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A B S T R A C T

SARRA-Py is an open-source, Python-based adaptation of the long-standing SARRA crop model family–specifi
cally building upon SARRA-H to enable spatially explicit agroclimatic simulations in tropical and data-limited 
environments. By leveraging Python’s geospatial libraries (e.g., Xarray), SARRA-Py extends SARRA-H’s proven 
crop physiology routines to large-scale, raster-based analyses, streamlines ingestion of diverse climate inputs 
with minimal preprocessing, and eases model customization via a modular code structure. Users interact with 
SARRA-Py primarily through Jupyter notebooks that provide guided workflows for data preparation, parameter 
configuration, and visualization of results. This design closes the gap between point-based crop models and 
broader geospatial frameworks, offering a practical tool for agricultural risk management, climate adaptation 
studies, and yield forecasting. Consequently, SARRA-Py fosters reproducible, scenario-based analyses and in
forms decision-making in vulnerable regions where water deficits, sparse ground observations, and climate 
variability threatens food security.

Metadata

Nr Code metadata description Metadata

C1 Current code version 0.1.3
C2 Permanent link to code/repository 

used for this code version
https://github.com/SARRA- 
cropmodels/SARRA-Py / https://doi. 
org/10.5281/zenodo.14641803

C3 Permanent link to reproducible 
capsule

none

C4 Legal code license GPL-3.0
C5 Code versioning system used git
C6 Software code languages, tools and 

services used
Python 3

C7 Compilation requirements, 
operating environments and 
dependencies

numpy, pandas, xarray, astral, 
matplotlib, tqdm, rasterio, rioxarray

C8 If available, link to developer 
documentation/manual

https://sarra-h.teledetection.fr / https 
://sarra-cropmodels.github.io/ 
SARRA-Py/

C9 Support email for questions sarra-h@cirad.fr

1. Motivation and significance

Assessing the impact of climate variability and climate change on 
agricultural production is a critical challenge, particularly in tropical 
and subtropical regions where rainfed systems dominate. The increasing 
rainfall variability and frequency of extreme weather events associated 
with climate change may cause reduced yields and heightened risks of 
food shortages [1]. Hence, crop simulation models are useful tools for 
assessing long term impacts, but also for operational planning and 
responding to potential food crises. Understanding and mitigating 
agroclimatic risks taking into consideration spatial variability observed 
at scale of territories requires tools that can integrate geospatial data to 
assess crop performance under varying environmental conditions. 
Traditional point-based crop models can inform long-term risk assess
ments and operational decision-making but often lack the ability to scale 
up to larger territories or natively handle complex geospatial data. In 
areas like West Africa and the Sahel—where meteorological observa
tions are sparse—decision-makers require tools that integrate multiple 
climate datasets to reliably simulate crop growth and water stress dy
namics at broader scales. To meet these needs, SARRA-Py (Système 
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d’Analyse Régional des Risques Agroclimatiques–Python) was devel
oped as an open-source evolution of the long-standing SARRA model 
family (which history is reviewed in [2]), specifically developed and 
validated for cereal crops in tropical environments where climate con
straints, particularly water deficits, significantly impact productivity [3,
4].

Unlike many existing spatialized models that demand extensive data 
preprocessing (e.g., CRAFT [5]) or more generic geospatial frameworks 
(e.g., GeoPandas, Xarray) that are far from being natively tailored to 
perform crop simulations, SARRA-Py bridges both worlds. It accepts a 
wide range of raster data formats—including GeoTIFF for “traditional” 
geospatial layers and NetCDF for reanalysis or forecast datasets—en
abling users to run simulations using satellite-derived rainfall (e.g., 
CHIRPS [6], TAMSAT [7]), climate model outputs (e.g. AgERA5 rean
alysis products [8], CORDEX projections [9]), and work alongside 
vegetation dynamics data (e.g. MODIS NDVI) or in situ observations 
with minimal transformation. Building on well-established physiolog
ical formalisms (e.g., thermal time, photoperiod sensitivity, and basic 
biomass accumulation rules, described in the latest SARRA-H founda
tional paper from Sultan et al., 2005 [10]), SARRA-Py simulates crop 
phenology, water balance, and carbon-related processes. Although 
model precision ultimately depends on context-specific validation, these 
core calculations offer a relatively robust representation of rainfed 
cereal dynamics. Compared to widely used models such as DSSAT [11] 
or APSIM [12], SARRA-Py requires fewer parameters—making it 
particularly suitable for data-limited environments—while still 
capturing key water- and temperature-driven stresses (Table 1).

