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ARTICLE INFO ABSTRACT

Keywords: Assessing agroecological similarity is crucial for shaping sustainable agricultural practices and resource
Agroecology allocation, especially in regions undergoing rapid environmental changes. Current evaluation methods face
Computational approach challenges such as managing large datasets, adjusting for temporal variations across locations, and the need

Fourier transform
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Multiprocessing

Rotation processing

for accessible, comprehensive analytical tools. Addressing these challenges, this paper presents the Agroecology
Fourier-based Similarity Assessment (AFSA), an innovative computational approach that applies principles of
the Fourier transform to systematically evaluate similarities among agroecological sites. To enhance usability,
AFSA is complemented by webafsa, a user-friendly web application designed for researchers and policymakers,
emphasizing ease of use and broad applicability. The implementation of AFSA and webafsa aims to improve
land suitability assessments, enhance decision-making for resource allocation, and support better adaptation
strategies for sustainable agriculture. By offering both a sophisticated computational methodology and an
accessible decision-support tool, this study paves the way for more informed and environmentally considerate
agricultural practices.

Software and data availability Program code : https://github.com/izuku-franck1555/AFSA-Maize-
land-suitability-Tanzania
Software name: WEBAFSA (WEB Agroecology Fourier-based Cost: Free
Similarity Assessment) Program languages: Python, HTML, Javascript, CSS

Developer: Tonle Noumbo Franck Bruno
Email: francktonlebruno@gmail.com 1. Introduction
First year available: 2024

Hardware required: Desktop computer with internet access
Software required: Web browser (Chrome, Firefox, Edge and
Safari were tested).

Software availability: Openly accessible web-based application,
available at https://webafsa.cdecentre.org

Data availability: Climate data (temperature and precipitation)
were downloaded from the CHELSA BIOCLIM+ dataset (https://
chelsa-climate.org/bioclim/) and topographic data (soil texture,

Over the last decades, computational systems have become deeply
embedded in various interdisciplinary domains, offering solutions to
complex and diverse challenges (Fujimoto et al.,, 2017). A notable
example is the application of computational methods to agroecological
similarity assessment, an area gaining traction within agricultural sci-
ences (Alston et al., 2010; Faisal et al., 2010). Agroecological similarity
assessment involves evaluating and quantifying the similarities between
different agricultural ecosystems based on ecological and agricultural

PH, slope, and elevation) were downloaded from the International parameters such as climate conditions, soil characteristics, biodiver-
Soil Reference and Information Centre (ISRIC) data hub (https: sity levels, and resilience to pests and diseases (Mezsi et al., 2016).
//data.isric.org/). By understanding these similarities, researchers and practitioners can

* Corresponding author at: International Centre of Insect Physiology and Ecology (icipe), Nairobi, Kenya.
E-mail address: francktonlebruno@gmail.com (F.B.N. Tonle).

https://doi.org/10.1016/j.envsoft.2025.106494

Received 23 April 2024; Received in revised form 18 April 2025; Accepted 22 April 2025

Available online 9 May 2025

1364-8152/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/envsoft
https://www.elsevier.com/locate/envsoft
https://orcid.org/0000-0003-3682-774X
https://orcid.org/0000-0002-9424-9186
https://orcid.org/0000-0002-0417-5591
https://orcid.org/0000-0002-9208-6838
https://orcid.org/0000-0001-6372-5058
https://orcid.org/0000-0003-1061-4041
mailto:francktonlebruno@gmail.com
https://webafsa.cdecentre.org
https://chelsa-climate.org/bioclim/
https://chelsa-climate.org/bioclim/
https://chelsa-climate.org/bioclim/
https://data.isric.org/
https://data.isric.org/
https://data.isric.org/
mailto:francktonlebruno@gmail.com
https://github.com/izuku-franck1555/AFSA-Maize-land-suitability-Tanzania
https://github.com/izuku-franck1555/AFSA-Maize-land-suitability-Tanzania
https://github.com/izuku-franck1555/AFSA-Maize-land-suitability-Tanzania
https://doi.org/10.1016/j.envsoft.2025.106494
https://doi.org/10.1016/j.envsoft.2025.106494
http://crossmark.crossref.org/dialog/?doi=10.1016/j.envsoft.2025.106494&domain=pdf
http://creativecommons.org/licenses/by/4.0/

F.B.N. Tonle et al.

better predict how agricultural practices and innovations may perform
across different regions (Shankland and Gongalves, 2016). This knowl-
edge can aid in resource allocation and supports the development of
these sustainable practices, tailored to specific environmental contexts.
Consequently, agroecological similarity assessment serves as a criti-
cal concept in enhancing agricultural productivity and sustainability
amidst changing environmental conditions (Gibert et al., 2018).

Despite its critical importance, conducting agroecological similarity
assessments is fraught with challenges. One of the primary difficulties is
managing the vast amount of agroecological data, which ranges from
climatic variables to socio-economic factors and is often represented
as multivariate time series (Macaira et al., 2018). This diversity and
volume of data necessitate sophisticated computational approaches to
achieve timely and effective analysis. Additionally, the dynamic nature
of agroecological sites, marked by seasonal variations, weather anoma-
lies, and long-term climate changes, introduces further complexity into
the process of assessing similarities (Ramirez-Villegas et al., 2011).
Another significant challenge is the lack of intuitive, user-friendly tools,
particularly web applications, designed to facilitate agroecological sim-
ilarity evaluations across various locations for individuals without a
deep understanding of the subject matter (McKenzie et al., 2023).
This absence of accessible platforms not only hampers the application
of theoretical knowledge to practical scenarios but also limits the
widespread sharing and comprehension of agroecological similarities
among scientists and practitioners (Grinsted et al., 2004; Bellon Maurel
et al., 2022).

