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ARTICLE INFO ABSTRACT

Agricultural development policies can boost productivity and profits but also lead to adverse
consequences when natural resources are exploited unsustainably, particularly in systems
vulnerable to drought and climate change.

This study provides a novel, comparative upstream-downstream assessment of land-use evo-

Dataset link: GEE LULC Classification code and
dataset (Original data)

f;{véord& lution in Morocco's semi-arid Chichaoua region under national development policies, particularly
Random-forest the Green Moroccan Plan, by integrating multi-source remote sensing. Chichaoua offers a peculiar
Classification case where newly-cultivated land upstream of a historic irrigated area facilitates a straightfor-
Remote-sensing ward evaluation of policy-related land and water use changes. The upstream zone, previously
GEE unexploited, relies on boreholes, whereas the downstream area has historically depended on
National-policies natural springs for traditional irrigation. Utilising Sentinel-2 and Landsat imagery and ground

data from 2023, a Random Forest model was employed for crop-classification over 23-years
(~2000-2023), and land-use transitions were analysed through transition matrices. Total irri-
gated area doubled, increasing from ~2871 to ~6569 ha, but with stark contrasts between the
zones.

Upstream areas expanded by +4000 ha, featuring 22% cash-crops and 41% olive trees, while
downstream zones witnessed a 40% decline in olive cultivation. National policies offering grants
and improving land and water access are correlated with shifts toward cash-crop-focused farming
upstream, potentially fuelling productivity gains. However, this transformation appears to be
associated with reduced natural spring availability, potentially undermining traditional down-
stream agriculture. This dual impact highlights both the benefits of increased agricultural pro-
ductivity and the challenges of resource depletion and threats to traditional farming. The findings
reveal critical trade-offs between agricultural gains and environmental risks in vulnerable
regions.
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1. Introduction

Land Use/Land Cover (LULC) changes constitute a complex process with consequences for many ecosystems (Irwin and Geoghegan,
2001; Lambin and Geist, 2006; Tayyebi et al., 2014; Das and Das, 2024; Kanji and Das, 2025). These transformations, whether they be
as a consequence of urbanisation (Das and Das, 2022) or agricultural intensification, provide critical insights into human-environment
interactions (Mukherjee et al., 2024).

Of these transformations, agricultural land use changes, in particular, have a significant effect on the water cycle and water re-
sources. Groundwater depletion is most pronounced in regions of intensive agricultural land use, especially in semi-arid and arid areas,
where low recharge rates and surface water scarcity exacerbate the issue (Siebert et al., 2010; Rodell et al., 2018; Famiglietti and
Ferguson, 2021; Scanlon et al., 2023). Notably, major global food-producing regions like California's Central Valley, the Central US,
Northern India, Pakistan, and the North China Plain, have witnessed elevated levels of overexploitation rates of non-renewable
aquifers for irrigation purposes (Wada et al., 2012; Dalin et al., 2017; Davis et al., 2019). This global challenge of groundwater
overexploitation is driven by a complex set of factors.

The aforementioned changes are driven by a multitude of interconnected factors, including, but not limited to, environmental
factors (e.g., climate change (Wang et al., 2020) and extreme weather events), demographic factors (e.g., population growth and
urbanisation), economic factors (e.g., commercial agricultural intensification (Lambin et al., 2001)), and policy-related factors (e.g.,
land tenure regime (Ostrom et al., 1999) or crop subsidies (Elfert and Bormann, 2010)). In recent decades, the influence of global
economic forces among these drivers has become increasingly prominent.

Indeed, land use changes have been predominantly shaped by demands for export-oriented production, influenced by globalisation,
rising incomes, and trade (Liu et al., 2013). In California's Central Valley, for instance, transitions towards high-revenue perennial
crops such as vineyards and orchards — spurred by market demands, price fluctuations, revenue potential, and consumer preferences —
have led to excessive groundwater overdraft during drought periods (Faunt et al., 2016; Mall and Herman, 2019; Gebremichael et al.,
2021). These market-driven shifts are often directly exacerbated by policy interventions.

Policy measures, particularly subsidies, further amplify these dynamics and can exacerbate resource depletion. Subsidised water
and energy tariffs for agriculture, aimed at boosting productivity and food security, often drive shifts to water-intensive crops, leading
to groundwater overextraction (Moor et al., 1997; Turner et al., 2004). It was, for instance, the case in India, during the Green
Revolution, wherein the government provided financial incentives for the cultivation of high-yield crops (e.g., rice, wheat, and sug-
arcane), irrigation infrastructure, and electricity for tube wells. Whilst the implementation of this policy has improved food security
and farmer incomes; it has also been associated with a widespread of groundwater depletion and widened disparities (Sidhu et al.,
2020; Chatterjee et al., 2024). Similar policy-linked dynamics have been documented in Saudi Arabia by Li et al. (2023); who
quantified field acreages and numbers and found that agricultural subsidies initially led to agricultural expansion (e.g., wheat pro-
duction) at the cost of non-renewable water resources, while later subsidy removals led farmers to adopt even more water-intensive
fodder crops. Such cases reinforce the need for robust monitoring of policy impacts on land use, particularly in regions characterised by
diverse and evolving agricultural landscapes.

Understanding the repercussions of development policies on land use changes is crucial, especially in regions where various
agricultural practices coexist; and such regions necessitate comprehensive, fine-scale mapping and monitoring to accurately track
these dynamics. These regions frequently feature a mix of small-scale, traditional irrigation plots alongside large-scale, modern
agricultural systems. The issue has become increasingly critical in Morocco - which is the focus of this study - where severe recent
droughts (Oukaddour et al., 2024) and a generalisation of intensive groundwater-based farming have heightened pressure on water
resources. To address this, our study aims to quantify agricultural land use change in a data-scarce region of Morocco and assess its
potential association with national development plans using a reproducible remote sensing framework. The effective monitoring of
such changes at a fine scale is facilitated by remote sensing, which provides a powerful and well-established toolkit.

To quantify such changes, remote sensing imagery has played a pivotal role in crop classification and LULC monitoring over the
decades. Recent reviews have highlighted significant advancements in this area (Gomez et al., 2016; Ma et al., 2017; Phiri and
Morgenroth, 2017; Talukdar et al., 2020; Hermosilla et al., 2022). Among the available datasets, the Landsat archive has provided a
window into the past and has enabled retrospective monitoring of global land cover and ecological shifts over time (Wulder et al.,
2012; Roy et al., 2014). In particular, the improved Landsat Collection 2 dataset — with its robust atmospheric corrections and
standardised processing — is now mostly used for mapping and monitoring LULC changes (Crawford et al., 2023). While high-resolution
datasets, such as SPOT (6-20m) (Disperati and Virdis, 2015) offer greater spatial detail, the data costs and the absence of a systematic
archival collection has contributed to their limited uptake over the previous two decades (Wulder et al., 2018). Meanwhile, coarser
datasets like MODIS (250-500 m) and VIIRS provide near-daily coverage but lack fine-scale resolution (Xin et al., 2013; Wan et al.,
2015). Sentinel-2 (10 m, 4-16 day revisits) (European Space Agency), however, has provided a consistent dataset and has been widely
applied in various applications (e.g., urbanization mapping (Furberg et al., 2019), wet grassland mapping (Rapinel et al., 2019), small
scale agricultural crop mapping (Lambert et al., 2018), etc.). Combining Sentinel-2 and Landsat is particularly effective, especially for
historical analyses at the plot-scale, as it leverages the strengths of both datasets. The analysis of these vast satellite datasets has been
revolutionised by advances in machine learning and computing.

To process and classify these datasets, Machine Learning (ML) has been widely applied for LULC classification with supervised
techniques demonstrating strong performance in classifying crops using satellite imagery (Zhao et al., 2020; Alami Machichi et al.,
2023)<b.></b> Among these, Random Forest (RF) (Breiman, 2001) is one of the classifiers that has been widely used for LULC
classification using remote-sensing data (Pal, 2005; Sheykhmousa et al., 2020). RF has proven particularly effective due to its low
sensitivity to overfitting and computational efficiency when handling large; complex datasets (Belgiu and Dragut, 2016), making it
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well-suited for long term classification purposes (this study). The advent of cloud-based computing systems (Yang et al., 2017) such as
Google Earth Engine (GEE) (Gorelick et al., 2017) has revolutionised this field by providing: (a) computational power to handle
complex landscapes (Kelley et al., 2018); (b) diverse ML classifiers for large-scale analysis (Shelestov et al., 2017; Teluguntla et al.,
2018), (c) multi-sensor integration capabilities through its extensive data collections (Sujud et al., 2021; Guo et al., 2022); and (d)
efficient temporal data aggregation (Carrasco et al., 2019; Phan et al., 2020). For this study, GEE's capabilities were essential to address
the challenge of long-term land use classification, enabling efficient processing of multi-decadal satellite data while minimising
computational constraints. This technical capacity facilitates the addressing of a critical research gap concerning the impact of
agricultural policies in understudied regions.

