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Abstract 
Agriculture in West Africa faces multiple challenges, such as climate variabil-
ity, soil degradation, and limited access to reliable agroecological information 
for agricultural planning. In this context, traditional zonation approaches have 
often relied solely on rainfall patterns, potentially overlooking critical bio-
physical factors that influence agricultural productivity. This study presents a 
comprehensive agroecological zoning approach for Burkina Faso as a case 
study in West Africa, using multiple biophysical variables and k-means clus-
tering analysis. The methodology integrates climate data from ERA5 reanaly-
sis and TAMSAT satellite precipitation estimates, soil characteristics from the 
Harmonized World Soil Database, and derived agroclimatic indices for Burkina 
Faso for the period 1991-2020. Twelve variables, including precipitation, tem-
perature, consecutive dry and wet days, onset and length of growing season, 
aridity index, and soil water content, were analyzed at 0.25˚ × 0.25˚ spatial 
resolution. The k-means clustering analysis identified four distinct agroeco-
logical zones (AEZs) with unique biophysical characteristics in Burkina Faso. 
The northern zone (AEZ1) exhibits semi-arid conditions, with longer dry 
spells and higher temperatures, while the southwestern zone (AEZ4) shows 
more favorable agricultural conditions with higher rainfall and longer grow-
ing seasons. The transitional zones (AEZ2 and AEZ3) display intermediate 
characteristics reflecting gradual changes in agroclimatic conditions. Compar-
ison with the well-known rainfall-based zonation using the V-measure frame-
work yielded a score of 0.55, indicating that the new AEZs incorporate addi-
tional biophysical factors resulting in more nuanced spatial differentiation for 
Burkina Faso. The methodology demonstrates the value of integrating multi-
ple data sources and analytical approaches to better understand agricultural 
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potential and constraints. This zonation provides a scientific basis for agricul-
tural planning and policy development in Burkina Faso, with potential appli-
cations in other regions in West Africa facing similar agricultural challenges. 
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1. Introduction 

Agriculture is a crucial sector for food security in West Africa [1]. However, it is 
facing multiple challenges, such as the pressure on land resources, climate change, 
soil degradation, and water scarcity [2]-[4]. Indeed, in West Africa, cropping pat-
terns and crop yields are driven by environmental factors, including climate and 
soil conditions and agricultural practices. Studies have shown that the capacity of 
the soil to provide nutrients for the optimum growth of plants is not only related 
to the amount of fertilizer but also to soil type and regional climate [5] [6]. Ac-
cording to these studies, plant-soil interaction is influenced by soil texture, water-
holding capacity, and hydraulic conductivity, which shape nutrient availability to 
plants, and overall plant growth and development. Along the same line, climate 
conditions directly influence plant responses with regards to its impact on soil 
properties, water availability and nutrient availability [7]. The study of [8] has re-
vealed that climate and soil are the main limiting factors of agricultural produc-
tion in Africa. It is well known how soil characteristics, temperature and precipi-
tation distribution can affect crop productivity, mainly in West Africa, where the 
agriculture system is dominated by rainfed agriculture with low use of fertilizers 
[5] [9] [10]. 

The uncertainty associated with climate variability and the lack or low accuracy 
in soil information reduces the investment and adoption of agricultural technol-
ogies. Indeed, specific temperatures are required for crop’s optimal growth and 
development while high-temperature stress can adversely affect crop production 
[11] [12]. Precipitation distribution determines water availability for cropping 
and is the main driver for the length of crop growing period in Sub-Saharan Africa 
[13] [14]-[16]. Soil characteristics, along with climate, influence crop water avail-
ability through soil texture, structure, depth and water-holding capacity [17] [18]. 
In that context, the evaluation of the biophysical limitations and constraints is 
essential for identifying areas known as Agroecological Zones (AEZs) suitable for 
various crops or agricultural practices based on the climate and environmental 
characteristics of the land. Therefore, there is a growing interest in developing an 
agroecological zoning approaches that delineate regions as uniformly as possible 
with respect to soil, climate, and length of crop growing, therefore suited for inte-
grating different aspects of farming systems to achieve sustainable agriculture 
[19]-[21]. 
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The Food and Agriculture Organization of the United Nations (FAO) has de-
veloped an agronomically sound AEZ methodology in collaboration with the In-
ternational Institute for Applied Systems Analysis (IIASA) [21]. This AEZ meth-
odology makes use of global databases of climatic parameters, topography, soil, 
and terrain to assess land productivity. The importance of this work for sustaina-
ble agriculture was recognized by the 1983 FAO Conference [21]. The majority of 
AEZ approaches relied on the concepts of rainfall distribution, length of Growing 
Period (LGP), soil moisture and thermal regimes, which have been applied in 
mapping AEZ at various scales, from sub-national to global level, aiming to iden-
tify crop-specific limitations of prevailing climate [21]-[24]. However, the AEZ 
methodology faced challenges primarily associated with the availability and qual-
ity of datasets used to perform AEZ. At the regional scale across West Africa, ac-
cessing and ensuring the accuracy of location-specific biophysical data including 
climate, agronomic, and soil parameters remains a significant challenge [23].  

