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ABSTRACT: 

 

Accurate crop yield forecasting is critical for optimizing agricultural resource management and ensuring food security. This study 

introduces STAFNet (Spatial-Temporal Attention Fusion Network), an innovative deep learning framework designed to integrate 

multispectral Sentinel-2 imagery and climatic variables for wheat yield prediction under limited data conditions. Classical machine 

learning models (Random Forest, XGBoost, Support Vector Machine) and a CNN-LSTM architecture were evaluated for 

comparison. Additionally, a Generative Adversarial Network (GAN) was employed to generate realistic synthetic multispectral 

images, addressing dataset scarcity and enhancing model generalization. Experiments were conducted in Sidi Yahya Zaer, Morocco, 

using simulated yield data derived from NDVI-based statistical modeling for the 2020–2024 period. Results show that XGBoost 

achieved strong baseline performance (R² = 0.919), while STAFNet exhibited superior temporal stability and accuracy. Incorporating 

GAN-based augmentation further improved STAFNet’s performance, reaching R² = 0.935 and significantly reducing RMSE and 

MAE. Multi-horizon testing confirmed robust early-season predictive capability from January onwards. These findings highlight the 

combined benefits of attention-based architectures and synthetic data generation for in-season yield forecasting, offering a scalable, 

cost-effective solution adaptable to various crops and regions. 

 

 

1. Introduction 

The agricultural sector faces numerous challenges in achieving 

accurate crop yield estimation, which is essential for effective 

resource management and addressing food shortages in a 

rapidly growing global population (Jabed and Azmi Murad, 

2024). Reliable yield forecasting also supports decision-making 

related to agricultural trade (Cunha and Silva, 2020). 

 

Recent advancements in remote sensing have greatly improved 

the ability to monitor and predict crop yields. These 

technologies provide valuable data on crop health, soil, and 

environmental conditions, enabling more accurate and timely 

estimates of agricultural productivity (Franz et al., 2020). 

Among them, the Sentinel satellite family, developed by the 

European Space Agency (ESA) under the Copernicus program, 

plays a pivotal role. Launched in 2015, Sentinel-2 (S2) 

overcomes previous limitations with its high spatial (10–60 m), 

spectral (13 bands), and temporal (five-day revisit) resolutions. 

Equipped with a multispectral instrument (MSI), S2 captures 

data across visible, near-infrared, and shortwave infrared bands, 

allowing detailed monitoring of crop growth throughout the 

season (Zhao et al., 2020). Sentinel-2 is particularly valuable for 

subsistence agriculture, supporting precise crop health 

assessments and yield predictions (Aslan et al., 2024). 

 

Many studies have explored different approaches for crop yield 

prediction (Aslan et al., 2024). Traditional statistical models 

rely on historical yield and environmental data (Burdett and 

Wellen, 2022), while advanced machine learning algorithms 

such as Random Forest (RF), Support Vector Machines (SVM), 

and XGBoost capture complex nonlinear relationships (Bouras 

et al., 2021). Deep learning methods can automatically extract 

features and model long-term dependencies in time-series data, 

improving accuracy and robustness (Krithika and Sangeetha, 

2024). Convolutional Neural Networks (CNN) and Long Short-

Term Memory (LSTM) networks have been increasingly 

applied to crop yield prediction for their strengths in handling 

spatial and temporal information (Gavahi et al., 2021). 

Combined CNN-LSTM architectures show strong potential by 

leveraging both aspects effectively (Krithika and Sangeetha, 

2024). More recently, Vision Transformers (ViT) have emerged 

as a promising alternative, using self-attention mechanisms to 

capture global relationships between image patches, potentially 

enhancing spatial modeling performance (Dosovitskiy et al., 

2021; Wang et al., 2025; Rodrigo et al., 2024). 

 

Building upon the Vision Transformer framework, the Pyramid 

Vision Transformer (PVT) was developed specifically for 

computer vision tasks. Unlike the standard ViT, which produces 

fixed-resolution global representations, PVT incorporates a 

hierarchical pyramid structure similar to that of CNNs his 

design progressively processes the image through multiple 

stages, reducing spatial dimensions while increasing channel 

depth, allowing for more efficient computation. Additionally, 

PVT employs a spatial-reduction attention mechanism that 

lowers computational costs and memory usage, making it well-

suited for handling high-resolution images (Wang et al., 2021). 

