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 This study is devoted to the use of varied analytical methods to elucidate the 

complex relationship between normalized difference vegetation index 

(NDVI) and wheat production in Taounate, Morocco based on MODIS 

Satellite data. Linear regression (LR), with a coefficient of determination 

(R²) of 0.93, provided a solid basis, while the decision tree (DT) showed 

significant performance with an R² of 0.81. Support vector regression (SVR) 

performed well with an R² of 0.96, highlighting its ability to capture the non-

linear nuances of the data. Given the complexity inherent in the observed 

relationships, characterized by non-linear variations, we opted for a 

combined approach. K-means, closely linked to SVR, was integrated for its 

ability to identify homogeneous subgroups in the data (R2 up to 0.98).  

This combination made it possible to circumvent the limits of strictly linear 

methods, thus reinforcing the robustness of our analysis. These results 

underline the capacity of the chosen methodology to decode the interactions 

between NDVI and wheat production in the complex context of Taounate. 

By providing clear and nuanced perspectives, this study helps inform 

agricultural decisions and build resilience to climate challenges in the 

region. 
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1. INTRODUCTION 

Smart agriculture is emerging as an essential response to food security and climate change issues.  

At the heart of this innovative approach is the fusion of cutting-edge technologies and informed agricultural 

practices [1], aimed at optimizing productivity while mitigating environmental impacts. Our study follows 

the momentum of smart agriculture specifically in Morocco, where wheat cultivation is of particular 

importance. Faced with constantly evolving climate challenges, the need for adaptive strategies emerges as a 

priority, and it is in this perspective that our work is deployed [2]. 

Traditional methods of forecasting crop yields during the growing season can estimate yields before 

harvest and help make more informed management decisions. Although based on sound physiological and 

physical concepts, these methods prove ineffective in cases of spatial soil variability, stress, or different 

management practices. In contrast, plant cover remote sensing is highlighted as a potentially valuable tool for 

agricultural monitoring, owing to its synoptic coverage and its ability to observe in many spectral 

wavelengths. Many studies have recognized that plant development, stress, and yield capabilities are 

https://creativecommons.org/licenses/by-sa/4.0/


Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

MODIS-NDVI and wheat yield patterns and predictions in Taounate, Morocco (Sara Bouskour) 

649 

manifested in the spectral reflectance of plant canopies and can be quantified using vegetation spectral 

indices (NDVI, EVI, SAVI, ARVI, GCL, ReCI). 

A study conducted by Shafiee et al. [3] examines the application of two machine learning-based 

regression methods to predict wheat grain yield from vegetation indices extracted from UAV images.  

The objective of this research was to evaluate the effectiveness of support vector regression (SVR) in 

combination with sequential forward selection (SFS) for grain yield prediction. Another study, by  

Ashourloo et al. [4], explored various remote sensing methods to improve crop yield forecasting. The main 

objective of this study is to determine the best remote sensing characteristics and the most efficient regression 

model for wheat yield prediction in the Hamedan region, Iran. To this end, we used several vegetation indices 

(VI) and reflectance values obtained from Sentinel-2 images, analyzed in different time windows, as input 

data for the regression models. Among the models tested, the gaussian regression model (GPR) gave the best 

results, with a root mean square error (RMSE) of 0.228 t/ha and a coefficient of determination R² of 0.73.  

A recent study by Ashfaq et al. [5] demonstrated that combining multiple datasets using three machine 

learning algorithms significantly improved yield prediction performance, with a coefficient of determination 

ranging from 0.74 to 0.88. Incorporating spatial information and other properties into the reference models 

improved prediction accuracy from 0.08 to 0.12. 

Our analysis approach is based on the normalized difference vegetation index (NDVI) which is 

considered the indicator par excellence. This parameter, derived from satellite data, provides an objective 

measure of crop health and vigor, based on the normalized difference between reflected light in the red and 

near-infrared range [6]. Its relevance lies in its ability to quantify the vegetation presence and density, thereby 

providing detailed insight into crop performance [7]. 