Various methodologies have been developed to address agroecologi-
cal similarity assessments, falling mainly into two categories: those that
leverage similarity indices and those that rely on univariate criteria
compared against predefined thresholds (Rohat et al., 2017). Similarity
indices methods, such as the Climate Twins approach by Ungar et al.
(2011), identify geographically similar regions using measures like
the Proportional Similarity and Hellinger Coefficient. Ramirez-Villegas
et al. (2011) introduced the CCAFS (Climate Change, Agriculture and
Food Security) dissimilarity index, utilizing Weighted Euclidean Dis-
tance and Multidimensional Discrete Fourier Transform for temporal
alignment, instrumental in identifying potential analogs for agricul-
tural adaptation studies. Veloz et al. (2012) and Yin et al. (2020)
employed distance measures like Standardized Euclidean Distance and
Mahalanobis distance to compare climate scenarios and project fu-
ture conditions. Rule-based comparison methods examine individual
ecological attributes against set benchmarks. For example, Hallegatte
et al. (2007) and Kopf et al. (2008) developed frameworks based
on temperature and precipitation differentials and statistical tests to
evaluate the impacts of climate change on urban areas. Guimapi et al.
(2022) introduced a rule-based modeling technique incorporating var-
ious environmental parameters to predict pest density by assessing
agroecological similarities between areas.

However, a review of these methodologies highlights several limita-
tions. Firstly, there is often a lack of multiprocessing capabilities, which
hinders the efficient processing of extensive agroecological datasets.
Additionally, these methods typically do not account for misalign-
ments and temporal shifts within agroecosystems, potentially lead-
ing to inaccuracies in similarity assessments (Lupo et al., 2013; Bos
et al., 2015). Furthermore, the absence of user-friendly interfaces and
accessible tools, particularly web-based platforms, limits the practi-
cal adoption and broader application of these methods in real-world
scenarios (Ramirez-Villegas et al., 2011; Tonle et al., 2024b).

In this context, we present AFSA (Agroecology Fourier-based Sim-
ilarity Assessment), a novel computational approach that leverages
principles from the Fourier transform to systematically evaluate agroe-
cological similarities. The objectives of this study were: 1) to develop
an innovative computational framework by designing AFSA, which
harnesses advanced data processing techniques and parallel computing
to efficiently analyze extensive agroecological datasets; 2) to enhance
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accessibility and usability for researchers and practitioners by imple-
menting AFSA as an interactive, user-friendly web application that
supports seamless data integration, visualization, and analysis across di-
verse platforms; and 3) to showcase AFSA’s capability through the issue
of land suitability assessment, which involves identifying regions where
the cultivation of a particular crop can be successfully undertaken
under varying environmental conditions. By achieving these objectives,
AFSA has the potential to help researchers and practitioners make well-
informed decisions grounded in comprehensive agroecological analysis,
facilitating the determination of suitable areas for crop cultivation,
assessing pest and disease risks, and supporting ecological research
across different landscapes.

The structure of this article is organized as follows: Section 2
details the materials and methods used in this study, including the
problem formulation and the design of AFSA. In Section 3, we describe
the case study focused on land suitability assessment, presenting the
application protocol and experimental setup. Section 4 presents the
results, showcasing the implementation of AFSA and the outcomes of
the case study. We discuss the implications of these results in Section 5
and conclude the work in Section 6.

2. Material and methods
2.1. Problem formulation

To articulate the problem, it is essential to formally establish the
following foundational concepts: agroecological dataset, reference site, list
of weights, analysis period and similarity map.

Definition 1. An agroecological dataset D is characterized as a
matrix where each cell represents a multivariate time series instance.
These instances are representative of different agroecological sites, each
comprising N sequential measurements of M distinct agroecological
variables.

Definition 2. A reference site R is depicted as a multivariate time
series in a matrix form containing N sequential measurements across
M diverse agroecological variables.

Definition 3. A list of weights W is described as a one-dimensional
(1D) array containing M values. These values delineate the signifi-
cance attributed to each agroecological variable. The list is meticu-
lously crafted to reflect the relative importance of each agroecological
parameter through the process of scaling and normalizing the data.

Definition 4. A period of analysis P is a 1D array consisting
of n values representing the time indices of the measurement period
of interest. Designating an analysis period is pivotal for homing in
on a specific timeframe within the broader observation span. This
focus facilitates a nuanced assessment of temporal similarity patterns,
enabling the identification of similarities that might emerge uniquely
during certain intervals.

Definition 5. A similarity map S between the reference site R and
the agroecological dataset D is defined as a matrix, where each cell
S..y € [0,1] represents the normalized similarity index between R and
the agroecological site located at position (x, y) within D.

The similarity map, as defined, provides a user-friendly and intuitive
measure of the similarity between the reference site and the vari-
ous agroecological sites composing D. By illustrating a comprehensive
similarity relationship between the reference site and the agroecolog-
ical dataset, this map serves as an effective output for our overall
agroecological similarity assessment problem.

Considering the concepts previously defined, the problem we seek
to solve can be succinctly stated as follows:
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Fig. 1. The AFSA architecture, including key stages and concepts.

Given: The geographical coordinates (longitude 4 and latitude ¢)
of a point of interest, an agroecological dataset D, a list of weights W,
and a period of analysis P.

Task: Compute the similarity map S between D and the reference
site R associated with the point of interest (4, ¢), according to W and
P.

The efficient resolution of this problem involves executing a series
of steps inherent to assessing agroecological similarity. Consequently,
the problem that we aim to address in this paper can be reformulated
as follows: Given the coordinates of a point of interest (4, ¢), along with
an agroecological dataset D, a list of weights W and an analysis period
P, our objective is to devise and execute a parallel computational strategy.
This strategy is aimed at effectively calculating the similarity map between
the dataset and its corresponding reference site, in accordance with the
predetermined list of weights and the specified analysis period.

In the next subsections, we outline the proposed Agroecology Fourier-
based Similarity Assessment (AFSA) method, which is developed to
compute the similarity map S. Drawing inspiration from the Mul-
tivariate Time series Alignment and Similarity Assessment (MTASA)
approach for time series similarity proposed in Tonle et al. (2024b),
AFSA consists of four primary stages. These stages, which form the core
methodological workflow of AFSA, are subsequently operationalized
within an intuitive web application. The overall framework of AFSA
is presented in Fig. 1. In the following paragraphs, we delve into each
stage, explaining the methodologies and algorithms employed in AFSA.