In summary, the rationale for this study is threefold. First, it is imperative to comprehend the unintended environmental conse-
quences of agricultural development policies, an issue well-documented globally but underexplored in the specific context of Morocco.
Second, quantifying these policy impacts requires robust, long-term, and fine-scale monitoring of agricultural land use, which is
particularly challenging in data-scarce regions with heterogeneous farming systems. Third, leveraging the multi-source remote sensing
within a cloud-computing environment and a trainable RF model in this study would provide a reproducible methodological
framework to overcome these challenges. Guided by this rationale, this paper aims to address two key scientific challenges: (1)
quantifying historical agricultural land use changes and analysing their relationship with agricultural development policies in
Morocco's semi-arid Chichaoua region (Tensift basin) - where national development plans have been a major factor in the expansion of
intensive agriculture, yet their unintended effects on environmental sustainability and resilience of farming systems remain undoc-
umented; and (2) addressing a methodological gap in contexts where data is scarce by using a reproducible framework that relies on
model retraining for long-term monitoring using limited ground data. This will help to fill the knowledge gap regarding understudied
agro-systems.

This study, therefore, provides a novel, policy-explicit quantification of agricultural land use change by leveraging a reproducible,
long-term remote sensing framework, to explore its association with successive national development plans in a data-scarce, het-
erogeneous agricultural region of Morocco.

To achieve this, this observational study is structured around three research questions:

RQ1: What are the distinct, 23-year trajectories of irrigated land in the upstream and downstream zones of the Chichaoua region,
specifically identifying the 2010 breakpoint?

RQ2: Which crop groups are primarily responsible for the observed expansion and contraction of agricultural land at the regional
level?

RQ3: How can these trends be framed within the interplay of national development policies, such as the Green Moroccan Plan, and
concurrent climate variability?

The paper is structured as follows: Section 2 offers an overview of the Moroccan agricultural development plans. Section 3 details
the materials and methods used, including the study area's context, and the land use classification workflow. Section 4 presents the
results, with the first part focusing on the accuracy of the methods; and the second part examining the evolution of land use. Section 5
provides a discussion interpreting the dynamics behind the previously observed temporal pattern, exploring the potential role of
national policies in the observed land use changes and their progression over time, and addressing the study's limitations.

e PNEEI : National Programme for Water Savings in Irrigation

*  PEl: Irrigation Extension Programme

*  PPP: Public-Private Partnership Programme

Green Moroccan Plan (GMP) Green Generation Plan (GGP)
2008-2020 2020-2030
1L 1 1L
1 1 1
2008 2010 2020 2030
Subsidies : Subsidies :

10-50% coverage 70-100% coverage

o —

Fig. 1. A schematic summary of the main agricultural development policy framework. This timeline highlights the transition to high-subsidy re-
gimes (70-100%) that funded the orchard expansion and borehole intensification observed in the results.
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2. A national agricultural development policy linked to land use changes and irrigation expansion

As Morocco faces a semi-arid (and arid) climate, irrigation constitutes an important component of rural economic activities and
represents 50% of agricultural added value, with groundwater accounting for 40% of these irrigated lands (Molle and Tanouti, 2017).
Morocco's agriculture sector (renowned for producing citrus fruits, tomatoes, olives, sugar, dates, and argan) plays a crucial role in
driving the nation's economy, representing 12.3% of GDP and supported by 30.4 million hectares of fertile land and 1.6 million
farmers.

Like many countries where agriculture constitutes the primary economic activity, Morocco has adopted development strategies in
order to boost agricultural productivity and modernise its agricultural sector. The government allocates 3.4 billion MAD annually (330
million euros) — approximately 0.29% of GDP - to agricultural aid and subsidies, with spending on the sector rising 36% since 2011.
Over half of the investment supports irrigation, with the rest directed towards equipment, livestock, and fruit tree planting (Amachraa
& MAAD, 2023).

The implementation of several development plans, particularly the Green Moroccan Plan (GMP) (2008-2020) and its associated
project, the National Programme for Water Savings in Irrigation (PNEEI), along with its successor, the Green Generation Plan (GGP)
(2020-2030), has facilitated better access to land, water, and subsidies. A schematic overview of this policy chronology is presented in
Fig. 1. The GMP aimed to transform agriculture into a specific and consistent agro-industry, prioritising the production of high-value-
added (cash-crops) products to drive economic growth and enhance food security. It prioritised irrigation improvements, market
modernization, and partnerships with stakeholders (ADA, n.d). The GMP's two pillars focused on export-oriented agriculture and
reducing rural poverty through “reconversion” projects (promoting arboriculture instead of cereals), diversification projects (pro-
moting local production), and intensification projects (improving yields through technical support) (Mahdi, 2014; Mathez and Loftus,
2023). Its successor (the GGP) emphasises job creation, sustainable resource use, youth engagement, cooperative development, and
addressing value chain gaps to promote sustainable growth.

Subsidising agriculture and irrigation were central to these plans. GMP, for example, received 104 billion Dirhams in investments
between 2008 and 2018, 60% of which were injected by the private sector, according to the Department of Agriculture. Prior to GMP,
agricultural subsidies ranged from only 10% to 30% and covered irrigation infrastructure costs, soil erosion control, and land prep-
aration, as outlined in the 1985 official gazette (number 3773). However, following GMP's implementation (2008-2010), subsidies
significantly increased, covering 80% for localised irrigation projects undertaken individually, and up to 100% for collective irrigation
projects or those implemented by small-scale farmers, with incentives encouraging collective irrigation systems, as outlined in the
2010 official gazette (number 5818). Additional support was provided for land improvement at 30%, rainwater harvesting at 50%,
irrigation complement projects (e.g., well digging, pumping equipment, water tank development) at 50%, and tree planting at 80% for
certified olive and almond seedlings, as well as planting materials for trees like fig, carob, pistachio, walnut, pomegranate, cherry, and
medlar, when purchased from state-approved nurseries in areas not covered by state planting programs. In 2011, grants were revised
according to the Official Gazette of 2011 (Number 5914), increasing support to 70%-80% for irrigation complement projects and well
and borehole digging, which were previously covered at only 50%, with full coverage provided for the supply and installation of
irrigation systems. For further details, the Official Gazettes can be accessed on the General Government Secretariat website (http://
www.sgg.gov.ma/Accueil.aspxwebsite).

Water management, land tenure restructuring, and agricultural value chain management were central elements of the development
strategies.

Water management is a critical challenge in the country's arid context, necessitating improved efficiency in irrigated agriculture. To
address this, three key programmes were implemented under which some of the subsidies discussed above were offered: the National
Irrigation Water-Saving Programme (PNEEI), the Irrigation Extension Programme (PEI), and the Public-Private Partnership pro-
gramme (PPP). The PNEEI focused on promoting the widespread adoption of drip irrigation over traditional gravity irrigation, as a
means of conserving irrigation water. The PEI aimed to expand irrigated agriculture by developing new perimeters. Meanwhile, the
PPP in irrigation focused on enhancing the management of irrigation water and conserving groundwater by utilising non-conventional
water sources through initiatives like irrigation safeguard projects and seawater desalination (Moroccan Ministry of Agriculture, n.d.).

In addition to water management, addressing structural land tenure issues was essential to enhance productivity and attract private
sector investment. Challenges, including diverse land tenure systems, small-sized farms, limited land registration, and inefficient land
consolidation, along with urban expansion that reduced agricultural land availability, have all been a hindrance for progress
(Moroccan Ministry of Agriculture, 2015). Thus, to address these issues, the GMP proceeded to acquire 750 000 ha of agricultural land
(70 000 ha annually) to make it accessible for private agricultural projects (Mahdi, 2020).

Complementing these efforts, the agricultural value chain was strengthened through targeted investments and aggregation models,
connecting upstream production with downstream trade and industry (ADA, n.d). Morocco's diverse, export-oriented value chains —
dominated by vegetable and fruit crops like tomatoes, citrus, watermelon, red fruit, argan, dates, and avocado — were bolstered by
policies such as subsidies and price regulations under programs like the GMP, the Industrial Acceleration Plan (PAI), and the GGP
(Amachraa & MAAD, 2023).
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3. Materials and methods
3.1. Study area

3.1.1. Location and character of the agricultural activity

The study was conducted in the Chichaoua sub-basin, which covers an area of approximately 2690 km? and is located in the
southwestern part of the Tensift basin of Marrakech, in northeastern Morocco (Fig. 2). Within the Tensift basin, agriculture accounts
for over 80% of water abstraction, with the Marrakech-Safi region distinguished by its diverse crop production, including olives; citrus;
apricots; almonds; vines; apples; walnuts; cereals and vegetables, and contributing to the national agricultural value chains with
approximately 25% of the national olive production, 17% of forage production, and 11% of vegetable production (ADA, 2019). Since
2008, agricultural growth has surged, coinciding with the implementation of development strategies. In the Chichaoua sub-basin,
agriculture is the main source of income.

Intensive farming is predominant in the upstream part of the plain area, with major land use patterns including arboriculture
(mainly olive and citrus trees), market gardening, fodder crops, and cereals. Fig. 2 illustrates the study area within the Tensift basin of
Marrakech (Fig. 2-b) and within Morocco (Fig. 2-a), with a detailed view on the Region Of Interest (ROI); presented with a Sentinel-2
Bands Composite (Near Infrared (Band 8), Red (Band 4), Green (Band 3)) image from October 2023 (Fig. 2-c).