In an agricultural context, the NDVI allows the crop evolution to be observed in a non-intrusive and 

continuous manner [8]. Its sensitivity to changes in plant cover makes it a preferred tool for assessing 

seasonal variations, water stress, and the impacts of climatic conditions on crop health [9], [10]. By choosing 

NDVI as the pivot of our study, we rely on a proven scientific method to dissect the complex relationship 

between vegetation and wheat production, providing rich and nuanced insights into the agricultural landscape 

of Taounate. 

In this quest for in-depth understanding, we have mobilized a range of analytical tools. Linear 

regression (LR) outlined the relationships between NDVI and wheat production, while SVR delved into the 

intricacies of these links, capturing crucial non-linear nuances. The decision tree (DT) with its ability to 

unravel complex patterns enriched our analysis by revealing delicate relationships that are often difficult to 

identify. K-means, closely integrated with the SVR, partitioned the data, revealing homogeneous groups and 

thus consolidating our perception of different behaviors within the NDVI-wheat production continuum.  

This approach combination has shaped a holistic perspective, transcending the boundaries of traditional 

methods to address complexity in an integrated way. 

At the heart of this work lies our scientific approach which ensures our commitment effectiveness to 

unveiling exploitable knowledge for making informed agricultural decisions, such as irrigation and 

fertilization [11]. By probing the dynamic relationship between NDVI and wheat production, we aim to offer 

nuanced perspectives, thereby contributing to strengthening the resilience of agricultural practices in the face 

of current climate challenges and ensuring food security in the Taounate region, Morocco. 

This article is composed of different sections aimed at an examination of wheat production in 

Taounate. The first section is devoted to the precise delimitation of our studied region. The methodology sets 

out the modus operandi, from the collection of NDVI data to the study of correlation with wheat production. 

The results are presented graphically, followed by a discussion. The conclusion summarizes key findings and 

identifies potential directions for future research. 

 

 

2. STUDY ZONE 

Our study is carried out in the Taounate region, located in the north of Morocco, 80 km from Fez, 

the capital of the Fez-Meknes region. This province as highlighted by the red hexagon in Figure 1 extends 

over an area of 561,600 ha = 5,616 km2, between the coordinates 34° 32′ 09″ north and 4° 38′ 24″ west. 

When it comes to climate, Taounate takes advantage of the Mediterranean weather. The latter is 

characterized by hot, dry summers and rainy winters, which creates ideal conditions for varying agricultural 

activities. At the same time, this region presents wide-ranging soil types and favorable conditions for 

diversifying crops. We find clay soils providing moisture reserves used during dry periods. There is also  

a type called loamy with an intermediate texture between clay and sand, thus promoting drainage and 

maintaining certain water retention. Finally, there is also a sandy soil creating rapid drainage conditions ideal 

for specific crops such as root vegetables, asparagus, and aromatic herbs. 

A study was conducted by Belmahi et al. [12] in the Fez-Meknes region to study the relationship 

between cereal yield and NDVI data based on the Pearson coefficient and LR. This study reveals our choice 
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of Taounate as a study area. The graph linked to this study proves that Taounate is the main producer of 

cereals (30%) in the Fez-Meknes Region. 

 

 

 
 

Figure 1. Location of the study area 

 

 

3. METHOD 

3.1.  Remote sensing dataset 

Our analysis of wheat crops in Taounate relies on the GIMMS global agricultural monitoring 

(GLAM) interface, a platform that provides access to NDVI images from MODIS and VIIRS satellites, as 

well as the retrieval of NDVI data time series [13]. The global inventory modeling and mapping 

studies/global agricultural monitoring (GIMMS/GLAM) system provides 8-day global datasets in near real-

time. This data is derived from satellite images captured by sensors on NASA’s Terra spacecraft, at an 

average spatial resolution of 500 meters. Before being operational, this data undergoes atmospheric 

correction and cloud filtering, carried out pixel by pixel, thanks to the efforts of the MODIS scientific team. 