 

Data augmentation is used to compensate for limited training 

data in deep learning, especially in computer vision, by 

applying geometric and color transformations that expand 

datasets and improve model generalization (Shorten and 

Khoshgoftaar, 2019). Generative Adversarial Networks 

(GANs), introduced by Goodfellow et al. (2014), generate 

realistic synthetic images by learning real data distributions 

(Goodfellow et al., 2020). In yield prediction, GANs help 

mitigate data scarcity and class imbalance, particularly in 

agriculture where data collection is expensive and time-

consuming (Zhang et al., 2022). They consist of a generator 

creating fake samples and a discriminator distinguishing them 

from real ones until both reach equilibrium (Pan et al., 2019). 
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The main contributions of this work are summarized as follows: 

• We propose STAF-Net, a novel spatiotemporal-attention-

based framework that integrates multispectral and climatic data 

for wheat yield prediction. 

• We introduce a GAN-based data augmentation strategy to 

overcome data scarcity in agricultural contexts. 

• We evaluate the proposed model on multisource Sentinel-2 

and climate data for Morocco (2020–2024), showing its 

robustness compared to traditional ML and DL baselines. 

 

 

2. Methodology 

The methodological framework adopted in this study is 

illustrated in Figure 1.  

 
Figure 1. The study methodological workflow. 

 

It integrates multi-source datasets, including climatic variables, 

remote sensing imagery, and yield statistics, into a unified 

predictive modeling pipeline. Weather data (precipitation and 

temperature) and Sentinel-2 multispectral images (six selected 

spectral bands) were processed alongside national yield records. 

The satellite imagery was used both to compute the Normalized 

Difference Vegetation Index (NDVI) for yield data simulation 

via ECDF-based interpolation, and directly as multi-band 

spectral inputs for the prediction models. All datasets underwent 

normalization to ensure comparability and stability during 

model training. Two modeling families were evaluated: (i) deep 

learning models, including STAFNet, CNN-LSTM, and a 

hybrid STAFNet-GAN architecture incorporating synthetic 

image generation; and (ii) machine learning models, including 

Support Vector Machines (SVM), Random Forest (RF), and 

XGBoost. Model performance was assessed using three key 

metrics coefficient of determination (R²), root mean square error 

(RMSE), and mean absolute error (MAE) to enable a robust 

comparative analysis across approaches. 

 

2.1 Study Area 

The study was conducted in the commune of Sidi Yahya Zaer as 

illustrated in Figure 2, located in the Rabat-Salé-Kénitra 

region,Morocco, is characterized by significant natural 

heterogeneity. The area exhibits a diverse topography shaped by 

a Mediterranean climate, influenced by its proximity to the 

Atlantic Ocean. These environmental conditions create a 

favorable setting for agriculture, particularly cereal cultivation, 

which plays a vital role in the region's agricultural 

landscape.Due to its topographical and climatic diversity, Sidi 

Yahya Zaer serves as a relevant study area for crop yield 

prediction. It offers the opportunity to analyze crop performance 

under varied conditions, making it representative of many 

agroecological contexts across Morocco. The study area 

comprises 30 agricultural parcels,which depicts their 

geographical distribution within the commune. 

 

Figure 2. Study area 

2.2 Data 

2.2.1 Remote sensing Data 

In this study, remote sensing data constituted the core input for 

monitoring crop growth and predicting wheat yields. Sentinel-2 

imagery was selected for its high spatial and temporal 

resolution, as well as its free accessibility. The Sentinel-2 

mission, developed by the European Space Agency (ESA), 

provides multispectral optical data with 13 spectral bands at 

resolutions ranging from 10 to 60 meters. Specifically, the 

surface reflectance product (S2_SR) was utilized, which offers 

atmospherically corrected reflectance values for the period 

spanning 2020 to 2024 and were retrieved using the Google 

Earth Engine (GEE) platform. This platform provides fast and 

efficient access to high-resolution time-series imagery (Gorelick 

et al., 2017). 

