoft.2011.11.014

Newman, J. K., Kaleita, A. L., & Laflen, J. M. (2010). Soil erosion hazard maps for corn
stover management using National Resources Inventory data and the Water
Erosion Prediction Project. journal of soil and water conservation, 65(4), 211-222.

Ng, W.P.Q.,Lam,H.L.,Ng, F. Y., Kamal, M., & Lim, J. H. E. (2012). Waste-to-wealth:
Green potential from palm biomass in Malaysia. Journal of Cleaner Production,
34(September 2011), 57-65. https://doi.org/10.1016/j.jclepro.2012.04.004

Noon, C. E., & Daly, M. J. (1996). GIS-based biomass resource assessment with
BRAVO. Biomass and Bioenergy, 10(2-3), 101-109.

107



Noon, C. E., Zhan, F. B., & Graham, R. L. (2002). GIS-Based Analysis of Marginal Price
Variation with an Application in the Identification of Candidate Ethanol
Conversion Plant Locations. Networks and Spatial Economics, 2(1), 79-93.
https://doi.org/10.1023/A:1014519430859

Olsson, J., Hellstrom, D., & Pélsson, H. (2019). Framework of last mile logistics research:
A systematic review of the literature. Sustainability, 11(24), 7131.

Ong, C., Deprés, G., Hollebecq, J. E., Shaiffudin Hishamudin, M. O., Kamaruddin, N.,
Anugerah, A. R., ... & Roda, J. M. (2020). Quantifying the effect of landscape
structure on transport costs for biorefinery of agricultural and forestry wastes in
Malaysia. GCB Bioenergy, 12(11), 910-922.

Ong, C.L., Roda, J-M.(2020). "Data for: Biomass Supply Cost in Peninsular Malaysia -
Transportation distances, truck capacity, available biomass quantity, and biomass
transport cost in Ringgit Malaysia (MYR) per fresh tonne for Kuala Lumpur,
Malaysia and least-cost locations of 10 categories of biomass.",
https://doi.org/10.18167/DVN1/IQOA4L6, CIRAD Dataverse, Vi,
UNF:6:UOX9Xv0Ez7sZ3+AMKRnUbg== [fileUNF]

Onoja, E., Chandren, S., Abdul Razak, F. 1., Mahat, N. A., & Wahab, R. A. (2019). Oil
Palm (Elaeis guineensis) Biomass in Malaysia: The Present and Future Prospects.
Waste and Biomass Valorization, 10(8), 2099-2117.
https://doi.org/10.1007/s12649-018-0258-1

Organisation for Economic Co-operation and Development (OECD). (2012). The OECD
Environmental Outlook to 2050. https://www.oecd.org/env/indicators-
modelling-outlooks/49846090.pdf

Ozturk, M., Saba, N., Altay, V., Igbal, R., Hakeem, K. R., Jawaid, M., Ibrahim, F. H.
(2017). Biomass and bioenergy: An overview of the development potential in
Turkey and Malaysia. Renewable and Sustainable Energy Reviews, 79(2017),
1285-1302. doi: 10.1016/j.rser.2017.05.111

Pacini, H., & Silveira, S. (2011). Consumer choice between ethanol and gasoline:
Lessons from Brazil and Sweden. Energy Policy, 39(11), 6936-6942.

Panichelli, L., & Gnansounou, E. (2008). GIS-based approach for defining bioenergy
facilities location: A case study in Northern Spain based on marginal delivery
costs and resources competition between facilities. Biomass and Bioenergy, 32(4),
289-300. https://doi.org/10.1016/j.biombioe.2007.10.008

Perlack, R. D., & Turhollow, A. F. (2003). Feedstock cost analysis of corn stover
residues  for  further  processing.  Energy, 28(14),  1395-1403.
https://doi.org/10.1016/S0360-5442(03)00123-3

Perpina, C., Alfonso, D., Pérez-Navarro, A., Pefalvo, E., Vargas, C., & Cardenas, R.
(2009). Methodology based on Geographic Information Systems for biomass
logistics and transport optimisation. Renewable Energy, 34(3), 555-565. doi:
10.1016/j.renene.2008.05.047

108



Perrin, R. K., Fretes, N. F., & Sesmero, J. P. (2009). Efficiency in Midwest US corn
ethanol plants: A plant survey. Energy Policy, 37(4), 1309-1316.
https://doi.org/10.1016/j.enpol.2008.11.022

Pimentel, D., Marklein, A., Toth, M. A., Karpoff, M. N., Paul, G. S., McCormack, R., ...
& Krueger, T. (2009). Food versus biofuels: environmental and economic costs.
Human ecology, 37(1), 1-12.

Pogaku, R., Hardinge, B. S., Vuthaluru, H., & Amir, H. A. (2016). Production of bio-oil
from oil palm empty fruit bunch by catalytic fast pyrolysis: a review. Biofuels,
7(6), 647-660. https://doi.org/10.1080/17597269.2016.1187539

Poh,P.E.,Wu, T. Y., Lam, W. H., Poon, W. C., & Lim, C. S. (2020). Waste Management
in the Palm Oil Industry Plantation and Milling Processes. In Green Energy and
Technology. https://doi.org/10.1007/978-3-030-39550-6_2

Pua, F.-L., Subari, M. S., Ean, L.-W., & Krishnan, S. G. (2020). Characterization of
biomass fuel pellets made from Malaysia tea waste and oil palm empty fruit bunch.
Materials Today: Proceedings, 31(4), 187-190.
https://doi.org/10.1016/j.matpr.2020.02.218

R. Hereward V., C., & Tinker, P. B. (2015). The Climate of the Oil Palm-Growing
Regions. In The Oil Palm (pp- 53-67).
https://doi.org/10.1002/9781118953297.ch3

Rahim, K. A., & Liwan, A. (2012). Oil and gas trends and implications in Malaysia.
Energy Policy, 50, 262-271.

Rajagopal, D., Zilberman, D. (2007). Review of Environmental, Economic and Policy
Aspects of Biofuels. Policy Research Working Paper; No. 4341. World Bank,

Washington, DC. © World Bank.
https://openknowledge.worldbank.org/handle/10986/7337 License: CC BY 3.0
IGO.

Ranta, T. (2005). Logging residues from regeneration fellings for biofuel production—a
GIS-based availability analysis in Finland. Biomass and Bioenergy, 28(2), 171-
182.

Ratnasingam, J., Ramasamy, G., Wai, L. T., Senin, A. L., & Muttiah, N. (2015). The
prospects of rubberwood biomass energy production in Malaysia. BioResources,
10(2), 2526-2548. https://doi.org/10.15376/biores.10.2.2526-2548

Reeb, C. W., Hays, T., Venditti, R. A., Gonzalez, R., & Kelley, S. (2014). Supply Chain
Analysis, Delivered Cost, and Life Cycle Assessment of Oil Palm Empty Fruit
Bunch Biomass for Green Chemical Production in Malaysia. BioResources, 9(3),
5385-5416. https://doi.org/10.15376/biores.9.3.5385-5416

Rentizelas, A. A., Tatsiopoulos, 1. P., & Tolis, A. (2009). An optimization model for

multi-biomass tri-generation energy supply. Biomass and Bioenergy, 33(2), 223—
233. https://doi.org/10.1016/j.biombioe.2008.05.008

109



Rentizelas, A. A., Tolis, A. J., & Tatsiopoulos, L. P. (2009). Logistics issues of biomass:
The storage problem and the multi-biomass supply chain. Renewable and
Sustainable Energy Reviews, 13(4), 887-894. doi: 10.1016/j.rser.2008.01.003

Rizal, N. F. A. A., Ibrahim, M. F., Zakaria, M. R., Abd-Aziz, S., Yee, P. L., Hassan, M.
A., ... Hassan, M. A. (2018). Pre-treatment of Oil Palm Biomass for Fermentable
Sugars Production. Molecules, 23(6).
https://doi.org/10.3390/molecules23061381

Rizal, N. F. A. A., Ibrahim, M. F., Zakaria, M. R., Abd-Aziz, S., Yee, P. L., & Hassan,
M. A. (2018). Pre-treatment of oil palm biomass for fermentable sugars
production. Molecules, 23(6), 1381.

Roda, J. M., Goralski, M., Benoist, A., Baptiste, A., Boudjema, V., Galanos, T., ... &
Liew, K. E. (2015). Sustainability of bio-jetfuel in Malaysia (J. M. Roda Ed.).
Paris: CIRAD.

Roda, J. M., Mohd Farit, A. H., Tan, L. L., Wong, T. M., Lau, L. H., Ng, E., ... & Ahmad,
1. (2012). Supply and Demand of Rubberwood in Peninsular Malaysia (J. M. Roda
Ed.). Malaysian Timber Council report. Kuala Lumpur: MTC - FRIM - CIRAD).

Rodrigue, J. P., Comtois, C., & Slack, B. (2013). The geography of transport systems.
Routledge.

Rodrigue, J.-P., Comtois, C. and Slack, B. (2013). "Methods in transport geography" in
The Geography of Transport Systems (3rd ed., pp. 304 - 355). New York:
Routledge.

Rodrigue, J.P., Comtois, C. and Slack, B., 2013. Chapter 10 Method in Transport
Geography, Figure 10.11 Accessibility and spatial structure. The geography of
transport systems. Routledge.

Rodriguez, R., Gauthier-Maradei, P., & Escalante, H. (2017). Fuzzy spatial decision tool
to rank suitable sites for allocation of bioenergy plants based on crop residue.
Biomass and Bioenergy, 100, 17-30.
https://doi.org/10.1016/j.biombioe.2017.03.007

Roni, M. S., Thompson, D. N., & Hartley, D. S. (2019). Distributed biomass supply chain
cost optimization to evaluate multiple feedstocks for a biorefinery. Applied
Energy, 254(March), 113660. https://doi.org/10.1016/j.apenergy.2019.113660

Rearstad, P., Tremborg, E., Bergseng, E., & Solberg, B. (2010). Combining GIS and
forest modelling in estimating regional supply of harvest residues in Norway.
Silva Fennica, 44(3), 435-451. https://doi.org/10.14214/sf.141

Rosales-Calderon, O., & Arantes, V. (2019). A review on commercial-scale high-value

products that can be produced alongside cellulosic ethanol. Biotechnology for
biofuels, 12, 1-58.

110



Rosmiza, M. Z., Davies, W. P., Aznie, R. C., Mazdi, M., Jabil, M. J., Toren, W. W., &
Rosmawati, C. C. (2014). Farmers’ participation in rice straw-utilisation in the
MADA region of Kedah, Malaysia. Mediterranean Journal of Social Sciences,
5(23), 229-229.

Sahoo, K., Mani, S., Das, L., & Bettinger, P. (2018). GIS-based assessment of
sustainable crop residues for optimal siting of biogas plants. BIOMASS &
BIOENERGY, 110(December 2017), 63-74.
https://doi.org/10.1016/j.biombioe.2018.01.006

Salétes, S., Caliman, J. P., & Raham, D. (2004). Study of mineral nutrient losses from
oil palm empty fruit bunches during temporary storage. Journal of Oil Palm
Research, 16, 11-21.

Salleh, S. F., Mohd Roslan, M. E., Abd Rahman, A., Shamsuddin, A. H., Tuan Abdullah,
T. A. R., & Sovacool, B. K. (2020). Transitioning to a sustainable development
framework for bioenergy in Malaysia: policy suggestions to catalyse the
utilisation of palm oil mill residues. Energy, Sustainability and Society, 10(1), 1—-
20. https://doi.org/10.1186/s13705-020-00269-y

Salleh, S.F., Gunawan, M.F., Zulkarnain, M.F.B., Shamsuddin, A.H., Abdullah,
T.A.R.T. (2019). Modelling and optimization of biomass supply chain for
bioenergy production. Journal of Environmental Treatment Techniques, 7(4),
689-695.

Samberg, L. H., Gerber, J. S., Ramankutty, N., Herrero, M., & West, P. C. (2016).
Subnational distribution of average farm size and smallholder contributions to
global food production. Environmental Research Letters, 11(12). doi:
10.1088/1748-9326/11/12/124010

Samimi, A., Rahimi, E., Amini, H., & Jamshidi, H. (2019). Freight modal policies toward
a sustainable society. Scientia Iranica. doi: 10.24200/sci.2019.21386

Sanderson, M. A., & Adler, P. R. (2008). Perennial forages as second generation
bioenergy crops. International Journal of Molecular Sciences, 9(5), 768—788.
https://doi.org/10.3390/ijms9050768

Sanderson, M. A., Egg, R. P., & Wiselogel, A. E. (1997). Biomass losses during harvest
and storage of switchgrass. Biomass and Bioenergy, 12(2), 107-114.

Scheffran, J., & BenDor, T. (2009). Bioenergy and land use: A spatial-agent dynamic
model of energy crop production in Illinois. International Journal of Environment
and Pollution, 39(1-2), 4-27. https://doi.org/10.1504/1IJEP.2009.027140

Searchinger, T., Heimlich, R., Houghton, R. A., Dong, F., Elobeid, A., Fabiosa, J., ... &
Yu, T. H. (2008). Use of US croplands for biofuels increases greenhouse gases
through emissions from land-use change. Science, 319(5867), 1238-1240.

Seixas, F. (2008). Harvesting and use of forestry biomass for energy production in the
USA. Auburn: USDA Forest Service. (118p).

111



Shafie, S. M. (2016). A review on paddy residue based power generation: Energy,
environment and economic perspective. Renewable and Sustainable Energy
Reviews, 59, 1089—-1100. https://doi.org/10.1016/j.rser.2016.01.038

Shafie, S. M., Masjuki, H. H., & Mahlia, T. M. I. (2014). Rice straw supply chain for
electricity generation in Malaysia: Economical and environmental assessment.
Applied Energy, 135, 299-308. https://doi.org/10.1016/j.apenergy.2014.08.101

Shafie, S. M., Othman, Z., and Hami, N. (2020). Optimum Location of Biomass Waste
Residue Power Plant in Northern Region: Economic and Environmental
Assessment. International Journal of Energy Economics and Policy, 2020, 10(1),
150-154.