2.2. Data preprocessing

Data preprocessing, outlined in Algorithm 1, focuses on the retrieval
and filtering of the agroecological dataset, as well as the extraction and
formatting of the reference site data.

As illustrated in Fig. 1, the process begins with the acquisition
of global high-resolution agroecological data. AFSA primarily uses
raster files in TIFF (Tagged Image File Format) format from reputable
sources such as WorldClim (Fick and Hijmans, 2017) and CHELSA-
BIOCLIM+ (Brun et al., 2022). WorldClim provides data at a spatial
resolution of 10 km, suitable for continental or global-scale assess-
ments, while CHELSA-BIOCLIM+ offers data at a 1 km resolution,
ideal for regional or national-scale analyses. To ensure compatibility
during the similarity computation, the preprocessor ensures that all the

raster layers used for an assessment are harmonized to the same spatial
resolution.

The agroecological dataset can include various environmental vari-
ables such as temperature, precipitation, soil properties, and topo-
graphic features. The minimum requirement to run the application
is one complete raster layer representing an agroecological variable
of interest. However, the tool’s accuracy in identifying agroecological
similarity improves when multiple variables are used, providing a more
comprehensive assessment of the environmental characteristics across
the landscape.

The preprocessing step filters the dataset to derive D,,;, (see line
1, Algorithm 1). This filtering process identifies valid agroecological
sites, defined as locations with complete data for all selected variables
throughout the specified measurement period. Sites with incomplete
data are omitted to ensure the integrity of the dataset for further
analysis.

Following this, the preprocessor extracts the reference site (high-
lighted in line 2 of Algorithm 1) from the agroecological dataset by
identifying and retrieving specific variables and corresponding data
points associated with the point of interest. Finally, the data are subject
to comprehensive verification and formatting (mentioned in line 3 of
Algorithm 1). For instance, the preprocessor confirms that the weights
attributed to each agroecological variable sum to 1, affirming their
balanced contribution in the subsequent similarity assessment stages.

2.3. Data rotation processing

Following data preprocessing, the subsequent phase within the
AFSA framework is the data rotation processing. This phase aims to
align the sites within the agroecological dataset with the reference site
(referenced in lines 4-16 of Algorithm 1 and Algorithm 2). Such align-
ment is crucial for enabling comparisons across instances that exhibit
temporal shifts, thereby effectively managing temporal variations and
ensuring accurate similarity assessments.

The first initial step of this stage involves activating a multi-
processing engine (as mentioned in line 4 of Algorithm 1). This engine
facilitates the creation and management of a pool of processors, allow-
ing for the parallel execution of the following steps. The first step is
to allocate and assign shared memory, R,,.s» Which will be accessed
concurrently by multiple processors to process the reference site data.
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Algorithm 1: AFSA - Compute Similarity Map

Algorithm 2: Compute Rotation Coefficient

Data: (4,¢) - Lon/Lat of the point of interest
D - Agroecological dataset
W - List of weights
P - Period of analysis
Result: S - Similarity map between R and D, according to

W and P
/* Step 1: Preprocessing */
(D, 4114 1) < getValidSites(D)
// (x,y) €T = (Nn< N,Ym<M, D(x,y)[n,m] €R)
R « extractRe ferenceSite(D, A, )
3 validate And FormatInput Data(D, R, W, P)
/* Step 2: Data rotation multiprocessing */
pool < create Process Pool()
R shared < StoreOnShared Memory(R) // Share R among all
the CPU cores
rotationMatrix <« [_, _]
while D, # @ do
tasks « [(Duah’d (x, y)’Rshared) for(x,y) € I]
results < mapT oProcessPool(pool, compute RotCoe f , tasks)
// See Algorithm 2
10 for (x, y, rotationCoef ficient) in results do
11 rotationMatrix[x, y] < rotationCoe f ficient
12 removeProcessed Site (Dm“d, D,ia (x, y))

-

N

o s

© o N o

13 end

14 end
15 D, g < rotateDataset(D, RotationMatrix)
16 closeProcessPool(pool)

/* Step 3: Dissimilarity matrix computation */
17 dissimilarityMatrix < [_,_, _]
18 foreach m € M do
19 dist «

computeAnd N ormalizeDistances (Dvalid P,m),R (P, m))

20 dissimilarityMatrix|[_,_,m] < dist + W[m]

// M: list of variables

21 end
/* Step 4: Similarity map computation */
22 similarityMatrix < combineDistances(dissimilarityMatrix)
23 similarityMatrix < applyFiltering(similarityMatrix)
24 S « matrixtoM ap(similarityMatrix)
25 displaySimilarityM ap(S)
26 return S

w N

=

Subsequently, the processors work in parallel to compute the rota-
tion coefficient for each valid site in the dataset relative to the reference
site. These coefficients are then compiled into a rotationMatrix. The
computation process includes identifying the optimal number of shifts
that minimize the discrepancy (measured by the product of the two ma-
trices) between a given valid agroecological site and the reference site.
This meticulous approach ensures that temporal differences between
datasets can be accurately accounted for, laying the groundwork for
precise similarity measurements in later stages.

To determine the optimal number of shifts (rotations) that mini-
mize the difference between the agroecological sites R and D, ,, both
are first transformed into their frequency domain representations F,
and F, using the 2D Fast Fourier Transform (see lines 2-5, 8-11,
Algorithm 2). Following this transformation, the convolution of F,
and F, is computed by inverting the time series instance representing
the agroecological site in the time domain. This inversion involves
conjugating the DFT (Discrete Fourier Transform) coefficients F, within
the frequency domain. Subsequently, the inverse DFT is applied to the
result of the convolution, and the real parts of the complex numbers
obtained are extracted. To pinpoint the number of rotations that opti-
mize the convolution outcome, the ArgAMax is employed. This function

Data: D, - Agroecological site at the position (x,y)
R - Reference site
P - Period of analysis
VY - Indices of the rotation variables!