The area was selected for study due to its unique distribution of varied impacts of development strategies on land use, both positive
and negative. It is divided into two distinct zones (Fig. 2-c): an upstream agricultural plain, 16.90 km long for 26.5 km wide, and a
downstream valley along the Chichaoua stream, 29.5 km long for 9.7 km wide. The downstream zone relies on three sources of water:
groundwater (pumping), natural springs (mainly Abainou), and on rare occasions, the Chichaoua Wadi, with surface irrigation being
the main technique used. In contrast, the upstream area primarily relies on boreholes and has widely adopted drip irrigation. These

( ) Elevation [ Tensift basin £Z2 Chichaoua sub-basin __ Streams | ROI
a C —
15w 10w _Ssw a° 0om 4019 m (b)
TR
4 Meditgrranean Sea
35°N- S 350N
Atlantic - ;
Ocean | b A o
30°N- 300N
Algeria
250N 250N
20°N- -20°N
150w 100w 59w 0°
Downstream
Upstream

OW

Fig. 2. The location of the Study area in Morocco (a), with the Tensift basin delineation on a DEM (b), and a close-up view of the Region Of Interest
(ROI) utilised for the land use classification on the Chichaoua region (c).
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zones were differentiated based on their relative position to the region's main natural spring (Abainou Spring). As can be seen on the
satellite color composite (Fig. 2-c), the area is mainly occupied by a yellowish color which corresponds to bare soils. Note that
generally, the traditional irrigated areas are located in valleys downstream of the modern irrigated plains. The unique spatial dis-
tribution of Chichaoua, which mainly depends on natural springs, offers a rare opportunity to study the impact of agricultural
development plans in Morocco.

3.1.2. Water resources for irrigation supply

Irrigation for agriculture was historically made by using water streams (the Chichaoua stream in the downstream) and natural
springs, while in the upstream area, irrigation is mainly dependent on boreholes. The region is renowned for (one main spring with the
highest flow) its natural spring, “Abainou” (this Arabic alliteration is also sometimes written Abeynou, Abaynou or Abeinou), which
has historically been the primary irrigation resource for much of the downstream area. However, this spring has experienced a drastic
decline in flow, decreasing from over 500 L per second in 1972 (19 Million Cubic Meters per Year) to around 400 L per second in 2010,
ultimately drying up entirely (0 L per second) by 2023 (as reported by the Hydraulic Basin Agency of Tensift (ABHT) and confirmed
through our local observations in 2023) (Fig. 3). Rainfall in the region is highly variable, fluctuating between a minimum of 100 mm
and a maximum of 500 mm annually. Recent years have been particularly marked by recurrent droughts, further exacerbating water
scarcity issues. An analysis conducted using ERA5-Land monthly aggregated data (Munoz-Sabater et al., 2021) summarised at yearly
timesteps, highlights the magnitude and frequency of these fluctuations (see Fig. 3).

3.1.3. Land tenure

Land ownership in the Downstream could be categorised into three main types, as reported by the Provincial Directorate of
Agriculture (DPA, personal communication): private lands (approximately 80% of the area), state lands (15%), which are classified as
collective lands under customary ownership, and collective lands with traditional status (Habous), accounting for the remaining 5%. A
survey conducted by the DPA in 2020 revealed that direct land tenure is the dominant form of ownership, with 95% of landowners
cultivating their own farms. Leasing is relatively rare, representing only 5% of the total area. A small fraction of the land is managed
through shared arrangements. Detailed information on land status specific to the upstream area is unavailable. However, general data
covering the entire Chichaoua province (as stated by the local province) — including upstream, downstream, and mountainous areas —
provides useful context. The land tenure distribution across the Chichaoua Province, which encompasses the entire Chichaoua sub-
basin, is categorised as follows: collective lands (390 000 ha (56.8%)), state lands: (170 000 ha (24.7%)), private lands (101 600
ha (14.8%)), collective lands with traditional status [Habous (2000 ha (0.3%)), Guich (23 000 ha (3.4%))]. In the downstream region,
private and collective lands dominate. It can be inferred (according to the provincial data) that private and state lands constitute the
majority of landholdings in the upstream area, which could potentially align with the state's broader policy objectives of transforming
state and collective lands - historically perceived as obstacles to development - into private farms, as highlighted by Mahdi (2020).

3.2. Dataset

3.2.1. Ground data

Field surveys (open-field observations) were carried out in 2023 using a vehicle transect in the Chichaoua region, to gather essential
training data for our analysis, as depicted in Figure A.1 which shows the dates of the field surveys within the satellite acquisition
window, while Figure A.2 provides a zoomed-in view of the spatial distribution of the collected data. A total of 375 polygons, spanning
a total area of 3412.21 ha, were collected during these surveys. Table 1 summarises the types of crops surveyed and their respective
areas. The data collection process involved using the QField mobile application and its integrated GPS capabilities. Post-collection, the

Rainfall, Spring flow, and Piezometric level time Series (1970-2024)
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Fig. 3. Historical trends in annual rainfall totals (mm), annual spring flow (I/s) averages, and annual groundwater level (m) averages in the
Chichaoua area (1970-2024).
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Table 1
The count of polygons and total acreage in hectares (ha) of crops and land cover types acquired during the field surveys in 2023.
Label Class Polygons No. Area (ha) Remarks
0 Vineyard 5 3.3 Permanent
1 Bare ground 129 3083.8 -
2 Green peas 8 8.0 Season from November to March
3 Olive trees 72 80.0 Permanent, with different intercroppings
4 Double-crop 22 19.4 Generally, onions, green peas, faba beans, and watermelon
5 Alfalfa 30 2.0 -
6 Faba beans 3 1.8 Season from November to March
7 Cereals 6 3.4 Wheat and Barley mainly. Some corn fields were also found.
8 Citrus trees 33 104.2 -
9 Apricot trees 4 8.4 -
10 Watermelon 35 29.6 Season from April to July
11 Water 4 21 -
12 Rainfed crops 24 66.2 Only during wet years
Total 375 3412.2

polygon geometries and labels were refined using Sentinel-2 RGB composite imagery within the QGIS software.

The data were categorised into 13 distinct classes and subsequently uploaded to the GEE platform as a shapefile asset, with each
class assigned a specific numerical label. Various grouping strategies were employed for efficient analysis. For instance, crops like
wheat, barley, and maize were combined into a single “Cereals” class. Similarly, fields of onions, green peas, faba beans, and wa-
termelons (during the same year) were merged into a “Double crops™ category based on their Normalised Difference Vegetation Index
(NDVI) profiles. Additionally, fields classified under the “Water” category were assigned as irrigation basins, with a minimum area
threshold of 2500 square meters; set for this classification.

3.2.2. Past tree coverage data

To conduct a basic validation of the historical tree coverage, a total of four historical very high-resolution images (less than 60 cm in
Panchromatic band) from Google Earth (GE) were used. Table A.1 summarises these images characteristics. The validation process
included the delineation of parcels of trees identified on the GE images as depicted in Figure A.3 which shows the four GE images with
these delineations within a polygon inside the ROI, then a superposition of these polygons on the classified maps was conducted right
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after to analyse similarities, and F-scores were used to evaluate the similarities/precision of the classified fields compared to reality.

3.2.3. Satellite data

A combination of Sentinel-2 (2018-2023) and Landsat satellites 9, 8, 7, and 5 (2001-2017) was utilised for the multi-decadal
classification. Data from four specific image tiles were used for each satellite series (IDs Sentinel-2: 29RNQ, 29SNR, 29RMQ, and
29SMR)/(IDs Landsat: Path 202 Row 38, Path 202 Row 39, Path 203 Row 38, and Path 203 Row 39), with the total number of images
detailed in Table A.2. Further technical details on the satellite missions and full utilised bands characteristics are provided in Table A.3
and Table A.4 (Appendix A).

3.3. Preprocessing and compositing

The workflow used to produce crop classification maps is summarised in Fig. 4, which presents a step-by-step diagram that includes
dataset processing, sampling methods, accuracy assessment, results, and post-processing steps. Key preprocessing steps and RF
parameter settings are summarised in Table A.5 (Appendix A). A detailed explanation of each component of the workflow is provided
in the following sections.

3.3.1. Data preparation

Landsat and Sentinel-2 satellite data from GEE were used and processed with cloud and smoothing filters to improve quality.
Sentinel-2 images were first masked to remove data-lacking edges using the Red-Edge and water vapour bands. A cloud mask was then
applied, despite the study area's generally low cloud cover (Marchane et al., 2015); as also demonstrated by the mean annual cloud
percentages (Table A.2). Using a 10% cloud cover threshold to define a useable image, 60-88% of Landsat and 62-79% of Sentinel-2
images were cloud-free from 2000 to 2023. The mean annual cloud cover was 4%-21% for Landsat and 12%-22% for Sentinel-2. The
Sentinel-2 cloud mask used the “Cloud Probability” dataset, with a 65% probability threshold to classify a pixel as cloud-covered. For
Landsat, band names were harmonised across sensors (Roy et al., 2016), and a cloud mask was applied using the Pixel-QA band. A
Savitzky-Golay (Savitzky and Golay, 1964) smoothing filter (30-day window, 3rd-degree polynomial) was then used to reduce noise
from clouds and atmosphere (Chen et al., 2004). After filtering the datasets, specific bands and indices (like NDVI, EVI2, and NDWI, see
Table A.3) were selected for both satellites, choosing Sentinel-2 bands that were spectrally similar to the six Landsat bands used.