The software, as a Python package, is primarily script-based and does 
not feature a graphical user interface; however, it includes ready-to-run 
Jupyter notebooks to illustrate standard workflows. These notebooks 
help researchers and practitioners navigate data preparation, parameter 
assignment, and simulation execution more smoothly.

By handling spatially explicit data and focusing on simpler calibra
tion requirements, SARRA-Py can be adapted to explore crop perfor
mance under various climate scenarios, assess risk management 
strategies, and inform policy or development projects in vulnerable re
gions. While still relatively new, its modular, extensible design positions 
SARRA-Py as a valuable addition to the toolbox for agroclimatic studies 
and potential decision support, particularly in the Sahelian and Suda
nian zones where rainfed farming is dominant.

Although SARRA-Py’s development has primarily focused on trop
ical and Sahelian environments, members of the SARRA model family 
have also been applied in other contexts—including subtropical regions 
of Brazil—demonstrating adaptability under diverse climatic conditions. 
These efforts, detailed in Lavarenne et al. (in press) [2], show that while 
the model’s simplified water-balance approach is especially valuable in 
data-scarce settings, partial re-calibration or additional parameter ad
justments (e.g., for photoperiod sensitivity or thermal time re
quirements) may be necessary outside the Sahel. Consequently, users 

interested in deploying SARRA-Py beyond dry tropical zones should 
validate key phenological and agronomic parameters against local 
datasets to ensure accurate performance. For a more complete overview 
of the model family’s evolution and applications, readers are referred to 
Lavarenne et al. (in press) [2].

2. Software description

SARRA-Py is an open-source Python package for spatially explicit 
modeling of rainfed cereal crops in tropical and subtropical regions. It 
integrates daily climate data (e.g., temperature, global radiation, rain
fall) alongside invariant inputs such as soil water-holding capacity, and 
crop-specific parameters, to simulate daily crop phenology, water bal
ance, and biomass production. Although SARRA-Py has no graphical 
user interface, a set of Jupyter notebooks provides guided workflows 
and lowers the entry barrier for new users.

2.1. Software architecture

The software is built around a set of example Jupyter notebooks and 
a small number of Python modules. Users typically start in a notebook by 
loading daily rainfall, and climate (temperature, reference evapotrans
piration, global radiation) datasets (in GeoTIFF or NetCDF format). 
Helper functions from the data_preparation module then combine 
these inputs into an initial xarray.Dataset object, with spatial res
olution and extent inherited from the rainfall data. A user-defined start 
date and duration define the time dimension, while YAML files supply 
crop and management parameters, making it straightforward to recon
figure simulations without editing source code.

At the core, a main function (run_model, located in the models 
module) orchestrates the simulation by iterating over each day (i.e., 
each slice of the xarray.Dataset) within the chosen time range. It 
sequentially updates phenological stages, soil water content, and 
biomass allocation by calling specialized routines in bilan_pheno, 
bilan_hydro, and bilan_carbo modules. Inputs, intermediate 
states, and final outputs are stored in the same xarray.Dataset, so any 
computed variable can be inspected at any point in time. The example 
notebooks illustrate this workflow: after data loading and parameter 
assignment, run_model is invoked to loop through the dataset, recording 
each daily update. Fig. 1 below summarizes the data flow of the 
software.

Because SARRA-Py can handle large spatial domains at a daily time 
step, the memory footprint may be substantial. For reference, a one-year 
simulation over Senegal at 0.0375◦ (~4 km) resolution can consume 
8–10 GB of RAM. In practice, users can run chunked or parallelized 
simulations (e.g., with Python’s joblib or Dask) to distribute the work
load across available hardware, reducing peak memory usage. Those 
with limited resources are also advised to increase swap space on Unix- 
based systems, as detailed in the notebooks, to ensure that longer and/or 

Table 1 
Key comparisons among SARRA-Py, DSSAT, and APSIM.