Result: rotationCoef ficient - Number of rotations required to align D,, and R
1 if | P| < N then
/* Subsequence similarity search */
2 R,I,,a,yx,ﬂx « createMatrix (| P |,| V |)
3 Ranalym <R@P,V)
4 Fi < X FFT (Ranatysis)*
5 Fy « Y FFT (D, V)
6 rotationCoef ficient «— (N — ArgMax (9{ (iDFT (Fz ® F )))) mod N
7

/* Full sequence similarity search */

8 Ranalysis < createMatrix (N, | V)
Ranatysis = R(GV)
10 F| « X FFT (Qana/ysls)
11 F, « ¥ FFT (DXNV(JV))
12 indexF1,,, < ArgMax (| Fili] for i€ [1,N —1]])
13 indexF2,,, < ArgMax (| Fyli] for i €[1,N —1]])
14 if indexF1,,,, == indexF2,,, then
15 0 « Arg (Fl [indexFl,,mx]) — Arg (Fz[indexF2max])
. WIS N
16 rotationCoef ficient «— (€~ m) mod N
17 else
18 ‘ rotationCoef ficient «— (N — ArgMax (2)'{ (iDFT (E@ F, )))) mod N
19 end
20 end

21 return rotationCoef ficient

1 - The rotation variables can be defined as the agroecological variables
considered by the data rotation processor to correct temporal shifts between
the reference and the input agroecological sites.

2 - FFT: Fast Fourier Transform

is formally defined as ArgMax(A) = i = A[i] = max(A[j]),Vj €
0,...,]A| = 1. This function is applied to the real parts extracted in
the previous step, to identify the number of rotations that maximize
the convolution. Finally, this number is converted into the rotation
coefficient via the application of a modulo N operation on its additive
inverse. These computational steps are summarized in Algorithm 2 (see
lines 6 and 18) through the following equation:

rotationCoef ficient —« N — Argmax (R
(iDFT (Fz@ F ))) mod N

For the alignment based on an analysis period of length N, AFSA
capitalizes on the insight that the first DFT coefficients of highest
amplitudes can be used to operate on discrete signals (Agrawal et al.,
1993). AFSA initiates the calculation of the rotation coefficient by
examining if the highest DFT coefficients of the two frequency domain
representations (F1,,,, and F2,, ) have the same analysis frequency. If
they do, the DFT shifting theorem is employed to compute the number
of circular shifts needed to align the highest frequency components
within F; and F,. This number of circular shifts can thus be interpreted
as the rotation coefficient between R and D, ,. The computation of the
rotation coefficient using this methodology is summarized in Algorithm
2 (see lines 14-17) through the subsequent equation:

N
2-x-indexF1,,,

@

rotationCoef ficient « (9 ) mod N 2)

As mentioned above, after computation, these rotation coefficients
are aggregated into a matrix called rotationMatrix. For each element
of rotationMatrix, a corresponding rotation is applied to the related
agroecological site, resulting in a rotated dataset (see line 15, Algorithm
1). This rotated dataset serves as the output of the data rotation
processing.

2.4. Dissimilarity index processing

Following the data rotation processing, AFSA proceeds to the com-
putation of the “dissimilarity index matrix” denoted dissimilarityMatrix,



F.B.N. Tonle et al.

defined as a 3D matrix, wherein dissimilarityMatrix[x, y, m] quantifies
the weighted normalized distance between R and the agroecological
site within D located at (x, y) considering only the measurement vari-
able m. The computation of the dissimilarity matrix is executed through
a bipartite process described below:

1 - Computing the dissimilarity distance. The initial step involves
measuring the distance between the reference site R and every valid
site within the agroecological dataset D (as seen in line 19 of Algorithm
1). For this purpose, AFSA utilizes two distinct similarity measures. The
Euclidean distance, known for its straightforward computation between
multidimensional points, is applied, considering the preliminary data
rotation process (see Eq. (3)).

N
EuclideanDistance(Q, T;, m) = Z Qli,m] — T[k, i, m])2 3)
i=1

Additionally, AFSA supports the use of the Dynamic Time Warping
(DTW) distance (see Eq. (4)) as an alternative to handle temporal
misalignment when the data rotation processing may not be adequate.
DTW is a dynamic programming technique that computes the optimal
alignment between two time-dependent sequences, allowing for stretch-
ing and compressing of the time axis to minimize the distance between
them. This means that DTW can align sequences that are similar but
out of phase due to temporal distortions, making it ideal for comparing
time series data with varying speeds or shifts in time.

DTW (Q, Ty, m) =| Q[0,m] — T[k,0,m] |

DTW(Q,T,[1: N —1,m])
+mind DTW(Q[1 : N — 1,m], T,)
DTW@QI[L : N —1,m],T,[1: N —1,m])

4

2 - Normalizing and weighting the computed distances. Follow-
ing the distance calculations, the next step is their normalization. This
step employs a min—max normalization technique to scale the distances
to a range between 0 and 1. Notably, the normalization process may
incorporate a ‘“Normalization coefficients retriever” for certain agroe-
cological variables, where an optimal coefficient is retrieved from a
local database to serve as the normalization factor. This standardization
of distances within a [0, 1] range simplifies the subsequent weighting
process, ensuring that the distances and the weights of agroecological
variables are compatibly scaled. The weighting of the distances then
involves multiplying the normalized distances by the respective weights
of the agroecological variables (referenced in line 20 of Algorithm 1).

2.5. Similarity map rendering

The final step of AFSA is to compute and display the similar-
ity map S. The computation of S involves the combination and op-
tional filtering of the elements composing the previously computed
dissimilarityMatrix into a new matrix known as similarityMatrix. The
computation of similarityMatrix consists of combining the elements of
D by summing them along the weight axis. The result is a 2D matrix
containing values characterizing the similarity between the agroecolog-
ical sites of D and R, referred to as “similarity indices”. The next step
involves filtering the similarityMatrix using two methods: “absolute
filtering”, which eliminates similarity indices below a defined value,
and “relative filtering”, which selects the k nearest neighbors of R
within D based on their similarity index. Absolute filtering establishes
strict similarity thresholds, while relative filtering emphasizes relative
rankings of agroecological sites compared to R.