The development and provision of this interface are ensured by the National Aeronautics and Space 

Administration/Goddard Space Flight Center/The Global Inventory Modeling and Mapping Studies 

(NASA/GSFC/GIMMS) group for the United States Department of Agriculture/Foreign Agricultural 

Service/International Production Assessment Division (USDA/FAS/IPAD) global agricultural monitoring 

project. The mission of this project is to provide an objective, timely, and regular assessment of global 

agricultural production prospects and conditions affecting global food security. 

The choice of this data for our study stems from the need to access precise and near real-time 

information on crop health. The data’s scientific quality, coupled with atmospheric correction and cloud 

filtering, offers us a thorough view of the evolution of wheat crops in Taounate over time. During our NDVI 

data exploration in Taounate, a critically important observation emerged: on February 18, 2016, an 

interruption was noted in the data. To ensure continuity in our analysis, we took corrective measures by 

replacing the missing value with the data average just before and after this specific date. This approach was 

adopted to minimize the impact of the interruption on the time series consistency, thereby enabling a more 

reliable analysis of agricultural trends. Temporary data breaks are a common challenge in time series-based 

studies, and this correction helps maintain the integrity of our wheat crop health assessment in Taounate 

during the study period. 

 

3.2.  Production dataset 

The production data used in our study represented in Figure 2 by the bar graph, emanate from the 

high commission for planning (HCP), the main provider of Morocco’s official statistics. Reliable and official 

source reinforces the credibility of our analysis, relying on information carefully collected by an institution 

having institutional and professional independence. Wheat production in Taounate, expressed in millions of 

quintals, experienced notable fluctuations from 2000 to 2020. In 2000, production reached 1423.1 million 

quintals, followed by a significant decline to 652.7 million quintals in 2001. In 2002, an increase was 

recorded with production of 1723.5 million quintals, but in 2003, production rose to 1757.2 million quintals, 

marking a year of growth. In 2004, production decreased to 978.5 million quintals, but in 2005, a sharp 

increase was observed with a production of 2321.6 million quintals. 
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Figure 2. Annual wheat yield (2000–2020) 

 

 

In 2006, production fell to 553.3 million quintals, only to experience a significant increase in 2007, 

reaching 1658 million quintals. The following years were marked by variations, with high points in 2009 

(1063.3 million quintals) and 2016 (2146.5 million quintals). The year 2015 was characterized by 

exceptionally low production, recording only 251.8 million quintals. In 2017, production rebounded, 

reaching 1,776 million quintals. The years 2018 and 2019 saw a decrease in production, with respective 

figures of 969.5 and 470.2 million quintals. In 2020, production increased to 1904.4 million quintals.  

This data shows the influence of factors such as weather conditions, agricultural practices, and other 

environmental variables. 

 

3.3.  Dataset correlation study 

The study of the correlation between NDVI values derived from MODIS images (every 8 days) and 

annual wheat production provides a decisive perspective to shed light on the relationship between vegetation 

and wheat grain yield. By checking the correlation between these measurements and wheat yield, we seek to 

determine the degree to which plant vigor, as captured by NDVI, impacts productivity. This method makes it 

possible to determine critical phases of the wheat growth cycle where the correlation provides very high 

values, hence providing information on the critical moments. A positive correlation value indicates that 

optimal plant conditions are linked to very high production, while a negative correlation value suggests 

adverse factors for growth. 

By visualizing the correlation graph presented in Figure 3, we notice a significantly high correlation 

between the NDVI-MODIS values and the annual wheat production during the period (T13-T25) which 

corresponds to the period from January 17 to April 30. During this time-lapse, a sustained positive correlation 

between NDVI and wheat yield hence suggests that crop health determined by the vegetation index has a 

notable effect on wheat production. 

 

 

 
 

Figure 3. Highlight of the correlation period between NDVI and wheat yield 
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The data choice for the regression is justified by the fact that this period (Jan 17-Apr 30) seems 

particularly sensitive to variations in NDVI, unlike the other moments. Thus, it seems reasonable to suggest 

that the wheat harvest is significantly impacted by environmental and agricultural conditions during these 

weeks. By focusing on this phase, the relationship between the vegetation index and wheat production can be 

captured in a more precise way, therefore leading to very reliable and specific predictions at this so-called 

critical temporal range of the crop wheat growth cycle. 