Shamsuddin, A. H., & Liew, M. S. (2009). High quality solid biofuel briquette
production from palm oil milling solid wastes. Proceedings of the ASME 3rd
International Conference on Energy Sustainability 2009, ES2009, 1, 125-130.
https://doi.org/10.1115/ES2009-90122

Shapouri, H., & Salassi, M. (2006). The economic feasibility of ethanol production from
sugar in  the United States. = USDA  Report, (July), 78.
https://doi.org/10.1016/j.biortech.2007.11.013

Sharma, B., Ingalls, R. G., Jones, C. L., Huhnke, R. L., & Khanchi, A. (2013). Scenario
optimization modeling approach for design and management of biomass-to-
biorefinery supply chain system. Bioresource Technology, 150, 163-171.
https://doi.org/10.1016/j.biortech.2013.09.120

Shastri, Y. N., Hansen, A. C., Rodriguez, L. F., & Ting, K. C. (2010). Optimization of
Miscanthus harvesting and handling as an energy crop: BioFeed model
application. Biological Engineering Transactions, 3(1), 37-69.

Shuit, S. H., Tan, K. T., Lee, K. T., & Kamaruddin, A. H. (2009). Oil palm biomass as a
sustainable energy source: A Malaysian case study. Energy, 34(9), 1225-1235.
https://doi.org/10.1016/j.energy.2009.05.008

Sims, R., Taylor, M., Saddler, J., & Mabee, W. (2008). From 1st-to 2nd-generation
biofuel technologies. Paris: International Energy Agency (IEA) and Organisation
for Economic Co-Operation and Development, 16-20.

Sinitsyn, A. P., & Sinitsyna, O. A. (2021). Bioconversion of renewable plant biomass.
Second-generation biofuels: Raw materials, biomass pretreatment, enzymes,
processes, and cost analysis. Biochemistry (Moscow), 86, S166-S195.

Singh, J., Panesar, B. S., & Sharma, S. K. (2008). Energy potential through agricultural
biomass using geographical information system-A case study of Punjab. Biomass
and Bioenergy, 32(4), 301-307. https://doi.org/10.1016/j.biombioe.2007.10.003

Singh, J., Panesar, B. S., & Sharma, S. K. (2010). A mathematical model for transporting

the biomass to biomass based power plant. Biomass and Bioenergy, 34(4), 483—
488. doi: 10.1016/j.biombioe.2009.12.012

112



Slade, R., Bauen, A., & Shah, N. (2009). The commercial performance of cellulosic
ethanol supply-chains in Europe. Biotechnology for Biofuels, 2(1), 1-20.

Snow, A. A., & Smith, V. H. (2012). Genetically engineered algae for biofuels: a key
role for ecologists. Bioscience, 62(8), 765-768.

Sosa, A., McDonnell, K., & Devlin, G. (2015). Analysing performance characteristics of
biomass haulage in Ireland for bioenergy markets with GPS, GIS and fuel
diagnostic tools. Energies, 8(10), 12004—12019. doi: 10.3390/en81012004

Spinelli, R., Ward, S. M., & Owende, P. M. (2009). A harvest and transport cost model
for Eucalyptus spp. fast-growing short rotation plantations. BIOMASS &
BIOENERGY, 33(9), 1265-1270.
https://doi.org/10.1016/j.biombioe.2009.05.010

Stephen, J. D., Sokhansanj, S., Bi, X., Sowlati, T., Kloeck, T., Townley-Smith, L., &
Stumborg, M. A. (2010). The impact of agricultural residue yield range on the
delivered cost to a biorefinery in the Peace River region of Alberta, Canada.
BIOSYSTEMS ENGINEERING, 105(3), 298-305.
https://doi.org/10.1016/j.biosystemseng.2009.11.008

Sukiran, M. A., Kheang, L. S., Bakar, N. A., & May, C. Y. (2011). Production and
characterization of bio-char from the pyrolysis of empty fruit bunches. American
Journal of Applied Sciences, 8(10), 984-988.
https://doi.org/10.3844/ajassp.2011.984.988

Sukiran, M. A., Loh, S. K., & Bakar, N. A. (2018). Conversion of pre-treated oil palm
empty fruit bunches into bio-oil and bio-char via fast pyrolysis. Journal of Oil
Palm Research, 30(1), 121-129. https://doi.org/10.21894/jopr.2017.0006

Sultana, A., & Kumar, A. (2012). Optimal siting and size of bioenergy facilities using
geographic  information  system. Applied Energy, 94, 192-201.
https://doi.org/10.1016/j.apenergy.2012.01.052

Sultana, A., & Kumar, A. (2014). Development of tortuosity factor for assessment of
lignocellulosic biomass delivery cost to a biorefinery. Applied Energy, 119, 288—
295. https://doi.org/10.1016/j.apenergy.2013.12.036

Sun, Y., Cai, W., Chen, B., Guo, X., Hu, J., & Jiao, Y. (2017). Economic analysis of fuel
collection, storage, and transportation in straw power generation in China. Energy,
132, 194-203. https://doi.org/10.1016/j.energy.2017.05.077

Suruhanjaya Tenaga (Energy Commission). (2020). Final Energy Consumption for
Petroleum Products. In Malaysia Energy Statistics Handbook 2020. (p. 45).
Putrajaya, Malaysia.

Suzuki, K., Tsuji, N., Shirai, Y., Hassan, M. A., Osaki, M. (2017). Evaluation of biomass
energy potential towards achieving sustainability in biomass energy utilization in
Sabah, Malaysia. Biomass and Bioenergy, 97(2017), 149-154. doi:
10.1016/j.biombioe.2016.12.023

113



Svanberg, M., & Halldérsson, A. (2013). Supply chain configuration for biomass-to-
energy: the case of torrefaction. International Journal of Energy Sector
Management, 7(1), 65-83. https://doi.org/10.1108/17506221311316489

Sy, C. L., Ubando, A. T., Aviso, K. B., & Tan, R. R. (2018). Multi-objective target
oriented robust optimization for the design of an integrated biorefinery. Journal
of Cleaner Production, 170, 496-509.
https://doi.org/10.1016/j.jclepro.2017.09.140

Tahvanainen, T., & Anttila, P. (2011). Supply chain cost analysis of long-distance
transportation of energy wood in Finland. Biomass and Bioenergy, 35(8), 3360-
3375. doi: 10.1016/j.biombioe.2010.11.014

Tan, S. T., Hashim, H., Abdul Rashid, A. H., Lim, J. S., Ho, W. S., & Jaafar, A. B. (2018).
Economic and spatial planning for sustainable oil palm biomass resources to
mitigate  transboundary = haze issue. Energy, 146, 169-178.
https://doi.org/10.1016/j.energy.2017.07.080

Tembo, G., Epplin, F. M., & Huhnke, R. L. (2003). Integrative Investment Appraisal of
a Lignocellulosic Biomass-to-Ethanol Industry. Journal of Agricultural and
Resource Economics, 28(3), 611-633.

Teter, J., Cazzola, P., Gul, T., Mulholland, E., Le Feuvre, P., Bennet, S., Hugues, P.,
Lagrade, Z., Kraayvanger, V., Bryant, T., Scheffer, S., Bianco, E., McDonald, Z.,
Maroney, E. (2017). The Future of Trucks: Implications for Energy and the
Environment. Paris: OECD / International Energy Agency, (162p).

The Chemical Engineering Plant Cost Index (CEPCI). Chemical Engineering. (2018).
Retrieved February 19, 2018, from https://www.chemengonline.com/pci-home

Thomas, A., Bond, A., & Hiscock, K. (2013). A GIS based assessment of bioenergy
potential in England within existing energy systems. Biomass and Bioenergy, 55,
107-121. https://doi.org/https://doi.org/10.1016/j.biombioe.2013.01.010

Thorsell, S., Epplin, F. M., Huhnke, R. L., & Taliaferro, C. M. (2004). Economics of a
coordinated biorefinery feedstock harvest system: lignocellulosic biomass harvest
cost. Biomass and Bioenergy, 27(4), 327-337.
https://doi.org/https://doi.org/10.1016/j.biombioe.2004.03.001

Tiffany, D. G., Morey, R. V, & De Kam, M. J. (2009). Economics of biomass
gasification/combustion at fuel ethanol plants. Applied Engineering in
Agriculture, 25(3), 391-400. Retrieved from
https://www.scopus.com/inward/record.uri?eid=2-s2.0-
67651097940&partner]D=40&md5=458bc2a30cdd97d241c48d65f475eba

Tock, J. Y., Lai, C. L., Lee, K. T., Tan, K. T., & Bhatia, S. (2010). Banana biomass as
potential renewable energy resource: A Malaysian case study. Renewable and
Sustainable Energy Reviews, 14(2), 798-805.
https://doi.org/10.1016/j.rser.2009.10.010

114



Torquati, B., Marino, D., Venanzi, S., Porceddu, P., & Chiorri, M. (2016). Using tree
crop pruning residues for energy purposes: A spatial analysis and an evaluation
of the economic and environmental sustainability. Biomass and Bioenergy, 95,
124-131. doi:10.1016/j.biombioe.2016.09.017

Towler, G. P., & Sinnott, R. K. (2013). Capital cost estimating. In Chemical engineering
design: principles, practice, and economics of plant and process design. Second
ed., Oxford, MA:, Butterworth-Heinemann, 312-325.

Tsapekos, P., Kougias, P. G., Egelund, H., Larsen, U., Pedersen, J., Trénel, P., &
Angelidaki, 1. (2017). Mechanical pretreatment at harvesting increases the
bioenergy output from marginal land grasses. Renewable Energy, 111, 914-921.
https://doi.org/https://doi.org/10.1016/j.renene.2017.04.061

Turhollow, A. F., & Sokhansanj, S. (2007). Costs of harvesting, storing in a large pile,
and transporting corn stover in a wet form. APPLIED ENGINEERING IN
AGRICULTURE, 23(4), 439-448.

Tye, Y. Y., Lee, K. T., Wan Abdullah, W. N., & Leh, C. P. (2011). Second-generation
bioethanol as a sustainable energy source in Malaysia transportation sector: Status,
potential and future prospects. Renewable and Sustainable Energy Reviews, 15(9),
4521-4536. https://doi.org/10.1016/j.rser.2011.07.099

U.S. Energy Information Administration. (2020). Monthly Densified Biomass Fuel
Report, Export sales and average price of densified biomass fuel, 2019. Dataset.
Washington. Retrieved from https://www.eia.gov/biofuels/biomass/#table data

Uslu, A., Faaij, A. P. C., & Bergman, P. C. A. (2008). Pre-treatment technologies, and
their effect on international bioenergy supply chain logistics. Techno-economic
evaluation of torrefaction, fast pyrolysis and pelletisation. Energy, 33(8), 1206—
1223. doi: 10.1016/j.energy.2008.03.007

Vadas, P. A, Barnett, K. H., & Undersander, D. J. (2008). Economics and Energy of
Ethanol Production from Alfalfa, Corn, and Switchgrass in the Upper Midwest,
USA. BioEnergy Research, 1(1), 44-55. https://doi.org/10.1007/s12155-008-
9002-1

van der Hilst, F., & Faaij, A. P. C. (2012). Spatiotemporal cost-supply curves for
bioenergy production in Mozambique. Biofuels, Bioproducts and Biorefining,
6(4), 405-430. doi: 10.1002/bbb.1332

Van Meerbeek, K., Muys, B., & Hermy, M. (2019). Lignocellulosic biomass for
bioenergy beyond intensive cropland and forests. Renewable and Sustainable
Energy Reviews, 139-149. https://doi.org/10.1016/j.rser.2018.12.009

Viana, H., Cohen, W. B., Lopes, D., & Aranha, J. (2010). Assessment of forest biomass

for use as energy. GIS-based analysis of geographical availability and locations
of wood-fired power plants in Portugal. Applied Energy, 87(8), 2551-2560.

115



Vijay Ramamurthi, P., Cristina Fernandes, M., Sieverts Nielsen, P., & Pedro Nunes, C.
(2014). Logistics cost analysis of rice residues for second generation bioenergy
production in Ghana. Bioresource Technology, 173, 429-438. doi:
10.1016/j.biortech.2014.09.102

Voivontas, D., Assimacopoulos, D., & Koukios, E. G. (2001). Aessessment of biomass
potential for power production: a GIS based method. Biomass and bioenergy,
20(2), 101-112.

Walsh, M. E. (2008). U. S. Cellulosic Biomass Feedstock Supplies and Distribution.
Distribution, 1-47.

Walshi, M. E., La, D. De, Ugarte, T., Slinsky, S., Graham, R. L., & Ray, D. (1998).
Economic analysis of energy crop production in the U.S. - location, quantities,
price, and impacts on traditional agricultural crops. Expanding Bioenergy
Partnerships, 1302-1311. Retrieved from
https://www.osti.gov/servlets/purl/772462

Wang, M., Han, J., Dunn, J. B., Cai, H., & Elgowainy, A. (2012). Well-to-wheels energy
use and greenhouse gas emissions of ethanol from corn, sugarcane and cellulosic
biomass for US use. Environmental research letters, 7(4), 045905.

Wilhelm, W. W, Hess, J. R., Karlen, D. L., Johnson, J. M., Muth, D. J., Baker, J. M., ...
& Varvel, G. E. (2010). Balancing limiting factors & economic drivers for
sustainable Midwestern US agricultural residue feedstock supplies. Industrial
Biotechnology, 6(5), 271-287.

Woo, H., Acuna, M., Moroni, M., Taskhiri, M. S., & Turner, P. (2018). Optimizing the
location of biomass energy facilities by integrating Multi-Criteria Analysis (MCA)
and Geographical Information Systems (GIS). Forests, 9(10), 585.

Woodson, M., & Jablonowski, C. J. (2008). An economic assessment of traditional and
cellulosic ethanol technologies. Energy Sources, Part B: Economics, Planning
and Policy, 3(4), 372-383. https://doi.org/10.1080/15567240701232527

World Bank (2020). Crude oil (petroleum) Monthly Price - USD per Barrel Crude oil,
average spot price of Brent, Dubai and West Texas Intermediate, equally weighed.
Retrieved from: https://data.worldbank.org on 20/08/2020.