Advances in satellite imaging and climate modeling techniques have substan-
tially enhanced data assimilation, resulting in increasingly accurate and compre-
hensive databases [25]-[28]. The availability of these data at regional scale has 
supported their extensive use in West Africa in the context of the decline in 
weather observation networks and inconsistent reporting across West Africa [29]. 
Reference [30] has demonstrated that the European Centre for Medium-Range 
Weather Forecasts’ fifth generation (ERA5) reanalysis data significantly reduced 
precipitation and temperature biases and better captured the annual cycle in the 
region’s climatic zones, particularly precipitation in the Savannah and Guinea 
Coast and temperature in the Sahel. In addition, from the study of [28], among 
seven satellite-based rainfall estimates, TAMSAT v3.1 appears to be a good alter-
native source of precipitation data to rain gauge data over Burkina Faso. 

In this context of enhanced quality of climate data collection in West Africa, 
improved accessibility to global databases containing climatic parameters, soil 
characteristics, and topographical information enables the derivation of key agro-
meteorological parameters crucial for assessing the AEZs. Using Burkina Faso as 
a case study, we implement an approach that integrates climate variables, agro-
meteorological and soil parameters, and clustering techniques to conduct a com-
prehensive AEZ assessment. This approach aims to enhance understanding of 
AEZs and promote sustainable agricultural practices in the region. 

This study consists of three main sections. The first section addresses the data 
used in the study area and the data preprocessing. The second section presents the 
methodology used to perform the AEZ assessment. The outcomes of the study are 
presented and discussed in the last section. 

2. Study Area and Datasets 
2.1. Study Area 

Burkina Faso (BF) is a landlocked country in West Africa, covering an area of 
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274,220 km2. It is situated between 9.33˚ and 15.08˚ North latitude, and between 
5.50˚ West and 2.33˚ East longitude. The country is bordered by six nations: Mali 
to the north, Niger to the east, Benin to the southeast, Togo and Ghana to the 
south, and Côte d’Ivoire to the southwest. The landscape is predominantly flat, 
with a mean altitude of approximately 300 meters above sea level (Figure 1(a)). 

Two distinct seasons driven by the West African Monsoon are observed: a wet 
season (May to October), with a duration varying from three months in the north 
to six months in the south, and a dry season (November to April) dominated by 
the Harmattan, a warm and dry trade wind from the Sahara. The rainfall distribu-
tion follows a pronounced southward gradient, with annual precipitation varying 
from approximately 1200 mm in the southern regions to around 300 mm in the 
northern areas. Meanwhile, daily mean temperatures during the wet season range 
between 21˚C and 34˚C across the country [31]. 

Agriculture forms the backbone of Burkina Faso’s economy, with agricultural 
areas unevenly distributed over the country, with a dominant area in southwest-
ern Burkina Faso (Figure 1(b)). In 2013, cultivated areas represented approxi-
mately 39% of the country’s total land area and 70% - 80% of the population en-
gaged in agricultural activities, primarily in rural areas [32] [33]. The sector con-
tributes more than 30% to the national GDP and serves as the primary source of 
income for the rural population [34]. The agricultural system is predominantly 
rainfed and subsistence-oriented, focusing on three main staple crops: sorghum 
(Sorghum bicolor), millet (Panicum sp.), and maize (Zea mays L.) [15]. Climate-
related challenges significantly impact agricultural productivity, including irreg-
ular rainfall distribution, changes in planting dates, occurrences of long dry spells, 
and limited water availability for crop growth, collectively making food security 
one of the primary challenges facing the country. 
 

 
(a) 
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(b) 

Figure 1. Geographical location of Burkina Faso along with spatial distribution of weather 
stations with annual precipitation distribution (a) and spatial distribution of dominant land 
use/land cover types across the country (b). 

2.2. Climate Datasets 

The proposed AEZ approach requires climate variables and agrometeorological 
parameters. Daily climate data at 0.25˚ × 0.25˚ spatial resolution for the period 
1991-2020 were obtained from ERA5 reanalysis data [35]. The data include pre-
cipitation, minimum and maximum temperature, 2-meter dew point tempera-
ture, and surface net solar radiation. ERA5 has been widely validated and success-
fully applied in agricultural climate impact studies [36]-[38]. Additionally, satel-
lite-derived precipitation datasets from TAMSAT v3.1 [28] for the period 1991-
2020 were used. These satellite-based precipitation products have been extensively 
validated and applied for rainfall monitoring, crop assessment, and yield forecast-
ing across various regions [28] [39] [40]. 

