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ABSTRACT

In Morocco, agriculture is an important sector that contributes to the country’s economy and food security. Accu-
rately predicting crop yields is crucial for farmers, policy makers, and other stakeholders to make informed deci-
sions regarding resource allocation and food security. This paper investigates the potential of Machine Learning
algorithms for improving the accuracy of crop yield predictions in Morocco. The study examines various factors
that affect crop yields, including weather patterns, soil moisture levels, and rainfall, and how these factors can be
incorporated into Machine Learning models. The performance of different algorithms, including Decision Trees,
Random Forests, and Neural Networks, is evaluated and compared to traditional statistical models used for crop
prediction. The study demonstrated that the Machine Learning algorithms outperformed the Statistical models in
predicting crop yields. Specifically, the Machine Learning algorithms achieved mean squared error values between
0.10 and 0.23 and coefficient of determination values ranging from 0.78 to 0.90, while the Statistical models had
mean squared error values ranging from 0.16 to 0.24 and coefficient of determination values ranging from 0.76 to
0.84. The Feed Forward Artificial Neural Network algorithm had the lowest mean squared error value (0.10) and
the highest R? value (0.90), indicating that it performed the best among the three Machine Learning algorithms.
These results suggest that Machine Learning algorithms can significantly improve the accuracy of crop yield pre-
dictions in Morocco, potentially leading to improved food security and optimized resource allocation for farmers.

Keywords: crop yield prediction; machine learning algorithms; statistical models; model evaluation.

INTRODUCTION

Morocco is an agricultural country with a sig-
nificant portion of its population residing in rural
areas and relying on agriculture for their liveli-
hoods [Moroccan High Commission for Planning,
2011]. Accurately predicting crop yields is crucial
for farmers, policy makers, and other stakehold-
ers to make informed decisions regarding resource
allocation, food security, and economic develop-
ment [Van Klompenburg et al., 2020]. However,
the yield of local crops such as wheat, apples,
dates, almonds, and olives is greatly influenced by
various factors, including weather patterns, soil
moisture levels, and rainfall, making accurate pre-
diction a challenging task.
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Traditional statistical models are still used in
recent times for crop yield. Li et al. [2019] pres-
ents a statistical modeling approach for predicting
rainfed corn yield in the Midwest U.S. Similarly.
Michel & Makowski [2013] present eight statisti-
cal models for analyzing wheat yield time series
and compare their ability to predict yield at the na-
tional and regional scales. However, despite their
simplicity and easy computation, conventional
statistical models have limitations in their ability
to capture the complex interactions between vari-
ous factors affecting crop yield [Crane-Droesch,
2018]. Additionally, their localized and limited
spatial generalization can lead to inaccuracies in
yield predictions, especially when applied over
large areas with high spatial heterogeneity [Lobell
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& Burke, 2010]. As a result, there is a growing in-
terest in exploring alternative approaches for crop
yield prediction that can incorporate multiple fac-
tors and improve the accuracy and scalability of
yield estimates.

In recent years, advancements in technol-
ogy and data collection methods have provided
an opportunity to improve crop yield predictions
using Machine Learning (ML) algorithms [Me-
renda et al., 2020]. ML algorithms can analyze
large amounts of data, identify patterns, and
make predictions based on the relationships be-
tween different variables. Several studies have
explored the potential of ML algorithms for crop
yield prediction. For instance, [Cao, et al., 2021]
investigated the use of machine learning models
for predicting rice yield in China, and found that
the models outperformed traditional statistical
models. Similarly, Studies by Drummond et al.
[2003] RuB & Kruse, [2009], Bocca & Rodrigues
[2016] and Fortin et al. [2011] have compared
traditional statistical models with artificial neural
networks (ANNs) for improved crop yield mod-
eling. These studies suggest that ML algorithms
have the potential to significantly improve crop
yield prediction in different regions [Chlingaryan
etal., 2018].

However, while some studies have investigat-
ed the use of ML algorithms for crop yield pre-
diction in other regions, there is a research gap in
understanding their effectiveness for local crops
in Morocco [Idrissi & Nadem, 2022]. Therefore,
in this paper, we aim to investigate the potential
of ML algorithms for improving the accuracy of
crop yield predictions for local crops in Morocco.
Specifically, we will evaluate the performance
of different ML algorithms, including Decision
Trees, Random Forests, and Neural Networks,
and compare their results to traditional statistical
models used for crop prediction. By doing so, this
study seeks to fill the research gap and provide in-
sights into the feasibility of using ML algorithms
for crop yield prediction in Morocco.

This paper is organized as follows. The in-
troduction provides background information on
Morocco’s agriculture sector and the importance
of crop yield prediction, while the methodology
section outlines the steps taken to collect and
analyze data using ML algorithms. The results
section will present the performance evaluation
of ML algorithms and comparison to traditional
statistical models, and the discussion section will
interpret and analyze the findings. The conclusion

will summarize the key findings and provide rec-
ommendations for the use of ML algorithms for
crop yield prediction in Morocco.