Xie, F., Huang, Y., & Eksioglu, S. (2014). Integrating multimodal transport into
cellulosic biofuel supply chain design under feedstock seasonality with a case
study based on California. Bioresource Technology, 152, 15-23.
https://doi.org/10.1016/j.biortech.2013.10.074

Yamada, H., Tanaka, R., Sulaiman, O., Hashim, R., Hamid, Z. A. A., Yahya, M. K.
A., ... Nirasawa, S. (2010). Old oil palm trunk: A promising source of sugars for
bioethanol production. Biomass and Bioenergy, 34(11), 1608-1613.
https://doi.org/10.1016/j.biombioe.2010.06.011

116



Yan, W., Acharjee, T. C., Coronella, C. J., & Vasquez, V. R. (2009). Thermal
pretreatment of lignocellulosic biomass. Environmental Progress & Sustainable
Energy: An Official Publication of the American Institute of Chemical Engineers,
28(3), 435-440.

Yang, J., Xu, M., Zhang, X., Hu, Q., Sommerfeld, M., & Chen, Y. (2011). Life-cycle
analysis on biodiesel production from microalgae: water footprint and nutrients
balance. Bioresource technology, 102(1), 159-165.

Yatim, P., Lin, N. S., Lam, H. L., & Choy, E. A. (2017). Overview of the key risks in
the pioneering stage of the Malaysian biomass industry. Clean Technologies and
Environmental Policy, 19(7), 1825-1839. https://doi.org/10.1007/s10098-017-
1369-200. https://doi.org/10.1016/j.rser.2016.01.038

You, F., & Wang, B. (2011). Optimal design and operations of cellulosic biofuel supply
chains under uncertainty. 11AIChE - 2011 AIChE Annual Meeting, Conference
Proceedings.

Young, T. M., Zaretzki, R. L., Perdue, J. H., Guess, F. M., & Liu, X. (2011). Logistic
regression models of factors influencing the location of bioenergy and biofuels
plants. BioResources, 6(1), 329-343.

Yu, T.-H., Larson, J. A., English, B. C., & Gao, Y. (2011). Evaluating the optimal
logistics system of biomass feedstocks for a biorefinery with alternative harvest,
storage and preprocessing options: A case study of east tennessee. American
Society of Agricultural and Biological Engineers Annual International Meeting
2011, ASABE 2011, 5, 3733-3740.

Yue, D., You, F., & Snyder, S. W. (2014). Biomass-to-bioenergy and biofuel supply
chain optimization: Overview, key issues and challenges. Computers and
Chemical Engineering, 60, 36-56.
https://doi.org/10.1016/j.compchemeng.2013.11.016

Yusoff, M. Z. M. (2019). Loose Fruit Collector Machine in Malaysia: A Review.
International Journal of Engineering Technology and Sciences, 6(2), 65-75.

Zahraee, S. M., Golroudbary, S. R., Shiwakoti, N., Stasinopoulos, P., & Kraslawski, A.
(2020). Water-energy nexus and greenhouse gas—sulfur oxides embodied
emissions of biomass supply and production system: A large scale analysis using
combined life cycle and dynamic simulation approach. Energy Conversion and
Management, 220(June), 113113.
https://doi.org/10.1016/j.enconman.2020.113113

Zambelli, P., Lora, C., Spinelli, R., Tattoni, C., Vitti, A., Zatelli, P., & Ciolli, M. (2012).
A GIS decision support system for regional forest management to assess biomass
availability for renewable energy production. Environmental Modelling &
Software, 38, 203-213.

117



Zhang, F., Johnson, D. M., & Sutherland, J. W. (2011). A GIS-based method for
identifying the optimal location for a facility to convert forest biomass to biofuel.
biomass and bioenergy, 35(9), 3951-3961.

Zhang, F., Johnson, D. M., & Wang, J. (2015). Life-cycle energy and GHG emissions of
forest biomass harvest and transport for biofuel production in Michigan. Energies,
8(4), 3258-3271. https://doi.org/10.3390/en8043258

Zhang, F., Johnson, D. M., & Wang, J. (2016). Integrating multimodal transport into
forest-delivered biofuel supply chain design. Renewable Energy, 93, 58-67.

Zhu, J. Y., & Pan, X. (2022). Efficient sugar production from plant biomass: Current

status, challenges, and future directions. Renewable and Sustainable Energy
Reviews, 164, 112583.

118



ANNEXES

Annex A: Search query on Scopus database for biomass logistics studies

Search terms:

TITLE-ABS-KEY ( (cellulosic) AND (biomass OR feedstock) AND

NOT (algaec) AND (logistic OR transport) AND (biofuel OR biorefinery OR
bioenergy) ) AND (EXCLUDE (SUBJAREA, "PHYS") OR EXCLUDE (SUBJ
AREA, "MEDI") OR EXCLUDE (SUBJAREA , "PHAR") OR EXCLUDE (SU
BJAREA, "HEAL") OR EXCLUDE ( SUBJAREA, "NEUR") OR EXCLUDE
(SUBJAREA , "NURS") OR EXCLUDE (SUBJAREA, "VETE") OR EXCLU
DE ( SUBJAREA, "PSYC") OR EXCLUDE ( SUBJAREA, "Undefined")) AN
D (EXCLUDE (PUBYEAR, 1979) OR EXCLUDE ( PUBYEAR, 1978 ) OR
EXCLUDE (PUBYEAR, 1977) OR EXCLUDE ( PUBYEAR, 1976 ) OR EXC
LUDE (PUBYEAR, 1975) OR EXCLUDE ( PUBYEAR, 1974) OR EXCLUD
E (PUBYEAR, 2022) OR EXCLUDE ( PUBYEAR, 2021))

Database: Scopus

Result: 6224 documents

File: scopus_compile 1980-2020.bib

Retrieved on: 5 Dec 2021

Publication years = 1980 to 2020;

Excluded Subject Areas: Medicine; Pharmacology, Toxicology and Pharmaceutics;
Health Professions; Neuroscience; Veterinary; Nursing; Psychology; Undefined.

Annex B: Coordinates for biorefinery locations using representative points of
district in Peninsular Malaysia

No  States Districts Longtitude (x) Latitude (y)
1 Johor Johor Bahru 103.741359 1.492659
2 Johor Batu Pahat 102.928834 1.849442
3 Johor Kluang 103.318464 2.030068
4 Johor Kulaijaya 103.606034 1.658267
5 Johor Muar 102.584872 2.063052
6 Johor Kota Tinggi 103.899227 1.729375
7 Johor Segamat 102.820754 2.50346
8 Johor Pontian 103.387859 1.485561
9 Johor Ledang 102.53871 2.268446
10 Johor Mersing 103.836115 2.430917
11 Kedah Kuala Petani (Sungai Petani) 100.372989 6.119775
12 Kedah Kota Setar (Alor Setar) 100.353977 6.096953
13 Kedah Kulim 100.555337 5.371742
14 Kedah Kubang Pasu 100.40416 6.036246
15  Kedah Baling 100.916814 5.675547
16  Kedah Pendang 100.477339 5.993039
17 Kedah Yan 100.372658 5.79495
18  Kedah Sik 100.743021 5.818345
19  Kedah Padang Terap 100.611034 6.256764
20  Kedah Pokok Sena 100.519358 6.167317
21 Kedah Bandar Baharu 100.495534 5.131163
22 Kelantan Kota Bharu 102.277684 6.116785
23 Kelantan Pasir Mas 102.142782 6.042412
24 Kelantan Tumpat 102.169372 6.199069
25  Kelantan Bachok 102.397185 6.069586
26 Kelantan Tanah Merah 102.147077 5.808887
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101.445562
101.560332
101.49507
101.750527
101.249762
101.658312
100.990592
103.137014
103.363802
103.415586
102.552378
103.204944
103.008937
102.825218
103.047216
101.686855
101.696445

5.836163
5.530813
5.767933
4.884279
5.700699
4.596792
2.189594
2.382211
2.311337
2.725889
2.896577
2.52254

2.472971
2.740474
2.590525
2.941072
3.763386
3.448649
3.522168
3.58338

2.794459
3.492095
3.270526
3.793532
3.937395
4.179605
4.47212

5.414921
5.353468
5.514834
5.351903
5.195837
4.626261
4.81939

5.218462
4.402249
4.020928
5.12605

4.197468
4.773595
4.363003
5.429428
4.308504
6.444913
3.184624
3.113117
3.044917
3.339222
2.803828
2.691369
3.340184
3.560105
3.678777
5.329624
4.233836
4.754876
5.829012
5.207711
5.073042
5.443798
5.367864
3.139003
2.926361
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Annex C: Methodological annex

## R code for the models M1 to M9c

# Y = Biomass supply Y in the manuscript (USD/fresh tonne)

# X1 = Distance (kilometre)

# X2 = Truck (capacity of the truck in tonne)

# X3 = Biomass yield (fresh tonne/hectare)

# X4a = Edge density (metre/hectare)

# X4b = Patch density (number of patches/square kilometre)

# X4c = Aggregation index (ratio)

# X5 = Waste origin (it is a categorical variable that either take the value of
“field” — X5a, “mill” — X5b, or “both” — X5c¢)

library(lm)

M1 <-Im(Y ~ 0+(X1 + X2), data=Dataset)

M2 <-Im(Y ~ 0+((X1 + log(X2)), data=Dataset)

M3 <-Im(Y ~ 0+(X1 +1log(X2) + X3 ), data=Dataset)

M4a <-Im(Y ~0+HX1 +log(X2)+ X4a), data=Dataset)

M4b <- Im(Y ~ 0+(X1 + log(X2) + X4b), data=Dataset)

M4c <-Im(Y ~0+HX1 +log(X2) + X4c), data=Dataset)

M5 <-Im(Y ~ 0+(X1 +1og(X2) + X5), data=Dataset)

Mba <- Im(Y ~ 0+(X1 +log(X2)+ X3 + X4a), data=Dataset)

M6b <- Im(Y ~ 0+(X1 +log(X2)+ X3 + X4b), data=Dataset)

Mobc <- Im(Y ~ 0+(X1 +log(X2) + X3 + X4c), data=Dataset)

M7a <-Im(Y ~O0+(X1 +log(X2)+ X3 + X5 + X4a), data=Dataset)
M7b <- Im(Y ~ 0+(X1 +log(X2) + X3 + X5 + X4b), data=Dataset)
M7¢ <-Im(Y ~O0+(X1 +1log(X2) + X3 + X5 + X4c), data=Dataset)
M8a <-Im(Y ~0+(X1 +log(X2)+ log(X3 ) + X5 + X4a), data=Dataset)
MB8b <- Im(Y ~ 0+(X1 +1log(X2) + log(X3 ) + X5 + X4b), data=Dataset)
M8c <-Im(Y ~ 0+(X1 +log(X2) + log(X3 ) + X5 + X4c), data=Dataset)
M9a <- Im(Y ~ 0+(X1 +log(X2) + X5 + X4a), data=Dataset)

MO9b <- Im(Y ~ 0+(X1 +log(X2) + X5 + X4b), data=Dataset)

MO9c <- Im(Y ~ 0+H(X1 + log(X2) + X5 + X4c), data=Dataset)
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Annex D: Accessibility of fresh biomass in Peninsular Malaysia

. *50% of FOB price *15% of FOB price
Benchmarked costs: (USD69 /fT) (USD21 /£T)
1T truck 26T truck
. Qlfanmy % of total (')lfantlty % of total
Biomass wastes (million fresh -, (million fresh -,
availability availability
tonne) tonne)
Rice straw 2.74 71 3.88 100
Rice husk 0.36 61 0.59 100
Rice straw + husk 2.67 60 4.47 100
Forest logging wastes 0.35 16 2.13 96
OPF 1.42 20 6.92 97
OPT 3.55 20 17.00 95
OPF + OPT + EFB + PPF 8.20 20 38.15 95
PPF 1.22 21 5.42 95
EFB 2.01 21 8.93 95
EFB + PPF 3.23 21 14.35 95
Plywood wastes 0.45 34 1.22 92
Plywood wastes + Saw 074 3] 216 90
dust
Saw dust 0.32 30 0.88 83
Rubber logging wastes 0.04 8 0.34 77

Annex E: Moisture content of biomass wastes

Average weight of moisture content

Biomass %

Rice straw (1 333
Rice husk (2 13.5
Rice straw & rice husk (1 &2 33.2
Forest logging wastes (3) 20.0
Oil palm frond (OPF) ) 64.0
Oil palm trunk (OPT) ) 85

OPF, OPT, EFB, PPF () 67.3
Palm pressed fibre (PPF) (4 28.5
Empty fruit bunch (EFB) @) 60.0
EFB & PPF (4 48.1
Plywood mill wastes (s 17.0
Plywood mill & Sawmill (s & 6) 13.1
Saw dust (s 8.2
Rubberwood logging wastes (7 68

(Source: (1) Chen, Pen, Yu & Hwang (2011); (2) Shafie, Mahlia, TMasjuki & Ahmad-Yazid (2012); (3)
McKendry (2002); (4) Elbersen, Meesters, & Bakker (2013); (5) Aydin, Colakoglu, Colak, & Demirkir
(2006); (6) Miskam, Zainal & Yusof (2009); (7) Sik, Choo, Zakaria, Ahmad, Yusoff & Chia (2010).)

Annex F : Annual CEPCI indices

Year Chemical Engineering Plant Cost Index (CEPCI)
2008 575.4
2009 521.9
2010 550.8
2011 585.7
2012 584.6
2013 567.3
2014 576.1
2015 556.8

(Source: The Chemical Engineering Plant Cost Index (2018))
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Annex G: Data & calculation of Location factor

Currency exchange rate

Year 2003 3.8000 Location factor Year 2003 Southeast Asia
Year 2015 3.9399
Calculations:

Location factor for Malaysia Year 2015
=1.12 % (3.9399/3.8)
=1.16

(Source: Towler & Sinnott (2013); Accountant General’s Department of Malaysia (2016).)