To capture seasonal variations for the ML model, a multi-temporal image stack was created by combining median composites from
different periods within each year from 2000 to 2023. After several trials, it was found that an interval of 45 days would be a good
compromise between the number of available observations and the memory used to make the classification. This interval accounts for
sensor-specific revisit cycles — for example, Landsat 8's 16-day revisit frequency ensures 0-3 observations per pixel within each 45-day
period. The median of these observations was then computed as suggested by Phan et al. (2020). The process is thus repeated 6 times
within each year (see Table A.5 for the periods). The resulting image stack is a multi-band image with each band corresponding to the
median composite for a specific time interval. We generated six median composites annually, one median for each period (season). This
process produced a composite image with 54 bands (9 bands for each median each period). Annual composites (maps) were privileged
because the dominant land-use changes in the region occur on an inter-annual timescale, and the full seasonal cycle dynamics would be
disrupted by using finer temporal resolutions.

3.3.2. Classifier setup

The RF classifier is a combined tree-based model. It consists of a collection of tree predictors, where each tree relies on values from a
randomly sampled vector distributed independently across all trees in the forest (Breiman, 2001). The aggregation of results from these
diverse trees enhances predictive accuracy, leveraging the variation among individual trees for more effective classification (Sujud
et al., 2021). It also mitigates overfitting and reduces bias caused by uneven splits in the instance space.

In our study, an RF model was implemented in GEE. A standard stratified sampling (70% training, 30% testing) was used for most
classes. This method is common in the literature as it ensures that both sets are representative of the overall class distribution (e.g.
(Sujud et al., 2021; Raczko and Zagajewski, 2017),). However, to prevent the model from being biased by the over-represented “bare
soil” class and to improve detection of rarer classes, a unique sampling strategy (10% for training, 95% for testing) was justified and
applied. This approach was finalised after several trials and visual verification.

The RF classifier has two key parameters: the number of decision trees and variables per split, and it typically exhibits low
sensitivity to their specific values (Liaw and Wiener, 2002; Ali et al., 2022). Several studies indicate that RF classification accuracy is
not highly impacted by the number of decision trees, provided a sufficiently large number is used (Maxwell et al., 2018). There is no
exact threshold for the optimal number of trees beyond which prediction accuracy plateaus. However, it is well-established that ac-
curacy generally improves as the number of trees increases. A number of 100 trees was found to be necessary by Rodriguez-Galiano
et al. (2012), while an equilibrium at 50 trees was reported by Ghimire et al. (2012) and Di and Yang (2016). This suggests that the
optimal number of trees depends on the specific case (Maxwell et al., 2018).

The classifier in this study was trained with 50 decision trees, and the variables per split was set to the square root of the total by
default. After testing various values (20, 50, 70, 100 (not shown)), 50 trees were chosen as the best fit, providing optimal accuracy
while minimising computational demands on GEE.

3.3.3. Classifying 2000-2022 images with 2023 data
Since the data collection occurred during 2023, and there was a lack of data for previous years, we trained the RF classifier with
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100% of the 2023 data and used the trained model to perform classification for the remaining years (from 1999 to 2022). We created
annual composites similar to the 2023 composite. The spectral characteristics were extracted using the 2023 training data.

This application rests on the assumption that the spectral and phenological signatures of the target crop classes remained suffi-
ciently stable over the two-decade study period. While acknowledging potential influences from inter-annual climate variability, long-
term agricultural practices, and changes in sensor calibration, we posit that the primary crop types and their seasonal growth patterns
in the study region exhibit a certain temporal stability. The use of annual, atmospherically corrected composites mitigates some
seasonal and atmospheric noise, and the RF algorithm's robustness to subtle spectral variations further supports this approach. We
subsequently produced a series of annual crop maps, which were used to compute crop acreage. This computation was based on a
schematic delineation of the valley downstream (area = 68.47 km?), while the upstream area was defined by the Chichaoua watershed
with an altitude limit of 650 m (area = 270.81 km?). All area calculations were performed using the EPSG:26 191 coordinate reference
system.

3.4. Classification accuracy and validation

Classification accuracy was evaluated using a confusion matrix and several statistical metrics (equations summarised in Table A.6):
Producer's Accuracy (i.e., Recall), User's Accuracy (i.e., Precision), F-Score, Overall Accuracy (OA), and Cohen's Kappa (Cohen, 1960;
Foody, 1992). Accuracy was assessed for both Sentinel-2 and Landsat datasets, with all values expressed as percentages.

The confusion matrix compares classified pixels to ground truth. OA is the proportion of correctly classified pixels. Producer's
Accuracy measures the omission error, while User's Accuracy measures commission error (Congalton, 1991).

For previous years, a comprehensive evaluation was limited by lack of historical field data, allowing only the extent of orchards to
be assessed. Validation was done by overlaying classified maps with manually delineated tree plots (though specific tree species could
not be identified) in QGIS for specific years (Section 3.2.2). Further validation using agricultural census data as an example was
impractical due to its coarse spatial and temporal resolution. Unlike in Europe, for example, Moroccan agricultural census records are
published only roughly every 20 years (1974, 1996, 2016) at the provincial and prefecture level, with limited public access to finer-
scale.

3.5. Transition matrix and markov process

3.5.1. Transition matrix

To study transitions between classification maps, transition matrices were constructed by counting pixel changes between classes.
These counts were then normalised to obtain transition probabilities, representing the conditional probability of the system tran-
sitioning into a new state, given its current state (Marshall and Randhir, 2008). The probabilities for all map pairs were aggregated into
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a single transition matrix for the entire 1999 to 2023 period.

3.5.2. Markov chain

The Markov chain is a random process that uses a transition matrix to model the probability of a system transitioning between states
over time (Rabta and Aissani, 2008; Xue, 2001; Sun and Li, 2010). It can simulate a steady state for land cover changes based on the
Markovian property, where future states depend solely on the current state, independent of any previous states (Marshall and Randhir,
2008; Gamerman and Lopes, 2014). In this study, the Markov process was used to simulate a stationary state with constant transition
probabilities, achieved through repeated matrix multiplication until stability was reached at the 17th iteration. It is important to note
that these resulting steady-state distributions represent a conditional projection based on past transition patterns; they do not
constitute a forecast of future conditions, which would be influenced by factors such as policy shifts or climate shocks.

3.6. Uncertainty and sensitivity

Errors from previous years (before 2023) can be assessed by examining the likelihood of certain transitions. Transitions considered
as “very unlikely” or “not likely” are indicative of implausible changes or potential errors in earlier or later land cover classifications.
Examples of such improbable shifts include changes from one tree species to another or from forested areas to water, and vice versa
(See Appendix A for indications on the transitions identified as indicative of errors). These unlikely transitions could serve as indicators
for reviewing classification errors in past data. The uncertainty or error rate can be estimated by the count of transitions between
different tree species or between trees and water, as these are considered to be highly improbable.

4. Results

The results consist of two big sections, Section 4.1, where the land use classification accuracy is being assessed, and Section 4.2,
where the land use evolution and trends in the upstream and downstream areas of the study region are being quantified and analysed.

4.1. LULC accuracy assessment and validation

4.1.1. Accuracy assessment for the 2023 classifier

Fig. 5 and Figure A.4 display the accuracy assessments using the Confusion Matrix (i.e., Error Matrix) and its derived analytical
metrics: Recall; Precision; and F-Score for each crop class and satellite dataset. Table 3 summarises the OA and Kappa Coefficient
values for the 2023 classification for both Sentinel-2 and Landsat data. These metrics were computed using 30% of the test sets
described in Section 3.2.1.

OA and Kappa coefficients (Table 3) were around 98% and 99%, demonstrating a high level of classification accuracy. The
confusion matrix showed good agreement with the testing set across all classes, although some deviations were noted. For instance,
89% of alfalfa fields were correctly classified by Landsat, with misclassifications with either olive or citrus trees. Similarly, for Sentinel-
2, 75% of alfalfa fields were correctly classified, with some misclassified as citrus or olive trees, green peas, or faba beans. For faba
beans, Landsat correctly classified 94% of fields, with 6% incorrectly identified as green peas, while Sentinel-2 correctly classified 67%
of faba beans fields with misclassifications occurring as green peas (8%) or olive trees (25%). Both Sentinel-2 and Landsat demon-
strated close performance in accurately predicting crop classes. The unique cropping practices in the area, where some fields may
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contain mixed vegetation, may contribute to these deviations. For instance, some alfalfa fields in the downstream region occasionally
include a sparse number of mature olive trees (typically 3-4 per field). This likely explains the observed confusion in the classification
error matrix for both Landsat and Sentinel-2. Despite this, other metrics (Recall, Precision, F-score) remained strong overall (see
Figure A.4). High agreement was observed for most classes, and slightly lower performance for alfalfa and faba beans — partly due to
their occasional coexistence with scattered trees like olives; typically, in the downstream area, which can introduce some classification
confusion in moderate-resolution imagery.