 

3.4.  K-means clustering with SVR modeling 

In our study, we seek to implement a clustering (K-means) and SVR approach to agricultural data. 

The objective is to model the relationship between the average NDVI for each year (2000 to 2020) and the 

corresponding wheat production. The process starts by applying the K-means algorithm to group the years 

into k clusters, then obtaining the cluster centers μ (mean NDVI) for each cluster j, and finally obtaining the 

cluster assignment indices c(i) for each year i. 

Mathematically, this could be expressed as follows: 
 

𝐽(𝑐, 𝜇) = ∑𝑖=1
𝑚  ∑𝑗=1

𝑘  ∥∥𝑥(𝑖) − 𝜇∥∥
2
⋅ 𝐼(𝑐(𝑖) = 𝑗) (1) 

 

such that: 

x(i): the average of the NDVI for year i 

μ: the center of cluster j 

c(i): the index of the cluster to which year i is assigned 

I (⋅): the indicator function 

Then, for each cluster identified by K-means, an SVR model is trained. For each cluster j, we must 

extract the years i belonging to cluster j, then apply the SVR on this subset of data (Xj, Yj), and finally obtain 

the weights wj, the bias bj, and the predictions Y’j for this cluster. Mathematically, this could be expressed as: 
 

min𝑤𝑗,𝑏𝑗,𝜉𝑗⋅𝜉𝑗
∗  
1

2
𝑤𝑗

𝑇 ⋅ 𝑤𝑗 + 𝐶∑𝑖=1
𝑚  (𝜉𝑗,𝑖 + 𝜉𝑗,𝑖

∗ ) (2) 

 

for a specific cluster j [14]: 

Under the constraints: 
 

𝑦𝑗,𝑖 − 𝑤𝑗
𝑇 ⋅ 𝑥𝑗,𝑖 − 𝑏𝑗 ≤ 𝜀 + 𝜉𝑗,𝑖

𝑤𝑗
𝑇 ⋅ 𝑥𝑗,𝑖 + 𝑏𝑗 − 𝑦𝑗,𝑖 ≤ 𝜀 + 𝜉𝑗,𝑖

∗  (3) 

 

where: 

xj, i: the average of NDVI for year i in cluster j 

yj, i: the wheat production for year i in cluster j 

ξj, i and ξ*j, i: the deviation variables 

“C”: the regularization parameter, and ε is a tolerable error parameter. 

This represents a modeling approach where K-means is used to identify clusters of similar behavior 

in terms of mean NDVI, and then SVR is applied to each cluster to model the relationship between NDVI 

and wheat production within each group. 

Our solution optimizes data management by using clustering to divide data according to its 

dispersion, followed by precise application of SVR. We have integrated two key methods: clustering and 

normalization: we start by grouping data into homogeneous clusters via K-means and then normalize the data 

to ensure a fair and balanced comparison. Hyperparameter search and cross-validation: for each cluster, we 

employ RandomizedSearchCV to explore the SVR hyperparameter space efficiently, adjusting the values of 

C, gamma, epsilon, and kernel. We use LeaveOneOut for small clusters to adjust the number of folds for 

larger clusters, ensuring proper cross-validation and avoiding overfitting. This approach guarantees robust 

predictions adapted to the specific characteristics of each cluster. 

 

 

4. RESULTS 

The data was split into two training and testing sets, with ratios of 80% and 20%, respectively.  

The distribution between training and testing parts significantly influences the result prediction accuracy.  

To ensure consistency between datasets of different sizes, we maintained the same ratio. Although the choice 

of this ratio depends on personal preference, opting for a higher proportion in the training set tends to 

improve the accuracy of the results. The ratio we opted for is the most recommended one [15]. 
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As part of our study on wheat production in Taounate, we adopted a varied approach to analyze the 

data [16], taking into account in particular the NDVI. First, we explored linear trends using LR by assessing 

the correlation between NDVI and wheat production. Next, we applied SVR to account for potential non-

linear relationships and also incorporated NDVI into our model. For in-depth understanding, we also used the 

DT algorithm to capture complex structures in the data, integrating NDVI as a key variable in the decision-

making process. Subsequently, we refined our analysis by integrating the K-means algorithm in conjunction 

with the SVR, while continuing to consider the NDVI as a determining factor in the cluster formation. 