Annex H: Liquid biofuel yield based on two major conversion processes
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Fischer-Tropsch Liquid fermentation

Conversion processes

(Source:

(1) Prins,Ptasinski & Janssen (2005)

(2), (4), (6),(7) & (9)Broust, Girard, & Van de Steene (2013)
(3)* & (8)* AMIC (2016).

(5) Humbird et.al. (2011)

*Ratios applied in the study.)
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Annex I: R code to establish variability of crude oil prices

> LinearModel.2 <- Im(USD.metric.tonne ~ [(Month*0), data=Dataset)
> summary(LinearModel.2)
Call:
Im(formula = USD.metric.tonne ~ I(Month * 0), data = Dataset)
Residuals:

Min 1Q Median 3Q Max
-386.53 -137.48 -37.62 188.27 433.05
Coefficients: (1 not defined because of singularities)

Estimate Std. Error t value Pr(>|t|)

(Intercept) 540.78  13.16 41.09 <2e-16 ***
I(Month * 0) NA NA NA NA

Signif. codes: 0 '***'(0.001 '**' 0.01 '*' 0.05".'0.1"'"'1
Residual standard error: 176.6 on 179 degrees of freedom
(24 observations deleted due to missingness)

> #Calculate R-Squared LinearModel.2

> 1-(deviance(LinearModel.2)/sum((Dataset$USD.metric.tonne-
mean(Dataset§USD.metric.tonne))"2))

[1710

> predict(LinearModel.2, newdata = new.dat, interval = 'prediction’, level=0.95) #
for 95% confidence
fit Iwr upr
1 540.7792 191.3652 890.1931
> predict(LinearModel.2, newdata = new.dat, interval = "prediction’, level=0.68) #
for 68% confidence
fit Iwr upr
1 540.7792 364.1996 717.3587
> #Calculate R-Squared LinearModel.2
> 1-(deviance(LinearModel.2)/sum((Dataset$USD.metric.tonne-
mean(Dataset§USD.metric.tonne))"2))
[1]0
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Annex J: Distribution of biomass moisture content (%) and landscape
fragmentation in edge density
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(Adapted from: Ong et al. 2020)
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Abstract

The fast-growing energy demand in Southeast Asia and price volatility of fossil fuel is driving the industries
such as aviation sector to replace with alternative fuel. Currently, the focus of biofuel is to valorize residues
resources as feedstock. In Malaysia, it is estimated around 168 million tons of biomass wasted annually.
These resources are greatly useful for biofuel production. Nevertheless, the major barrier is the transportation
of these biomass residues due to the geographically dispersed distribution. Using GRASS GIS as tool, this
study aims to develop transport cost model to assess feedstock availability and location for biofuel refinery in
Malaysia. The study found that there is no cost-efficient location to use multi-biomass sourcing strategy in
Malaysia. To optimise production cost of biofuel refinery, multi-plant approach is more strategic given that
two locations were found able to access significant amount of biomass residues at reasonable supply cost with
annual availability up to 21.7 million tons. These resources include rice stalk and oil palm trunk. This model
can be used to estimate biomass supply cost and quantity to aid decision making on location and capacity of
biofuel refinery establishment in Malaysia.

© 2016 Published by Burapha University.

Keywords: biofuel; transport cost; modelling; logistic; GIS; bio-refinery; location; Southeast Asia; Malaysia.
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1. Introduction

Biofuels is expected to become the major alternative energy to replace fossil energy sources (Valencia,
2014). Their renewability and sustainability insure some environmental and sociological services such as
energy security, rural areas development and a lower greenhouse gases emission. These environmental
considerations added to the current variability of the oil price leads to an increased interest by the industries,
such as the aviation industry.

Southeast Asia is having the fastest growing demand for biofuel, although the expansion of new crops is
very limited in the region (Roda et al., 2015). In Malaysia, there are abundance of biomass waste (Tye, 2011),
it is estimated that around 168 million tons of biomass are annually wasted (Rodaet al., 2015). The availability
of these resources can be valorize for biofuel production.

Studies about bioenergy production had found that the logistic variable such as transportation, collection,
and storage have substantial impact on its economic feasibility (Iakovou et al., 2010). Due to high reliance to
biomass feedstock, the major portion of the production cost is stemming from the biomass transportation
(Caputo 2005; Kudakasseril et al, 2013 & Reeb et al., 2014). The cost to deliver the biomass to its facility can
range from 35% to 50% or more (Allen et. al. 1998 & Kumar et. al. 2006). This issue had posed a dilemma
for biofuel refinery, although economies of scale can lead to reduction of production cost, however this will
demand more bulks of feedstock which require greater haulage and directly increase the transportation cost
(Leboreiro 2011). Thus, it is vital to minimize the transportation cost. To achieve this, the bio-refinery should
be placed at the location where it can access the sources at optimized cost and quantity.

Nevertheless, in Malaysia the complexities arise and affect the accessibilities when spatial structure of the
resources differs greatly in terms of centrality and dispersion (Rodrigue 2013) as well as residues production
density. To be able to take these factors into account, it was found that GIS (Geospatial Information System)
modelling is pertinent to such conundrum and had been used in many related studies. These GIS applications
were addressing subjects such as biomass availability assessments (Ranta, 2005; Batzias et al. 2005; Kinoshita
et al. 2009 & Viana et al. 2010), location and cost analysis (Panichelli 2008), biomass potentials and
environmental impact (Fiorese 2010) and impact of topography features to transportation cost (Sultana 2014).
Furthermore, there are spatial models specially proposed for processing facilities network design (Kim et al.
2011), logistics cost evaluation (Graham et al. 2000, Larson et al. 2010) and decision support system
(Voivontas et al. 2001) of bioenergy plant establishment.

Existing studies based in Malaysia are very limited and only founded on selected feedstock and location
(Reeb et al., 2014 & Shafie et al., 2014). To address the lack of information and aiming to minimize major
cost for biofuel industry in Malaysia, this study will assess the geo-location factor and availability of biomass
residues within the region to develop the transport cost model for biorefinery plant.

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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2. Material and method

This study aims to construct and apply a computation method for biomass transport cost for biofuel refinery
through road transport network. The biomass resources focused in the study are primary residues from four
major biomass sources in Malaysia including logging residues from forest, oil palm trunk (OPT) from palm oil
plantations, rice stalk from paddy field and rubber wood logging residues from rubber plantations. Within the
context, the study intends to identify ideal bio-fuel refinery location utilizing these resources in Peninsular
Malaysia with cost-effectiveness perspective.

This methodology is developed through the following four phases with GRASS GIS program as the tool.
2.1 Study area and potential sites

The study area is the Peninsular Malaysia which constitute around 13 million hectare of land masses
between Andaman Sea and South China Sea. The area of the land is divided into “pixels” where each side of
the pixel square is approximately 63 meter. The candidates for selection of biofuel refinery sites are town/city
from 89 districts in the peninsula.

2.2 Travel distances & transport cost simulation

From previous study (Deprés & Roda, 2015), the distance coefficient was calibrated through regression
& GRASS tool where within each pixel of road contains 0.07 km (kilometre) and off-road'=0.14 km. These
coefficients are embedded into each pixel on the peninsula map as friction map and is used as the base layer to
calculate distances between different geographic locations as shown in Figure 1.

M Off-road

W Road

Figure 1. Friction map

Using r.cost tool in GRASS, the cumulative distance map can be created. As shown in Figure 2 one of the
pixel is regards as the destination and the remaining pixels are containing continuous values of distance to
reach the pixel of district.

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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Distance (km)

B Town/city

(Kuala Lumpur) [@ -

Figure 2. Distance map layer of city in district of Kuala Lumpur

Using a set of transport cost linear equation from previous study (Roda,2015) in Table 1 the distance map
layer is used to create 4 sets of transport cost map layers for the 89 town/city. The distance map layer is insert
into the GRASS GIS calculator — r.mapcalc according to the equation and produce a new layer of transport
cost map. For example, as shown in Figure 3.

Table 1. Transport cost equation for 4 types of truck

Truck size (tons) Transport cost linear equation

1 MYR/ton = distance (km) x 1.88657771 + 132.004442
3 MYR/ton = distance (km) x 0.672738734 + 69.0615618
10 MYR/ton = distance (km) x 0.258860505 + 49.3286760
26 MYR/ton = distance (km) x 0.193541212 + 39.5358461

Notes: The linear equation is approximated with regression using data collected from logistic companies in Malaysia.
Source: Roda, 2015.

Transport cost
(MYR/T)

&
100 |
|

B Town/city
(Kuala Lumpur)

ajol il

Figure 3. Transport cost map layer for Kuala Lumpur using 1-ton truck

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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2.3 Biomass residues production and biomass transport cost

The sources of feedstock included in the study are biomass residues from forest and major crop of
Malaysia agriculture industry. The annual residues production of these biomass is listed in Table 2. Prior to
biomass transport cost (BTC) computation, these residues are quantified into production density based on area
of pixel. The equations for the calculation are as below and the residues production density is in Table 2.
Using r.mapcalc, the area of forest, palm oil, paddy and rubber are attributed with the residues production
density by multiplying the biomass map with the residues production density. The geographical distribution of
each biomass is illustrated in Figure 4.

o Area per pixel (m?/pixel) = Total area of crop (m?)/Total pixels of crop
e Residues production per area (ton/ m*/'year) = Annual residues production per year/ Area per pixel
e Residues production density (ton/pixel/year) = Residues production per area * Area per pixel

Table 2. Annual residues production from four major primary sources in Peninsular Malaysia

Annual biomass residues Fresh matter Residues production density
illion ton/year’ ton/year/pixe

production Milli n/ n/yeat/pixel

Logging (Forest) 1.83 0.14333

Oil palm trunk (Palm oil) 17.80 2.69823

Rice stalk (Paddy) 3.90 6.60222

Logging (Rubber) 0.45 0.25819

Total 23.98 -
e . ] Residues production density
¢ bt (Ton/year/pixel)

i . Logging (Forest) 0.14333
& [ Logging (Rubber) 0.25819
[l Oil Palm Trunk 2.69823
5 [ Rice stalk 6.60222
Forest Rubber
v v
A
” -
S veR Y
3 L3
RE AT Sy
Palm oil %z‘ Paddy

Figure 4. 4 biomass residues density maps

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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With biomass residues density map layers in Figure 4, each layer are multiplied with the 4 sets of transport
cost map using r.mapcalc. Subsequently, BTC map layer as shown in Figure 5 is obtained as the result of:

e Biomass transport cost (MYR/z ton) = Residues production density (ton/year/pixel) x Transport cost
(MYR/ton) where 7 is the residues production density for each crop.

Each pixel of the BTC map contain MYR/n ton of transporting the biomass residues to the designated
town/city.

2.3.1 Multi-biomass transport cost

In addition to BTC based on each single source, the possibilities of multi-biomass supply is also explored
in the study. To calculate the BTC for multi-biomass, the four biomass residue density maps in Figure 4 are
combined together using r.patch in GRASS, the output is as shown in Figure 6. The multi-biomass transport
cost for each town/city is then computed using the procedures described in Section 2.3.

Biomass transport cost
MYR/n ton

100

T

150

B Town/city

(Kuala Lumpur)

Figure 5. Biomass transport cost map of 1-ton truck to Kuala Lumpur

Residues production density
(Ton/year/pixel)
. Logging (Forest) 0.14333
[ Logging (Rubber) 0.25819
. Oil Palm Trunk 2.69823
[ Rice stalk 6.60222

Figure 6. Multi-biomass map

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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2.4 Data extraction and sites selection

With the steps performed in previous sections, a database is created containing sets of map for further
exploration. Firstly, the sum of BTC and multi-BTC maps for each town/city are collected. This is done by
r.univar - a tool that calculate statistics from non-null cells of raster’ map. The city/town which have the
minimum sum of BTC are identified. In the cost-effectiveness perspective, the identified city/town are the
optimal location for transporting the particular biomass, as shown in Figure 7.

mass residues Optimal location

ging (Forest) Gua Musang, Kelantan

palm trunk (Palm oil) ~ Jempol, Negeri Sembilan

X Gua Musang > stalk (Paddy) Yan, Kedah
ging (Rubber) Bentong, Pahang
ti-biomass Temerloh, Pahang

X Jempol

Figure 7. Optimal location for biomass & multi-biomass

To further study the location and strategy for biofuel refinery sites, the data of transportation cost and
biomass availability need to be further scrutinized. In order to extract and organize the data, several steps are
done in GRASS. Firstly, the transport cost map layers of the 5 optimal locations are categorized into zone by
interval of MYRS50. This can be done with r.reclass. As only location with biomass are considered as pixels
of origin, the reclassified transport cost map layers are treated in r.mapcalc to include only area with biomass.
These layers are acting as the zonal maps to read and compute the statistics data of their corresponding maps
of transport cost, biomass transport cost and biomass residues density. The analogy of the zonal map is
illustrated in Figure 8.

With the data collected using r.univar, cumulative unit cost (CUC) for each optimal location of biomass
are calculated with the equation below. The CUC is used as indicator for comparison and examine zone by
zone using scatterplot to explore the feasibility of biofuel refinery location.

BTC; 3
Cumulative unit cost; g(MYR/T) = Ti
onnageg

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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where,

L denotes location of the optimal site
B denotes type of biomass residues

z denotes number of zone

BTC denotes biomass transport cost of each zone
Tonnage denotes the tons of biomass residues of each zone

>

Chonburi, Thaile

a) Reclassified transport cost map
of 3-ton truck to Gua Musang

b) Zonal map of transport cost for 3-ton truck to Gua
Musang which include only pixels of forest
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c) Forest residues density map

" .

d) Transport cost map for 3-ton
truck to Gua Musang

.

d) Biomass transport cost map of
Forest residues using 3-ton truck to
Gua Musang

Statistic data of map (c), (d), (e) are calculated separately based on every zone in map (b) and pixels with value=0 in (b) will not be
calculated. This is done by r.univar in GRASS.