2.3. Soil Information 

The soil texture is a fundamental physical property that significantly influences 
agricultural productivity and management practices. It refers to the relative pro-
portions of sand, silt, and clay particles in soil, which directly affect crucial agri-
cultural factors such as water retention and drainage, nutrient holding capacity 
and root development. In this study, soil parameters including organic carbon and 
the fractions of clay, silt, and sand were obtained from the latest version (2.0) of 
the Harmonized World Soil Database (HWSD) [41]. The dataset consists of raster 
files with a spatial resolution of 30 arc-seconds for six layers. The first five layers 
are 20 cm deep each, while the sixth layer is 50 cm deep. These data are further 
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used to compute the dominant soil texture for each grid cell at 0.25˚ × 0.25˚ spatial 
resolution in the study area, based on the USDA soil classification [42]. It corre-
sponds to the statistical mode of the sample of 2500 soil textures within the grid 
cell. Two soil variables have been considered in this study: topsoil (0 - 40 cm 
depth) and subsoil (40 - 100 cm depth). 

3. Methodology 
3.1. Reference Evapotranspiration Estimation 

Reference evapotranspiration (ET0) plays a crucial role in agricultural and is es-
sential for determining crop water requirements through the calculation of actual 
crop evapotranspiration (ETc) using crop coefficients [43]. ET0 also serves as a 
key input in agricultural drought monitoring and assessment. In this study, ET0 
was computed using the FAO-Penman-Monteith method [44] with key meteoro-
logical variables retrieved from ERA5 reanalysis data at 0.25˚ × 0.25˚ resolution. 
The calculation integrates minimum and maximum near-surface air temperature, 
relative humidity, surface wind speed, and downwelling shortwave radiation, 
along with grid cell coordinates and Digital Elevation Model data (SRTM) as in-
dicated in Equation (1). 

 
( ) ( )

( )
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9000.408
273ET0
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×∆× − + × × × −
+=
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where Rn is the net radiation flux density on the crop surface (MJ∙m−2∙d−1); G is 
the soil heat flux density (MJ∙m−2∙d−1); T is the average daily air temperature (˚C); 
u2 is the wind speed at 2 m high (m∙s−1); es is the saturation vapor pressure (kPa); 
ea is the actual vapor pressure (kPa); Δ is the slope of vapor pressure-temperature 
curve (kPa∙˚C−1) and γ is the psychometric constant (kPa∙˚C−1). 

3.2. Agroclimatic Parameters Estimations 

During the wet season, water availability for agriculture in West Africa, particu-
larly in the Sahel region, is strongly influenced by the onset (ORS) and length 
(LOS) of the rainy season, as well as the intra-seasonal distribution of rainfall [45]. 
These factors are critical determinants of crop growth and productivity, especially 
in the Sahel dominated by rainfed agriculture. Prolonged dry spells can lead to 
drought conditions with adverse effects on agriculture, while frequent wet days 
affect plant water uptake and nutrient absorption. To characterize this intra-sea-
sonal variability in precipitation, key metrics such as the length of dry spells 
(CDD), the frequency of wet days (CWD) and the number of wet days (NWD) 
are commonly utilized [46] [47]. 

In this study, five climate-related variables have been selected for the AEZ as-
sessment: ORS, LOS, CWD, CDD and NWD. These variables were computed us-
ing wet-season precipitation data from TAMSAT_v3.1, following the definitions 
presented in Table 1. ORS and LOS were calculated using data from May to Oc-
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tober, while CWD, CDD and NWD were computed on a monthly scale for the 
same period. For agricultural purposes and to minimize noise and errors associ-
ated with very light precipitation, a wet day was defined as a day with precipitation 
greater than or equal to 1 mm. This threshold helps address the challenge that 
satellite estimates often face in accurately detecting very light rainfall [48]. 
 

Table 1. Definitions of selected agroclimatic variable. 