METHODOLOGY

In this section, we outline the methodology
used to collect and analyze data to evaluate the
performance of ML algorithms for crop yield pre-
diction in Morocco for local crops such as wheat,
apples, dates, almonds, and olives. The following
steps were taken to carry out the study:

Data collection

Data was collected by “The Regional Agri-
cultural Development Office (RAD)” in Ouarza-
zate Morocco, i.e. the “Office Régional de Mise
en Valeur Agricole de Ouarzazate (ORMVAO)”
[ORMVAO, 2023]. The office is responsible for
implementing policies and programs aimed at im-
proving the agricultural sector in the southeastern
region of Morocco. Its involvement in Research
and Development (R&D) aims to improve pro-
ductivity, sustainability, and economic develop-
ment in the agricultural sector.

The data was collected using various sensors
such as yield monitors, soil moisture sensors, and
weather stations. The data includes information
on weather patterns, soil moisture levels, rainfall,
and crop yields for the past several years. The
data was collected in a consistent and standard-
ized format to ensure its accuracy and reliability.
Temperature and rainfall data are collected from
historical climate data from the National Oce-
anic and Atmospheric Administration (NOAA)
[NOAA, 2023] and World Meteorological Orga-
nization (WMO) [WMO, 2023]. Altogether, the
dataset we employed contained 38 records and 4
features of the years between 1984 and 2022.

Data pre-processing

The collected data was pre-processed to re-
move any missing values, outliers, and irrelevant
information. Missing values were imputed using
a mean, median, or mode method depending on
the distribution of the data. Outliers were identi-
fied using a box plot and removed using the In-
terquartile Range (IQR) method, where values
outside the range of and were considered outliers
and removed. The removal of outliers was based
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Table 1. Crop yield records structure

Year Wheat (gqx/Ha) Apple (T/Ha) Olives (T/Ha) Dates (T/Ha) Almonds (T/Ha)
2020 23 13 5 3.1 0.5
2021 28 15 5.7 4.4 0.58
2022 22 12 5.1 3 0.45
Table 2. Features data description
Statistics Monthly temperature °C Monthly soil moisture % weight Monthly rainfall mm
Entries 455 455 455
Mean 18.7 5.43 23.50
Standard deviation 3.6 2.26 295
Minimum -2 3.73 0.2
Maximum 47.5 14.19 58.5

on the principle that they can significantly affect
the accuracy of the prediction model. The remain-
ing data was then used for further analysis. Data
normalization was also performed to ensure that
all variables had similar ranges and distributions
[Kotsiantis & Kanellopoulos, 2006].

Crop yield data structure is described in Ta-
ble 1. This Table give an overview of the crop
yields for the last three years in the study area.
Table 2 summarizes the result of the features
data explanatory analysis. The Table 2 presents
the statistical summary of monthly temperature,
monthly soil moisture, and monthly rainfall over
the course of 455 entries.

Algorithm selection

Three ML algorithms, Decision Trees (DT),
Rrandom Forests (RF), and Neural Networks
(NN), were selected for this study [Nigam et
al., 2019]. These algorithms were chosen for
their ability to handle complex relationships
between variables and their performance in

Temperature <= 25.5°C?
/ \
/ i

previous studies on crop yield prediction [De-
wangan et al., 2022].

To further justify the selection of Decision
Trees, Random Forests, and Neural Networks
for our study, we based our decision on a review
of the literature. Previous studies have demon-
strated the effectiveness of these algorithms in
predicting crop yields by handling complex rela-
tionships between variables [Nigam et al., 2019].
Decision Trees, for example, are known for their
ability to handle both categorical and continuous
data and can provide clear visualization of deci-
sion rules [Kamath et al., 2021]. Random Forests
have been shown to be effective in dealing with
noisy and high-dimensional data, and are able
to produce accurate predictions by combining
multiple decision trees [Li et al., 2010]. Neural
Networks have also been shown to be effective
in handling complex relationships between vari-
ables and have been successfully used in crop
yield prediction models [Dewangan et al., 2022].
Therefore, we believe that these three algorithms
are suitable for predicting crop yields in our
study area and can provide valuable insights for
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Figure 1. DT explained architecture
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Figure 2. RF explained architecture

farmers, policy makers, and other stakeholders in
the agricultural sector.

The Figure 1 presents the typical structure of
how the DT might be used for crop yield predic-
tion. The algorithm splits the data based on the
given variables, and continues to recursively par-
tition the data until a stopping criterion is met,
ultimately predicting the crop yield.

The Figure 2 presents the typical structure of
how the RF might be used for crop yield predic-
tion. The input data is first split into multiple sub-
sets, and decision trees are then constructed using

Input layer

)

Temperature

Rainfall

Soil Moisture

Historical Crop Yield — >

each of these subsets. The outputs of the decision

trees are then combined to make a final prediction.

