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Abstract—Accurate prediction of cereal yields is critical for food
security, particularly in Sahelian regions characterized by high
climatic variability. This study develops a machine learning
framework integrating dynamic agroclimatic variables (precipitation,
temperature, soil nutrients) with FAO production statistics in Senegal
over [2000—-2024]. Feature selection based on correlation with yield
indicated that MODIS-derived vegetation indices (NDVI, EVI, SAVI)
were less relevant and thus excluded. Several models were evaluated,
including Random Forest, XGBoost, CatBoost, and a Bidirectional
LSTM explicitly designed to capture temporal dependencies. The Bi-
LSTM achieved the highest predictive accuracy (R2 =0.94,
RMSE=98.53), followed by CatBoost (R2=0.80,RMSE=216.21),
XGBoost (R2=0.74, RMSE=243.07), and Random Forest (R2 =10.72,
RMSE = 251.46). Robustness was assessed using the Diebold-
Mariano test, and interpretability was explored with SHAP values.
The study demon strates that agroclimatic and production variables
dominate over vegetation indices in predicting yields and highlights
the trade-off between the superior accuracy of deep learning models
and their higher computational cost. These results provide a reliable
and interpretable framework for yield fore casting in Sahelian
agriculture, emphasizing both methodological rigor and practical
applicability.

Keywords— Agricultural yields, Machine learn ing, Agroclimatic
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Sahelian agriculture is particularly vulnerable to climatic
fluctuations and environmental changes, making yield
forecasting essential for anticipating production deficits,
optimizing resource allocation, and strengthening the
resilience of agricultural systems. However, developing
accurate predictive models remains challenging due to the
complex interactions between climate, soil, and agricultural
practices.

Remote sensing products, particularly vegetation indices
such as the Normalized Difference Vegetation Index (NDVI),
Enhanced Vegetation Index (EVI), and Soil-Adjusted
Vegetation Index (SAVI), are widely used to monitor crop
growth and estimate yields [1]. While these indices provide
valuable insights into vegetation cover and biomass, their
predictive power at the national scale is limited, due to
vegetation saturation and the dominant role of climatic
variability in shaping agricultural outcomes in the Sahel.

To overcome these limitations, the integration of FAO-
reported production statistics with agroclimatic variables
(precipitation, temperature, soil nutrient availability) is
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essential. Agricultural yield simulation models, such as
DSSAT [2], WOFOST [3], PCSE [4],and APSIM [5], provide
tools for predicting crop performance, but their application in
Sub-Saharan Africa is constrained by limited local data,
complex traditional cropping systems, and the need for
advanced technical expertise.

Satellite imagery from MODIS and Sentinel-2 sensors
allows tracking crop dynamics, yet models based solely on
vegetation indices may lack sufficient resolution for small
farms and often ignore local agroclimatic conditions [6—11].
The combination of climatic, soil, and remote sensing data
with machine leaming approaches (Random Forest, XGBoost,
CatBoost) and recurrent neural networks such as LSTM has
shown substantial potential to capture complex nonlinear
relationships and improve yield prediction accuracy [14—16].

Despite these advances, key challenges remain, including
data quality and availability, gaps in capturing local farming
practices, and the generalization of models across
heterogeneous regions. These limitations highlight the need
for approaches tailored to local contexts, integrating
agroclimatic, production, and remote sensing data with
advanced computational methods for reliable yield prediction
in Senegal and the wider Sahel.

The remainder of this paper is structured as follows:
Section II describes the models and methods, including the
dataset, variable selection, and predictive algorithms such as
Random Forest, XGBoost, CatBoost, and Bidirectional
LSTM. Section III presents the results and discussion,
focusing on model comparison, feature importance, and
interpretability using SHAP values. Section IV concludes the
study by summarizing the key findings and contributions,
while Section V outlines future perspectives and potential
directions for further model enhancement.

I

This study combines FAO agroclimatic data (precipitation,
temperature, soil nutrients) with MODIS-derived vegetation
indices (NDVI, EVI, SAVI) to model cereal yields in Senegal
over multiple years.

To retain the most informative predictors, variables with
an absolute correlation >0.5 with yield were selected,
including cultivated area, fertilizer use (N, P, K), previous
years’ yields, and year of observation. The correlation matrix
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in Figure 1 shows these parameters. This improves model
robustness and interpretability.
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Figure 1: Correlatlon matrix after removmg weakly correlated variables

Four predictive models were employed: Random Forest
(RF), XGBoost, CatBoost, and Bidirectional LSTM (Bi-
LSTM). Tree-based models efficiently capture nonlinear
relationships in static data, while Bi-LSTM accounts for
temporal dependencies in yield dynamics.