SARRA-Py DSSAT APSIM

Focus Rainfed cereals (millet, sorghum, maize); data-limited, 
tropical or semi-arid contexts

Many crops (cereals, legumes, vegetables); 
widely used worldwide

Multiple crops, rotations, and system-level 
analyses; diverse agricultural contexts

Parameter 
Complexity

Fewer parameters needed; simplified calibration Moderate to high; detailed phenology and 
soil modules

Moderate to high; includes soil nutrient and multi- 
year rotations

Spatial Handling Natively supports raster data (Python + xarray), 
enabling large-scale geospatial simulations

Primarily point-based; spatial analysis 
requires external tools

Generally point-based; spatial runs typically 
scripted in R/Python

Data 
Requirements

Minimal daily weather + soil info; fits contexts with 
few observations

Daily weather, soil profiles, management 
data; more extensive parameter sets

Similar to DSSAT; can incorporate additional 
details like soil N or multi-crop sequences

Key Strengths Straightforward calibration, open-source, adapted for 
tropical cereals

Well-validated, large user base, extensive 
documentation

Comprehensive system approach (soil-water- 
nutrients), strong for multi-crop studies

Limitations Currently focused on cereal crops; requires Python 
skills; high-res runs can be memory-intensive

Complex to calibrate; lacks native spatial 
module

Higher data needs; can be time-consuming to 
configure

Typical Uses Yield forecasting, agricultural risk assessment in dry 
tropics/semi-arid zones; scenario testing

Crop breeding, management optimization, 
and climate adaptation studies

Long-term rotation modeling, detailed soil-water- 
nutrient interaction analysis
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high-resolution simulations can be completed without memory issues.

2.2. Software functionalities

SARRA-Py’s primary objective is to simulate how water availability 
and climate conditions affect rainfed cereal production. Each day, the 
software computes soil water dynamics, crop growth stages, and 
biomass accumulation, using a tipping-bucket approach for water bal
ance and a simplified allometric scheme for biomass allocation. Crop 
emergence is triggered by a soil moisture threshold, and subsequent 
phenological stages (e.g., flowering, grain filling) are driven by cumu
lative thermal time, optionally adjusted for photoperiod sensitivity.

The software can ingest various climate data (rainfall, temperature, 
potential evapotranspiration, solar radiation) from satellite products or 
model outputs, enabling users to run simulations under historical con
ditions or future climate scenarios. Soil properties (e.g., water holding 
capacity, runoff thresholds) are equally flexible, allowing for different 
profiles across the simulation grid. At the end of a run, outputs such as 
final yield, LAI, and drought stress indicators remain in the xarray. 
Dataset, readily visualized via time-series plots or spatial maps within 
the same notebook.

This modular design helps researchers adapt SARRA-Py to a broad 
set of questions. For instance, one can alter the simulation start date and 
sowing rules to study the effect of shifting sowing windows, or adjust 
crop parameters to simulate different varieties. The open-source archi
tecture also allows advanced users to integrate additional processes—
like nutrient limitations or pest impacts—by modifying the respective 
Python modules. Through these features, SARRA-Py aims to support 
agroclimatic research and scenario analyses in data-scarce environ
ments, particularly across the Sahelian and Sudanian zones where water 
stress frequently constrains production.

2.3. Testing and validation note

During the translation from SARRA-H codebase to SARRA-Py, we 
compared outputs under identical input and parameter settings, 

ensuring that daily water-balance, phenology, and yield results matched 
those of SARRA-H. Since SARRA-Py retains the same biophysical for
malisms, previously published evaluations of SARRA-H against field 
data remain directly relevant. Consequently, further details on empirical 
validation and calibration can be found in those studies.

3. Illustrative examples

SARRA-Py comes with several example Jupyter notebooks1 that 
demonstrate common use cases, such as simulating millet yields in 
Niger, exploring optimal sowing dates in Senegal, or testing different 
climate inputs and soil parameters. This section describes one such 
example—simulating millet yields in Niger for a single 
year—highlighting the typical workflow and core features.

Running a millet yield simulation in Niger (2017): Niger spans a 
large portion of the Sahel, presenting both data challenges (limited in 
situ observations) and significant climate variability. The example 
notebook focuses on a single growing season in 2017, illustrating how to 
prepare input data, set up crop parameters, run the daily simulation, and 
visualize outputs. Because simulations at the country scale can demand 
considerable memory (on the order of ~8–16 GB), the notebook also 
guides users on how to increase virtual memory (swap space) in Unix- 
based systems if needed.