Variables Definitions References 

Onset of the rainy 
season (ORS) 

The first date (expressed as day of the year) after May 1st when the following 
conditions are met: 
1) At least 25 mm of rainfall accumulates over 5-day spell with at least two wet days 
(where a wet day has rainfall greater than or equal 1 mm). 
2) No dry spell longer than 10 days occurs within the subsequent 30-day period 

[15] 

Length of the 
growing season 

(LOS) 

( )1LS 0.5 ET0 0i ii
n P
=

= − × ≥∑ , 

where Pi represents precipitation for month i and ET0i denotes reference 
evapotranspiration for month i 

[49] 

Number of wet days 
(NWD) 

Number of days during which the daily precipitation amount is greater than or 
equal 1 mm 

[14] 

Dry spells length 
(CDD) 

Maximum number of consecutive days with daily precipitation less than 1 mm [50] 

Wet spell length 
(CWD) 

Maximum number of consecutive days with daily precipitation greater than or 
equal 1 mm 

[50] 

3.3. Aridity Index 

One widely accepted method of quantifying aridity is through the ratio of precip-
itation to potential evapotranspiration as shown in Equation (2) and known as the 
aridity index (AI). It provides valuable insights into the water balance of a region, 
reflecting the relationship between water availability through precipitation and 
atmospheric water demand through evapotranspiration [51]. In this study, AI has 
been computed at 0.25˚ × 0.25˚ resolution using ET0 computed from ERA5 rea-
nalysis data and precipitation data from TAMSAT V3.1. 

 AI
ET0

i

i

P
=  (2) 

where Pi is the total precipitation for month i and ET0i is the monthly reference 
evapotranspiration. 

3.4. Soil Water Content 

Soil information from the Harmonized World Soil Database (HWSD) was used 
to determine the dominant soil texture at each grid cell according to USDA soil 
classification [42]. Using this dominant soil texture, we calculated the available 
soil water content (AWC) based on soil hydraulic characteristics for both topsoil 
and subsoil layers. The hydraulic parameters were obtained from the FAO soil 
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hydraulic property database implemented in AquaCrop [52], which provides pre-
calculated values for field capacity (FC) and permanent wilting point (PWP) cor-
responding to USDA textural classes. For each grid cell i and soil layer j associated 
with a specific soil texture, AWC was calculated using Equation (3). 
 AWC FC PWPij ij ij= −  (3) 

3.5. AEZ Based on k-Means Clustering 

A k-means clustering method was applied to twelve variables, selected to prevent 
overweighting of redundant information in the study area. The k-means algo-
rithm partitions datasets into a predefined number of clusters (k) based on simi-
larity [53]-[55], minimizing within-cluster variance while maximizing between-
cluster variance [56]. In this study, k-means clustering classified spatially distrib-
uted grid cells into distinct AEZs based on the variables presented in Table 2. The 
k-means clustering implementation for AEZ delineation involved three main 
steps. First, variables in Table 2 were standardized using z-score normalization 
following Equation (4).  

 i
i

xz µ
σ
−

=  (4) 

where zi is the normalized value of the variable at grid cell i, xi is the value of the 
variable at grid cell i, and µ and σ are the mean and standard deviation values of 
xi for the period 1991-2020, respectively. 

Second, the optimal cluster number (k) was determined using the Elbow 
Method [57]. This method aims to identify the value of k beyond which additional 
clusters do not substantially improve clustering performance, as measured by the 
within-cluster sum of squares (WCSS) as shown in Equation (5). 

 
2

1
WCSS

i j

k

i j
j x C

x µ
= ∈

= −∑ ∑  (5) 

where k is the number of clusters, Cj represents the j-th cluster, ix  is a grid cell 
belonging to cluster Cj, μj is the centroid of cluster Cj, i jx µ−  is the Euclidean 
distance between xi and μj. Lower WCSS values indicate better clustering perfor-
mance, with WCSS = 0 representing perfect clustering. 

Finally, the k-means algorithm assigned each grid cell to one of k clusters based 
on similarity in the selected variables. The algorithm minimized the total distance 
between grid cells and their respective cluster centroids, ensuring maximum 
within-cluster similarity. To address the sensitivity of k-means clustering to initial 
centroid locations and avoid local minima, the algorithm was iterated 25 times 
with different random initializations. The solution yielding the lowest WCSS was 
selected as the optimal clustering result [58]. Implementation, clustering analysis, 
visualization, and thematic map generation were performed using R, along with 
the R-packages “terra” and “tidyverse” [59]-[61]. 

3.6. Validation Against Rainfall Zones 

Rainfall distribution is extensively used to delineate agroclimatic zones in West 
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Table 2. Selected climate, agroclimatic, and soil variables used in the study. 