4.1.2. Satellite dataset consistency comparison

To ensure consistency between Landsat and Sentinel-2 classifications, results of crop areas (upstream and downstream) for the
overlapping period from 2018 to 2023 were compared as depicted in Fig. 6 which is a scatterplot of these data. Both datasets produced
similar classifications, with a slight overestimation of the olive tree coverage by Landsat. This overestimation was subsequently
corrected through a simple linear correction applied to the historical olive tree area estimates derived from Landsat data.

Combining the datasets by extending the time series backward using Landsat data for the 2000-2017 period, while relying on
Sentinel-2 data for the 2018-2023 period, had therefore an overall minimal impact on the classification maps (particularly for crop
areas). Consequently, prioritising the high spatio-temporal resolution of Sentinel-2 for the more recent period was a practical and
acceptable choice.

4.1.3. Assessment of potential errors using transition matrices

Past classification errors can be identified by reviewing pre-2023 data for unlikely transitions. To evaluate the impact of the length
of the period used for these transitions on the error percentage, two transition matrices were created: one for annual (year-to-year)
transitions and another for transitions spanning four years. Figure A.5 (a) (presents the transition matrix (with values expressed as
percentages) for the aggregation of annual transitions for the following periods: 2001-2002, 2002-2003, and 2022-2023. These years
were selected based on visual verification of the maps, with only those consecutive years demonstrating accurate classification
included. The transitions were calculated using a polygon that encompasses both upstream and downstream areas, as defined in Fig. 2.
The estimated error rate for annual transitions was 10.9%, determined by the counts of transitions between different tree species or
between trees and water, as these are considered very unlikely. (See Appendix A for indications on the transitions identified as
indicative of errors).

Figure A.5 (b) (Appendix A) represents the transition matrix for cumulative transitions over four-year periods: 1999-2003, 2003-
2007, 2007-2011, 2011-2016, 2016-2020, and 2020-2023. The estimated error rate for these transitions was 8.7%, calculated using
the same transition counts as in Figure A.5 (a). This indicates that analysing transitions over four-year periods — or longer — can reduce
errors compared to annual (year-to-year) evaluations, particularly regarding area changes related to crop evolution.

Grouping land use classes into broader categories — 1: Natural (bare soil, water, rainfed crops), 2: Food Crops (alfalfa, faba beans,
cereals) which are grown primarily for local consumption, 3: Cash Crops (green peas, double crops, watermelon) which are mainly
cultivated for export in this context, and 4: Trees (vineyard, olive, citrus, and apricot trees) — reduced the potential error rate of 0.4%.
This analysis considered “very unlikely” transitions only within the upstream region (Table 2), focusing on improbable changes within
this area, such as a transition from trees to bare soil. The results emphasize that class grouping reduces classification errors.

4.1.4. Classification validation for past tree coverage (2003, 2010, 2014, 2020)

Since the classification was based on the 2023 training set and applied to images spanning 23 years (from 2000 to 2023), validation
for past tree coverage was conducted using GE historical images. As shown in Figure A.6 (Appendix A), the comparison revealed a
strong visual alignment between the GE's plots and the LULC maps. Additionally, F-scores and recalls calculated for the comparison
years indicated a high level of agreement, with values ranging from 81% to 98%, and error margins ranging from 0.2% to up to 5.5%
(Table 3).

4.2. LULC changes from 2000 to 2023: trends and patterns identified

The trends and patterns of the upstream and downstream are explained by the following table and figures: Table A.7 presents the
detailed areas per crop class for 2001 and 2023. Fig. 7 presents the annual land use classification maps for years between 2001 and
2023, highlighting the distinction between upstream and downstream regions using polygons. For crop acreage computation, the
downstream crop's areas were defined using a schematic delineation of the valley of around 68.47 km?, whereas the upstream areas
were delineated using the Chichaoua watershed with an altitude limit of 650 m; with an area of 270.81 km?. We expect the proportion
of cropland within these delineations to approximate the proportion of irrigated cropland areas served by groundwater, reflecting the
typical planting patterns observed in the region. The years (maps) were selected based on their visual accuracy, with those exhibiting
minimal interpretive confusion included and those with visual misclassification during high-rainfall years excluded. Fig. 8 provides a
summarised illustration of the changes in crop areas over a 23-year period as area graphs, reflecting the impact of two development
policies: the GMP and the GGP. Figure A.7 (Appendix A) illustrates the detailed evolution of field acreage as bar plots for all classified
crops from 1999 to 2023.

Despite the high classification accuracy obtained in the previous step, some errors and/or confusions can be detected by examining
the time series. In particular, it is not logical that the area of olive and citrus trees (downstream) shows such hollows and bumps. The
classifications of years like 2003 and 2014 are probably inaccurate due to climatic years (see Fig. 3) very different from the one of 2023
which was used for training the model making, for instance, low vegetation crops and perennial trees having similar temporal
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Table 2

Transition matrix of cumulative four-year transitions (1999-2003, 2003-2007, 2007-2011, 2011-2016,
2016-2020, and 2020-2023) over grouped land use classes in the upstream area. Transitions are expressed in
percentages. The purple gradient indicates transition percentages from low (light purple) to high (dark
purple). Rows indicate the initial land use ("from™), while columns represent the subsequent land use ("to").

: 3§
F O
1 2 3 4
Natural 1 91.7 0.6 4.4 33
Food-crops 2 60.3 12.7 13.6 13.4
Cash-crops 3 48.2 2.3 29.1 20.4
Trees 4 10.1 1.3 33 85.3

Table 3
Overall Accuracy and kappa coefficients for Landsat and Sentinel-2, along with validation accuracy using the F-score and recall for the years 2003,

2010, 2014, and 2020.

Classification Accuracy Validation Accuracy
Overall Accuracy Kappa Years F-Score Recall Confidence intervals
Landsat 0.99 0.98 2003 0.90 0.81 [74.5%, 87.2%]
2010 0.84 0.72 [66.4%, 77.8%]
2014 0.99 0.98 [97.7%, 98.9%]
Sentinel-2 0.99 0.99 2020 0.98 0.97 [96.8%, 97.2%]

signatures. However, apart from those years, the trend of each crop seems adequate.

The total irrigated area has more than doubled in the period, growing from 2871 to 6569 (Table A.7). However, the dynamics of the
downstream and upstream areas are completely opposite. Over the 23-year period, the total downstream irrigated area decreased by
926 ha (33%), with slight increases for some crops (Watermelon, Double-Crops); while the upstream region has seen an increase of
4624 ha (97%) in irrigated areas. Statistical analysis using the rupture python library (Binary segmentation (BinSeg), cost = radial
basis function (rbf), penalty = 1, minimum segmentation length = 3 years) (Truong et al., 2020) identified a rupture occurring in the
period 2007-2010 around the 2008 policy period. The exact timing within the 2007-2010 window could not be pinpointed due to
missing consecutive annual data points.

To avoid bias from an extreme climatic event, the climatic year 2003 was excluded from the analysis; preliminary tests confirmed
that including 2003 distorted the breakpoint detection. As a sensitivity check, we tested the model with and without this data point and
found that its inclusion consistently affected the results. For the upstream region, the binary segmentation algorithm detected a break
at 2007 when the year 2003 was included. After removing 2003 as a sensitivity check, the algorithm identified a break at 2010 (the first
post-policy data point). In the downstream region, binary segmentation detected a break at 2007 with 2003 included, and at 2010 with
2003 excluded. Given the 2008 policy implementation and the first post-policy measurement in 2010, which shows a significant
change in the statistical properties of the series (e.g., slope), we adopt 2010 as heuristic break year for comparative trend analysis; for
upstream and downstream regions; potentially quantifying a dramatic policy impact. The upstream growth rate accelerated from
+79.3 ha/year pre-2010 to +195 ha/year post-2010 (~2.5 times faster), while the downstream decline intensified from —2.2 ha/year
pre-2010 to —103.1 ha/year post-2010 (~47.4 times faster).