Now, we are ready to present the results visually in graph form. These graphical representations 

including NDVI will allow us to clearly illustrate trends, clustering patterns, and relationships between 

variables, providing an in-depth visual understanding of the dynamics of wheat production in Taounate over 

time. This multidimensional approach will allow us to explore the specific contribution of NDVI to variations 

in wheat production. 

 

4.1.  Linear regression 

LR allows you to build a model attempting to find a linear relationship between the independent 

variables (X) and the predicted dependent variable (Y). From a visual observation, we try to create a line so 

that the points are as close as possible, compared to other possible lines [4], [17]. The LR algorithm was 

applied to dates with a better correlation between MODIS-NDVI and wheat grain yield to be able to predict 

productivity based on the derived NDVI. 

The regression line slope shown in Figure 4 indicates a positive relationship between NDVI values 

and wheat yield. In other words, as the NDVI value increases, wheat grain production tends to increase, this 

suggests a strong correlation between plant health, represented by NDVI, and agricultural production [18]. 

However, it is important to note that this correlation does not necessarily justify direct causation, since other 

factors can greatly influence production such as extreme weather factors. This is seen on the graph and is 

reflected by points a little away from the line. 

The determination coefficient of 0.93 is a strong indication that 93% of the variability in production 

is mainly linked to changes in the NDVI value. This shows the ability of the model to predict wheat grain 

yield based on the NDVI value derived from the study area satellite images. The RMSE of 0.155 fortifies the 

regression results confirming the link between NDIV and wheat production. 

 

4.2.  The decision trees 

DT have shown their superiority in modeling non-linear relationships. They perform successive 

divisions of the data based on the predictors, which allows them to create non-linear separation zones. Thus, 

if the dependent and the independent variable change in a non-linear manner, the tree can capture these 

changes, hence the use of this algorithm to model the non-linear relationship between the average NDVI and 

wheat production [19]. 

We observe that the predicted and observed value points are closely superimposed, this means that 

our model is pertinent. This is also confirmed by the R2 of 0.80 which is generally considered a good fit 

(Figure 5). Plotting the graph (Figure 6) allowed us to optimally visualize the strong correlation between the 

predicted values and the collected values. We based ourselves on the peaks of the plot superposition.  

We count 14 peaks that overlap perfectly. 
 

 

 
 

Figure 4. NDVI-wheat production LR (2000–2020) 
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Figure 5. Wheat production DT representation 
 

Figure 6. Predicted and observed wheat 

production 
 

 

4.3.  Vector regression support 

Support vector machines (SVM) are machine learning algorithms widely used for classification [20], [21] 

and regression tasks [22]-[24]. Their popularity stems from their ability to find optimal decision boundaries 

in multidimensional spaces, making them particularly suited to complex problems in several fields: medical [25], 

and education [26]. SVR becomes a reliable choice when dealing with sparse datasets [27]. Its ability to 

model complex non-linear relationships, particularly through the use of kernels such as radial basis function 

(RBF), makes it possible to capture subtle patterns present in scattered data. Unlike some linear models, 

which can perform poorly in this situation, SVR is powerful to identify trends. Strategically positioned 

support vectors contribute to the robustness of the model, providing greater flexibility to adapt to changes 

inherent in sparse data. Therefore, the choice of SVR is justified due to its intrinsic ability to cope with the 

challenges of data dispersion by providing reliable and accurate results even in situations where other models 

may struggle. 

Looking at the graph in Figure 7, we perceive the exact superposition of the support vector points 

with the observed data points. This phenomenon demonstrates the ability of the model to effectively identify 

and exploit the most critical points in the construction of the model. More remarkably, the points predicted 

by SVR show perfect proximity to the real data, even in the presence of significant dispersion. This behavior 

highlights the model’s ability to generalize and strongly capture underlying patterns despite the inherent 

variability in the data. The high R2 of 0.96 indicates that the model interprets the variance in the data well, 

thus strengthening our explanation. 
 

