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Abstract. The agroecosystems of the rural continuum of the Sudano-Sahelian region of the Volta River Basin
are undergoing severe degradation, resulting in serious declines in ecosystem service capacities and weakening
community livelihoods, as agriculture remains the primary source of income in the region. This degradation
is mainly driven by poor management of hydroclimatic risks, non-adapted agricultural practices characterized
by intensive use of chemical fertilizers and pesticides, and insufficient consideration of spatial heterogeneity in
decision-making processes. The objectives of this study are (i) to identify a Network of 30 m resolution Grid
Cells (NGC) representative of the spatial heterogeneity of the studied agroecosystem — the Dassari headwater
catchment (550km?), a tributary of the Volta River in northern Benin — and (ii) to regionalize plot-scale so-
cioeconomic data to support improved decision-making. The NGC was derived by combining iterative principal
component analysis (IPCA) with a Conditioned Latin Hypercube Sampling (CLHS) approach using 37 satellite-
derived variables (e.g. Normalized Difference Vegetation Index, saturation index, coloration index), resulting in
the selection of 150 grid cells. Field and laboratory investigations provided soil properties (e.g. texture, carbon,
field capacity, nitrogen content) and socioeconomic data (e.g. harvest quantity, input costs, total production cost,
and gross income), which were standardized and analyzed for major crops (millet, sorghum, maize, and cotton).
Results show that natural spatial disparities among NGC cells translate into additional labor and input costs that
may be unsustainable for farmers. Multiple linear regression models were developed to relate socioeconomic
indicators to soil and remote sensing variables for each crop type, and the resulting regional models proved
robust, with predicted and observed values closely aligned within the 95 % confidence interval, coefficients of
determination exceeding 70 %, and p-values below 0.01.
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1 Introduction

Agricultural ecosystems are increasingly experiencing severe
degradation in their capacity to provide services for agricul-
tural production and environmental maintenance (Dupras et
al., 2013), mainly due to poor agricultural practices and in-
adequate land management, resulting in declining soil fertil-
ity. Land degradation is intensifying worldwide and affects
approximately 1.5 billion people who directly depend on de-
grading land (Bai et al., 2008). The productive capacity of
land is inherently constrained by climatic conditions, physi-
cal properties, and land-use and management practices (Igué,
2000).

In this context, reliable mechanisms for monitoring and
evaluating agricultural production systems are urgently
needed to support sustainable agricultural policies. However,
agricultural, conservation, and restoration policies often fail
to adequately account for spatial heterogeneity and are rarely
updated using long-term observations of representative sites.
Continuous monitoring of agricultural environments is there-
fore essential, particularly under climate change, whose im-
pacts vary spatially and directly affect soils, water regimes,
and agricultural production systems.

In northwestern Benin (Atacora), where nearly 92 % of
the population relies on agriculture (Institut National de la
Statistique et de I’ Analyse Economique (INSAE), 1994), soil
degradation has reached critical levels. The disappearance
of fallow systems traditionally used for soil fertility restora-
tion, combined with uncertain yields and increasing popula-
tion pressure, has seriously undermined agricultural sustain-
ability (Srivastava et al., 2012). These conditions call for in-
depth analysis of interactions between climate change, land-
use dynamics, agro-ecosystem services, and socio-economic
factors, supported by long-term monitoring and detailed sys-
tem characterization.

Addressing these challenges requires robust methodolo-
gies integrating field measurements and satellite data to ac-
curately characterize agro-ecosystem processes and func-
tions (Holleran et al., 2015; National Research Council et
al., 2010). In this study, representative agricultural plots are
identified using conditioned Latin Hypercube sampling, a
stratified random approach ensuring optimal coverage of
multivariate environmental variables and widely applied in
soil mapping and environmental monitoring (Minasny and
McBratney, 2006). This framework enables the analysis of
agro-ecosystem services across landscape heterogeneity by
monitoring multidisciplinary variables such as erosion, soil
moisture, nutrient fluxes, crop yields, production costs, farm
income, and perceptions of climate change and adaptation
strategies.