Downstream, there is a notable decline of around 40% (—653 ha) in olive tree fields. Mann-Kendall (1975) trend analysis confirms
this observed decline, showing a statistically significant decrease of —17.81 ha/year (p = 0.036, 7 = —0.515) for olive trees. In this
area, olive trees consist mainly of the traditional Moroccan Picholine variety, widely spaced trees (6 m or more apart), reaching up to
10 m in height. With their deep roots, these trees are drought-resistant but less productive than modern intensive plantations. Alfalfa, a
perennial forage crop for livestock (e.g., work animals, sheep, and cows), has decreased by nearly 35%, likely due to a reduction in
herd sizes. This decline is statistically validated with a significant trend of —6.52 ha/year (p = 0.005, 7 = —0.697). This region is also
known for pomegranate trees, though they were not distinguishable in the Landsat classification. Regarding seasonal crops, irrigated
faba beans and cereals have nearly vanished, with formal trend analysis showing significant declines of —4.35 ha/year (p = 0.005, T =
—0.636) for faba beans and —22.82 ha/year (p = 0.0002, 7= —0.818) for cereals, while watermelon has seen a modest increase (+1.72
ha/year, p = 0.012, 7= +0.636) alongside double cropping (+37 ha). Fig. 7 shows the spatial distribution of changes over eight
selected years. The shrinking of the downstream irrigated area is striking. In the first part of the period, the irrigated area contracts
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Fig. 7. LULC maps in both downstream and upstream areas illustrating the evolution from 2001 to 2023. Years with minimal interpretive confusion
were included; while high-rainfall years were excluded. The top panel represents the Upstream zone (borehole expansion), while the bottom panel
represents the Downstream valley (Abainou spring perimeter). Labels and boundaries follow definitions in Section 3.1. (Data: Landsat (30 m) and
Sentinel-2 (10 m), USGS/ESA, 2001-2023).

from its northern part, which is more distant from the main wells, suggesting that water availability is a main constraint. In the second
decade, the remaining irrigated area becomes even more reduced. The significant reduction in water flow from the primary spring,
Abainou, which supplies the area, has mostly impacted the region's irrigated agricultural landscapes. As a summary, along with the
spectacular reduction of the irrigated area, it also seems that a redistribution toward cash crops is proceeding, marked by the intro-
duction of seasonal crops such as watermelon and green peas, as well as the practice of double cropping. Meanwhile, subsistence crops
like faba beans and cereals are decreasing.

In the Upstream, there was a regional cropland gain from 1999 to 2023, though specific variations occurred due to factors such as
rainfall fluctuations and classification errors. Fig. 7 shows that, prior to 2002, only a few irrigated farms were present. By 2007, just
before the launch of the GMP, a number of farms — covering a total of 564 ha — were already scattered throughout the area, primarily
cultivating seasonal cash crops (watermelon in the summer, green peas in winter, or double cropping). Following the GMP, the
prevalence of irrigated crops exploded, beginning with seasonal crops (see the years 2014 and 2016), finally leaving the place to tree
crops (see the years 2022 and 2023). Crops such as citrus and olive trees, vineyards, as well as watermelon, green peas, and double-
cropping systems, all saw consistent growth over this period. Mann-Kendall trend analysis confirmed statistically significant expansion
for most major crops: olive trees showed the strongest growth (+81.76 ha/year, p = 0.0002, T = +0.818), followed by citrus trees
(+38.65 ha/year, p = 0.0002, T = +0.818), watermelon (+27.79 ha/year, p = 0.0005, T = +0.75), and double-cropping systems
(+21.13 ha/year, p = 0.005, T = +0.636). Additionally, crops like alfalfa, faba beans, and cereals remained relatively stable overall,
with some peaks in high-rainfall years. At the end of the period, the total irrigated area went from 100 ha to 4724 ha, which are
dominated by olive trees (41%), citrus (22%). Watermelon (15%), green peas (7%) and double crops (11%) are also common.
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Fig. 8. Irrigated Crop Area (hectares) graphs for both upstream (a) and downstream (b) regions, along with their grouping (c). Areal calculations (in
hectares) were performed using an equal-area projection (EPSG:26 191, Merchich Nord Lambert) for the upstream Chichaoua watershed above 650
m (270.81 km?) and the downstream valley (68.47 km?). The black lines represent the implementation years of the Green Moroccan Plan (GMP) and
the Green Generation Plan (GGP). The peak observed in 2003 is likely a classification error linked to exceptional rainfall. Years with minimal
interpretive confusion (1999, 2001, 2002, 2003, 2007, 2010, 2014, 2016, 2020, 2022, 2023) were included, while most high-rainfall years (annual
rainfall >300 mm) and non-visually accurate years/maps were excluded from trend calculations. (Data: Landsat (30 m) and Sentinel-2 (10 m),

USGS/ESA, 2000-2023).

Table 4

Transition matrix of aggregated 4-year periods for the Upstream area, based on four class groups. Transitions

are expressed in percentages.

Natural 7

Natural

Food-crops 60.3
Cash-crops 48.2
Trees 10.1

Food-crops

Trees
85
13.4
20.4
85.3

Cash-crops
4.4

13.6

29,

e

127

2.3
1.3
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Table 5
Transition matrix of aggregated 4-year periods for the Downstream area, based on four class groups. Tran-
sitions are expressed in percentages.

Natural Food-crops Cash-crops Trees

Natural | 914 1.0 50 EE

Food-crops 34.7 20N 10.8 248
Cash-crops 68.1 6.4 11.2 144
Trees 19.2 3.6 3.7 173.6

4.2.1. Transformation sequence and stationarity

4.2.1.1. Transformation matrix. The transformation trends were also analysed using transition matrices (Tables 4 and 5), which were
produced by calculating cumulative transitions over four-year periods for data grouped into four classes (Section 4.1.3). The analysis
covered the following intervals: 1999-2003, 2003-2007, 2007-2011, 2011-2016, 2016-2020, and 2020-2023. These calculations
were conducted separately for both the upstream and downstream areas.

In the downstream region (Table 5), we observed a higher transition rate (19.2%) from trees to bare ground, as also reflected in
maps (Fig. 7) and area statistics. In contrast, the upstream region (Table 4) displayed a lower rate for this same transition (10.1%) and
higher rates for transitions from bare ground to cash crops (4.4%) and trees (3.3%). Additionally, in the upstream area, a higher
transition rate (20.4%) was observed from cash crops to trees, reflecting the common practice of planting young trees alongside other
crops, including cash crops.

In the transition matrices diagonals, transition tree-to-tree showed higher percentages, indicating high classification accuracy for
tree crops, as these categories remained relatively stable over time. Conversely, lower percentages on the diagonal for cash crops and
food crops reflect the dynamic nature of these land use classes, consistent with typical farming practices that involve regular crop
rotation and land use changes.

4.2.1.2. Markov chain. The Markov process, or Markov chain, offers insights into how current trends may evolve under the
assumption of no external changes. Since land use represents a dynamic, stochastic process, it is generally unrealistic to expect sta-
tionarity over long periods. However, land use data may reasonably approximate stationarity if examined over a shorter time span
(Bell, 1974).

To determine the stationary state, we used repeated matrix multiplication, multiplying the transition matrix by itself until
convergence to a matrix with identical rows (Bell, 1974). This process took 17 steps to reach a stationary state (with each step rep-
resenting 4 years). The steady-state probabilities for the upstream and downstream regions were as follows (Table 6):

These values indicate the spatial distribution of each class in a stationary state over the 17 steps of iteration using the 4 years
transitions. For instance, natural areas, including bare soil, occupy most of the land (69% and 78% for upstream and downstream,
respectively), while trees cover significant portions of the regions (24% and 16% for upstream and downstream, respectively). Cash
crops occupy 6% and 4% of the upstream and downstream areas, respectively. To gain a clearer understanding of the spatial distri-
bution in terms of surface area, these percentages were converted into hectares (Table 6), based on the total area of the upstream and
downstream regions (as detailed in Section 3.1).

By analysing past crop area data grouped into three classes and their stationary state probabilities (Table 6), we could observe the
long-term equilibrium patterns of these areas (see Fig. 9), without accounting for dynamic external factors (e.g., climate variability,
policy shifts), and interannual variations. It is important to emphasize that this equilibrium represents a conditional projection under
the assumption of constant transition probabilities, not a forecast of future land use under potential policy changes or climate shocks.
The Markov chain analysis shows system stabilisation occurring after 17 iterations of matrix multiplication.

In the upstream region, tree coverage (which increased significantly between 1999 and 2023) reaches an equilibrium state at 2.2
times its initial probability weight. Cash crops approach equilibrium with a modest growth of about 100 ha in probability weight, while

Table 6
Steady-State probabilities (expressed as percentages and their equivalent area in hectares) for four class groups-Naturals, food crops, cash crops, and
trees-in Upstream and Downstream regions, derived using the Markov process.

Steady-state Probabilities

Upstream (%) Upstream (ha) Downstream (%) Downstream (ha)
Naturals 0.69 18685.9 0.78 5340.7
Food Crops 0.01 270.8 0.02 136.9
Cash Crops 0.06 1624.8 0.04 273.8
Trees 0.24 6499.4 0.16 1095.5
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Fig. 9. Crop area (hectares) for upstream (purple line) and downstream (green line) regions, including historical and current periods and the steady-
state expected by Markov chain analysis.

food crops stabilise with only marginal changes from their initial state. In the downstream region, tree coverage (which has decreased
rapidly from 1999 to 2023) converges at an equilibrium state at 0.75 times its initial probability weight. Cash crops maintain their
initial probability weights at equilibrium, while food crops (which also decreased historically) show stable equilibrium probabilities
comparable to recent observations.