Image extraction was specifically conducted for the months 

corresponding to the wheat growth cycle, from January to May. 

In total, 750 images were extracted (each containing 6 bands), 

covering 30 parcels over 5 years, with one image per month. 

 

2.2.2 Weather Data 

To enhance the accuracy of wheat yield predictions, 

meteorological variables, specifically precipitation and 

temperature, were incorporated into the model for the critical 

months of November and December (year N-1) and January 

(year N). The selection of these variables is supported by prior 

research, notably (Bouras et al., 2021), which established a 

significant correlation between climatic factors and cereal yields 
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in Morocco. According to Bouras et al., abundant rainfall during 

November and December promotes rapid plant emergence and 

expands cultivated areas, leading to improved overall 

production. Similarly, a positive correlation between 

temperature and yield was observed during December and 

January, aligning with the early growth stages of wheat. 

Climatic data were sourced from NASA POWER, with 

precipitation data derived from the CHIRPS (Climate Hazards 

Group InfraRed Precipitation with Station data) dataset, known 

for its high resolution and reliability in capturing rainfall 

patterns. The selected variables include total precipitation (mm) 

and average temperature (°C), systematically organized to cover 

November and December of the previous year (N-1) and 

January of the study year (N), aligning with the wheat growth 

cycle’s critical phenological stages. 

 

2.2.3 Wheat Yield Data 

To model wheat yield predictions, a dataset of historical yields 

was required. In the absence of detailed field measurements at 

the parcel level, wheat yield data were simulated based on 

national-level agricultural statistics for Morocco from 2020 to 

2024, according to the statistics provided by the Ministry of 

Agriculture, Maritime Fisheries, Rural Development and Water 

and Forests. These values, representing annual average wheat 

yields at the national scale, served as reference points for 

constructing the simulated dataset. 

A statistical simulation strategy was implemented to generate 

realistic yield values for model training. This approach relied on 

linking the Normalized Difference Vegetation Index (NDVI) to 

agricultural yields while preserving the data’s distribution 

structure. For each year, the average NDVI for each parcel was 

calculated from five monthly observations (NDVI₁ to NDVI₅). 
These average NDVI values were then ranked to determine their 

relative position within the annual distribution using an 

Empirical Cumulative Distribution Function (ECDF). Each 

parcel was assigned a score between 0 (lowest NDVI) and 1 

(highest NDVI), reflecting its vegetative performance relative to 

other parcels for the given year. Based on this score, a simulated 

yield was generated through linear interpolation within a range 

defined around the annual national mean yield. Parcels with low 

NDVI values were assigned yields near the minimum, while 

those with high NDVI values received yields close to the 

maximum. This process was repeated independently for each 

year, accounting for year-specific average yields. The resulting 

dataset provided simulated yields for each parcel and year, 

offering a coherent and robust training base for machine 

learning and deep learning models, effectively compensating for 

the lack of exhaustive field measurements. 

 

2.2.4 Machine Learning models 

To predict wheat yields using weather indices and Sentinel-2 

imagery, three machine learning models,Random Forest (RF), 

XGBoost, and Support Vector Machine (SVM) with regression 

(SVR) were employed. These models were selected for their 

ability to handle small datasets, robustness to noisy data, and 

capacity to model non-linear relationships (Aslan et al., 2024). 

The models were trained using supervised learning, with input 

features consisting of averaged Sentinel-2 spectral band values 

(B2, B3, B4, B5, B6, B8) combined with climatic data 

(precipitation and temperature for November, December of year 

N-1, and January of year N). Simulated wheat yields served as 

the target variable. 

A multi-horizon approach was implemented exclusively for the 

model that achieved the best performance, in order to evaluate 

its prediction capability at different stages of the growing 

season. The model was trained using cumulative data 

corresponding to various time windows (January only, January–

February, ..., up to January–May), simulating a progressive 

forecasting ability throughout the agricultural campaign. 

 
Figure 3.  Workflow for Yield Prediction Using Sentinel-2 

Images and Machine Learning. 

 

2.2.5 Deep Learning models 

2.2.5.1 Our proposed framework STAFNet 

 

We propose a novel framework named STAFNet (Spatial-

Temporal Attention Fusion Network) for crop yield prediction. 