Although such sampling and monitoring approaches are
not new, they have demonstrated their effectiveness for var-
iogram analysis (Pettitt and McBratney, 1993), spatial in-
terpolation (McBratney et al., 1981; van Groenigen et al.,
1999), and predictive modeling using auxiliary variables
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(Hengl et al., 2003; Lesch et al., 1995). The main objective
of this study is therefore to implement a multidisciplinary
framework for long-term agricultural monitoring that inte-
grates geospatial and statistical techniques to identify repre-
sentative grid cells of catchment agro-ecosystem heterogene-
ity and to regionalize plot-scale (the scale of the individual
agricultural parcel managed by a farmer) biophysical and
socio-economic characteristics using satellite-derived vari-
ables, notably Landsat 8. This may lead to prediction models
highly demanded by decisions makers (including crops pro-
duction planers and insurers) for better plannings.

2 Materials and Methods

2.1 Study Area

The Dassari catchment is a headwater catchment of the Volta
River located in the Commune of Matéri, northwestern Benin
(Atacora Department), between 10°44/30” and 10°55'30” N
and 1°04'00” and 1°08'00” E (Fig. 1). The catchment cov-
ers an area of 550km? and includes the villages of Na-
gasséga, Tétonga, Ouri-yori, Pouri, Tantéga, Tigniga, Das-
sari, and Firihoun. The climate is Sudanian with a unimodal
rainfall regime, characterized by a dry season from Novem-
ber to April and a rainy season from May to October. The
dry season is marked by the harmattan (November—February)
and high temperatures in March—April, while the rainy sea-
son, which determines the agricultural calendar, peaks in Au-
gust and September. Mean annual rainfall is approximately
1000 mm, unevenly distributed, and runoff is mainly con-
veyed by temporary streams.

The catchment consists of a moderately sloping plain
(100-250 m) developed on Voltaian shale and sandstone,
with an average slope of about 0.4 %. It is drained by the
Pendjari River and its tributaries, including the Boualapora,
Houangou, and Boualahon. Soils are dominated by ferrugi-
nous leached concretion and indurated soils, as well as hy-
dromorphic soils, all highly vulnerable to degradation, lead-
ing to reduced agricultural productivity.

Vegetation is mainly sparse wooded and shrubby savan-
nah with an herbaceous layer that provides fodder during the
rainy season but degrades severely during the dry season due
to leaf loss and bush fires.

According to the Communal Development Plan (PDC
Matéri, 2005), the environment of the Commune of Matéri
may become increasingly degraded if no corrective measures
are implemented. Agriculture employs more than 90 % of the
active population, with maize (Zea mays) as the dominant
crop, followed by sorghum (Sorghum vulgare), rice, millet,
voandzou, groundnuts (Arachis hypogea), cotton (Gossyp-
ium hirsutum), and cowpeas (Vigna unguiculata).
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Figure 1. Geographic localization of the Dassari catchment.
Table 1. Description of indices and formulas.

Index Abbr.  Formula Properties

Vegetation Index by NDVI  (NIR —Red) / (NIR + Red) Indicator of vegetation greenness and plant health;

Normalized based on the difference between near-infrared

Difference reflectance and red-light absorption.

Brightness Index BI (R+G+B)/3 Measures overall surface brightness; often useful for
identifying bare soil or highly reflective surfaces.

Saturation Index SI (R—B)/(R+B) Indicates relative color saturation; can help
distinguish moisture-related or surface-color
differences.

Hue Index HI 2R—G—-B)/(R+G+B) Describes color hue and may support interpretation
of vegetation condition, soil characteristics, and
water features. Measures the relative dominance of
red versus green reflectance.