5. Discussion

The various agricultural action plans that have succeeded one after another in Morocco have fundamentally transformed the
landscape, with significant social, economic, and environmental consequences, particularly with the development of new agricultural
activities upstream of traditional systems. These policies are linked to the expansion of intensive agriculture with increased irrigated
areas, and a shift to higher-value (cash-crop) crops (Faysse, 2015; Molle and Tanouti, 2017). However, this progress was also strongly
associated with significant groundwater depletion (Hssaisoune et al., 2020; Ahmed et al., 2021), as farmers often combine drip irri-
gation techniques with the cultivation of more water-demanding crops, such as vegetables and fruit trees, or adopt practices like denser
tree plantations and intercropping (Vecchio, 2018). Additionally, the water savings achieved through drip irrigation are frequently
redirected to expand irrigated areas (Benouniche et al., 2014; Kuper et al., 2017), or allocated to alternative uses. This policy has been
associated with deepened resource inequities, particularly in regions where small traditional farmers face challenges accessing sub-
sidies or credit due to small land sizes and lack of titles. Wealthier farmers and investors exploit water more efficiently but contribute to
its overuse, while smallholders struggle with drying shallow wells and barriers to adopting cost-intensive solutions like deep wells or
modern irrigation (Houdret, 2012).

5.1. Interpretation of upstream and downstream transformation

The Abainou area of the Chichaoua region, which is the focus of this study, serves as an emblematic example of these upheavals.
Indeed, the downstream region was a traditionally irrigated valley where most local farmers are smallholders engaged in subsistence
(family) farming, inheriting their farms from previous generations. A diverse range of crops were cultivated, including trees, cereals,
forage, and market garden produce. However, yields remain low due to several factors, such as limited rainfall, poor crop management
practices, low mechanisation, and labour shortages, as reported by the DPA of the Chichaoua region. Farm sizes downstream are
characterised by variability, with small and even micro farms (less than 1 ha) being predominant. The region's agricultural land use has
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Fig. 10. Schematics representation of the transformation sequence of farmlands in Upstream and Downstream regions in the Chichaoua area,
depicting three phases: Initial State (Before the settlement of the GMP), Transitional State (Early transformations following the settlement of the
GMP), and Current State (Final Phase).

evolved in distinct phases: in the first phase, which marks the time prior to the establishment of the GMP, the population primarily
cultivated trees, mainly olives, along with food crops grown primarily for personal consumption, livestock feed, or sale at local
markets. Arboriculture, especially olive trees, was traditionally prominent in this downstream region. In the second phase, which
marks the time immediately following the introduction of the GMP, a shift toward abandoning tree lands (referred to as “tree
degradation™) became evident, especially starting from 2010 (Fig. 10). This period also saw a rise in micro-plotting of food crops (see
Figs. 8, 2008-2013), a trend highlighted in the produced land use maps (see Fig. 7). The final state represents the current land use as
characterised by recent maps, reflecting conditions nearly 15 years after the establishment of the GMP. This phase highlights a sig-
nificant reduction in tree coverage and the persistence of minimal agricultural activity, now largely limited to micro-plotting of food
crops along with some cash crop cultivation, with a decline in the availability of water resources. These observed changes and trends
likely underscore the significant impact of water shortages on croplands.

In stark contrast, the upstream area exemplifies a trajectory of rapid, policy-associated agricultural intensification that is inherently
unsustainable, alongside a foundational reliance on groundwater extraction. The upstream area was mainly occupied by bare soil and
some sparse private farms. It has undergone a distinct pattern of agricultural development. In the first phase (or the “initial” period),
the land was largely bare but possessed favorable natural conditions — such as adequate water availability and soil fertility-; and policy
related conditions — such as easy access to land, and subsidies — that supported the establishment and growth of agricultural activity. In
the second phase, termed the “installation/double-cropping” phase, agricultural activities intensified with the onset of the GMP.
During this period, intensive or large-scale farming practices were introduced. Groundwater pumping and irrigation infrastructure,
such as water tanks and pipes, were installed, along with young trees and cash crops. Double-cropping was also adopted, with
intercropping practices implemented to optimise land use. This rapid increase of tree orchards was particularly pronounced in the five
years following the GMP, as shown in the upstream section of the aggregated area graph (see Fig. 8-c, 2008-2013). The final phase,
representing the current state, illustrates the full expansion of agricultural activities. Fig. 10 is a schematic representation of these two
contrasting scenarios occurring downstream and upstream.

Actually, the GMP was associated with the rapid expansion upstream, marked by easy access and the bypassing restrictions on well
drilling in overexploited areas, in conjunction with an expansion of groundwater-based private agriculture (Molle and Tanouti, 2017).
Tree orchards have reached productive maturity, which has contributed to a significantly increased water demand. This rising demand
is further fuelled by the adoption of intensive and high-density planting systems, including new varieties of olives and citrus trees.
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Additionally, summer crops such as watermelon - which can consume up to 6000 m®/ha annually'- strain available water resources,
with droughts becoming more frequent and impacting water flow sustainability. Initiatives like the PNEEI (part of the GMP) were
aimed at addressing water scarcity by promoting drip irrigation as a means to preserve irrigation water. However, in practice, the
emphasis shifted towards extending land equipped with drip irrigation systems rather than ensuring measurable water savings
(Benouniche, 2014; Faysse, 2015).

The profound downstream contraction, particularly of olive trees, can probably be explained by the drying of natural springs - like
Abainou; the main spring that once provided irrigation water — which can probably be attributed both to the negative trend of pre-
cipitation (Fig. 3) and the recent installation of farms upstream. As an observational study, a key challenge is to isolate the impacts of
climate variability from anthropogenic factors. The decline of the Abainou spring might primarily be attributed to agricultural
intensification upstream post-2007 (see Figs. 7 and 8, 2007-2023). This conclusion is supported by the spring's historical resilience to
pre-2007 drought years (see Fig. 3, eg., 2000-2001 and 2005), contrasting with its drastic decline after agricultural expansion, a trend
that persisted independently of short-term rainfall patterns. While this interpretation is consistent with the observed spatial and
temporal patterns, we note that a definitive attribution would require direct hydrological measurements (such as groundwater level
monitoring) to quantify the relative contributions of climate and abstraction.

Thus, while long-term rainfall decrease provides a background stress, the evidence supports the interpretation of groundwater
abstraction for irrigation playing a dominant role. These impacts could highlight the unintended consequences of upstream devel-
opment strategies, where increased water usage has triggered a growing water scarcity crisis, which could, in turn, negatively affect
economic activities (like tourism) related to the natural spring.

Upstream, the GMP accompanied a distinct agro-economic model centred on private investment and market-oriented production,
which coincided with shifts in the region's social and hydrological dynamics. The GMP was, in fact, an opportunity to facilitate the
previous complexities within the land tenure in Morocco. Starting from 2004, the government has undertaken partnerships between
public and private sectors, which has provided access to land by private actors (Moroccan and foreign) with adequate financial capital,
thus encouraging large-scale and corporate ventures at the expense of smallholder and family farming (Mahdi, 2014, 2020; Mathez and
Loftus, 2023). After that, a further access was allowed to investors in 2005 by authorising members of agrarian reform cooperatives to
privatise their plot of land and trade it on the land market (Valette et al., 2013; Molle and Tanouti, 2017). Furthermore, the recon-
version projects initiated under the GMP coincided with the significant area and dominance of arboriculture in the study zone (Fig. 8 as
an example), and the reduction of cereal areas. These projects involved transitioning from rain-fed cereal production to arboriculture.
The prevalence of summer crops, such as watermelon, aligns with the objective of cash-crop-oriented agriculture.

As a conclusion, while these strategies have been associated with the expansion of the region's agricultural sector and improve-
ments in productivity, they have also coincided with resource and landscape degradation, as well as social imbalances, particularly in
the traditionally irrigated downstream areas. This dual effect underscores the complex trade-offs of development strategies, as noted
by Akesbi (2011); Schilling et al. (2012); Faysse (2015); Berdai (2016); and Mathez and Loftus (2023). The stark contrast revealed by
our upstream-downstream comparison highlights how a uniform national policy relates to deeply uneven local outcomes.

The diverging patterns we identify — between short-term economic productivity and long-term socio-ecological resilience — mirror a
global phenomenon observed across other semi-arid regions, where agricultural intensification and expansion of subsidised, water-
intensive export-oriented crops often comes at the cost of resource sustainability. Good examples of these instances are located in
India where water-intensive rice and sugarcane was highly subsidised (Sidhu et al., 2020; Chatterjee et al., 2024), in Iran, where
unsustainable agricultural practices, like those associated with pistachio production which is geared toward export-linked economic
benefits, have led to water overuse and (Nouri et al., 2023), and in Jordan, where subsidised electricity for irrigation pumping has
further exacerbated water scarcity (Abu Romman et al., 2024), with similar patterns seen in Saudi Arabia through agricultural
expansion supported by interest-free loans and subsidies for water pumping equipment and crop procurement prices, as well as in
Yemen through subsidies for well drilling, all raising concerns about long term resource sustainability (Dawoud, 2025). In Australia,
for instance, Wheeler et al. (2020) demonstrated that increased subsidies for irrigation infrastructure and expansion, especially for
permanent plantings, were a key factor behind a marked growth in water consumption. The tension between economic incentives and
environmental limits echoes Morocco's challenges.