The final stages of the AFSA methodology, which include the gen-
eration and visualization of the similarity map, play a pivotal role in
enabling a detailed understanding of the computed similarityMatrix.
The resulting similarity map S serves as a crucial tool for informed
decision-making, fostering a deeper comprehension of the agroecolog-
ical landscape and its intricacies.
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2.6. Webafsa: platform design and system requirements

The AFSA computational framework has been operationalized as a
comprehensive web-based platform named webafsa.® This subsection
outlines the technical architecture, computational requirements, and
interoperability features of the implementation.

The application leverages modern web technologies, combining
Leaflet and Bootstrap for front-end development, the Django Python
framework (2019) for backend operations, and GeoServer (2025) for
robust database management. The integration of Django’s flexibility,
Leaflet’s interactive mapping capabilities, Bootstrap’s responsive de-
sign, and GeoServer’s geospatial data handling ensures efficient man-
agement and visualization of agroecological datasets.

The computational requirements for running webafsa depend on
the scale and complexity of the data being processed. Our instance of
webafsa is hosted on a cloud server to handle the parallel processing
needed to efficiently compute similarity maps for large agroecological
datasets. For small-scale applications or personal research, webafsa
can also operate on standard desktop or laptop computers. However,
the system typically requires at least 16 GB of RAM and a multi-
core processor to maintain reasonable performance for moderate-sized
datasets. For larger datasets or real-time decision-making, a server
environment with greater computational resources is necessary to fully
leverage AFSA’s parallel processing capabilities.

Regarding interoperability, the web application, through GeoServer,
supports the download of similarity maps as TIFF files, which can be
directly imported into Geographic Information System (GIS) platforms
such as QGIS and ArcGIS for further analysis or integration with other
spatial data layers. This functionality allows extending the capabilities
of webafsa by utilizing advanced geospatial analysis tools available in
desktop GIS applications. Additional information regarding the deploy-
ment and interoperability of webafsa is provided in the user guide,
included in the supplementary data.

3. Case study

To showcase its efficacy, we employed AFSA in the context of land
suitability assessment for maize production. This application involves
evaluating the appropriateness of a particular region for maize culti-
vation by comparing its agroecological features with those of an area
known for optimal growing conditions. This selection is underpinned by
several factors: the diversity of regional characteristics, the escalating
variability in climate patterns, and the constraints faced by existing
Al-driven methodologies owing to the scarcity of comprehensive mul-
tilocation datasets (Ramirez-Villegas et al., 2011; Zhang et al., 2022).
Through the utilization of AFSA, individuals with varying levels of
expertise can gauge crop suitability while accommodating temporal
fluctuations, all within a computationally efficient framework.

3.1. Application protocol

Our evaluation protocol draws inspiration from Makungwe et al.
(2021), which evaluates the land suitability for rainfed paddy rice
production in Zambia. Given an agroecological dataset D, a list of trial
sites with yield observations £, an analysis period P, and a list of
weights W, the evaluation protocol unfolds as follows:

- First Site (Optimal Site for Maize): We employ a weighted overlay
analysis of the different agroecological factors to pinpoint an optimal
crop-growing site s, which serves as our point of interest. We retrieve
the corresponding agroecological data R, associated with this site.
Subsequently, we compute a similarity map, conceptualized here as a
crop suitability map S, by comparing R with D according to P and W.

3 The web application can be accessed at https://webafsa.cdecentre.org
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We construct a contingency table that exhibits the distribution of ob-
servations between Suitability Classes and Crop Yield Data. This table
is then analyzed using the Chi-square test to assess the null hypothesis
that the crop yield at a sample site and the suitability index returned
by AFSA are independently distributed. The results are interpreted as
follows: If the null hypothesis is accepted, there is no evidence of any
correlation between the suitability map and the observed crop yields.
In contrast, if the suitability map is informative, we expect a larger
proportion of observed sites with yields above average to align with
areas where the suitability index is higher.

- Second Site (Unsuitable Site for Maize): To further validate
AFSA’s capabilities, we replicate our protocol using a second reference
site s, characterized by harsh agroecological conditions for maize
cultivation. As before, a contingency table is constructed to exhibit the
distribution of observations between Suitability Classes and Crop Yield
Data. The Chi-square test is applied to evaluate the null hypothesis, just
as in the first experiment. The interpretation of this second test differs
slightly: If the null hypothesis is accepted, the conclusion remains the
same; there is no evidence of any correlation between the suitability
map and the observed crop yields. However, if the suitability map is
informative, we expect a larger proportion of observed sites with yields
below average to align with areas where the index is higher, indicating
greater similarity to the unsuitable site and thus lower suitability for
maize cultivation.

In both cases, rejecting the null hypothesis provides evidence that
the suitability maps returned by AFSA are informative, either by iden-
tifying high-yield areas (based on the optimal site) or low-yield areas
(based on the unsuitable site). This protocol demonstrates AFSA’s pro-
ficiency in accurately and efficiently assessing crop suitability for loca-
tions with varying agroecological conditions. The effectiveness of AFSA
is determined by its ability to assess crop suitability across different
datasets and climatic conditions, with reference sites serving as points
of interest for both suitable and unsuitable growing environments.

3.2. Experimental setup

This experimental study aimed to comprehensively evaluate the
land suitability of Tanzania for the cultivation of maize (Zea mays L.).
Maize holds a paramount position within the agricultural landscape of
Tanzania, serving as the nation’s primary staple crop (Laudien et al.,
2020). To assess the suitability of Tanzanian lands for maize, we
employed AFSA as an analytical tool. According to Wanyama et al.
(2021), maize cultivation is significantly influenced by six agroecolog-
ical variables: temperature, precipitation, soil texture, soil pH, slope,
and elevation. We then employed a weighted overlay analysis us-
ing QGIS (QGIS Development Team, 2024) and the criteria provided
in Wanyama et al. (2021) to identify two reference sites: an optimal
growing site in Ndumeti located in Northern Tanzania, and an unsuit-
able site in Mipande characterized by harsh agroecological conditions
for maize cultivation (see Fig. 2). Temperature and precipitation layers
were different for each season while the same layers of soil texture,
soil pH, slope and elevation were used due to no seasonal variations in
these layers.