Type Name Frequency Source 

climate 

Precipitation (PCP) Monthly TAMSAT_v3.1 

Minimum temperature (TN) 
Monthly ERA5 

Maximum temperature (TX) 

Agroclimatic 

Onset of the rainy season (ORS) 
Annual 

TAMSAT_v3.1 

Length of the growing season (LOS) 

Number of wet days (NWD) 

Monthly 
Dry spells length (CDD) 

Wet spell length (CWD) 

Aridity index (AI) 

Reference evapotranspiration (ET0) Monthly ERA5 

Soil 
Topsoil water content (AWC_T) 

Not Applicable HWSD 
Subsoil water content (AWC_S) 

 
Africa. In Burkina Faso, the 600 mm and 900 mm isohyets (Figure 1) define three 
distinct agroclimatic zones: the Sahelian zone (rainfall < 600 mm), the Soudano-
Sahelian zone (600 - 900 mm), and the Soudanian zone (>900 mm) [62]. To eval-
uate the correspondence between our derived AEZs and these established agrocli-
matic zones, we employed the V-measure, a composite metric combining Homo-
geneity and Completeness scores [63]. Homogeneity (h) quantifies whether each 
cluster contains members of a single class (Equation (6)). 

 

( )
( )
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∈
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= −

∑∑

∑

 (6) 

where C represents the set of classes, K represents the set of clusters, P(c, k) de-
notes the probability that a grid cell belongs to both class c and cluster k, P(k) 
denotes the probability that a grid cell belongs to cluster k, and P(c) denotes the 
probability that a grid cell belongs to class c. 

Completeness (c) assesses whether all members of a given class are assigned to 
the same cluster (Equation (7)) 

 

( )
( )

( ) ( ) ( )
( )

( ) ( ) ( )

|
1

,
| , log

log
c C k K

k K

H K C
c

H K

P c k
H K C P c k

P c

H K P k P k
∈ ∈

∈

= −

 
= −   

 
= −

∑∑

∑

 (7) 

where C represents the set of classes, K represents the set of clusters, P(c, k) de-
notes the probability that a grid cell belongs to both class c and cluster k, P(k) 
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denotes the probability that a grid cell belongs to cluster k, and P(c) denotes the 
probability that a grid cell belongs to class c. 

The V-measure (V) is calculated as the harmonic mean of homogeneity and 
completeness (Equation (8)) 

 ( )
( )

1 h c
V

h c
β

β
+ × ×

=
× +

 (8) 

where β is a weighting factor (typically β = 1 for equal weights). Both h and c range 
from 0.0 (worst) to 1.0 (perfect), with V following the same scale. 

4. Results 
4.1. Intra-Seasonal Precipitation Variability 

Figure 2 depicts the intra-seasonal variability of long-term mean precipitation 
across Burkina Faso from May to October for the period 1991-2020. A distinct 
spatiotemporal progression of precipitation is observed, characterized by a south-
to-north gradient and marked monthly variations. May initiates the rainy season 
with lower precipitation levels (25 - 100 mm/month), while September marks the 
beginning of the seasonal decline, though significant precipitation (150 - 200 
mm/month) persists across much of the country. The highest precipitation occurs 
during July and August, when rainfall reaches 200 - 300 mm/month in the south-
west and south-central regions, while the northern areas receive 150 - 200 mm/month. 
By October, rainfall substantially decreases to 25 - 50 mm/month, with slightly 
higher amounts (50 - 100 mm/month) persisting only in the southwest. 
 

 
Figure 2. Spatial distribution of monthly precipitation across Burkina Faso during the rainy 
season (May-October), illustrating the seasonal migration of precipitation from south to 
north and maximum precipitation amounts during July-August. 
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4.2. Intra-Seasonal Temperature Variability 

The spatial and temporal variation of long-term mean temperature across Burkina 
Faso from May to October, as presented in Figure 3, exhibits a persistent north-
south temperature gradient throughout the growing season. A gradual tempera-
ture decrease occurs from June through August, with August showing the lowest 
temperatures (24˚C - 28˚C) nationwide. The highest temperatures occur in May, 
with temperatures ranging from 32˚C - 36˚C in the northern regions, while the 
south remains relatively cooler (28˚C - 30˚C). The southwestern region consist-
ently maintains lower temperatures compared to the north. 
 

 
Figure 3. Spatiotemporal distribution of long-term mean monthly tem-
perature over Burkina Faso during May-October, showing the north-south 
thermal gradient and its intra-seasonal evolution. 

4.3. Reference Evapotranspiration 

Figure 4 illustrates the spatial distribution of long-term mean ET0 across Burkina 
Faso, highlighting spatial variations and indicating monthly fluctuations of ET0 
during May to October. The seasonal ET0 magnitude ranges from 5.0 to 6.0 
mm/day, with maximum variability observed in the northern regions (4.0 to 10.0 
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mm/day) and minimum variability in the southwest (4.0 to 8.0 mm/day). May 
exhibits the highest ET0 values (9.1 to 10.0 mm/day), with the nationwide maxi-
mum reached in the northern regions. The north-south ET0 gradient is pro-
nounced, particularly during May and October, while the southwestern region 
consistently maintains lower ET0 rates. 
 