3.1. Defining the simulation scope

Users first specify a start date and a simulation duration (in days). It 
is generally recommended to begin the simulation about a month prior 
to expected sowing so that the soil water balance can stabilize:
import datetime

# Example start date and total duration in days

(continued on next page)

Fig. 1. High-level data flow for SARRA-Py simulation.

1 see https://github.com/SARRA-cropmodels/SARRA-Py/tree/main/ 
notebooks
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(continued )

date_start = datetime.date(2017, 5, 1)

duration = 220 # ~7 months, covering pre-sowing plus the growing 

season

3.2. Loading and preparing data

Next, the notebook loads spatial layers for daily climate variables 
(rainfall, temperature, solar radiation, reference evapotranspiration) 
and soil properties (e.g., water-holding capacity). For this example, as 
well as the five other example notebooks, all data are provided as pre
pared and automatically downloaded from a data repository. If not, 
these data can be semi-automatically downloaded and prepared in the 
right format by the SARRA-data-download helper tool2 [13]. In our 
example, rainfall data come from TAMSAT v3.1 and climate variables 
from AgERA5; both are provided as daily GeoTIFF files:
import xarray as xr

from sarra_py import (load_TAMSAT_data, load_AgERA5_data, 

load_iSDA_soil_data, calc_day_length_raster_fast)

# Create an empty dataset

base_data = xr.Dataset()

# Load daily rainfall and weather data into base_data

base_data = load_TAMSAT_data(base_data, rainfall_data_path, 

date_start, duration)

base_data = load_AgERA5_data(base_data, climate_data_path, 

date_start, duration)

# Incorporate soil parameters and compute daily day-length values

base_data = load_iSDA_soil_data(base_data, grid_width, 

grid_height)

base_data = calc_day_length_raster_fast(base_data, date_start, 

duration)

These functions automatically clip or reproject the rasters so they 
share the same spatial grid, defined by the resolution of the rainfall 
dataset. The user can inspect the resulting xarray.Dataset to confirm 
that dimensions (time, y, x) and variables (e.g., rain, tpMoy, ET0, rg) are 
correct.

3.3. Initializing crop and management parameters

To configure the simulation, SARRA-Py relies on parameter files in 
YAML format, stored in the ./data/params/ folder, that specify crop 
variety traits, soil characteristics, and management practices (e.g., 
sowing rules). Loading these is straightforward:
file_paramVariete = "millet_variety.yaml"

file_paramITK = "millet_niger_2017.yaml"

file_paramTypeSol = "USA_iowa_V42.yaml"

paramVariete, paramITK, paramTypeSol = load_YAML_parameters(

file_paramVariete, file_paramITK, file_paramTypeSol

)

A new data dataset is then created by copying base_data and 
injecting these parameters. Key variables—such as soil moisture 
initialization or sowing triggers—are set up using helper functions:
data = base_data.copy()

data = initialize_simulation(data, grid_width, grid_height, 

duration,

paramVariete, paramITK, date_start)

data = initialize_default_irrigation(data)

data = calculate_once_daily_thermal_time(data, paramVariete)

3.4. Running the model

After preparing the dataset, users call run_model from the SARRA- 
Py package to execute daily updates over the simulation period. This 
routine iterates through each time step and each grid cell, applying 
water-balance, phenology, and biomass-allocation processes:
data = run_model(paramVariete, paramITK, paramTypeSol, data, 

duration)

Progress is displayed via a simple progress bar, indicating how many 
days have been processed.

3.5. Visualizing results

SARRA-Py stores all intermediate and final outputs (e.g., yield, leaf 
area index, soil moisture) directly in the same xarray.Dataset. Users 
can generate spatial maps or time-series plots for any variable of inter
est. Fig. 2 illustrates the estimated yield distribution (in kg/ha) across 
Niger at the final simulation date (Day 365 of 2017).