This deep learning model simultaneously integrates sequential 

multispectral image data and auxiliary tabular data (such as 

meteorological variables) to capture both the spatio-temporal 

dynamics of crop growth and relevant environmental factors. 

The architecture (Figure 4) is modular and consists of three 

main components that sequentially process and fuse spatial, 

temporal, and contextual information: 

A Spatial Encoder based on a Vision Transformer (ViT), 

designed to extract meaningful representations from each 

individual image in the temporal sequence. 

A Temporal and Climate Fusion Module leveraging attention 

mechanisms (self-attention and cross-attention) to model 

temporal dependencies and integrate auxiliary data. 

A Regression Head, implemented as a Multi-Layer Perceptron 

(MLP), which predicts the final target value from the fused 

representation. 

 
 

Figure 4.  STAFNet components. 
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(1) Spatial Encoder: Visual Feature 
Extraction 

The first module transforms each multispectral image of shape 

(C, H, W) in the temporal sequence into a fixed-dimensional 

feature vector capturing relevant spatial information. 

 
Figure 5.  The spatial encoder architecture. 

 

This is achieved using a pretrained Pyramid Vision Transformer 

v2 (PVT v2) as a feature extractor. Transfer learning allows the 

model to leverage prior visual knowledge, while only the input 

projection layer is fine-tuned to handle 6 Sentinel-2 bands; the 

rest of the network remains frozen. Each input image t in the 

temporal sequence T is independently encoded into a spatial 

feature vector, producing a sequence of embeddings. Figure 10 

shows the simplified PVT v2 architecture for generating these 

temporal spatial feature embeddings. 

(2) Temporal and Climatic Fusion 
Module for Spatio-temporal and 
Contextual Integration 

The Temporal and Climate Fusion Module in STAFNet 

integrates visual features from satellite images with climatic 

data to generate a comprehensive representation for crop yield 

prediction. Key components include: 

Positional Encoding: Adds temporal order information to the 

sequence of image embeddings, preserving the crop cycle 

progression. 

Temporal Self-Attention (Transformer): Uses self-attention 

to capture short- and long-term dependencies between different 

time steps in the image sequence. 

Climate Data Encoding: Climatic variables such as 

temperature and precipitation are encoded via an MLP into 

vectors aligned with image embeddings. 

Cross-Attention for Fusion: Dynamically integrates temporal 

image features with climate embeddings, allowing the model to 

modulate the importance of each based on context. 

Final Fusion and Aggregation: Combines temporal and 

climatic information into a compact feature vector, aggregated 

over time, which encodes spatial, temporal, and climate 

information and is passed to the regression head for crop yield 

prediction. 

 

 
Figure 6.  Temporal and Climate Fusion Module. 

(3) Regression Head: Final Prediction 

The regression head in the STAFNet architecture is responsible 

for producing the final crop yield prediction based on the fused 

features extracted from the images and climate data. This 

component takes as input the integrated representation that 

combines visual information (from multispectral images), 

temporal dynamics (from the image sequence), and climatic 

variables (from meteorological data).The goal of this stage is to 

transform the fused vector into a scalar value representing the 

predicted agricultural yield. The regression head is implemented 

using a Multi-Layer Perceptron (MLP), a simple yet effective 

neural network composed of several fully connected layers 

designed for final prediction. Figure 7 illustrates this final 

phase. 

 
Figure 7. Regression head phase. 

 

STAF-Net was trained using a batch size of 8 for 25 epochs 

with the AdamW optimizer (initial learning rate 1×10⁻³) and a 

cosine annealing learning rate scheduler. The Smooth L1 loss 

was adopted to improve robustness against noise in ground-

truth yield values. The dataset of real field samples was 

randomly split into 70% training and 30% validation subsets. 