Figure 8. Analogy of zonal map and statistical data computation

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows

and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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3. Result and discussion

The following graph in Figure 9 shows an overview of CUC for each optimal location with its
corresponding biomass using 1-ton truck. With MYR250/ton as the threshold, rubber residues to Bentong
have the least biomass availability of only 0.037 million tons (milT), followed by forest residues to Gua
Musang at 0.16 milT, multi-biomass at 1.8 milT to Temerloh, oil palm trunk (OPT) to Jempol at 2.3 milT and
all paddy residues at 3.9 milT can be transported within MYR250/ton. Based on the ranking, forest and rubber
residues are expensive to transport and with little availability thus not the suitable feedstock for bio-refinery in
peninsula.

Furthermore, the biomass availability for three remaining options is organize in following Table 3. Paddy
residues to Yan appear to have cheapest transport cost contributed by geographically concentrated location of
paddy field in the peninsula and high residues production density. OPT have the advantage of highest residues
availability at up to 17.8 milT, to utilize OPT larger truck size can be used to enjoy the economy of scale.

MYR/T Cumulative unit cost & Cumulative tonnage - 1T
800.00

700.00
600.00
500.00
400.00
300.00 5
200.00 ’
100.00

0.00

25.00

Millions tpr

Figure 9. Cumulative unit cost and tonnage for each optimal location

Table 3. Cumulative unit cost to transport 100% of biomass residues to optimal location

Biomass residues Optimal 1-ton truck 3-ton truck 10-ton truck ~ 26-ton truck
location (MYR/ton)  (MYR/ton) ~ (MYR/ton)  (MYR/ton)

Rice stalk (Paddy) Yan 238.60 97.28 50.05 38.89

Oil palm trunk (Palm oil) ~ Jempol 571.95 22594 109.69 84.67

Multi-biomass Temerloh 639.19 249.92 118.92 91.57

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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Mullti-biomass is more expensive and complex, to further explore multi-feedstock strategy Yan is used as
the location for comparison as it has the potential to use multi-biomass given the advantage of high residues
production density. From statistic data collected using r.umivar, the tonnage of each zone and average
transport cost of each zone is plotted in graph as shown in Figure 10.
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Figure 10. Residues tonnage and average transport cost of each zone for 1-ton truck

From Figure 10, it can be seen that the accessibility for multi-biomass in Temerloh, rice stalk in Yan and
OPT in Jempol have consistent pattern where the tonnage consistently increases at first few zone before it
goes erratic. This is because the optimal location is situated in location surrounded with the particular
biomass. Furthermore, graph of multi-biomass to Yan and OPT to Yan are sharing same pattern. This is
because OPT comprise 74% of total biomass. Although Temerloh have the lowest transport cost to get multi-
biomass, it is actually not the best place as the cost is mainly attributed by cost of OPT.

1. Off-road refers to forest massif without road. The coefficient 0.14 km is the result of regression between distance from road points to
points inside massif and direct line. 2. Raster map is is a data layer consisting of a gridded array of cells. It has a certain number of rows
and columns, with a data point (or null value indicator) in each cell (GRASS GIS Manual).
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4. Conclusion

From the findings in Section 3, paddy residues and OPT appears to be the most accessible primary residues
for biofuel refinery with significant quantities and reasonable cost. The former have the advantage of high
residues production density and concentrated geographical distribution, the latter have the advantage of
abundance quantities. Forest and rubber have little biomass availability and are not economical to transport.
Moreover, the finding also suggests that there is no best location to transport multi-biomass. This result
recommends to use multi-plant strategy optimizing paddy residues and OPT with each plant focus on using its
most accessible resources.

The result also shows that the location of biorefinery have vast impact on accessibility to biomass and the
transportation cost. Using this model, the feasible size of input capacity and major operating cost for
biorefinery location can be estimated. This is very useful to logistics planning, cost-efficiency management
and vitality of biorefinery facilities establishment in Malaysia. Further study will include more criteria such as
sustainability, socio-political factor, energy conversion factor, bulk density and to take into account secondary
biomass residues for more detailed analysis.
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Cost Analysis and GIS-Modelling for the
Production of Biofuel from Lignocellulosic
Biomass in Biorefineries in Peninsular Malaysia

Brenna Jia Tian Chen'2?, Chu Lee Ong'?* and Juliette Babin*

The global production of aviation fuel, particularly Kerosene Jet A-1, has a market presence of 302.8
billionlitres per year, of which Malaysia consumes up to 3 billion litres per year. The pressure from
increasing fuel demand and commitment to reducing CO2 emissions has led to the use of biofuels as
possible alternatives. Malaysia possesses a relative abundance of lignocellulosic biomass residues and
thus, has much potential in biofuel development. In this work, Geospatial Information System analysis
was used to obtain the geo-location biomass supply cost and was then simulated with non-linear cost
estimation modeling for biorefinery production. The spatial analysis suggested that paddy and oil palm
trunk could offer significant feedstock volumes at reasonable costs while biomass to fuel conversion
pathways comparison showed that an “alcohol to jet” route was more feasible among all the alternatives.
The simulation results indicated that the production cost of a bioethanol refinery had high variability
due to the geographical heterogeneity of the lignocellulosic biomass resources. At the optimal location
of paddy residues, utilising rice stalks was substantially cost-efficient compared to other biomass. The
lowest range of relative production cost was achieved at RM359.11 — RM726.41/million tonnes per
annum at an input capacity of 1.28 — 2.63 million tonnes. Conversely, using oil palm trunks in the same
location gave a much more expensive relative production cost of RM472.23 — RM986.63/million tonnes
yearly with only 0.40 — 1.03 million tonnes of input capacity. This model was able to suggest location
strategies and cost estimations for biorefineries in Peninsular Malaysia. It is hence, useful as a decision
and policy making tool for the implementation of biorefineries for aviation uses.

Key words: Sustainable, biomass, biorefinery, Geospatial Information System, information processing,
computation analysis, Technology, aviation, economy of scale, biofuel, transport cost,
modelling, logistics, location, Southeast Asia, Malaysia

INTRODUCTION

The global production of aviation fuel, particularly Kerosene Jet A-1 has a market presence of 80 billion gallons, or
302.8 billion litres per year. In the United States alone, 83.3 billion litres of aviation fuel per year is refined (Davidson
et al. 2014). Of this, 12% is used in the military and 88% is used in commercial flights, with North America having
the highest rate of consumption of ca. 102 billion litres. Asia and Russia combined has a fuel consumption of ca.
61.2 billion litres (IATA 2011). Malaysia itself consumes up to 3 billion litres of kerosene jet fuel per year, which
accounts for only close to 0.01% of the global aviation usage (US DOE 2016). Countries such as Malaysia, with
its high biodiversity due to its equatorial climate, boasts a large potential to develop and produce alternative fuels
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for its transportation industry. Currently, the aviation industry contributes to around 2% or 705 million tonnes (of 36
billion tonnes) of global man-made CO2 emissions. On top of this, it has been forecasted that the aviation industry
will double in terms of air traffic in the next 15 years. Aviation associations such as the International Air Transport
Association (IATA) has committed to a set of standards as follows:

* Improve fuel efficiency by 1.5% annually,on average, from 2009 to 2020
* Achieve carbon neutral growth (CNG) from 2020
* Reduce net emissions of CO2 by 50% by 2050, from 2005 levels.

These however, create opportunities and speed up the development of “green” fuel (also known as biofuel) as an
alternative solutions. Malaysia, with an estimated 168 million tonnes of biomass waste annually, has great potential
in biofuel production.

MATERIALS AND METHODS

The study was a combination of two methods. One of the methods used GRASS GIS to perform spatial analysis with
data containing land use information acquired by satellite. Massive parallel computing algorithms were performed in a
high performance computing station to simultaneously process agronomic, economic and geographic information for
117 million spatial units. Each unit was a quasi-square of approximately 63 metres wide. With statistical programming
and a nonlinear modelling cost curve method, the biofuel production data from literature and industrial reports were
combined with the geo-location biomass supply costs derived from spatial analysis to simulate the cost estimation
modelling for biorefinery plants.

RESULTS AND DISCUSSION

Taking into account the spatial location and residue production density of forests and crops in Peninsular Malaysia,
each biomass source has its own optimal location with respective supply cost structures. Two sources of biomass
residues offer the cheapest supplies for biorefineries in Peninsular Malaysia using 1-tonne-truck supplying.

* Paddy residues with an annual availability of 3.9 million tonnes and supply costs culminating at RM430.25/
tonne at its optimal location - Yan, Kedah.

* Oil palm trunks with an annual availability of 17.8 million tonnes and maximum supply costs culminating at
RM571.95/tonne at its optimal location - Jempol, Negeri Sembilan.

Other resources such as forest and rubber primary residues were limited (1.8 & 0.45 million tonnes respectively)
with high maximum supply costs. Multicrop-sourcing (primary residues of forest, paddy, rubber and oil palm trunk)
had a total availability at 22.2 million tonnes per year with a maximum supply cost of RM639.19/tonne at the optimal
location - Temerloh, Pahang. However, the major quantities of multicrop-sourcing were from oil palm trunks (74%)
and paddy residues (16%). This suggested that having a single bio-refinery with multicrop-sourcing was not feasible
in Peninsular Malaysia. With a multi-plant strategy at its optimal location, each crop source allowed an optimal
refinery location with cheaper supply costs. This implied that several biorefinery plants could be considered for
Peninsular Malaysia.

While there are several means of biomass conversion and fuel upgrading pathways, only a handful of these are
able to handle lignocellulosic or carbohydrate-based feeds. Two pathways that have been gaining traction for such
feeds are the “Direct Sugar to Hydrocarbon” and “Alcohol to Jet” routes. The highlighted feedstock from the study,
both paddy and oil palm trunks could be fed into either of these process to yield a certifiable drop in kerosene grade
fuel.

Preliminary studies on the production costs of biorefineries suggested that an “Alcohol to Jet” route was a feasible
option for the process of biofuel production in Malaysia. The cost of producing bio-alcohols such as bioethanol is
established in literature and commercial operations. Thus, this study used this pathway as the means to compute the
production cost of biorefinery plants.
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Results from the spatial analysis were simulated with a cost estimation model to produce biorefinery production
costs using a 1-tonne-truck supply cost scenario, and rice stalks and oil palm trunks as biomass feedstock at
their optimal locations. The computation showed that the production cost of the biorefineries had high variability
corresponding to the mill locations due to the geographical heterogeneity of the lignocellulosic biomass resources.

* At the optimal location of paddy residues, utilising rice stalks were substantially more cost-efficient compared
to utilising other biomass. It achieved the lowest range of relative production cost at RM359.11 — RM726.41/
million tonnes per annum at an input capacity of 1.28 — 2.63 million tonnes. Conversely, using oil palm trunks
in the same location gave a much more expensive relative production cost at RM472.23 — RM986.63/million
tonnes yearly with only 0.40 — 1.03 million tonnes of input capacity.

At the optimal location of oil palm trunks utilising oil palm trunks, a lower cost range of relative production
cost at RM370.53 — RM690.93/million tonne annually at an input capacity of 1.13 — 4.82 million tonnes was
achieved. Using rice stalks at the same location was significantly inefficient at the relative production cost of
RM775.94 — RM1466.18/million tonnes annually with only 0.05 — 0.78 million tonnes of input capacity.

In the case of a biorefinery location at Yan, Kedah; the relatively optimal costs to use rice stalks was between
an input capacity of 0.48 to 3.88 million tonnes at costs ranging from RM368.92 — RM999.63/million tonnes and
RM603.44 — RM881.26/million tonnes. On the other hand, using oil palm trunks at Yan, the relatively optimal costs
ranged between an input capacity of 0.21 to 2.86 million tonnes at costs ranging from RM486.23 — RM1365.61/million
tonnes and RM732.19 — RM1045.37/million tonnes. The mill size beyond this capacity was too costly.

The high variability in the production costs stemmed from the location of the mill due to the geographical
heterogeneity of the biomass resources. This showed that the location factor was the main determinant of the viability
and capacity of biorefinery plants in Peninsular Malaysia.

Table 1. Supply costs of the transport of 100% biomass residues to optimal locations

Bomass residues | Optimallocaton ot VS TS (Awimonean  (RWionean)
Logging (Forest) Gua Musang 575.59 227.24 110.19 85.04
Logging (Rubber) Raub 319.35 260.55 58.84 45.27
Oil palm trunk (Palm oil) Jempol 571.95 225.94 109.69 84.67
Rice stalk (Paddy) Yan 430.25 97.28 50.05 38.89
Multi-biomass Temerloh 639.19 249.92 118.92 91.57

Table 2. Relative production costs at minimum point in different locations

Relative Production Cost at Minimum Point
Biomass and location Lower Bound (LB) Upper Bound (UB) Capacity of LB Capacity of UB
RM/Mil ton/year RM/Mil ton/year Mil ton/year Mil ton/year
Paddy@Yan* 359.11 726.41 1.28 2.63
OPT@Yan* 472.23 986.63 0.40 1.03
OPT@Jempol* 370.53 690.93 1138 4.82
Paddy @ Jempol 775.94 1466.18 0.05 0.78

*optimal location
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Figure 1. Supply costs and tonnage to each optimal location with a 1-ton-truck
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Figure 3. Examples of travel distance, transport costs and biomass transport costs maps
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Figure 4. Annual biomass residues production and density
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Figure 5. Relative production costs (RPC) versus the capacity of biorefinery plants at the optimal location of paddy residues
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Figure 6. Relative production costs (RPC) versus the capacity of biorefinery plants at the optimal location of oil palm trunks

CONCLUSIONS
The model could estimate the production cost curves of biorefineries in different scenarios. The data indicated that
the geographical structure of the biomass resources in Peninsular Malaysia was the main factor in deciding the
optimal location of the biorefinery plants. Based on the simulation method used, the location strategy, input capacity

and production cost range of the biorefineries could be derived. This method is useful as a decision and policy
making tool for the implementation of biorefineries for aviation uses.
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Appendix C

Box C- 5 Cost Estimation of Biorefinery Plant in Peninsular Malaysia 2

In this case study, cost curve method is used to estimate the capital cost of a biorefinery
plant. Location of plant is assumed to be in Yan, Kedah with paddy and oil palm trunk (OPT)
as its respective feedstock.