Similarly, time-series plots of soil water content or phenological 
stage can be generated for specific locations by slicing [y, x] coordinates:
# plot stockSurf variable, which is the soil water content

data["stockSurf"].sel(x = 2.1, y = 13.5).plot.line()

plt.show()

# alternatively, we can plot other variables just by changing the 

name, for instance to plot the time series of the phenological 

phases at the same location:

data["numPhase"].sel(x = 2.1, y = 13.5).plot.line()

plt.show()

3.6. Key insights

By analyzing endpoint maps and/or time-series plots for all variables 
(which listing and definition can be accessed on the functions docstrings 
of the bilan_carbo module), users can identify regions that experi
enced drought stress or poor soil conditions. This example illustrates 
how SARRA-Py supports scenario testing in data-scarce contexts, offer
ing a workflow that can be readily adapted to different crops (e.g., 
maize, sorghum) or management strategies (e.g., altered sowing win
dows, irrigation).

4. Impact

SARRA-Py extends the scope of agroclimatic research by enabling 
spatially explicit simulations across large territories and data-limited 
environments. Its integration of geospatial datasets and daily crop pro
cesses supports investigations into how soil variability influences 
drought resilience and how photoperiod sensitivity shapes yield out
comes in intertropical regions. Researchers can now consider additional 
modules, such as nitrogen balance or pest and disease impacts, without 
needing to rebuild the software’s core structure. This flexibility allows 
for advanced questions about genotype-by-environment interactions, 
climate adaptation strategies, and the performance of crops under 
increasingly frequent extreme weather events, while still maintaining a 
relatively simple calibration process suitable for data-scarce contexts.

In practical terms, SARRA-Py improves everyday research workflows 
by reducing the time spent on data preprocessing (thanks to the SARRA- 
data-download companion tool), simulation runs, and result visualiza
tion, thanks to a unified Python and Jupyter-based approach. Its 
modular design and open-source distribution encourage reproducible 
science, as shown in multi-institutional collaborations documented in 
Lavarenne et al. [2]. This family of models has already reached diverse 
user groups—academic researchers, government agencies, and NGOs in 
Africa, Brazil, and South Asia—evidenced by over 2000 downloads since 2 see https://github.com/SARRA-cropmodels/SARRA-data-download
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the release of SARRA-H, the direct predecessor of SARRA-Py3, as well as 
a list of publications using results produced by these models.4

By offering region-wide simulations and scenario testing, SARRA-Py 
provides more spatially refined insights that can improve drought 
mapping, early warning systems, and resource allocation decisions. 
Beyond research, SARRA-Py holds potential for commercial applications 
in agri-tech and consulting, where precision agriculture services or 
climate risk assessments could leverage its crop modeling capabilities at 
scale. In the future, it is poised to contribute to broader climate adap
tation agendas by enhancing yield forecasts under IPCC-class climate 
scenarios, informing breeding programs on traits needed in water- 
limited conditions, and linking crop water demand with hydrological 
models. By addressing pressing data and modeling gaps in vulnerable 
regions, SARRA-Py is likely to remain a valuable tool for decision sup
port and scientific advancement in tropical and subtropical 
agroecosystems.

5. Conclusions

SARRA-Py offers an open-source, Python-based framework for 
spatially explicit agroclimatic simulations in tropical and subtropical 
regions. By combining crop phenology, water balance, and simplified 
biomass allocations with geospatial data handling, it addresses critical 
gaps in existing models—namely, the need for fewer parameter re
quirements, adaptability to data-scarce conditions, and integration with 
high-resolution climate and soil datasets. Its modular design supports 
straightforward customization for diverse environments, while example 
Jupyter notebooks facilitate rapid adoption and reproducibility.

Going beyond yield forecasting, SARRA-Py’s capacity to incorporate 
photoperiod sensitivity, drought stress, and flexible input datasets en
courages new lines of inquiry in climate adaptation research. It also 
lends itself to policy and operational decision-making, particularly in 
regions where food security is highly dependent on rainfed farming 
systems. Future development plans include extending the model to 
additional crops, refining parameterization strategies for local contexts, 
and incorporating further modules (e.g., nitrogen dynamics, pest 

impacts). As SARRA-Py continues to evolve, it has the potential to drive 
innovation in climate-resilient agriculture and serve as a practical tool 
for researchers, policymakers, and practitioners seeking to understand 
and mitigate agroclimatic risks.
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