The similarity map computation was run on a machine powered
by a 3.90 GHz Intel Xeon processor with 16 cores and 128 GB of
RAM (Random Access Memory) running Ubuntu 22.04 LTS. The Chi-
square test was performed using the ‘chi2_contingency* function from
Python SciPy. Stats module (Virtanen et al., 2020). Climate data, specif-
ically temperature and precipitation were downloaded from the high-
resolution CHELSA BIOCLIM+ dataset (Brun et al., 2022), which offers
global coverage of bioclimatic variables. Topographic information, such
as soil texture, pH, slope, and elevation, was sourced from the Inter-
national Soil Reference and Information Centre (ISRIC) data hub.* All

4 https://data.isric.org/
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Fig. 2. Distribution of TAMASA maize yield observations across Tanzania.

geospatial data were processed at a 1 km * 1 km spatial resolution.
The analysis period covered the months from March to May, aligning
with the primary maize growing season in the northern region of
Tanzania (Laudien et al., 2020). The list £ of maize growing sites,
crucial for validating our model, was compiled from on-field data
monitoring conducted during the Taking Maize Agronomy to Scale in
Africa (TAMASA) project (Chamberlin et al., 2018). The resulting list
encompasses 995 georeferenced maize yield observations in the South-
ern Highlands, Northern and Eastern Zones of Tanzania during the
period from May to August 2017 (see Fig. 2). Gathering all these data,
we applied our application protocol, according to the configuration
presented in Table 1.

Table 1

AFSA and Chi-square parameters used for the experiment.
Parameter Value Justification/Source
Point of First site: Ndumeti Derived from weighted overlay
interest (longitude: 37.061943, analysis performed in QGIS.

latitude: —2.983604)

Second site: Mipande

(longitude: 36.478509,
latitude: —7.748987)

Maize yield

1.6 tons/hectare

Based on national yield data

average report (Laudien et al., 2020)

Measurement January 2017 - Availability of data from

period December 2017 TAMASA and CHELSA

BIOCLIM+ dataset.

Measurement Temperature, The 6 variables with the highest

variables precipitation, soil influence on maize suitability
texture, soil pH, slope, (Wanyama et al., 2021).
elevation

Rotation Temperature, Variables most susceptible to

variables precipitation temporal shifts (Wanyama

et al., 2021).

Analysis period

March 2017 - May
2017

Primary maize growing season
in the northern region of
Tanzania (Laudien et al., 2020).

List of weights

[0.13; 0.47; 0.16; 0.13;
0.03; 0.08]

Values derived from the
analytical hierarchy process
performed in Wanyama et al.
(2021).

Filtering and
threshold

Relative filtering, based
on threshold above the
3rd quartile of
similarity values.

Same methodology was used in
Wang et al. (2023) to define
the thresholds.
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Fig. 3. WEBAFSA - Similarity map generated for a reference site located in Ndumeti, Tanzania.

4. Results
4.1. Functiondlities and application of the webafsa platform

The operationalization of AFSA through the webafsa web application
transforms theoretical concepts into practical tools for agroecologi-
cal analysis. The platform enables users to generate dynamic simi-
larity maps that visually display the relationships between a selected
reference site and other agroecological regions worldwide. The core
functionalities demonstrated through the application include:

— Data preprocessing and input management: Allows users to select
a location of interest based on geographic coordinates and input
agroecological data such as temperature, precipitation, soil pH,
and topography. Users can customize their analysis by adjusting
the importance of each variable, ensuring that the most relevant
factors are emphasized.

— Parallel computation of similarity indices: Efficiently computes
similarity indices across large datasets, accounting for temporal
shifts and misalignments within agroecosystems.

— Interactive visualization: Provides dynamic similarity maps through
an interactive web interface, enabling users to visually explore
agroecological relationships.

An example of webafsa’s application is presented in Fig. 3, which
displays a similarity map for a reference site in Ndumeti, Tanzania.
Users can visualize agroecological similarity alongside land use land
cover (LULC) maps (Zanaga et al., 2022), providing an additional
layer for assessing the relevance and accuracy of the similarity results.
The interface includes a panel that allows users to switch between
various map layers, such as OpenStreetMap, LULC, and AFSA-generated
similarity maps. This functionality enables users to compare the agroe-
cological similarity outcomes with actual land cover types, offering an
alternate verification of the assessment.

The AFSA map highlights various agroecological sites across the
geographic region, each represented by a dot. The reference site in
Ndumeti is marked prominently with a green pin. Surrounding it,
other sites are color-coded according to their similarity index relative
to Ndumeti, following the AFSA computational processes. Areas of

low similarity are displayed in warm colors (red or orange), indicat-
ing weaker agroecological resemblance, while those of high similarity
appear in cooler colors (green or blue).

By clicking on any point, users can delve into detailed data about
the site, including its LULC classification, exact similarity index per-
centage, and the specific agroecological variables contributing to this
similarity. For example, identification of areas with high similarity
and matching land cover reinforces confidence in the region’s suit-
ability for particular agricultural practices. Conversely, discrepancies
between high similarity indices and differing land cover may highlight
areas requiring further investigation or potential land use changes.
Integration of LULC data thus enhances the utility of webafsa for
researchers and policymakers, facilitating informed decision-making
based on ecological similarity and land use patterns.

While webafsa currently provides extensive analysis and visual-
ization capabilities, it does not yet directly support importing and
displaying suitability maps generated by external applications, such as
QGIS, within its web interface. However, this functionality is achiev-
able through GeoServer integration, and future updates aim to include
direct integration of external suitability maps, further enhancing its
interoperability and usefulness.

In summary, the maps returned by webafsa not only offer intuitive
insights into agroecological similarities but also represent a valuable
decision-support tool for agriculture, environmental planning, and re-
source management. The presented scenario encapsulates the potential
of webafsa to convert complex agroecological data into actionable in-
sights, supporting improved agricultural productivity and sustainability
through robust similarity assessments.