 

 
 

Figure 7. SVR graph 
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4.4.  Implementation of K-means clustering 

The transition from a model solely based on SVR to a model based jointly on K-means and SVR 

represents a strategic evolution in the modeling approach. Initially, SVR stands out for its ability to seize 

intricate relationships in data, providing accurate predictions even in contexts of dispersion. However,  

by introducing K-means, we aim to better understand the underlying structure of the data by identifying 

homogeneous clusters. Each then becomes the substrate for a dedicated SVR model, allowing finer 

adaptation. This cascade approach focuses on optimizing the accuracy and interpretability of the model by 

recognizing and processing local variations. Initially, we must visualize the data to define the need for 

clustering; here we use the same dataset, namely the annual average NDVI as the independent variable (X) 

and the wheat grain production as the variable target on which we intend to predict (Figure 8). 

The data points do not follow a distribution that can be encapsulated in the hyperplane. So, using the 

K-means clustering algorithm is in order, but one must first determine the optimal cluster number to 

accurately retain the data points within the identified cluster number. To that end, we could use the Silhouette 

coefficient (Figure 9). If the latter is high, this implies a grouping of better quality; a score that reaches the 

value 1 reveals spaced and distinguished clusters while a score of 0 suggests an insignificant distance 

between clusters. When the score is -1, it indicates an incorrect cluster assignment. 

 

 

 

 

 

Figure 8. NDVI and wheat production relationship 

(2000–2020) 

 

Figure 9. Silhouette coefficient scores of 

different cluster numbers 

 

 

The Silhouette coefficient has a crucial impact on decision-making regarding the cluster number. 

After its evaluation, we found two promising options: either three or five clusters. To dispel this uncertainty 

between the two alternatives, it is essential to go through a silhouette analysis; this is the visual indicator 

allowing the coherence evaluation and the segmentation stability based on the silhouette outline thickness. 

In Figure 10, we could see significant stability and clear separation between the clusters. As for 

Silhouette values, they are uniform and high, signifying better intracluster cohesion and intercluster 

distinction. Notwithstanding, in the five clusters case (Figure 11), the plot thickness displays a clear 

resemblance which could lead to over-segmentation and excessive complexity, since certain clusters could 

have a strong similarity with their peers. 

 

4.5.  SVR creation for clusters 

The second step consists of developing SVM for regression (SVR) for each of the established 

clusters as seen in Figure 12. This makes it possible to implement an individualized approach that aims to 

construct regression models specific to each subgroup of data, in this way we will obtain a solution adapted 

to the complexity inherent in the segmented dataset subject of our study. 

Creating separate SVR models for each cluster allows the optimization of overall predictive 

performance by capturing the nuances and variations specific to each subgroup as CL0 and CL2 has an 

R2=0.98 and CL1 has an R2=0.85. Thus, the choice of SVR turns out to be judicious, it excels in modeling 

non-linear relationships while minimizing the prediction error, hence the low RMSE for the three clusters. 
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Figure 10. Silhouette analysis for K-means (k=3) 

 

 

 
 

Figure 11. Silhouette analysis for K-means (k=5) 
 

 

 
 

Figure 12. Combined K-means/SVR results graph 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

MODIS-NDVI and wheat yield patterns and predictions in Taounate, Morocco (Sara Bouskour) 

657 

5. DISCUSSION 

Our study exceeds the results of previous research in terms of the performance of ML algorithms, as 

shown in Table 1. While previous studies mainly used global approaches, we demonstrated that our 

algorithms, notably SVR, deliver results superiors. To further improve this performance, we combined  

K-means with SVR, which allowed us to better manage data heterogeneity and obtain more accurate yield 

forecasts. 

Our results show a strong correlation between NDVI and wheat production. LR yielded an R² of 

0.93 and an RMSE of 0.015, indicating a strong but limited match in capturing non-linear dynamics between 

variables. In contrast, SVR demonstrated increased ability to model these more complex relationships,  

with an R² of 0.96 and an RMSE of 0.085, outperforming LR in terms of accuracy and robustness. The DT 

model, although having an ability to handle non-linear relationships, presented lower performance with an R² 

of 0.81 and an RMSE of 0.247, which highlights its limitations in the face of the complexity of the data. 