Coloring Index CI (R—G)/(R+G)

Simple Ratio SR Bnir /BR

Enhanced Vegetation EVI 2.5(Bnir—R) / (14+nir+68R —7.58B) Simple vegetation index based on the contrast

Index between high NIR reflectance and low red
reflectance in healthy vegetation.

Green Chlorophyll GCI (Bnir / BG)—1 Vegetation index designed for high-biomass areas;

Index reduces atmospheric and soil-background effects.

Redness Index RI R/(B-G) Estimates chlorophyll content and vegetation vigor.

* B: the surface reflectance in the corresponding spectral band.
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Figure 2. Methodological flowchart.

2.2 Landsat Data and Spectral Indices

In this study, spatial sampling was performed by first apply-
ing an iterative principal component analysis (IPCA) in R to
identify satellite-derived environmental variables capturing
agricultural landscape variability. A conditioned Latin Hy-
percube Sampling (CLHS) approach, also implemented in
R, was then used to select representative grid cells by re-
producing the multivariate distribution of the IPCA-selected
variables.

Given the objective of transferring plot-scale information
to the regional scale, Landsat satellite products are particu-
larly appropriate. With a spatial resolution of approximately
30m x 30m, Landsat imagery meets the requirements of
this study. The Landsat 8 satellite, launched in February
2013, provides global coverage every 16d, with scenes of
185km x 185km and 11 spectral bands in 16-bit radiomet-
ric resolution.

For this study, two sets of seven Landsat 8 bands acquired
in 2015 and 2016 were downloaded from the Global Land
Cover Facility (GLCF). Two acquisition years were used de-
liberately to enrich the representation of spatial variability
in land surface and vegetation conditions through the IPCA:
spectral indices computed from both years enable the model
to capture temporal variability in the spectral signature of
agricultural surfaces, thereby improving the representative-
ness of the selected grid cell network. Seven 30 m resolution
multispectral bands (Bands 1-7) were used, including Band
1 (coastal aerosol), Band 2 (blue), Band 3 (green), Band 4
(red), Band 5 (NIR), Band 6 and 7 (SWIR), which are essen-
tial for vegetation analysis, soil-vegetation discrimination,
moisture assessment, and geological characterization.

2.3 NGC calculation: IPCA and CLHS implementation

The methodological framework of the study is presented in
Fig. 2 providing interlinkages between the various analyses
performed from explanatory variables to the dependent vari-
ables as listed in Table 5.

A data-driven iterative principal component analysis
(IPCA) was performed in R software to identify the vari-
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Figure 3. Selected crop plots.

ables explaining most of the agricultural landscape variabil-
ity (Holleran et al., 2015). Seven successive IPCAs were con-
ducted, with outputs from each iteration used as inputs for the
next. To optimize field sampling, an accessibility constraint
was introduced to reduce survey time and costs by prioritiz-
ing agricultural cells located near roads and tracks.

Roads and tracks within the catchment were mapped using
GPS, and a 150 m buffer was generated on both sides. The
Latin Hypercube sampling supported the selection of agri-
cultural cells that best represented catchment heterogeneity
while accounting for proximity to the road network. Fifteen
accessibility cost classes were defined, with the lowest cost
class (class 1) expected to contain the maximum number of
cells of the Network of 30 m resolution Grid Cells (NGC).

Thus, the NGC was generated using a conditioned Latin
Hypercube Sampling (CLHS) approach, combining IPCA-
derived variables and the accessibility cost criterion (Pettitt
and McBratney, 1993). A total of 20 000 iterations were per-
formed to identify 150 agricultural grid cells 30 m x 30 m
that optimally captured the multivariate distribution of en-
vironmental variables (spectral bands and indices), by mini-
mizing a dedicated objective function. Only areas classified
as agricultural land were included, while all other land-use
types were excluded. The cropland mask was derived from
the existing land use and land cover map of 5 m resolution
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Figure 5. Variability of the observed maize harvest (standardized
coefficients with Conf. Int. 95 %).

of the Dassari catchment, produced as part of the WASCAL
long-term monitoring program (Forkuor, 2014).