When GAN-augmented samples were included, they were used 

exclusively in the training set to enhance diversity without 

influencing validation performance. To mitigate overfitting, the 

PVT backbone was largely frozen, weight decay from AdamW 

was applied, and validation loss was monitored for early 

stopping. This combination of careful data handling, transfer 

learning, and regularization enabled stable model training and 

effective generalization. 
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2.2.5.2 CNN-LSTM 

In parallel with the STAFNet model, another model based on 

the CNN-LSTM architecture was also tested for crop yield 

prediction using Sentinel-2 imagery and climate data. The 

Convolutional Neural Network (CNN) is responsible for 

extracting spatial features from the images, while the Long 

Short-Term Memory (LSTM) network captures the temporal 

dynamics of the climatic variables, such as temperature and 

precipitation. 

The outputs of both modules are fused and passed through a 

regression layer to estimate crop yields. This model is intended 

to serve as a baseline for comparison, enabling the evaluation of 

STAFNet’s performance. 

 
Figure 8.  The crop yield prediction process based on the CNN-

LSTM architecture. 

 

The same multi-horizon approach was implemented exclusively 

for the model that achieved the best performance, in order to 

assess its prediction capability at different stages of the growing 

season. And to ensure fairness between the two models, 

STAFNet and CNN-LSTM were trained using the same 

hyperparameters: a batch size of 8, an initial learning rate set to 

1e-3, and a training duration of 30 epochs. The SmoothL1Loss 

loss function was selected to reduce sensitivity to outliers while 

maintaining training stability. These settings are appropriate for 

the available data volume and help prevent early overfitting 

while ensuring convergence. 

 

2.3 Data augmentation using GAN 

To generate synthetic spectral image patches for data 

augmentation, a Generative Adversarial Network (GAN) was 

trained using a set of preprocessed Sentinel-2 image patches of 

wheat plots. The GAN architecture consisted of a generator and 

a discriminator trained in an adversarial setup, where the 

generator aims to produce realistic synthetic images, and the 

discriminator attempts to distinguish between real and generated 

samples. 

 
Figure 8. The data generation process based on GANs (Zhang et 

al.,2022) 

 

The generator receives input noise vectors of dimension 100 

sampled from a standard normal distribution and outputs 

synthetic spectral images of shape (6, 32, 32), corresponding to 

6 Sentinel-2 bands. The generator architecture is composed of a 

sequence of transposed convolutional layers 

(ConvTranspose2d), each followed by Batch Normalization and 

ReLU activation functions. The final layer uses a Tanh 

activation function to normalize pixel values in the range [−1, 

1]. The discriminator, on the other hand, is a convolutional 

neural network designed to classify inputs as real or fake. It 

consists of a stack of convolutional layers with LeakyReLU 

activations and Batch Normalization, followed by a Sigmoid 

output unit to produce a probability score. 

During training, the discriminator was updated by minimizing 

the sum of losses for both real and generated images, while the 

generator was trained to fool the discriminator by minimizing 

its ability to detect fake images. This adversarial training was 

performed iteratively over 50 epochs. At the end of training, the 

generator was able to produce visually realistic spectral patches, 

as verified by visual comparison with real Sentinel-2 images. 

Convergence of the GAN was assessed by monitoring the 

stabilization of generator and discriminator losses across 

epochs, supplemented with visual inspection to ensure 

generated patches resembled real Sentinel-2 images. Once 

training converged, the generator produced 250 synthetic 

samples.  

3. Results 

This section presents the key findings from the evaluation of 

various machine learning and deep learning models for wheat 

yield prediction, highlighting the performance metrics achieved 

by each approach, particularly focusing on the proposed 

STAFNet architecture with and without Generative Adversarial 

Network (GAN) based data augmentation. 

 

3.1 Performance of Classical Machine Learning Models 

Among the classical machine learning models evaluated, 

including Random Forest (RF), Support Vector Machine 

(SVM), and XGBoost, the XGBoost model demonstrated 

superior performance. It achieved an R² value of 0.919 on the 

test dataset, indicating a strong correlation between the 

predicted and actual wheat yields. This result suggests that 

XGBoost effectively captures the complex, non-linear 

relationships within the remote sensing and climatic data for 

accurate yield estimation. 