 
Figure 4. Monthly evolution of reference evapotranspiration (ET0) over 
Burkina Faso from May to October, showing pronounced spatial gradients 
and temporal variations. 

4.4. Seasonal Agroclimatic Characteristics 

Figure 5 presents distinct spatial patterns in Burkina Faso’s agroclimatic indica-
tors calculated over the period 1991-2020. The onset of the rainy season (ORS) 
expressed as a day of year (DOY) extends northward from mid-May (DOY 141 - 
160) in the southwest to late June (DOY 181 - 200) in the north, with greater var-
iability (standard deviation greater than 20 days) in the northern regions com-
pared to the south (standard deviation of 11 - 15 days). The length of growing 
season (LOS) displays a south-north gradient, ranging from 5 to 6 months in the 
southwestern region to 3 - 4 months in the northern regions. The aridity index 
(AI) shows a gradual transition from moderately humid (0.75 - 1.0) conditions in 
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the southwest to drier conditions (0.25 - 0.50) in the north, with the highest vari-
ability (standard deviation of 0.41 - 0.60) along the western border. The standard 
deviation maps reveal increased temporal variability in the northern regions 
across all indicators. 
 

 
Figure 5. Long-term means (left) and standard deviations (right) of onset of the rainy season (ORS, top), 
length of growing season (LOS, middle), and aridity index (AI, bottom) in Burkina Faso over the period 
1991-2020. 

4.5. Wet and Dry Spell Variability 

Spatial patterns of consecutive dry days (CDD), consecutive wet days (CWD), and 
number of wet days (NWD) show distinct climatic gradients across Burkina Faso 
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during 1991-2020, as illustrated in Figure 6. CDD exhibits a north-south gradient, 
with longer dry spells (21 - 25 days) in the northern regions compared to shorter 
periods (5 - 10 days) in the south, with higher variability (standard deviation of 
15 - 17 days) in the north. CWD displays an inverse pattern, with longer wet spells 
(6 - 7 days) in the southwestern region decreasing to 4 - 5 days in the northeast, 
while its temporal variability remains relatively uniform (standard deviation of 3 
- 4 days) across the country. NWD demonstrates a pronounced southwest-north-
east gradient, ranging from 80.1 - 90.0 days in the southwest to 35.1 - 50.0 days in 
the northeast, with moderate temporal variability (standard deviation of 11 - 15 
days) throughout most of the country. 
 

 
Figure 6. Long-term means (left) and standard deviations (right) of consecutive dry days (CDD, top), 
consecutive wet days (CWD, middle), and number of wet days (NWD, bottom) in Burkina Faso over 
the period 1991-2020. 
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4.6. Soil Texture and Water Content 

Figure 7 shows the spatial distribution of soil texture and available water content 
(AWC) derived from soil textural properties across Burkina Faso. The topsoil (0 
- 40 cm) is predominantly characterized by sandy loam and sandy clay loam tex-
tures, with scattered clay deposits in the central and eastern regions. The subsoil 
(40 - 100 cm) displays a similar textural pattern but with increased clay content, 
particularly in the southwestern and eastern areas. The calculated AWC shows a 
gradient from southwest to northeast, with topsoil values ranging from 20 to 
50mm and higher capacity in the subsoil (30 - 85 mm). The subsoil exhibits nota-
bly higher AWC in the southwestern region (70 - 85 mm) compared to the north-
eastern areas (30 - 50 mm), corresponding to the variations in soil texture classes. 
 

 
Figure 7. Soil textural classes (left) and derived available water content (right) for topsoil (0 - 40 cm, top) and subsoil (40 - 100 cm, 
bottom) in Burkina Faso. 

4.7. Agroecological Zone Results 

Figure 8 reveals the optimum k curve and the delineation of agroecological zones 
(AEZs) in Burkina Faso based on k-means clustering analysis of 12 biophysical 
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variables. The elbow method indicates an optimal number of four clusters (k = 4), 
where the total within-cluster sum of squares shows a marked decrease until k = 
4 (represented by the vertical dashed line) before leveling off. The resulting AEZs 
depict a clear latitudinal gradient, with AEZ4 covering the southwestern region, 
transitioning through AEZ3 and AEZ2 in the central areas, to AEZ1 in the north-
ern zone. 
 

 
(a) 

 
(b) 

Figure 8. Optimal cluster analysis and spatial distribution of agroecological 
zones (AEZs) in Burkina Faso: elbow curve showing the optimal number of 
clusters (top) and spatial distribution of the four identified AEZs (bottom). 