The 37 input variables used in the IPCA comprised the 7
spectral bands and the 9 indices from the two Landsat 8 ac-
quisition years (2015 and 2016), as well as topographic vari-
ables, all as follows: 21 variables in 2015: aspect, bluel5,
bil5, coastl5, cil5, curvature, DEM, EVI15, greenl5, gcil5,
hil5, ndvil5, nirl5, radl5, redl15, ril5, silS, srl5, slope,
swirl 15, swir2_15; 16 variables in 2016: bluel6, bil6,
coastl6, cil6, greenl6, gcil6, hil6, ndvil6, nirl6, radl6,
red16, ril6, sil6, sr16, swirl _16, swir2_16.

2.4 Regionalization approach of socio-economic data

An essential prerequisite for the regionalization of socioeco-
nomic data from the plot scale is the availability of spatial
soil information, including physicochemical and hydraulic
properties. These soil data were not collected directly within

https://doi.org/10.5194/piahs-389-45-2026

the NGC but were derived from the work of Hounkpatin et
al. (2022), which used Digital Soil Mapping (DSM) frame-
work (McBratney et al., 1981) to predict soil properties
in the Dassari catchment. In the study of Hounkpatin et
al. (2022), high-resolution satellite data (Sentinel 2, n = 10),
topography (n = 18), and climate data (n = 19), together
with laboratory-analyzed soil samples (n = 1685), were used
to map eight soil properties for the whole Benin country:
coarse particles (CP), silt, sand, clay, cation exchange capac-
ity (CEC), soil organic carbon (SOC), SOC stock (Corg), and
topsoil nitrogen (0-30 cm). The study applied random forest
regression (RFR) as the predictive modeling technique for
DSM. Model robustness was ensured using a 10-fold cross-
validation with five replications, and validation was carried
out using independent soil samples from the inner and outer
donor catchment. The models were then extrapolated to the
Dassari catchment, where prediction accuracy was assessed
using root mean square error (RMSE) and Lin’s concordance
correlation coefficient. Predicted soil properties were finally
extracted for each of the 150 NGC cells representing the
agro-ecosystem variability of the Dassari catchment.

In parallel, socioeconomic surveys were conducted in the
field within the same 150 cells of the generated NGC dur-
ing the 2017 agricultural season (rainy season: May—October
2017). A total of 150 farmers were interviewed immediately
after harvest (October—November 2017). Thus, a previously
validated questionnaire was administered to the farmers and
covered their main activities and labor allocation, land tenure
and cropping systems, agricultural practices, household as-
sets and resources, access to extension services, and percep-
tions of climate change and adaptation strategies.

Finally, a multiple linear regression analysis approach was
used to develop predictive models for the regionalization of
socioeconomic variables. This approach assumes a linear re-

Proc. IAHS, 389, 45-54, 2026
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Table 2. Variable selection for ten regression model (QR) for Maize. Values highlighted in bold indicate strong influences of model parame-

ters.
No. of Adjusted
variables  Variables MSE R? R?
1 rad15 191507.020 0.120 0.090
2 Clay/WP 184372.200 0.182 0.124
3 SOC/Clay/WP 166852.167 0.286 0.207
4 SOC/Clay/WP/rad15 149137.199 0.386 0.291
5 N/Sand/Clay/WP/rad15 129553.768  0.487 0.384
6 Cp/SOC/Clay/WP/SWC/rad15 107 540.956  0.591 0.489
7 Cp/Sand/Clay/WP/SWC/BD/rad15 97284.717 0.646 0.538
8 Cp/Sand/SOC/Clay/WP/SWC/BD/rad15 94925.192 0.669 0.549
9 Cp/Sand/SOC/Clay/WP/SWC/BD/rad15/rad16 94259.809 0.686 0.552
10 Cp/N/SOC/Clay/WP/SWC/BD/greenl15/rad15/rad16 92995.509 0.705 0.558

Table 3. Analysis of Variance (ANOVA) for Maize. Values highlighted in bold indicate strong influences of model parameters.