Model complexity:

RF is the fastest and least memory-intensive; boosting
models (XGBoost, CatBoost) offer higher accuracy with
moderate resources; Bi-LSTM is computationally demanding
but best captures temporal trends. Empirical evaluation (Table
1) shows that Random Forest trains the fastest (0.05s) with
minimal memory use (0.3MB), followed by XGBoost and
CatBoost. Bi-LSTM, although slower (46.7s) and memory-
intensive (317MB), captures temporal dependencies, which
can improve accuracy.

TABLE 1: Training time and memory usage.

Model Training Time (s) Memory (MB)
Random Forest 0.05 0.30
XGBoost 0.04 3.45
CatBoost 0.24 7.50
Bi-LSTM 46.70 317.62
Hyperparameters:

Tree-based modelsused 100 estimators, depth 6, learning
rate 0.1. Bi-LSTM employed 3 time steps, 3 bidirectional
layers (280 units), separate branches for dynamic/static
features, with Gaussian noise and early stopping for
generalization. This framework enables reliable, interpretable
prediction of cereal yields, integrating agroclimatic, soil, and
temporal information. Overall, while Bi-LSTM is more
complex, it is suited for modeling temporal agroclimatic
trends. In contrast, tree-based models offer faster, resource
efficient alternatives for static data scenarios.

II.  RESULT AND DISCUSSION
A. Comparison of Predictive Models
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Table 2 presents the performance of three machine
learning models. CatBoost achieved the best results among
tree-based methods, followed by XG Boost and Random
Forest.

TABLE 2: Performance of ML models

Model RMSE R? Time (s)
Random Forest | 251.46 | 0.72 0.05
XGBoost 243.07 | 0.74 0.04
CatBoost 216.21 | 0.80 0.24

Diebold-Mariano tests confirmed that CatBoost
significantly outperformed RandomForest (DM = 4.306) and

had a moderate advantage over XGBoost.

B. Bi-LSTM vs. CatBoost

The Bi-LSTM achieved the highest accuracy with an
RMSE of 98.53 and R2 of 0.94 (Table 3). The Diebold-
Mariano test (DM =-1.70) indicates a statistically significant
advantage of Bi-LSTM over CatBoost. However, this comes
at the cost of higher computational resources.

TABLE 3: Comparison after feature selection (r <0.5 removed).

Model RMSE R2
Bi-LSTM 98.53 0.94
CatBoost 216.21 | 0.80
XGBoost 243.07 | 0.74

Random Forest | 251.46 | 0.72

C. Feature Importance and Model Interpretability

SHAP (SHapley Additive exPlanations) values were used
to evaluate feature importance across models. The Bi-LSTM
identified key agronomic drivers such as year, harvested area,
nitrogen, and potassium, similarly to tree-based models.
Figure 2 summarizes the SHAP outputs.
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Figure 2: SHAP summary plot for Bi-LSTM model.

All models emphasized year, harvested area, previous
yield, and nitrogen as key predictors. Bi-LSTM’s temporal
modeling provides more consistent attribution to past yields,
enhancing its predictive power over tree-based models.

D. Discussion

The Bi-LSTM model achieved the highest accuracy,
thanks to its ability to model temporal agro climatic patterns.
SHAP analysis confirmed its reliance on key variables such as
pastyield, harvested area, and nitrogen use. Despite CatBoost
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offering a solid balance between performance and efficiency,
Bi-LSTM excelled in capturing time-dependent yield
variability. However, this gain in precision comes at a
computational cost, with significantly higher training time and
memory usage. In low-resource settings, tree based models
remain attractive alternatives. Over all, the results support the
integration of temporal models like Bi-LSTM in forecasting
frameworks, especially when seasonal dynamics are relevant.
For operational use, hybrid models or cloud-based solutions
could help reconcile accuracy with resource constraints.

Iv.

This study shows that the Bidirectional LSTM model
offers the best performance for cereal yield prediction in
Senegal, with an RMSE 0f 98.53 and an R2 0 0.94. Its ability
to model temporal dependencies gives it an edge over
traditional tree-based models. SHAP analysis also confirms its
interpretability by highlighting the most influential agronomic
variables. While tree-based models such as CatBoost, XG
Boost, and Random Forest remain efficient and
computationally lighter, they are less suited for cap turing
time-dependent patterns.

CONCLUSION

V.

Future work can enhance both accuracy and operational
relevance through several directions:
* Model Optimization: Further hyperparameter tuning and
architectural improvements could refine Bi-LSTM
performance.

* Hybrid Approaches: Combining Bi-LSTM with tree-based
models may yield better tradeoffs between accuracy and
computation.

» Advanced Architectures: Exploring RNN variants, CNNs, or
Transformer models may help capture complex spatiotemporal
dynamics.

* Deployment: Techniques such as model compression and
cloud-based inference can improve usability in real-time
systems. * Generalization: Integrating additional data sources
(e.g., satellite imagery, soil data) and testing across regions or
seasons will improve robustness. These directions aim to
enhance the robustness, scalability, and adaptability of crop
yield prediction systems in diverse agro-climatic contexts.

PERSPECTIVES
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