Capital OPEX Productio
cost of n cost

*Assumption: Feedstock cost comprised of 80% of the total operating cost

With the estimation of capital cost of plant, operational cost is obtained as well as the relative
production cost of plant. Results were plotted as shown in Figure C-15 below:

1,500

1,400

1,200

1,000

Relative production cost (RM/T)

200 1§ . .
Optimal production costs from oil palm trunk residues

o 1 2 3 4

Biorefinery capacity (million T)

Figure C- 14 Optimal production costs from oil pal trunk residues and paddy residues
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Initial finding suggested that paddy is highly available in Yan, Kedah as compared to OPT.
Result above visualised the optimal production cost of biorefinery plant in single location with
two different feedstocks. When paddy is used as the feedstock, with the capacity of plant in
the range of optimal production cost from paddy, it gives a better promising production cost.
This is because production cost of plant is highly dependent on the location factor. Economy
of scale will be achieved if the biorefinery plant located at an optimal location with high
availability of specified feedstock. It is concluded that high variability of production cost in
Peninsular Malaysia is corresponding to the location of the biorefinery plant due to
geographical heterogeneity of biomass feedstocks.

Source: Chen, J.T., Ong, C.L, Roda, J.M., Centre of Excellence of Biomass Valorization for
Aviation, CIRAD-UPM-AMIC (2016)

This report presents the economic potential using 2,000t/d forest and oil palm plantation
biomass (OPF and OPT) as the feedstock for power generation with main focus on electricity
production. The proposed technology is a 27MW capacity direct combustion system with a 76%
efficiency comprising of a pre-treatment drying system, fluidised bed boilers for conversion
of biomass to heat and steam, and generation of electricity through extraction-condensing
turbine. The biomass feedstock with an assumed calorific value of 15.82MJ/kg with 16%
moisture content (dry basis) (Fiseha et al,, 2012). The direct combustion technology has a 30-
year plant life with investment cost of USD900/kW and USD1050/kW for boiler and turbine
respectively. The process, costing and financing information are presented in Table C-14. The
costing information was obtained through personal interview with a local biomass-to-power
industry stakeholder while the financing data are adopted from NREL report (Humbird et al.,
2012).
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Box C- 6 Location factor for biofuel plant

Biomass valorisation had been recognised as sources for renewable energy in recent
decades. Aiming at utilising biomass residues can avoid food price competition and land uses
change. Nevertheless, the major cost factor of biomass supplies lies in the transportation.

The geographical heterogeneity of biomass is illustrated in Figure C-19. Each type of biomass
has different spatial structure varying on the level of centrality and dispersion. Depending of
the point of mill location, the accessibility to a particular resource will differ greatly and will
significantly impact the transportation cost. In each diagram, Location | can access more
biomass areas with less distances compare to Location Il. The more distances are required;
the transportation cost would be incurred.
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Figure C- 18 Spatial structure of biomass resources (Rodrigue, 2013)

With Euclidean distance computation and taking into account the road network in Peninsular
Malaysia, the accessibility to forest, palm oil, paddy and rubber are shown in Figure 2. In each
graph, the best biorefinery location is the lowest cost location to access the particular
biomass. Contrary, the average location will require higher cost to get less biomass compare
to the best location. The best biorefinery location can access more numbers of biomass area
with less distances. In case of forest and palm oil, their spatial structures follow the patterns
in Figure C-19 (a) and (b) respectively. The accessibility curves of both show that the number
of biomass area are reached at accelerating rate from point of origin before its climax. For
paddy, its structure follows Figure C-19 (c). Its accessibility takes a terrace-liked curve. The
paddy area can be access at rapid rate for the first cluster and more distances are required
prior to reach next clusters, as shown by the plateau before the subsequent slope. Lastly, the
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spatial distribution of rubberwood residues is very scattered. Its accessibility graph always
increases steeply, implying that every rubber area required a distinct amount of distances to
reach.

Best biorefinery location Best biorefinery location

faverage biorefinery location

'Average biorefinery location

Forest residues Rubberwood residues
0 100 200 300 400 500 600 700 800 900 1000 0 100 200 300 400 500 600 700 800 900 1,000

% of available residues

Best biorefinery location
Best biorefinery location

laverage biorefinery location

faverage biorefinery location

Oil palm trunk residues Paddy residues
0 100 200 300 400 500 600 700 800 900 L000 0 100 200 300 400 500 600 700 80 900 L00

Supply distance (km)

Figure C- 19 Accessibility to biomass from ideal locations and KLIA

The geographical variability of each biomass resources will affect its supply cost structure
very differently. This suggests that the location factor has substantial impact on viability of
biorefinery plant. It is vital to evaluate carefully the location to establish biofuel plant.

Source:
Adapted from Chu Lee Ong, Juliette Babin, Jia Tian Chena & Jean-Marc Roda. (2016)
Designing model for biomass transport cost of biofuel refinery in Malaysia. Unpublished.

References:
Rodrigue, J.P., Comtois, C. and Slack, B., 2013. The geography of transport systems.
Routledge. pp.191.
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Abstract

In the context of climate change, sustainable biorefinery helps to mitigate carbon
emissions. This paper examines how landscape structure metrics allow us to bet-
ter understand the economics of agricultural and forestry wastes transportation. To
verify that the landscape structure plays a significant role, we quantify the fragmen-
tation of various lignocellulosic feedstock in Malaysia, as a typical tropical country.
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1 | INTRODUCTION

Sustainable biofuels and alternative fuels and energies may
help to fight climate change, by mitigating CO, emissions.

biomass nature. We use GRASS GIS to develop a series of transport cost maps, to
quantify feedstocks, to run various biomass transport simulations, optimize locations
of potential biorefineries, and to compute landscape structure metrics. We find that
the cost of 1 million tonnes feedstock increases by more than 4 USD/tonne for every
added unit of edge density (fragmentation index). It also increases by more than
6 USD/tonne for every added 100 km of average transportation. The average truck
size has also a strong nonlinear relation to the cost with —84 USD/tonne when chang-
ing from 3- to 26-tonne trucks. To our knowledge, this is the first paper to address
simultaneously fragmentation with the other classical logistic factors in a tropical
country like Malaysia. It has strong imp kers: the imp

of the landscape structure makes a seemingly abundant biomass not viable for biore-

ions for polic;

fineries if too fragmented compared to a much less abundant one, but more concen-
trated. It also implies that in tropical countries where the landscape is typically very
fragmented, multi-crop feedstocks could be considered for sustainable biorefineries.

KEYWORDS
biomass, bi 'y, feedstock,
supply cost, transport cost, wastes

residues,

When based on agricultural and forest biomass, their eco-
nomics depend on the landscape structure of the feedstocks.
Logistics and transport costs are particularly important for the
supply costs of bioenergy feedstocks. The industrial location of

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original

work is properly cited.
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biorefineries, their size, and economies of scale are critical. For
second-generation biofuels, lignocellulosic wastes may come
from forests and fields or processing units. The sourcing strat-
egy is then also a critical point. The economy of second-gen-
eration biofuels is therefore a multifactorial question. Since
Graham et al. (1997) and until very recently (Lee, Hashim, Lim,
& Taib, 2019; Morato, Vaezi, & Kumar, 2019), a lot of papers
tackled a few factors together through modelling or optimization
with GIS. Almost all papers discuss various concepts of trans-
portation distance, feedstock yield, and feedstock density or bulk
volume. Perpiiid et al. (2009) were the first to discuss also sourc-
ing strategies from multiple feedstocks, and Singh, Panesar, and
Sharma (2010) were the first to discuss truck size. Only Gan
and Smith (2011) and Torquati, Marino, Venanzi, Porceddu,
and Chiorri (2016) address the resource fragmentation, where
aresource is scattered throughout the landscape, and into many
fragments. Our paper is the first to address simultaneously all
these factors and to attempt to quantify the respective influences
of resource fragmentation, and classical logistic factors such as
biorefinery mill location, truck size, multi or single feedstock
sourcing, yield density, and transportation distance.

In all the literature, only a minority of papers also ad-
dress the same questions in tropical conditions: India
(Singh, Panesar, & Sharma, 2008; Singh et al., 2010),
Brazil (Uslu, Faaij, & Bergman, 2008), Mozambique (van
der Hilst & Faaij, 2012), Malaysia (Lee et al., 2019), and
Bolivia (Morato et al., 2019). Tropical conditions are very
important to consider for second-generation biofuels, be-
cause of the high primary productivity of the vegetation
under these latitudes. Yet, many tropical landscapes are very
fragmented, especially in Southeast Asia (Fritz et al., 2015;
Lesiv et al., 2018; Samberg, Gerber, Ramankutty, Herrero,
& West, 2016). Our paper is also the first to explore the
question of the spatial fragmentation in a tropical context,
and in Southeast Asia.

A few works explore biomass economics in Malaysia,

pecially regarding location optimization (Chen, Ong, &
Babin, 2017; Salleh, Gunawan, Zulkarnain, Shamsuddin,
& Abdullah, 2019; Shafie, Othman, & Hami, 2020). Tan
et al. (2018) optimize the location in Malaysia with assump-
tions that follow an American technical report. A few others
study the potential of Malaysia for biomass energy (Griffin,
Michalek, Matthews, & Hassan, 2014; Ozturk et al., 2017;
Suzuki, Tsuji, Shirai, Hassan, & Osaki, 2017). None of these
papers explore the question of fragmentation.

2 | MATERIALS AND METHODS

Peninsular Malaysia is an example of Southeast Asia land-
scape, with an intricate mosaic of land uses, and contrasted
elevations. It comprises 13 million hectares of landmass.
We used GRASS GIS (GRASS Development Team, 2018;
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Neteler, Bowman, Landa, & Metz, 2012) open-source soft-
ware on a 64GB RAM and 12-core computing station. The
workspace was a 10,870 by 10,822 cell raster, where a pixel
is approximately 0.4 ha (63 x 63 m). We obtained the land
use layers from the Department of Agriculture Malaysia
(2010). Our work considers distances, quantities of biomass,
landscape patterns, and costs. CO, emissions are not consid-
ered directly other than through transport distances and costs.

2.1 | Transport costs

‘We obtained the effective driving network from the Malaysia—
Singapore association of drivers (Malsingmaps, 2015). Any
location could be a candidate site for biorefineries. But we
simplified the possibilities by narrowing to the vicinity of
89 capitals of Peninsular Malaysia districts. We computed
89 transportation distance maps to the potential biorefin-
ery locations. We computed them with GRASS continuous
cost surface procedure ‘r.cost’ (Greenberg, Rueda, Hestir,
Santos, & Ustin, 2011). This procedure uses a ‘friction’ coef-
ficient. On the paved road network, we calibrated it with the
distances obtained from the Malaysia Singapore association
of drivers. We used a different friction for the pixels outside
the paved road. We calibrated it from 96 samples, where we
measured the distance of real mud tracks with Google maps
tools (Samimi, Rahimi, Amini, & Jamshidi, 2019). We then
identified a statistical correlation between crow-flight dis-
tance and track distances. We derived the off-road friction
coefficient from it, and we applied it for all off-road trans-
ports in the workspace (Table 1). We used another GRASS
procedure ‘r.mapcalc’ (Mitasova et al., 1995) to apply
Malaysian transport costs equations to the distance maps.
These equations give the transport cost as a function of trans-
portation distance and tonnage of the truck (Table 2; Roda
etal., 2012) which we obtained the transport cost maps as il-
lustrated by Figure 1. In Figure 1, the darker colour is farther
and more expensive, but the heterogeneity of the transport
network plays a role too; where there is no transportation
network the colour is very dark, and where there are various
roads, the colour is lighter.

2.2 | Feedstock quantification

We separated feedstocks into primary sources and second-
ary sources of lignocellulosic biomass (Seixas, 2008). The
primary sources are the harvesting biomass potentially avail-
able on the field. These biomasses are forest logging wastes,
rubberwood logging wastes, oil palm fronds (OPF), oil palm
trunks (OPT), and rice straw. The secondary sources are
processing residues potentially available at mills. These bio-
masses are rice husk, sawmill and plywood mill waste, empty
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TABLE 1 Friction coefficients

Friction
Paved-road friction

Off-road tortuosity

Off-road friction

Coefficient SE df R?
0.07 km/pixel 0.0005 31 9989
2.085 km of track/km 0.94 95 8188

of crow-flight
2.085 x 0.07 = 0.145 km/pixel

Note: The paved road friction is the ratio between the real-life road distance and the distance computed from
the pixelized road. We computed this ratio with statistical correlation between the official road distance of

Malaysia and our GIS workspace.

‘The off-road friction is the ratio between the real-life distances on off-road tracks and the crow-flight distance,
computed from the pixel distances (knight's move algorithm). The ratio is obtained from a real sample of forest
tracks where we measured the real tortuosity and real distances for 96 tracks.

TABLE 2 Trucking cost equation of four sizes in Peninsular
Malaysia

TABLE 3 Biomass wastes availability in Peninsular Malaysia

Truck size

(tonnes) Transport cost linear equation

1 MYR/tonne = distance (km) x 1.88657771 +
132.004442

3 MYR/tonne = distance (km) X 0.672738734 +
69.0615618

10 MYR/tonne = distance (km) x 0.258860505 +
49.3286760

26 MYR/tonne = distance (km) X 0.193541212 +
39.5358461

Note: The linear equations are fitted from data collected from logistic companies
in Malaysia.
Source: Roda et al. (2012).