Source DDL  Sum of Squares Mean Squares F

Model 10 4453519.82 445351.98 4.789

Error 20 1859910.19 92995.51

Corrected Total 30 6313430.00 Pr > F: 0.001
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Figure 6. Regression of QR variable for Maize.

lationship between a dependent variable and a set of inde-
pendent variables and can be expressed as:

y=ao+taix;t+ayxy+...+ayx,

where a; are regression coefficients. In this study, linear
regression was applied to relate socioeconomic indicators
(crop yield, seed, fertilizer and pesticide costs, total produc-
tion costs, and gross revenue) to soil properties and remote-
sensing variables for maize and cotton production.

Proc. IAHS, 389, 45-54, 2026

3 Results and Discussion

3.1 NGC calculation: IPCA and CLHS implementation

The initial principal component analysis included 37 input
variables, yielding 37 potential principal components. The
first two components explained 62.65 % of the total vari-
ance, while the first 13 components accounted for 98.39 %.
Successive IPCA iterations progressively reduced the num-
ber of variables while maintaining a high level of explained
variance: 24 variables in the second iteration (97.15 %), 19
in the third (97.28 %), 15 in the fourth (96.16 %), 13 in the
fifth (94.27 %), and 11 in the sixth iteration (92.08 %). The
seventh and final iteration retained seven variables (Ci 15:
2015 coloring index; bil5: 2015 brightness index; greenl5:
Green 2015; rad15: Radiation 2015; cil5: 2015 redness in-
dex; sil5: 2015 saturation index; rad16: Radiation 2016), ex-
plaining 88.05 % of the total variance.

Figure 3 shows the spatial distribution of the selected cells
in the Dassari catchment. The selection was conditioned
by accessibility constraints, favoring locations near roads,
tracks, and settlements. However, some plots were selected
in more remote areas because of their specific contribution to
representing catchment heterogeneity.

Figure 4 presents a cross-sectional comparison of the dis-
tributional characteristics of the environmental variables in-
volved in the IPCA, including the accessibility variable, for
both the full set of agricultural areas in the study region
and the selected representative cells. The close agreement of
quantiles between the representative subset and the overall

https://doi.org/10.5194/piahs-389-45-2026
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Table 4. Estimation of Model Parameters (RQ) for Maize. Values highlighted in bold indicate strong influences of model parameters.

Source Value  Std Error t Pr>|t] Lower95% Upper 95 %
Constant —179610.4  66027.5 —2.720 0.013  —317341.3 —41879.6
Cp 25.2 12.9 1.959 0.064 —1.6 52.0
N —15389.7 11951.0 —1.288 0.213 —40319.0 9539.6
SOC —2666.3 570.9 —4.670 0.000 —3857.2 —1475.3
Clay —969.8 1954 —4.963 <0.0001 —1377.4 —562.2
WwpP 1648.8 3554 4.639 0.000 907.4 2390.3
SWC 2007.0 680.3 2.950 0.008 587.8 3426.1
BD 482432  23276.9 2.073 0.051 —311.7 96798.0
greenl5 —0.464 0377 —1.233 0.232 —1.250 0.321
radl5 22.5 10.5 2.145 0.044 0.618 44.5
radl6 —14.7 103 —1.420 0.171 —36.2 6.9

variable distributions demonstrates the effectiveness of the
sampling strategy.