4.2. Land suitability assessment results

Fig. 4 displays the maize suitability map for Tanzania as generated
by webafsa, illustrating the varying degrees of agroecological compati-
bility for maize cultivation across different regions, delineated through
a comprehensive color gradient. This visual representation categorizes
zones into four distinct suitability levels based on their agroecological
similarity to the specified point of interest:
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Table 2
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Chi-square analysis for maize yield observations across suitability classes based on the optimal site (Ndumeti).

Observed
Expected
O-E
Observed
Expected
O-E

Maize yield data Above yield average

Below yield average

Suitability class Total

Unsuitable Suitable Very suitable

253 335 30 618

281.98 307.45 28.57

—28.98 27.55 1.42

201 160 16 377

172.02 187.55 17.42

28.98 —27.55 -1.42

454 495 46 995
22 = 14567 p-value = 0.000686

— Very suitable zones: These zones are depicted in green, indicating
regions with the most favorable conditions for maize growth.
These areas are characterized by their high similarity to the
point of interest, suggesting optimal environmental and climatic
conditions for maize cultivation.

— Suitable zones: Shown in yellow, these areas are slightly less ideal
than the green zones but still offer conditions conducive to maize
production. Although not optimal, these zones possess a suitable
combination of factors necessary for successful maize cultivation.

— Unsuitable zones: Highlighted in orange, these areas might support
maize cultivation but are likely to yield lower outputs. Such
regions may require targeted intervention strategies to enhance
their suitability for maize production.

— Very unsuitable zones: Marked in red, these zones are least fa-
vorable for maize cultivation, typically necessitating significant
alterations to farming practices or environmental management to
achieve any success.

An example of a highly unsuitable region identified by webafsa and
displayed on the map is Mount Kilimanjaro. This is empirically justified
by its challenging agroecological attributes, such as high elevation,
steep slopes, and cooler temperatures, all of which are adverse for
maize growth. Conversely, the areas surrounding Mount Kilimanjaro,
depicted in green, highlight regions with advantageous agroecological
features for maize, such as rich volcanic soils, beneficial rain shadow
effects, and moderate temperatures afforded by their lower elevation.
Pending empirical validation, this suitability map could become an
invaluable asset for policymakers, researchers, and agricultural prac-
titioners. It offers a strategic visualization of land potential, facilitating
informed decision-making in agricultural planning and resource distri-
bution, thereby optimizing the allocation of efforts and investments in
Tanzania’s maize production sector.

Table 2 consolidates maize yield observations across various land
suitability classifications based on the optimal site (Ndumeti). For
analytical efficiency, the two least favorable land suitability categories
depicted in the map have been combined into a singular ‘Unsuitable’
class within the contingency table. The table includes the calculated
chi-square (y2) statistic and the associated p-value, which are used to
test the null hypothesis that the observed yield distribution is randomly
associated with land suitability classes. The 2 statistic, calculated as
14.567, along with a notably low p-value (p = 0.000686 < 0.05),
provides compelling evidence to reject the null hypothesis. This result
indicates a significant association between land suitability for maize
cultivation and actual yield outcomes. Notably, the "Very suitable’ class
contains more sites with yields above average than expected under the
assumption of independence between yield and computed suitability.
Additionally, the ‘Suitable’ class exhibited a significant number of sites
with above-average yields, further emphasizing the correlation between
the generated suitability map and real-world yield data. Therefore,
this statistical analysis confirms the efficacy of the suitability map
produced by webafsa in evaluating land suitability for maize production
in Tanzania. The clear correlation between the map’s suitability classes

TANZANIA MAIZE SUITABILITY - AFSA OUTPUT
N

(Q~

@ Point of interest

mt
- Very unsuitable
:I Unsuitable
er e
l:l Suitable
o 750 1,500 km
— [ verysuitabie

32 35 38 M 43

Fig. 4. Suitability map for maize in Tanzania during March to April 2017.

and observed maize yields underlines the map’s value as a tool for
guiding agricultural planning and optimizing land use for enhanced
maize production outcomes in the region.

Table 3 presents the results of the second experiment based on the
unsuitable site (Mipande). In this case, the contingency table reflects
maize yield observations across suitability classes determined by simi-
larity to the unsuitable site. The y? statistic is 6.631, and the associated
p-value is 0.0363 (which is less than 0.05), allowing us to reject
the null hypothesis. This indicates a significant association between
the suitability classes based on the unsuitable site and the observed
maize yields. Specifically, the ’Very unsuitable’ class contains more
sites with yields below average than expected under the assumption
of independence. This suggests that areas similar to the unsuitable
site are indeed less suitable for maize cultivation, resulting in lower
yields. The statistical analysis thus confirms that the similarity map
generated based on the unsuitable site effectively identifies areas where
maize cultivation is less productive. This reinforces the capability of
webafsa and AFSA to assess land suitability accurately, whether identi-
fying optimal or suboptimal areas for crop cultivation. Furthermore, as
demonstrated in Tonle et al. (2024b), the computational model for time
series similarity underpinning AFSA was applied successfully to pest
suitability assessment for a crop grown in a climate similar to our study
area. This highlights the versatility and robustness of AFSA in different
agricultural contexts, reinforcing its effectiveness beyond a single crop
or climate condition.

The source code of both experiments is available,” and the results
can be reproduced.

5 https://github.com/izuku-franck1555/AFSA-Maize-land-suitability-
Tanzania
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Table 3
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Chi-square analysis for maize yield observations across suitability classes based on the unsuitable site (Mipande).