To improve the modeling of data heterogeneity, we segmented the dataset into three clusters using 

the K-means algorithm. This segmentation helped reveal underlying structures in the data, with a first cluster 

primarily composed of linear relationships, while the other two clusters represented more complex non-linear 

behaviors. For non-linear clusters, we applied SVR with a RBF kernel, which is better suited to capturing 

nonlinear relationships. This approach significantly improved the performance of the model, reaching an R² 

of 0.98 for clusters 0 and 2, and an R² of 0.85 for cluster 1. 

These results confirm that the clustering approach followed by regression adapted makes it possible 

to better model the complexity of the interactions between NDVI and wheat production, compared to global 

methods. However, like any study, ours has limitations. Data interruptions in February 2016, although 

managed by the inclusion of averages of neighboring data, may have introduced bias. Additionally,  

the spatial and temporal variability of NDVI data and the complexity of environmental interactions may limit 

the generalizability of the results. The results obtained in this study pave the way for future improvements in 

agricultural yield modeling. A more refined approach, integrating unmanned aerial vehicle (UAV) imagery 

data combined with satellite imagery, could considerably improve the spatial resolution and accuracy of 

forecasts. Additionally, including other environmental and climatic variables in models could help capture 

the complex multifactorial interactions that influence agricultural yields. Another avenue would be to test 

deep learning approaches, such as convolutional neural networks (CNN), to improve the models' ability to 

handle data variability and complexities [28]. 
 
 

Table 1. Previous studies’ synoptic table 
Author Location RS images ML algorithms R2 RMSE 

Shafiee et al. [3] Vollebekk research farm, at the 
NMBU, South-Eastern Norway 

UAV SVR 
LASSO 

0.90 
0.90 

0.479 
0.500 

Ashourloo et al. [4] Hamedan, Iran Sentinel-2 GPR 

RF 
SVR 

DT 

0.73 

0.71 
0.68 

0.58 

0.228 

0.237 
0.249 

0.283 

Belmahi et al. [12] Fez-Meknes region, Morocco MODIS-NDVI LR [0.58-0.79] [2.12-4.96] q/ha 
Ashfaq et al. [5] Punjab Province, Pakistan Landsat 8 SVM 

RF 

LASSO 

0.88 

0.74 

0.80 

0.05 

0.03 

0.60 
Our present study Taounate Province, Fez-Meknes 

region, Morocco 

MODIS-NDVI LR 

DT 

SVR 

0.93 

0.81 

0.96 

0.155 

0.247 

0.085 

 

 

6. CONCLUSION AND PERSPECTIVES 

This study demonstrated the effectiveness of MODIS spectral data, and in particular the NDVI 

index, for forecasting wheat yields. The results revealed a significant relationship between NDVI and wheat 

production, validating its use as a reliable yield indicator. The application of various ML algorithms, 

including LR, DT, and SVR, has helped develop robust predictive models. The integration of clustering with 

K-means further made it possible to personalize forecasts by segment, thereby improving the accuracy of the 

estimates. A notable advancement of this research is the ability to make yield forecasts since the beginning of 

the growing season. By using NDVI at the well-defined period mentioned above, it is possible to provide an 

estimate of yields early enough to allow growers to anticipate challenges and implement solutions to 

optimize production. This approach not only makes it possible to better plan the necessary interventions,  

but also to adapt agricultural practices based on forecasts, thus increasing yields and the agricultural systems 

sustainability. In conclusion, this research highlights the importance of remote sensing technologies and 

advanced analytical techniques to improve agricultural management and build resilience to environmental 

variations. 
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In addition, an interesting perspective would be to couple these forecasting techniques with an IoT 

system. This could monitor nutrient levels and soil moisture in real-time, providing more accurate data.  

This integrated approach would allow a better understanding of the specific factors influencing yields and to 

more effective response to the identified problems, thereby improving crop management and the 

sustainability of agricultural systems. 
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