3.2 Distribution of data collected on the NGC

Soil, remote sensing, and survey data were standardized
to compare their distributions by crop type for maize
and cotton. Maize production is mainly influenced by
soil properties (Corg: Organic carbon; N: Estimated ni-
trogen; WP: Wilting Point (Vol %); SWC: Saturated water
content (Vol %); AWCng: Available water without gravel
(Vol %); FC: Field Capacity (Vol %); KS: Sat. Hydraulic.
Cond_gravel (cmd™!)) and by vegetation and moisture in-
dices (greenl5, sil5). Gross and net incomes and total pro-
duction costs show low variability, suggesting that farmers’
management practices partly offset natural constraints. Cot-
ton production is primarily conditioned by soil properties (N,
silt, clay, FC, AWCng) and the saturation index (sil5), while
gross and net incomes are weakly differentiated, likely due
to uncertainties in reported yields and selling prices. Over-
all, the results indicated that millet, maize, sorghum, and cot-
ton occur under different environmental conditions and are
driven by distinct soil and remote sensing variables, requir-
ing increased management efforts when conditions are less
favorable.

Socioeconomic analyses in the Dassari catchment were fo-
cused on households associated with the representative cells
of the monitoring network. Respondents have a mean age of
39 years, an average of 19 years of farming experience, and
are predominantly males (74 %). Households average nine
members, with a dependency ratio of 1.22, and 59 % of re-
spondents are illiterate. Maize is the dominant crop (34 % of
farmers), followed by rice and cotton (18 % each), and mil-
let and sorghum (16 %), while yams and legumes account for
3.5 %. All identified land is farmer-owned; 49 % of plots are
smaller than 1 ha, 97 % of farmers are smallholders, and the
average farm size is about 2 ha. Men are more involved than
women in maize and cotton production.

https://doi.org/10.5194/piahs-389-45-2026

3.3 Regional Models for Maize Crop Production

Pearson correlation coefficients between maize dependent
variables (QR: Quantity harvested per ha; CS: Seed cost per
ha; CF: Fertilizer cost per ha; CP: Pesticide cost per ha; RN:
Net value of production per ha; CT: Total charge per ha; RB:
Gross margin per ha) and explanatory variables (Corg: Or-
ganic carbon, Cp: Coarse particle, N: Estimated nitrogen,
etc.) are generally low in absolute value (< 0.5), indicating
weak individual effects and justifying the use of multiple lin-
ear regression as an explanatory and predictive approach. Ta-
ble 2 presents ten regression models for maize harvest quan-
tity (QR), developed using a bottom-up variable entry strat-
egy. Model performance improves with the inclusion of addi-
tional variables, and the optimal model is identified by mini-
mizing the mean squared error (MSE) while maximizing the
coefficient of determination (R?).

The selected model (highlighted in blue, Table 2) explains
70.5 % of the variability in QR (R? = 0.705), with the re-
maining variance attributed to unobserved factors or incom-
plete representation by the selected variables. Analysis of
variance (Table 3) confirms the overall significance of the
model, with an F-statistic of 4.789 and a p-value of 0.001,
indicating a statistically significant relationship between QR
and the explanatory variables. Table 4 reports the parameter
estimates of the selected model, including regression coef-
ficients and significance levels, which are essential for inter-
pretation, forecasting, simulation, and comparison with other
studies.

Analysis of Table 4, based on Student’s ¢-test p-values and
the associated 95 % confidence intervals, indicates that SOC,
clay, WP, SWC, and rad15 significantly explain the variabil-
ity of QR. Among these, SOC and WP are the most influen-
tial variables, exhibiting significance at the 0 % level.

The regression diagnostics for harvest quantity (QR),
gross revenue (RB), and total burden (CT) indicate satisfac-
tory model performance. Regression results for QR, RB and
CT were analyzed through figures such as Figs. 5 and 6. In all
cases, standardized coefficients and residuals are largely con-
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Table 5. Summary of Regression Models for all Socioeconomic Dependent Variables (Maize). QR: quantity of harvest; CS: seed cost; CF:
fertilizer cost; RB: gross margin; CT: total production cost; CP: pesticide cost; RN: net revenue. For each cell, the upper value is the F-statistic
and the lower value is the associated p-value.