 

The characteristics of each AEZ through standardized indices of the 12 varia-
bles, calculated as deviations from the nationwide mean and normalized by the 
nationwide standard deviation are illustrated in Figure 9. For each AEZ, the val-
ues for each variable encompass the mean values of the variable for each gridcell 
belonging to the AEZ. The width of the boxplots within each zone indicates the 
spatial variability of these standardized indices across the gridcells within each 
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AEZ. From the boxplot analysis, AEZ1 shows longer dry spells (CDD), shorter 
growing seasons (LOS), and lower available soil water content in both topsoil and 
subsoil layers (AWC_T, AWC_S) than the national average, while consistently 
experiencing much lower rainfall (PCP), fewer wet days (NWD), coupled with 
higher maximum and minimum temperatures (TX, TN) than the country as a 
whole. The transitional zones (AEZ2 and AEZ3) display intermediate character-
istics with distinct patterns: AEZ2 experiences slightly delayed onset of rains 
(ORS), longer dry spells (CDD), and shorter growing seasons (LOS) with some-
what lower precipitation and near-average AI values, while maintaining moderate 
temperatures around the national mean. AEZ3 exhibits growing seasons (LOS) 
slightly longer than the national mean, with near-average maximum and minimum 
temperatures. AEZ4 in the southwest is characterized by substantially higher rain-
fall (PCP), longer growing seasons (LOS), more frequent wet days (NWD), higher 
AI, and notably higher subsoil water content (AWC_S) than the national average, 
while experiencing shorter dry spells (CDD) and lower maximum and minimum 
temperatures (TX, TN) compared to countrywide conditions. All AEZs show lower 
internal variability of soil water content, particularly for the topsoil (AWC_T). 
The standardized aridity index (AI) shows higher spatial intra-AEZ variability 
with an average similar to the national average, except for AEZ4 which shows a 
mean value higher than the national mean. 
 

 
Figure 9. Variability of standardized indices for 12 biophysical variables within each of the agroeco-
logical zone of Burkina Faso. 
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4.8. AEZs against Rainfall-Based Zonation 

The well-known rainfall-based zonation (Figure 10(a)) has been compared to our 
developed agroecological zones (AEZs) (Figure 10(b)) in Burkina Faso using the 
V-measure score. Both zonation approaches show distinct latitudinal bands, with 
the AEZs displaying a more refined southwestern region (AEZ4). The V-measure 
analysis shows a moderate agreement (V = 0.55) between the two zoning schemes, 
derived from a homogeneity score (h) of 0.62 and completeness score (c) of 0.50. 
This V-measure value indicates that the AEZ delineation captures a significant 
portion of the spatial patterns observed in the rainfall-based zones, but also intro-
duces additional differentiation. The homogeneity maps (Figure 10(c), Figure 
10(d)) reveal higher internal consistency (>0.7) in the northern regions for both 
classifications, while the central belt shows intermediate values (0.4 - 0.6). The 
relatively balanced V-measure components suggest that while the AEZs maintain 
the fundamental climatic gradients captured in the traditional zones, they incor-
porate additional biophysical factors that result in more nuanced spatial delinea-
tion, particularly in the differentiation of the southwestern region (AEZ4). 
 

 
Figure 10. Comparison of rainfall-based zones (a) and agroecological zones (AEZs) (b) in Burkina Faso with their respective 
spatial homogeneity patterns and V-measure metrics (c, d). 
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5. Discussion 

The analysis of agroecological zones (AEZs) in Burkina Faso reveals distinct spa-
tial patterns shaped by the complex interactions between climatic, agroclimatic, 
and edaphic factors. The k-means clustering approach successfully identified four 
distinct AEZs (Figure 8(b)), each characterized by unique combinations of bio-
physical variables that demonstrate clear north-south gradients in most parame-
ters (Figure 9). 

The northern zone (AEZ1) exhibits characteristics typical of semi-arid regions 
[51], with significantly longer dry spells, shorter growing seasons, and higher tem-
peratures compared to national averages. These conditions, combined with lower 
available soil water content, create substantial constraints for agricultural activi-
ties, particularly for rainfed agriculture which dominates the region [15]. The tem-
poral variability in rainfall-related parameters is notably higher in this zone, indi-
cating increased uncertainty in agricultural planning and potential risks for crop 
production [13] [14]. 

The transitional zones (AEZ2 and AEZ3) display intermediate characteristics 
but with distinct patterns that reflect their geographical position. AEZ2 shows 
characteristics that lean towards the northern zone’s aridity, with delayed onset of 
rains and shorter growing seasons, while AEZ3 exhibits conditions more favorable 
for agriculture, with growing seasons slightly longer than the national average. 
These transitional zones play a crucial role in understanding the gradual shift in 
agricultural potential across the country [45] [46]. The moderate values across 
most variables in these zones suggest they might be particularly sensitive to cli-
mate variability and change, as small shifts in precipitation or temperature pat-
terns could significantly impact agricultural outcomes [2] [3]. 