 

R² 

(Train) 

RMSE 

(Train) 

MAE 

(Train) 

R² 

(Test) 

RMSE 

(Test) 

MAE 

(Test) 

RF 0.988 68.60 54.85 0.908 181.54 158.16 

XGBoost 0.998 27.47 20.87 0.919 169.54 147.94 

SVM 0.838 251.60 189.99 0.703 325.24 268.72 

Table 1. Performance of machine learning models on the 

training and test sets, RMSE and MAE in  kg/ha. 

 

To strengthen the evaluation of the XGBoost model, which was 

identified as the best-performing model during preliminary 

testing, a k-fold cross-validation (k=5) was conducted to assess 

the model’s stability and generalization capability across the 

entire dataset. This approach reduces the influence of a single 

train-test split and provides more representative average 

performance metrics. 

The average performance metrics (R², RMSE, MAE) obtained 

for XGBoost after this cross-validation are presented in the 

table below: 
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 R² (mean) 

RMSE 

(mean) MAE (mean) 

XGBoost 0.907 186.14 156.91 

Table 2. XGBoost average metrics from 5-fold cross-validation. 

 

The following table presents the performance evolution of 

XGBoost across different temporal horizons. 

 

Horizon Month R² RMSE MAE  

M1  January 0.898 188.43 165.06 

M1_M2 February 0.887 198.66 165.88 

M1_M2_M3 March 0.897 188.87 163.90 

M1_M2_M3_M4 April 0.908 179.26 159.11 

M1_M2_M3_M4_M5 May 0.911 176.35 151.75 

Table 3. XGBoost performance across temporal horizons. 

At the January horizon, the model achieved an R² of 0.898, a 

RMSE of 188.4 kg/ha, and a MAE of 165.1 kg/ha. At the full 

horizon (M1 to M5), performance increased to an R² of 0.911, 

with a RMSE of 176.3 kg/ha and a MAE of 151.7 kg/ha. 

 

3.2 Performance of Deep Learning Models and the Impact 

of GAN-based Data Augmentation 

The study also evaluated deep learning models, including CNN-

LSTM and the newly proposed STAFNet (Spatial-Temporal 

Attention Fusion Network).  

 

 

R² 

(Train) 

RMSE 

(Train) 

MAE 

(Train) 

R² 

(Test) 

RMSE 

(Test) 

MAE 

(Test) 

STAFNet 0.909 187.95 157.01 0.909 191.50 168.21 

CNN-

LSTM 

0.95 148.40 107.39 0.71 317.00 239.29 

 

Table 4. Performance of deep learning models on training and 

test sets. 

 

The CNN+LSTM model achieved high performance on the 

training set, with an R² of 0.95, a RMSE of 148.40, and a MAE 

of 107.39. On the test set, the performance decreased, with an 

R² of 0.71, a RMSE of 317.00, and a MAE of 239.29. 

The STAFNet model yielded consistent results between the 

training and test sets. On the training set, it achieved an R² of 

0.909, a RMSE of 187.95, and a MAE of 157.01. On the test 

set, it maintained an identical R² of 0.909, with a RMSE of 

191.50 and a MAE of 168.21. 

 

A significant aspect of this research was the investigation into 

the impact of integrating synthetic data generated by GANs for 

data augmentation on the performance of the STAFNet model. 

 

 

 

 

 

 

 

 

 

R² RMSE MAE 

STAFNet -GAN 
Train - - - 

Test 0.935 155.93 122.88 

STAFNet  
Train 0.909 187.95 157.01 

Test 0.909 191.50 168.21 

 

Table 5. STAFNet with vs. without GAN augmentation 

 

The STAFNet model trained with GAN-augmented data 

achieved an R² of 0.935, a RMSE of 155.93 kg/ha, and a MAE 

of 122.88 kg/ha on the test set.The STAFNet model trained 

without GAN augmentation obtained an R² of 0.909, a RMSE 

of 191.50 kg/ha, and a MAE of 168.21 kg/ha on the same test 

set. 

 

During the 5-fold cross-validation of the STAFNet-GAN 

model, each training fold included both real samples and 

synthetic images generated by the GAN, while the validation 

folds consisted exclusively of real samples. 

The average performance metrics obtained from this cross-

validation were as follows: 

 

 R² (mean) RMSE (mean) MAE (mean) 

STAFNet-

GAN 
0.90 195.29 165.72 

 

Table 3. STAFNet-GAN average metrics from 5-fold cross-

validation. 