5.2. Assessing land use change in a data scarce context

To accurately monitor such transformations in data-scarce contexts, this study proposes a methodological framework that uses RF
classification with minimal training data. On one hand, the approach aligns with established research on RF's reliability, including its
low error rates, high accuracy, minimal parametrization requirements (Belgiu and Dragut, 2016; Fang et al., 2020; Talukdar et al.,
2020; Sujud et al., 2021). On the other hand, the study demonstrates how model retraining for long term monitoring - leveraging crop
spectral signatures with limited ground truth - can overcome sparse datasets, as also shown by Ali et al. (2022) who demonstrated that
combining ML with multi-sensor imagery (Sentinel-2 and Landsat 8) and remote sensing indices achieves high accuracy even when
using the same training data across both sensors, and by Sujud et al. (2021), who successfully retrained models for 2017 using 2016
data, which supports the viability of temporal transfer. However, the practical implementation for temporal trend analysis requires
nuance: local cultivation knowledge and policy interventions must guide plausibility checks to mitigate temporal bias. Additionally,

1 https://www.cyber-rt.info/life/watermelons-consume-more-water-than-people-in-morocco/.
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using years with similar climatic conditions to the training year - and removing visually inaccurate classifications - for trajectory
tracing may further reduce the bias, with our error rates (8-10%) affirming the method's viability while addressing this gap for regions
lacking high-resolution agricultural census data like Morocco. While this approach shows promise, it would nevertheless be desirable
to collect multi-year ground-truth data to further validate and strengthen the methodology. Finally, sensor discrepancies (e.g., between
Landsat and Sentinel-2, or between TM/ETM+ and OLI sensors for Landsat) can also pose challenges, though methods like harmo-
nization (Roy et al., 2016) and linear bias correction (applied here for olive tree area estimation) could be employed to reduce
inter-sensor variability.

5.3. Limitations and further work

Despite these promising results, several limitations should be considered when interpreting the findings. The study was constrained
by the scarcity of multi-year ground-truth data for validation, which is a common challenge in historical land-use analysis, though, the
acquisition of high-resolution images facilitated the straightforward interpretation of the tree plots. Also, the inter-annual climatic
variability may confound the model's performance, as it poses a challenge for transferring the RF model from one year to another.
Furthermore, the lack of fine-resolution data - such as detailed land tenure records, agricultural census statistics, and socioeconomic
data - combined with a scarcity of plot-level information on equipped areas and subsidies granted - limited our ability to correlate
observed land-use changes with specific farm-level practices or socio-economic drivers and to further analyse the quantitative rela-
tionship between irrigated areas and public policies.

Some crop classes (e.g., alfalfa, faba beans, green peas) are particularly susceptible to being misclassified. This difficulty in accurate
identification (due to misclassification with other spectrally similar classes; or small training samples for these classes) can carry over
into estimates of irrigated areas, analysis of land-use changes over time (transition matrices, Markov projections); and trend assess-
ments. As a result, predictions concerning these smaller or spectrally similar crop types are especially uncertain.

While sensor discrepancies (e.g., between Landsat and Sentinel-2) were mitigated using harmonization techniques and linear bias
correction, they nonetheless represent a source of uncertainty. Furthermore, the spatio-temporal resolution of older imagery also limits
detail; potentially affecting change detection precision for smaller or heterogeneous areas. Cloud coverage could also pose a limitation,
particularly in years with very few useable images (e.g., 2003-2006, 2008, 2010-2012, with fewer than 46 images) or in years where
over 20% of the available imagery was affected by clouds (e.g., 2004, 2015, 2021). Future research would benefit from the collection of
multi-year ground data, the integration of the conventional technique of “photo interpretation of aerial orthophotos’’ (Rizzo and
Gasparini, 2022) that could be utilised to facilitate the historical reconstruction process, the incorporation of foundational Al models
such as DeepMind's AlphaEarth (Brown et al., 2025), and the integration of socio-economic datasets, to enhance classification ac-
curacy, enable the analysis of finer-scale landscape processes, and further strengthen the causal inference of such analyses.

6. Conclusions

This study has quantified 23 years of agricultural land-use changes in Chichaoua, Morocco, by integrating multi-source remote
sensing with policy; using a robust classification workflow in GEE. The strength/contribution of this work is threefold: (i) it provides a
rare/novel upstream-downstream comparison around a spring system in relation to policy-associated impacts; (ii) it integrates
transition-matrix evidence with Markov conditional projections to identify long-term trajectories; and (iii) it offers a reproducible
framework for land-use monitoring in data-scarce environments.

The methodological approach achieved high mapping accuracy despite limited historical training data, with overall accuracies of
99%. Validation for the tree crop coverage on the historical maps using GE imagery showed consistent performance across years, with
F-scores ranging from 84% to 98%; while transition error analysis revealed stable error rates between 8% (four-year transitions) and
10% (annual transitions), reducible to 0.4% when grouping classes or using longer evaluation periods.

The divergent trajectories between upstream and downstream areas carry critical implications for sustainability and resource
management. The dramatic upstream expansion of intensive, groundwater-dependent agriculture, while boosting productivity, has
occurred alongside a 40% loss of traditional croplands downstream, leaving a fragmented landscape of smallholder plots. Our Markov
Chain analysis, reaching equilibrium after 17 iterations when external factors were held constant, quantified these divergent trajec-
tories: upstream tree coverage stabilises at 2.2 times its initial probability weight, while downstream tree coverage equilibrates at 0.75
times its initial probability weight.

While acknowledging the influence of broader contextual forces such as long-term climate variability and trends to droughts,
market dynamics (e.g., market forces incentivising cash-crops), and socio-economic pressures (e.g., shifts like rural migration), our
analysis indicates that these general drivers alone cannot explain the stark spatial divergence. Instead, their effects were channeled and
most plausibly amplified by the national policy framework and accompanied by human-induced overexploitation of water resources.
This interpretation was based on the alignment between the observed irrigation expansion and the timing of successive national
development plans, the sharp upstream-downstream contrast in land use trajectories, and the unique transition patterns toward
perennial crops.

The findings could offer a clear basis for policy intervention, underscoring that effective decision-making must occur at the regional
scale. Sustainable land and water management policies could include monitoring of all water abstraction to control overexploitation.
Furthermore, the implementation of major plans must be coupled with supportive policies, such as regulations on groundwater
extraction in upstream zones, support for water-efficient practices, and the promotion of diversified livelihoods in downstream areas to
enhance resilience.
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Several key limitations qualify the interpretation of our findings. While the classification was robust, historical validation is
constrained to tree cover extent, not specific tree species. Model performance and transferability may also vary across years due to
inter-annual climate variability. The absence of fine-resolution socio-economic data precludes a quantitative link between observed
changes and specific policy mechanisms or farm-level decisions. The misclassification of small or spectrally similar crops (e.g., alfalfa,
faba beans) can occur due to difficulties in accurate identification, therefore, their predictions are especially uncertain. Furthermore,
the harmonization of multi-sensor data; and constraints from older imagery, including cloud contamination and fewer useable scenes,
introduce inherent uncertainty into long-term change detection. Finally, projections from the Markov analysis are conditional on
constant transition probabilities and should not be interpreted as forecasts under future policy or climate shocks.

Despite these limitations, the method's effectiveness in analysing cropland evolution with a low error rate was not compromised.
This paper's insights could provide essential baseline information for future investigations, such as evaluating crop water consumption.
Further exploration of the drivers and impacts of these developments could benefit from socio-economic surveys involving local
farmers, offering additional insights and validation of the findings. Future research could also benefit from the current findings as a
validation dataset to establish a framework for predictive planning using models like Dyna-CLUE (dynamic conversion of land use and
its effects) (Verburg et al., 1999) and CLUE-s (Conversion of Land Use and its Effects at Small region extents) (Herrera-Franco et al.,
2022), etc. Furthermore, the workflow algorithm developed in this study is versatile and can be adapted to historical land use analyses
in similar regions by simply changing the one-year training set unique to any location, and validating using sample points when
available.
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Key Definitions & Abbreviations

RF: Random Forest

OA Overall Accuracy

LULC Land Use/Land Cover

GMP: Green Moroccan Plan

GGP Green Generation Plan

NDVI Normalised Difference Vegetation Index
EVI2 Enhanced Vegetation Index 2

NDWI  Normalised Difference Water Index

ML: Machine Learning
GEE Google Earth Engine
GE Google Earth

ROI Region Of Interest

Cash crops: Crops that are mainly cultivated for export in this context

DOY Day Of the Year

Cloud-free For this study, an image was classified as “cloud-free” if less than 10% of its pixels over the study area were identified as
cloudy. Cloud pixels were defined using the Sentinel-2 Cloud Probability dataset, with a probability threshold of 65%

Upstream the term refers to the zone within the Chichaoua watershed located upstream of water resources (springs) used for
traditional irrigation in the downstream valley. The upstream area spans 16.9 km in length and 26.5 km in width. It is a zone
of recent agricultural development, dependent mainly on boreholes for intensive farming

Downstream the term refers to the zone within the Chichaoua watershed, downstream of natural springs, along the Chichaoua
valley. The downstream area spans 29.5 km in length and 9.7 km in width. It is a zone of small-scale traditional farming that
relies on three sources of water: groundwater (pumping), natural springs (mainly Abainou), and on rare occasions, the
Chichaoua wadi, with surface irrigation being the main technique used.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.rsase.2026.102034.
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