MYR/tonne

FIGURE 1 This illustrative raster shows what would be the cost
to reach any pixel from a given point (here cost for 1-tonne truck)

fruit bunches (EFB), and palm pressed fibre (PPF). We used
the quantities of biomass published for Peninsular Malaysia
(Roda et al., 2015; see Table 3). To explore the quantities of
feedstock available per area in a raster workspace, we cre-
ated a variable ‘biomass yield’. For the primary sources, the
national average quantity per pixel was quantified. For the

Total Local
biomass biomass
availability® yield
Min Max
J— Tonne
Li i Million tonne/year ha~! year™
biomass wastes (fresh) (fresh)
Primary sources
Forest logging waste 1.83 2.65 0.44
Oil palm frond 7.12% 2.68
Oil palm trunk 17.80% 6.7
Rice straw 2.83 4.96 16.45
Rubberwood logging 0.20 0.70 0.64
waste
Secondary sources
Rice husk 0.51 0.67 65,555.56
Empty fruit bunch 9.40* 95,918.37
Palm pressed fibre 5.70* 58,163.27
Plywood mill waste 0.17 249 2,871.75
Saw mill waste 0.97 1.16 840.61

*Probable quantity.
Source: Roda et al. (2015).

secondary sources, the same was applied into average quan-
tity available per mill, or per pixel representing such mill.
Table 4 shows the steps to derive these values. Malaysia is
an equatorial country with limited seasonality. Except for
rice which is harvested twice a year, all feedstocks are pro-
duced all year long. To simplify, we consider only annual
production.

2.3 | Biomass transport simulation and
least-cost location

Transportation of biomass was obtained through the multipli-
cation of transport cost maps with waste density maps. This

152



ONG ET AL.

o T {

TABLE 4  Equations used to quantify biomass waste yield to tonne pixel ™" year™

Equations Unit
Step 1 Area per pixel = Total land use area of biomass/Total pixel cells of biomass ha/pixel
Step 2 Average annual waste yield per hectare = Average of annual waste available/Total land use area Tonne ha™' year"
of biomass
Step 3 Biomass availability = Average annual waste yield per area X Area of biomass per pixel Tonne pixel ™ year™

24 Rubberlogging waste Be
D Online ARTICQUE

FIGURE 2 Land use, amount of biomass by districts, and least-
cost locations in Peninsular Malaysia

procedure simulates the truck delivery of biomass contained
in each pixel to the potential biorefinery location. Each pixel
of the new map contained the biomass transport cost from that
pixel to the biorefinery location in MYR/pixel. The sum of
the values of each pixel under a given biomass category pro-
vides the total biomass transport cost to one specific location.
'With the GRASS procedure ‘r.report’ (Mitasova et al., 1995),
the total biomass transport cost of each biomass to each dis-
trict was computed. For each biomass, the district with the
lowest total transport cost was identified as the best possible
biorefinery mill location, and we named it ‘least-cost loca-
tion’. Several biomasses coming from the same crop (such
as rice biomasses or palm biomasses) share the same least-
cost location (Figure 2). We also created different sourcing

scenarios based on the least-cost locations as illustrated in the
discussion.

2.4 | Data extraction and quantification of
biomass transport cost

We created zonal maps based on general transport cost maps
of each least-cost location using the GRASS procedure
‘r.reclass’ and each zone categorized by intervals of MYRS50.
The areas without biomass were nullified with the GRASS
procedure ‘r.null’ and only areas with biomass were ac-
counted. With the GRASS procedure ‘r.univar’ and the zonal
map as inputs, we extracted the sum of biomass transport cost
and the sum of biomass tonnage within each zone. These data
were then calculated using Equation (1):

Biomass supply cost; %
X BIC esh tonne o)
= Z 2tz
& Tonnage, ’

where L denotes the location of the biorefinery, B denotes
the types of biomass waste, z denotes the number of the
zone, BTC denotes biomass transport cost of each zone
and Tonnage denotes the amount of biomass waste in each
zone.

The cost was converted from MYR into USD at the rate
of 3.94 MYR/USD (Accountant General’s Department
of Malaysia, 2016). The marginal cost curves of the best
potential mill location for each biomass category, using
1- and 26-tonne trucks, are established and used in the
discussion.

2.5 | Landscape structure metric as spatial
fragmentation index

The landscape structure is the arrangement of and rela-
tions between the parts or elements of the land mosaic,
and can be described through landscape metrics. To in-
vestigate the linkages between spatial fragmentation and
biomass transport cost, we needed to measure the spa-
tial fragmentation (Rodrigue, Comtois, & Slack, 2013)
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TABLE 5 Equations of the selected landscape metrics

Edge density = Z‘_.Au (10,000) ) k = patch type. It refers to the disjointed land areas (or patches) of a biomass category.
n = number of edge segments of patch type k. The edge segments are the pixels recognized
as the border of the patches of a biomass category.
e, = total edge length (m) in landscape involving patch type k. For a biomass category, k,
e, is the sum of edge length for all the patches of .
A = total landscape area (mZ). It refers to the land cover of the study area, in our case,
Peninsular Malaysia.
Unit: metres per hectare
Patch density = @ 3) Npuen = number of patches. It counts the total number of disjointed land area (or patches)
for a biomass category.
A = sampling area size. This refers to our study area — Peninsular Malaysia.
Units: Number of patches per square kilometre
“@ Procedure: double-count method ‘Clumpy’ from software ‘Fragstats 4.2°.
g;; = number of like adjacencies (joins) between pixels of land cover type (class) i.
&ix = number of adjacencies (joins) between pixels of land cover types (classes) i and k.

%hifor G2

Aggregationindex =9 9= for G, <P; P, 2.5
7,

%’TP‘ for G;<P;; P; <. (k = unlike cell adjacencies)
WithG,= ( 5 ) ! Each pixel is referred as a function of its neighbours, with neighbour i being a pixel of land
T\ T cover that belongs to the biomass category i, and neighbour k being a pixel of land cover

that does not belong to the biomass category i.

P; = proportion of the landscape occupied by land cover type (class) i. It is the number
of pixels for land cover of the biomass category i divided by the number of pixels of the
study area (Peninsular Malaysia).

Range: —1 < Aggregation index < 1.

Note: Interpretation: Edge density and Patch density: a higher value indicates a more fragmented spatial structure.
Aggregation index: The value is expressed in dimension-less unit, from —1 to 1. —1 is the most disaggregated state where cach patch is one isolated pixel, and 1 is the
most aggregated state where there is only one patch grouping all pixels of a biomass category.

TABLE 6 Spatial fragmentation metrics for biomass in Peninsular Malaysia

Spatial fragmentation metrics
Edge density Patch density (no. of Aggregation index
Category of wastes Biomass wastes (m/ha) patches per sq km) (procedure ‘Clumpy’)
From the field Forest logging wastes 3.2705 0.0064 0.9804
Oil palm frond (OPF) 6.0825 0.0610 0.9434
Oil palm trunk (OPT) 6.0825 0.0610 0.9434
Rice straw 1.1346 0.0341 0.9243
Rubberwood logging wastes 11.7165 2.1068 0.6407
From mills Empty fruit bunch (EFB) 0.2822 0.0034 0.6722
Palm pressed fibre (PPF) 0.2822 0.0034 0.6722
EFB and PPF 0.2822 0.0034 0.6722
Plywood and Saw mill 0.3425 0.0261 0.6757
Plywood mill 0.2990 0.0097 0.6794
Rice husk 0.2780 0.0018 0.7169
Saw dust 0.3364 0.0240 0.6725
From both OPF & OPT and EFB & PPF 6.0847 0.0618 0.9434
Rice straw and husk 1.1349 0.0342 0.9243

of land cover for biomass waste in Peninsular Malaysia. fragmentation, respectively, expressed by Equations
Many landscape metrics exist (Cardille & Turner, 2017; (2), (3), and (4) in Table 5 (GRASS Development
Haines-Young & Chopping, 1996). Among these met- Team, 2019; McGarigal, Cushman, & Ene, 2012). The
rics, ‘edge density’, ‘patch density’, and the ‘aggre- metrics for each biomass category was computed (see
gation index’ express various aspects of the spatial  Table 6).
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2.6 | Regression modelling and
variables included

‘We performed a series of regression analyses to understand
how to best describe biomass supply costs at any point of
the country, according to different combinations (linear and
nonlinear) of the factors. These factors are the transporta-
tion distance in km (A), the truck size in tonne (), the yield
of wastes in tonne/ha (£), the spatial fragmentation under
the form of edge density of the feedstock in m/ha (a), or
its patch density in number of patches/km® (), or its ag-
gregation index (y), and also the categorical origin of the
agricultural or forestry wastes (w). In all, 19 models were
analysed and compared (see Table 7). Their replicable equa-
tions are given in methodological annex (Annex A) under
the form of R code. These 19 models are not predictive mod-
els which require validation. They are descriptive models
meant to explore which structure and combination of vari-
ables best describe the observed biomass transportation cost
in Peninsular Malaysia. The best way to assess these models
is their Akaike information criterion (AIC) and their parsi-
mony. However, in the future, other research should ideally
validate the generality of their structures by exploring their
behaviour in other countries.

TABLE 7 Model selection to describe biomass supply cost

A 6 O ¢ In@)
Model Significance
Ml A0 0 0
M2 A, In(6) 0 0
M3 A, In(6), & 0 0 0
Mda A, In@), a 0 0
M4b A, In(0), p 0 0
M4c A, In(9), 7 0 0
M5 A, In(6), @ 0 0
Mé6a A, In@), ¢, a 0 0 0
Mé6b A, In0), & p 0 0 0
Méc A, In@0), & v 0 0 0
M7a A,In@), ¢ a0 0 0 ns
M7b A @), ¢ p 0 0 0 ns
MTc A In@), ¢ 0 0 0 ns
M8a A, In(0), In(¢),a 0 0 ns
M8b A, In(6),In(¢), 5 0 0 0.005
M8c A, In(@),In(6),y 0 0 0.01
M9a A, In9), a, @ 0 0
M9 A, In(), p, ® 0 0
M9c A, In0), 7, @ 0 0

3 | RESULTS

The first group of models (M1, M2, M3, M4a, M4b, M4c,
M6a, M6b, and Mé6c) presents low adjusted coefficients of
determination below 0.87, and relative standard errors above
22. None of them has simultaneously all the factors (distance,
truck size, waste yield, fragmentation, and origin of wastes)
in their structure. This suggests that all of these factors have
their critical importance in the determination of the supply
costs and should be included in the models.

The second group of models (M5, M7a, M7b, M7c, M8a,
M8b, M8c, M9a, M9b, and M9c) presents higher coefficients
of determination and lower relative standard errors. But a
number of them are less robust, with non-significant param-
eters (M7a, M7b, M7c, and M8a), or with less significant
parameters (M8b, M8c, M9b, and M9c), suggesting that their
specific combinations of the factors are not the best represen-
tation of the reality.

The two best models are M5 and M9a. M9a = f(Distance,
In(Truck), Edge density, Waste origin) has the highest ad-
justed coefficient of determination and the lowest relative
standard error among these 19 models. The model M5 has
satisfying performances while not describing any aspect of
the fragmentation factor: this could mean, according to the

[ S e
R RSE  df AIC
641 3695 1218 12274
667 3560 1218 12,183
682 3481 1217 12,129
698 3389 1217 12,063
0 677 3508 1217 12,148
0 856 2344 1217 11,164
0 896 1986 1215 10762
729 3211 1216 11933
0 694 3411 1216 12,080
0 865 2269 1216 11,085
0 898 1970 1213 10744
0.001 0 897 1982 1213 10758
001 0 897 1983 1213 10,760
0 898 1969 1213 10743
001 0 897 1979 1213 10754
001 0 .897 1980 1213 10,756
0 898 1969 1214 10742
0.001 0 897 1981 1214 10,756
001 0 897 1983 1214 10,759

Note: A, distance; 6, truck; &, biomass yield; a, edge density; 4, patch density; 7, aggregation index; a, waste origin; it is a categorical variable that either take the value

of “field’, ‘mill’, or ‘both’. ns, non-significant.
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rule of parsimony, that this fragmentation factor is not needed
to understand the structure of the costs. However, the AIC is
lower in the case of M9a. This confirms that the fragmenta-
tion factor has critical importance too, and needs to be in-
cluded and better understood. Thus, the model M9a describes
best the structure of the biomass supply costs in Peninsular
Malaysia. Table 8 provides its details and its reliability.

‘We find that the base supply cost is higher for the biomass
wastes originating from the mills (69.67 USD/tonne) than for
the wastes originating from the fields (63 USD/tonne). This
could contradict the intuition because mills produce propor-
tionally much more wastes per hectare. The fact that the mills
are relatively small in average, and are scattered all over the
territory, is the reason for the counterintuitive finding.

We find also that the fragmentation (edge density) of the
resource is extremely costly: A 1 million hectare feedstock
would see an increase of 4.16 USD/tonne for every added unit
of edge density. With a similar edge density as paddy fields,
the field size of such a feedstock would be of 950 ha in av-
erage and have a baseline supply cost of 67.16 USD/tonne.

TABLE 8  Biomass supply cost as a
function of transportation distance, truck

¥
5 st woeconcny

The same feedstock with an edge density similar to palm oil
plantations would have field size of 26 ha in average, inducing
a surplus of 20.8 USD/tonne for the supply cost. And with an
edge density similar to rubber plantations, field size would be
of 7.8 ha in average, inducing another surplus of 20.8 USD/
tonne for the supply cost compared to oil palm plantations.

The supply cost also increases in average by 6.78 USD/tonne
for every added 100 km of transportation distance. Conversely
and compared to a 1-tonne truck, the supply cost logarithmi-
cally decreases according to the tonnage, with —36 USD for a
3-tonne truck, and with —84 USD for a 26-tonne truck.