QR CS CF CP RB CT RN
R? 0.705 0.694  0.607 0.716 0734  0.719  0.722
F 4789  4.535 3.085 5.049 5.509 5126 5.192
Pr>F 0.001 0.002  0.015 0.001 0.001 0.001 0.001
Corg 1.623 1.609  4.999 5.302
0.217  0.219  0.037 0.032
Cp 3.836 8.367 16.247 8.217 10.243  13.978
0.064  0.009  0.001 0.010 0.004  0.001
N 1.658 8.507 4.244 3.352
0.213 0.009 0.053 0.082
Silt 15.029 4912 5501 15.028 6.625
0.001 0.038 0.029 0.001 0.018
SOoC 21.809 18.272 8.077 14.909
0.000 0.000 0.010 0.001
Clay 24.634 10205 14.639  7.548 29.896 19303 14.478
< 0.0001 0.005 0.001 0.012 < 0.0001 0.000  0.001
WP 21.517 13.445 15.073 24469 19.707
0.000  0.002  0.001 < 0.0001 0.000
FC 9.162 6.484
0.007 0.019
SwcC 8.702 10.693 11.901 11.768 9.909
0.008 0.004 0.003 0.003 0.005
AWCng 12.437
0.002
AWCg 5.274 1.554 1.926
0.033 0.227  0.181
Ks 3.106  2.208 2.821 1.732
0.093 0.153 0.109 0.203
BD 4296 2191 14.137 12285 8.139  14.799
0.051 0.154  0.001 0.002 0.010  0.001
greenl5 1.520
0.232
radl5 4.600  2.351 3.594 9.493
0.044  0.141 0.073 0.006
red15 5.777
0.026
sil5 2.164
0.157
rad16 2.015 5.007 3.539 3.691 1.295 10.018 6.401
0.171 0.037  0.075 0.069 0.269  0.005 0.020
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fined within the interval [—2, 2], with approximately 95 % of
observations falling within this range, suggesting the absence
of major outliers and an acceptable error structure.

For QR (Fig. 5), the explanatory variables (SOC, clay,
WP, SWC, and rad15) explain 70.5 % of the total variability
(R% =0.705), while the remaining 29.5 % reflects the influ-
ence of other unaccounted factors. Table 5 summarizes the
main characteristics of the selected maize models, including
the coefficient of determination, F-statistic, and associated
p-value.

Overall, the regression analyses indicate strong relation-
ships between soil, remote sensing, and socioeconomic vari-
ables for both maize and cotton. Several soil and satellite-
derived variables significantly explain crop yield, seed, pes-
ticide and fertilizer costs, total production costs, and gross
revenue, while other variables were excluded due to weak or
non-significant contributions. The results highlight the dom-
inant role of soil physical properties in maize and cotton pro-
duction, which emerged as the most influential factors in the
analysis.

4 Conclusions

This study demonstrates that combining satellite-derived
variables, soil data, and socioeconomic information provides
a robust framework for regionalizing agroecosystem hetero-
geneity in the Sudano-Sahelian Volta Basin. Using two Land-
sat 8 image sets (2015-2016), 37 environmental variables
were reduced to 7 key variables through iterative princi-
pal component analysis, and a conditioned Latin Hypercube
Sampling approach was used to select 150 representative grid
cells within the 550 km? Dassari catchment. Field and sur-
vey data showed that major crops (millet, sorghum, maize,
and cotton) occur under distinct environmental conditions
and are influenced by different soil and remote sensing vari-
ables. For maize, multiple linear regression explained 70.5 %
of yield variability (R? = 0.705), mainly driven by soil or-
ganic carbon, clay content, soil water parameters, and ra-
diation, with predicted and observed values closely aligned
within the 95 % confidence interval. The results highlight
that spatial heterogeneity generates additional labor and in-
put costs, which may threaten farm sustainability if not con-
sidered in planning. Despite data limitations for some crops,
the proposed approach provides a solid basis for long-term
monitoring and informed decision-making, while emphasiz-
ing the need to strengthen farmer training and data collection
systems.
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