Suitability class Total
Suitable Unsuitable Very unsuitable
Maize yield data Below yield average Observed 75 205 97 377
Expected 91.31 197.78 87.90
O-E -16.31 7.21 9.09
Above yield average Observed 166 317 135 618
Expected 172.02 187.55 17.42
O-E 149.68 324.21 144.09
16.31 -7.21 -9.09 995
22 =6.631 p-value = 0.0362978

5. Discussion

In the domain of agroecological similarity assessment, traditional
methodologies often rely on univariate classification techniques based
on preset thresholds (Hallegatte et al., 2007; Kopf et al., 2008; Guimapi
et al.,, 2022). These methods typically classify agroecosystems using
predefined criteria, such as soil properties or climate variables, com-
pared against predetermined benchmarks. While effective, these meth-
ods are limited by their reliance on expert-defined thresholds, which
can introduce biases and limit flexibility across diverse agroecological
landscapes (Whitney et al., 2023). Additionally, data availability is
often a major constraint, as the statistical validation of thresholds
requires high-quality, up-to-date datasets, which are not always read-
ily available (Guimapi et al., 2022). This scarcity of quality data
not only undermines the precision of similarity evaluations but also
restricts the methods’ broader applicability and scalability across var-
ied agroecological landscapes, potentially compromising the accuracy
of agroecological similarity assessments. In contrast, AFSA eliminates
the need for preset thresholds, utilizing advanced techniques such as
Fourier transforms to capture temporal patterns within agroecosystems.
This allows for more flexible analysis, particularly in cases where
traditional threshold-based methods would struggle due to limited data
availability or subjective expert opinions.

Certain agroecological similarity assessment methodologies (Ramirez-
Villegas et al., 2011; Huang et al., 2018; Macaira et al., 2018) adopt a
similarity index to directly compare a specific point of interest with the
agroecological dataset, bypassing the need for predefined thresholds.
This strategy offers a dynamic and flexible methodology that can adapt
to varied scenarios, effectively handling divergent expert opinions
or situations characterized by limited data availability. By focusing
on direct similarity quantification, these techniques are better suited
for assessing similarity degrees rather than rigid classification. AFSA
further refines this approach by incorporating a multiprocessing engine
and data rotation processor, enhancing the efficiency and accuracy
of index-based agroecological assessments. These advanced elements
make AFSA highly efficient, accurate, and adaptable. Its practical
application is demonstrated in webafsa, particularly for land suitability
assessments for maize cultivation in Tanzania. The use of a chi-square
test of independence validates the association between the similarity
map generated by webafsa and actual maize yield data, showing a
strong correlation between suitability assessments and maize produc-
tivity across agroecological zones. This underscores AFSA’s ability to
provide valuable insights into agroecological dynamics and support
informed agricultural decision-making.

In summary, AFSA presents a novel contribution to the field of
agroecological similarity assessment by addressing several limitations
of existing methods. Unlike traditional approaches, which rely on
expert-defined thresholds that are prone to bias, AFSA utilizes Fourier-
transform-based techniques that objectively capture the temporal and
spatial dynamics within agroecosystems. This independence from pre-
set thresholds, combined with AFSA’s ability to handle large datasets
through parallel processing and data rotation, significantly enhances
its accuracy and adaptability across varied agroecological landscapes.

AFSA’s innovation lies in its ability to streamline complex, multivari-
ate data into actionable insights without requiring extensive domain-
specific expertise, making it a flexible tool suited to diverse agricul-
tural contexts. This positions AFSA as a pioneering methodology in
agroecological similarity assessments, particularly in scenarios where
traditional methods fall short due to limited data or subjective inputs.

Regarding improvements, aligning AFSA with the innovative road
map outlined by Tonle et al. (2024a) for a novel Decision Support
System (DSS) focused on agricultural practice dissemination could
significantly enhance its practical application. This roadmap empha-
sizes spreading Integrated Pest Management (IPM) technologies and
highlights key improvements needed in digital tools for agricultural
dissemination. Integrating AFSA within the DSS architecture, which
includes features like a local database for offline accessibility, a conver-
sational module with a triangulation engine for knowledge sharing, and
an agroecology engine for custom recommendations, would amplify the
application of agroecological practices. Such a system would address
limitations related to accessibility, user interaction, and knowledge
exchange while leveraging AFSA’s advanced agroecological assessment
capabilities. Incorporating AFSA into the DSS would create a versatile
platform offering tailored, agroecology-centric recommendations based
on users’ specific environmental contexts. In cases like the Tanzanian
maize land suitability study, this integration would provide a user-
friendly interface with pre-configured crop settings, simplifying land
suitability assessments and enabling informed decisions. This fusion be-
tween AFSA and the DSS could result in a more impactful, user-friendly
toolset for fostering sustainable agricultural practices, especially in
developing countries where such tools are urgently needed. Drawing
on insights from Dutta et al. (2014), integrating these forward-thinking
features could facilitate wider adoption and more effective dissem-
ination of IPM technologies, among other agroecological practices.
Consequently, this could lay a solid groundwork for ongoing research
and development endeavors aimed at enhancing agricultural decision
support systems, heralding a new era of precision and sustainability in
agricultural practice dissemination.

6. Conclusion

Responding to the increasing need for tools that process large
datasets, account for temporal variability, and provide actionable in-
sights into agricultural systems, this paper introduced AFSA and its
web application, webafsa, designed and implemented to address these
challenges. By leveraging Fourier transform techniques, AFSA effi-
ciently analyzes complex agroecological data, even in the presence of
large datasets and temporal fluctuations, providing precise similarity
assessments. The webafsa platform complements this by offering a
user-friendly interface that allows a broad range of users, including
researchers, practitioners, and policymakers, to engage in agroecologi-
cal studies without requiring deep technical expertise. AFSA’s practical
utility was demonstrated in a case study on maize land suitability in
Tanzania, where the tool accurately identified regions favorable for
maize cultivation, validated by a significant correlation with actual
yield data.
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While AFSA shows great promise, it should be viewed as a com-
plementary tool to more sophisticated simulation models, with a focus
on agroecological similarity assessments to help stakeholders identify
suitable regions for agricultural activities. Looking ahead, integrating
AFSA into a DSS could enhance its application by offering tailored,
agroecology-based recommendations that provide practical, localized
insights and overcome barriers to disseminating sustainable agricul-
tural practices. Furthermore, we plan to conduct additional experimen-
tation on various crops and agricultural scenarios to further expand
the applicability of AFSA. By exploring these diverse contexts, we aim
to enhance AFSA’s adaptability and strengthen its effectiveness as a
versatile tool for agroecological analysis. Ultimately, AFSA and webafsa
offer promising avenues for advancing agroecological research and sup-
porting sustainable agricultural development in diverse environmental
contexts.
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