The southwestern zone (AEZ4) emerges as the most agriculturally favorable re-
gion, characterized by higher rainfall, longer growing seasons, and more frequent 
wet days. The lower temperatures and higher subsoil water content in this zone 
create conditions conducive to diverse agricultural practices [31] [32]. This aligns 
with the current distribution of agricultural areas in Burkina Faso, where the 
southwestern region hosts a significant portion of the country’s farming activities 
[33] [34]. However, the higher spatial variability in the aridity index within this 
zone suggests potential localized challenges that require careful consideration in 
agricultural planning. 

The soil characteristics across the AEZs add another layer of complexity to ag-
ricultural potential. The predominantly sandy loam and sandy clay loam textures 
influence water retention capabilities and nutrient availability [17] [18]. The var-
iation in available water content between topsoil and subsoil layers, particularly 
pronounced in AEZ4, has important implications for crop root development and 
water accessibility throughout the growing season [5] [6]. The lower internal var-
iability of soil water content across all AEZs, especially in the topsoil, suggests that 
soil characteristics provide a relatively stable foundation for agricultural planning, 
even as climatic variables show higher variability [7] [8]. 

https://doi.org/10.4236/acs.2025.152014


M. Waongo et al. 
 

 

DOI: 10.4236/acs.2025.152014 308 Atmospheric and Climate Sciences 
 

The comparison between our AEZ delineation and well-known rainfall-based zo-
nation yields important insights. The moderate V-measure score (0.55) indicates that 
while the AEZs capture fundamental climatic patterns, they also incorporate addi-
tional biophysical factors that result in more nuanced spatial differentiation. This is 
particularly evident in the southwestern region, where AEZ4 shows distinct charac-
teristics that might be overlooked in simpler rainfall-based classifications [62]. The 
balanced homogeneity (0.62) and completeness (0.50) scores suggest that the AEZ 
approach successfully maintains the integrity of established climatic boundaries 
while providing additional resolution in agricultural potential assessment. 

Our findings have several important implications for agricultural planning and 
development in Burkina Faso. First, the clear spatial differentiation in growing 
season characteristics (onset, length, and variability) suggests the need for zone-
specific agricultural calendars and crop selection strategies [15] [16]. Second, the 
varying levels of climatic variability across zones, particularly in rainfall-related 
parameters, highlight the importance of developing risk management strategies 
tailored to local conditions [13] [14]. Third, the interaction between climatic and 
soil characteristics, especially evident in water availability patterns, emphasizes 
the need for integrated approaches to agricultural water management [5] [9]. 

These results also have broader implications for agricultural development in 
West Africa. The methodology demonstrated here, combining multiple data sources 
and clustering techniques, provides a framework for detailed agroecological zo-
nation that could be applied in other regions facing similar agricultural challenges 
[21] [22]. The successful integration of satellite-derived data and reanalysis prod-
ucts [28] [30] offers a practical approach for regions where ground-based obser-
vations are limited [29]. 

However, several limitations should be considered. First, while the spatial res-
olution of our analysis (0.25˚ × 0.25˚) provides useful insights at the regional scale, 
it may mask local-level variations important for farm-level decision-making. Sec-
ond, the static nature of soil property data might not fully capture temporal changes 
in soil characteristics. Our approach effectively captures spatial patterns of soil 
properties but fails to account for temporal changes driven by land use conver-
sion, soil erosion processes, and increasing anthropogenic pressures in the context 
of climate change in the region. 

Third, the k-means clustering algorithm, while widely used, is sensitive to ini-
tialization and may converge to local optima [58]. Although using 25 random in-
itializations and selecting the solution with the lowest within-cluster sum of 
squares improves stability, the risk of getting local optima cannot be discarded. 
Fourth, the analysis focuses on current conditions and does not explicitly address 
future climate change scenarios, which could significantly alter the characteristics 
and boundaries of these AEZs [2] [4].  

6. Conclusion 

This study provides a comprehensive characterization of agroecological zones in 
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Burkina Faso based on multiple biophysical factors. The results demonstrate the 
value of integrating various data sources and analytical approaches to better un-
derstand agricultural potential and constraints. The identified zones and their 
characteristics offer a scientific basis for agricultural planning and policy develop-
ment, while the methodology provides a framework for similar analyses in other 
regions. Future research could focus on incorporating climate change projections, 
higher resolution data sources, and additional biophysical parameters to further 
refine our understanding of agroecological zones and their implications for sus-
tainable agriculture in West Africa. 
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