 

The following table presents the performance progression of 

STAFNet-GAN across different temporal horizons. 

 

 

Horizon Month R² RMSE  MAE  

M1  January 
0.918 191.19 158.18 

M1_M2 February 
0.916 202.47 170.30 

M1_M2_M3 March 
0.918 184.44 160.25 

M1_M2_M3_M4 April 
0.875 214.84 185.71 

M1_M2_M3_M4_M5 May 
0.921 192.32 162.88 

 

Table 4. STAFNet-GAN performance across temporal horizons. 

 

 

4. Discussion  

The comparative analysis between classical Machine Learning 

and Deep Learning models highlights several key findings 

regarding prediction accuracy, generalization capability, and the 

role of data augmentation in yield forecasting. 

First, among the classical ML approaches, XGBoost emerged as 

the most accurate, achieving a test R² of 0.919, with relatively 

low RMSE (169.54 kg/ha) and MAE (147.94 kg/ha). Its strong 

performance was confirmed through 5-fold cross-validation 

(R²avg= 0.907), indicating both stability and robustness. 

Random Forest delivered slightly lower accuracy (R² = 0.908) 

but showed marginally better robustness against overfitting. 

Conversely, SVM performed poorly (R² = 0.703), suggesting 
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difficulty in modeling the non-linear and high-dimensional 

structure of the dataset without further feature engineering. 

The temporal horizon evaluation demonstrated that predictive 

accuracy is already high from January onward, with XGBoost 

achieving R²≈ 0.898 at M1, and gradually improving to 0.911 

by May. This confirms that early-season climatic and satellite 

information holds substantial predictive value, while additional 

monthly imagery provides incremental gains. 

 

In the Deep Learning category, the CNN+LSTM model 

exhibited excellent training performance (R² = 0.95) but 

suffered a significant drop on the test set (R² = 0.71), indicating 

overfitting and limited generalization. In contrast, STAFNet 

achieved balanced and stable results between training and test 

(R² = 0.909), confirming its ability to capture spatial–temporal 

dependencies without overfitting. A major finding concerns the 

integration of GAN-based data augmentation with STAFNet. 

The STAFNet+GAN configuration outperformed all other 

tested models, reaching R² = 0.935 with notably reduced errors 

(RMSE = 155.93 kg/ha, MAE = 122.88 kg/ha). This 

improvement was consistent in 5-fold cross-validation (R²avg= 

0.90), and in the multi-horizon scenario, where strong accuracy 

was already achieved in January (R² ≈ 0.918) and maintained 

until May (R²= 0.921). The only performance dip occurred in 

April, possibly due to interannual climatic variability or 

limitations in the simulated yield targets. 

 

Overall, these results show that while classical ML models like 

XGBoost remain highly competitive for yield prediction, 

advanced architectures such as STAFNet especially when 

enhanced with synthetic data offer superior generalization and 

stability. The use of GANs proves particularly valuable for 

enriching the training dataset without additional field 

campaigns, a significant advantage in agricultural contexts 

where data acquisition is costly and time-consuming. This 

synergy between deep learning and synthetic data generation 

represents a promising avenue for real-time, in-season yield 

forecasting. 

 

5. Conclusion 

This study demonstrated the potential of combining 

multispectral satellite data, climatic variables, and machine 

learning models for wheat yield prediction. The results show 

that traditional Machine Learning approaches, particularly 

XGBoost, already deliver strong and actionable performance 

from the early stages of the growing season. However, the 

STAFNet architecture, enhanced with GAN-based data 

augmentation, stood out with its superior generalization ability 

and higher accuracy, outperforming classical methods while 

maintaining temporal stability. 

 

Synthetic data integration proved to be a strategic lever, 

enriching training scenarios without additional data collection 

costs. These findings pave the way for near real-time yield 

forecasting systems, enabling more responsive and precise 

agricultural decision-making. Future work may involve 

extending this methodology to other crops, incorporating 

additional data sources (phenological indices, soil parameters), 

and evaluating on real yield data to confirm the robustness of 

the models under operational conditions. 
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