The scattered nature of the mills increases the supply cost, de-
spite the relatively high concentration of wastes in each mill. This
unexpected finding raises the question of whether this model sep-
arates correctly the fragmentation from the biomass yield. The
categorical variable ‘waste origin’ implicitly contains informa-
tion on the concentration of biomass yield per hectare since the
yields are immensely more concentrated in a mill than in fields.
It also contains information on spatial fragmentation since most
of the mills are scattered over the territory, which makes them

Model M9a: USD/fresh tonne = A + In(d) + a + @

size, fragmentation, and waste origin Coefficient
Parameter estimate SE t value Pr(>If)
A: Transportation 0.0678 0.002915 23.274 <2e-16%**
distance
In(6): In(truck size) —26.07 0458950 —56.805 <2e-16***
a: Fragmentation (edge 1.066 0.228711 4.662 0.00000348%***
density)
: Waste origin_field 63.06 1.974433 31.937 <2e-16***
: Waste origin_mill 69.67 1.451147 48.009 <2e-16%**
@: Waste origin_both 62.35 2.027559 30.750 <2e-16***
Note: Residual SE: 19.69 on 1,214 df.
Multiple R* .8986, Adjusted R*: .8981.
F statistic: 1,792 on 6 and 1,214 df, p < 2.2¢-16.
Significance codes: ***0; **#0.001; *0.01.
oitdmipprlly
size, fragmentation, and biomass yield Coefficient
Parameter estimate SE t value Pr(>ld)
A: Transportation 0.14624175 0.00376956 38.8 <2e-16%**
distance
In(6): In(truck size) —15.54994379 0.64271174 —24.19 <2e-16%**
a: Fragmentation (edge 3.81978851 0.26104091 14.63 <2e-16%**
density)
&: Biomass yield 0.00038155 0.00003234 11.8 <2e-16%**

Note: Residual SE: 32.11 on 1,216 df.
Multiple R% 7299, Adjusted R .729
F-statistic: 821.4 on 4 and 1,216 df, p < 2.2¢-16.
Significance codes: ***0; *¥0.001; *0.01.
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inherently a fragmented source of biomass. The examination of
models M7a and M6a which differ from model M9a by only one
variable, allows to clarify this point. Model 7a s the same as M9a
plus a variable on describing the concentration of biomass yield
per hectare. But this variable is not significant (see Table 7). In
model M6a, the categorical waste origin is replaced by the bio-
mass yield (see Table 9). It reinforces the apparent weight of the
fragmentation, which is three times more influential on the cost
structure. The truck size influence is lower but remains a crucial
factor, and the influence of the transportation distance impor-
tance is more than double. The yield of biomass, although being
significant, induces little supply cost variation. Altogether these
results demonstrate that the categorical variable ‘waste origin’
encapsulates relatively few information on the concentration of
yield per hectare, and more on fragmentation. However, the re-
gimes of fragmentation of fields and mills are so different that
they are not appropriately described by a single variable, as it is
the case in model M6a. They are better described by the categori-
cal variable ‘waste origin’. The relationships of the fi ion

Table 10 and Figure 3. The baseline scenario is set at 1 million
tonnes of biomass supply because this quantity is commonly
available from almost all Malaysian feedstocks. We assign to
it the fragmentation of the most common feedstock (oil palm
wastes). The most common trucks used for agriculture and bi-
omass transport in West Malaysia are 3-tonne trucks. 26-tonne
trucks are uncommon because this kind of trucks cannot reach
most of the fields. The best truck scenario is set at 10-tonne
truck and the worst with 1-tonne truck. The average distances
are computed by GIS for the baseline, best and worst scenarios
for 1 million tonnes of supply.

Among all the cost factors, the landscape fragmentation is
a heritage of geography, history, and long-term agricultural
policies. Biomass entrepreneurs cannot modify this fragmen-
tation, but they can act on the truck size factor. For example,
in the United States & EU, the trucks used for biomass are
always above 20 tonnes (Laitila, Asikainen, & Ranta, 2016;
Sosa & McDonnell, 2015; Teter et al., 2017). In Malaysia,
98.5% of b are very small (Department of Statistics

to the supply costs according to the origin of the wastes would
probably yield interesting results with nonlinear models, but it is
beyond the scope of this paper.

4 | DISCUSSION

4.1 | Respective impacts of supply cost factors
In a tropical country such as Malaysia, the biomass feedstocks
are heterogeneous and fragmented. The increase in biomass
supply cost with spatial fragmentation demonstrates that land-
scape structure can be as much critical for biorefinery eco-
nomics, as transport distances are (Ghaffariyan, Acuna, &
Brown, 2013; Reeb, Hays, Venditti, Gonzalez, & Kelley, 2014;
Tahvanainen & Anttila, 2011; Vijay Ramamurthi, Cristina
Fernandes, Sieverts Nielsen, & Pedro Nunes, 2014). Our re-
sults are the first to quantify the direct effect of landscape
structure on the transport cost. The fragmentation amplifies the
average transportation distance. This consequently amplifies
nonlinearly the effects of the size of the fleet trucks. The re-
spective impact of each factor can be measured with the model
M9a, and can be visualized by comparing to a base scenario
attainable for all feedstocks, of best and worst scenarios, in

Malaysia, 2017) and are extremely small if compared to
European standards (Gonzales, Hommes, & Mirmulstein,
2019). In general, 48% of truck traffics are light-weighted
truck, 33% and 19% are medium and heavy-weighted truck
respectively (see Table 11; Ministry of Transport Malaysia,
2019). In the agriculture and forestry sector, the most com-
mon trucks are 1-tonne trucks, while 10- to 12-tonne trucks
were used only by big mills (Roda et al., 2015).

Transport distance
(km)

+813.570nne |~$8.14%0nne
Truck size

(tonneftruck)
+$12.440nne [-$13.63nonne:

Fragmentation

(edge density in mha)) +$6.01/0nne |-$6.19/0nne

Biomass origin
(field or mil or both)

+86.61/0nne [-$0.71%onne

T T T T T
-60 -40 -20 0 20 40
Change of cost-effectiveness (%)
FIGURE 3 Impact of the main biomass supply cost factors in
Peninsular Malaysia. The baseline scenario is centred at 0%. The cost-
effectiveness increases when biomass supply costs decrease

TABLE 10  Supply scenarios in

Scenarios . .
Peninsular Malaysia
Parameter Unit Best Baseline ‘Worst
Transport distance km 180 300 500
Truck size tonne 10 3 1
Fragmentation (edge m/ha 11.7165 6.0825 0.278
density)
Biomass origin categories 62.347859 63.056592 69.66853

157



ONG ET AL.

| CEBr

TABLE 11 Five-year average (2013-2017) of truck traffic
composition at 14 selected stations

Light truck Medium truck  Heavy truck

Below 2 tonnes 2-10 tonnes Above 10 tonnes
48 33 19

Source: Ministry of Transport Malaysia (2019).

4.2 | International competitiveness of
Malaysian biomass

One criterion to assess the feasibility of any industry will-
ing to use Malaysian biomass would be to compare its local
cost with the price or cost of biomass available on the in-
ternational market. For example, we can compare with the
feedstock biomass costs in the United States or the densified
biomass costs exported by the United States on the interna-
tional market, Free On Board cost (U.S. Energy Information
Administration, 2020). We estimated a theoretical fresh bio-
mass FOB price based on Mani, Sokhansanj, and Turhollow
(2006) and Mani (2005) as a benchmark for ‘theoretical
FOB price’ (FOB export cost — densification cost).

I0ENERGY__ . IRV

Compared to the marginal cost curves of the best po-
tential mill location for each biomass category (Figures 4
and 5; Annex B), this kind of competitiveness benchmark
discriminates three groups of Malaysian feedstocks. These
groups are critical for the scale of the possible biorefiner-
ies, and for the choice of biofuel technologies. Wastes from
plywood and sawmills, forest logging, plywood mills, rub-
berwood logging, sawdust, and rice husk belong to the first
group. They could only supply much less than 1 million
fresh tonne/year at 50% of the international benchmark if
transported with 1-tonne trucks (Figure 4). However, they
could supply the total of their available wastes if trans-
ported with 26-tonne trucks (Figure 5). In the case of the
forest logging wastes, 26-tonne trucks access to most of
the forest tracks is hypothetical in actual Malaysian logistic
conditions. The second group is much more competitive.
These wastes are OPT, EFB, OPF, PPF, EFB + PPF, rice
straw, and rice straw + rice husk. They could supply from
1.2 to 3.5 million fresh tonnes/year at 50% of the interna-
tional benchmark with 1-tonne trucks (Figure 4), and from
5.4 to 17 million fresh tonnes/year at 15% of the interna-
tional benchmark with 26-tonne trucks (Figure 5). The third

5 o

NABLE BOKC

USDIfresh tonne.

FIGURE 4 Marginal supply cost

. Paim prossad ore (PPF)
7. i sraw & rcs sk
8

11 Pywood mit waste
12 Sawaust
13, Rlow husk

1.OPF, OPT,E7B & PPF
2.0 paim bunk (OPT)

3 EFB8 PP

s
5 Oipam rond (OPF) 10, Forost lopging waste

50% of theoretical FOB price

T
1x10°

curves of Malaysian fresh feedstocks:
1-tonne truck, with international benchmark

T T T 1 T T T
2x10° 3x10° 4x10° 5x10° 107 2x107 3x107 4x107

Fresh tonne/year

USD! fresh tonne

FIGURE 5 Marginal supply cost
curves of Malaysian fresh feedstocks:

6 Pampossod toro PPF) 1 wasto
7. o sraw & s husk.
8 Fico svaw

26-tonne truck, with international
benchmark

T T 1 T T T T
3x10° 4x10° 5x10° 107  2x107 3x107 4x107

T
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Fresh tonnelyear
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group, the simultaneous collection of all lignocellulosic
wastes from oil palm plantation or oil palm mills, is ex-
tremely competitive. It can supply 8.2 million fresh tonnes/
year at 50% of the international benchmark with 1-tonne
trucks (about 20% of Malaysian oil palm wastes, Figure 4),
and 38 million fresh tonnes/year at 15% of the international
benchmark with 26-tonne trucks (about 97% of Malaysian
oil palm wastes Figure 5). The specificity of this third group
is that it mixes wastes from the fields and wastes from the
mills. It implies that the mills could be used as collection
and pre-treatment point since they are already the collection
points of the Fresh Fruit Bunches. In these conditions, noth-
ing would prevent to add pre-treatment stages to dry and
densify the biomass prior to further transportation.

4.3 | Feasibility of consolidation,
collection, and pre-treatment of the biomass

In the hot and humid Malaysian weather, the actual prac-
tice is to transport quickly the biomass in fresh matter, to
avoid microbial degradation (Chico-Santamarta et al., 2011;
Hess, Wright, & Kenney, 2007; Larson et al., 2015;
Rentizelas, Tolis, & Tatsiopoulos, 2009; Saletes, Caliman,
& Raham, 2004). The low bulk density and the high mois-
ture content (see Annex C) of most of the bi reduce

trucks that would make sense with densification facilities.
Three different dry feedstocks emerge (see Figure 6). OPT
and rubberwood logging wastes which the fresh feedstocks
with the highest water content (Annex C). They form the first
group with either very little dry matter available or most of
it above 40% of the international FOB price for pellets. The
other oil palm wastes except for PPF (and OPT) form the
second group, with most or all of their dry feedstock above
17% of the international benchmark.

All the remaining wastes form the third group, with 100%
(or almost) of the dry feedstock below 17% of the interna-
tional benchmark. The most remarkable and the cheapest
among them are the wastes from plywood and sawmills (0.2—
0.8 million dry tonnes/year), and rice straw (0.8-3.3 million
dry tonnes/year).

4.4 | Policy implications

Altogether, these considerations have strong implications for
policymakers: the importance of the landscape structure may
make a seemingly abundant biomass not viable for biorefin-
eries if too fragmented, while a much less abundant one, but
more concentrated may be viable. This first implies that with
proper supply chain management and location optimization,
Peninsul ia biomass could supply a competitive bio-

Mal

the profitability of feedstock transportation. Since 26-tonne
trucks cannot access many of the tracks within the field (Roda
et al., 2015; Shafie, Masjuki, & Mahlia, 2014; Yusoff, 2019),
collection points would be needed for their large-scale use.
The exact cost of such facilities is beyond the scope of the
present paper, but an approximation of their supply cost can
be assessed against international benchmarks (we omit the
densification cost in Malaysia). We use international FOB bi-
omass pellet prices (USD162/tonne; U.S. Energy Information
Administration, 2020) as a benchmark for the supply of dry
feedstocks. We consider only the transportation by 26-tonne

fuel industry. There are enough quantities to sustain small or
medium mono-feedstock industries if their location is carefully
chosen. This also means that biomass studies in Malaysia and
countries with similar conditions should consider the design
and location of collection consolidation and pre-processing,
and hubs to connect small and medium stakeholders with big-
ger ones. The overall results of this study have also shown
that large multi-feedstock industries can be economically vi-
able. This means that in Malaysia and other tropical countries
where the landscape is typically very fragmented, multi-crop
feedstocks could be considered for sustainable biorefineries. It

26-tonne truck

f biomass pellet price

1. Pywond it wase
12 sawast FIGURE 6 Marginal supply cost
HE G kot curves of Malaysian dry feedstocks:
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poses new technological and economic implications, but these
are beyond the scope of the present paper.

5 | CONCLUSION

Fragmentation of the landscape is costly in tropical coun-
tries with complex mosaics of land uses, such as Malaysia.
The feedstock cost increases by more than 4 USD/tonne for
every added unit of edge density. In comparison, it increases
by more than 6 USD/tonne, but by every 100 km of added
average transport distance. These natural drawbacks could
be offset by organizing better logistic chains. From a fleet
of 1-tonne trucks, the cost decreases by —36 USD/tonne if
using 3-tonne trucks, and down to —84 USD/tonne if using
26-tonne trucks. But most of the biorefinery technologies
and solutions for agricultural and forestry wastes were de-
veloped in the rather uniform plains of North Europe and
North America. Our results mean that these technologies
and solutions cannot be just transferred to tropical coun-
tries with complex landscape mosaics. We demonstrated
here how the landscape structure, through the concept of
fragmentation, is a major determinant of biomass econom-
ics under the tropics. For policymakers, counterintuitive
situations may arise, such as seemingly abundant biomasses
may be less profitable if too fragmented while much less
abundant but more concentrated biomasses may be more
efficient. There may be other situations where multi-crop
biomass strategies are more profitable than relying on too
fragmented feedstocks. The concept of landscape fragmen-
tation has been mostly used in ecology, for edge effects and
other phenomenon. But our results suggest that fragmen-
tation of the landscape probably influences the econom-
ics of many activities dealing with agriculture and forest
resources, too. Methodologically, it would be interesting
to develop fragmentation metrics specifically designed to
capture economic aspects. Conceptually, it would also be
interesting to explore how multifactorial dynamics, such as
deforestation, are linked to pre-existing fragmentation and
change it.
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