For the NN algorithm, we used a Feed-Forward
Artificial Neural Network (FFANN) as the ML al-
gorithm for crop yield prediction. This type of NN
is a simple and widely used architecture, consisting
of multiple layers of interconnected nodes that pro-
cess and transform input data into output predic-
tions as shows the Figure 3. The use of FFANNs
for crop yield prediction [Dahikar & Rode, 2014]
has been shown to be effective in previous research
and is a suitable choice for this study.

The input layer receives the data and passes
it through hidden layers, which transform the
data through weighted connections between the
nodes. The output layer provides the final predic-
tion based on the transformed data.

1. Algorithm training — to train and test the mod-
els, we split the dataset into training and testing
datasets, with a ratio of 70:30. The algorithms
were trained with 70% of the data to identify
patterns and relationships between the variables
affecting crop yields, such as weather patterns
and soil moisture levels [Brownlee, 2021].

2. Algorithm evaluation — the performance of
the ML algorithms was evaluated using the re-
maining 30% of the data. Mean Squared Error
(MSE) and coefficient of determination (R?)
were used as evaluation metrics to compare the
performance of the algorithms. The MSE was
calculated using the formula:

n
MSE =%Z(Yi % ()

i=1

where: n — the number of observations (i.e. the
number of crop yield predictions and cor-
responding actual values);

Hidden layer

Output layer

Predicted Crop
Yield

Figure 3. Architecture of the FFANN with the single hidden layer
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Y — the actual yield;
Y — the predicted yield.
The R? was calculated using the formula:

y(vi — i)

Sl - 1)? @

R2=1—[

where: Y(Yi — Yi)? — the sum of squared residu-
als, calculated as the sum of the squared
differences between each predicted value
Yi and its corresponding actual value Yi;
Y (Yi — Yi)? — the total sum of squares,
calculated as the sum of the squared dif-
ferences between each actual value Yi and
the mean of all actual values Y.

These formulas provide a quantitative mea-
sure of the performance of the algorithms, allow-
ing for a more rigorous comparison between them
[Haque et al., 2020].

3. Comparison to traditional statistical models —
the results of the ML algorithms were compared
to those of traditional statistical models, such as
Multiple Linear Regression (MLR) and Time-
Series Analysis (TSA), commonly used for crop
yield prediction [Zaefizadeh et al., 2011].

Wheat

Apple

4. Sensitivity analysis — a sensitivity analysis was
performed to determine the impact of changes
in individual variables on the overall perfor-
mance of the ML algorithms [Liu et al., 2021].
This analysis helped to identify the most im-
portant variables affecting crop yields and their
relative importance.

The methodology used in this study was de-
signed to provide a comprehensive evaluation of
the performance of ML algorithms for crop yield
prediction in Morocco for local crops. The results
of this study will provide key informations about
the feasibility of using ML algorithms for crop
yield prediction in Morocco.

RESULTS

Based on the results of depicted in Figure 4, the
comparison between the predicted and actual crop
yields for each crop using DT, RF, and FFANN al-
gorithms was performed. This figure shows that for
each crop, the predicted yields using all three algo-
rithms follow a similar trend to the actual yields,
indicating a reasonable level of accuracy.
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Figure 4. Predicted and actual crop yields comparison in the last
10 years for each crop using the three algorithms
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Table 3. ML algorithms prediction results

Algorithm Wheat Wheat | Apples | Apples Dates Dates | Almonds | Aimonds | Olives Olives
9 (MSE) (R?) (MSE) (R?) (MSE) (R?) (MSE) (R?) (MSE) (R?)
Decision trees 0.23 0.78 0.21 0.79 0.19 0.81 0.17 0.83 0.15 0.85
Random forests 0.19 0.81 0.17 0.83 0.15 0.85 0.12 0.83 0.11 0.89
Neural networks 0.18 0.82 0.16 0.84 0.14 0.86 0.12 0.88 0.10 0.90
Table 4. Statistical models prediction results

Model Wheat | Wheat | Apples | Apples Dates | Dates | Almonds | Almonds | Olives Olives

(MSE) (R?) (MSE) (R?) (MSE) (R?) (MSE) (R?) (MSE) (R?)

Multiple linear 024 | o076 | 022 | 078 | 020 | 080 | o0.18 082 | 016 | 084

regression

Time-series analysis 0.23 0.77 0.21 0.79 0.19 0.81 0.21 0.79 0.21 0.84

The results of the study were based on the
evaluation of the ML algorithms for crop yield
prediction in Morocco for local crops such as
wheat, apples, dates, almonds, and olives. The al-
gorithms were evaluated using MSE and R? as the
evaluation metrics. The results of the evaluation
are presented in Table 3. The results presented in-
dicate that:

e decision trees — the DT algorithm had an MSE
of 0.23 and an R? of 0.78 for wheat, 0.21 and
0.79 for apples, 0.19 and 0.81 for dates, 0.17
and 0.83 for almonds, and 0.15 and 0.85 for
olives. These results indicate that the DT al-
gorithm was able to make accurate predictions
with a mean deviation of less than 0.23 units
for the crops.

e random forests — the RF algorithm had an
MSE 0f 0.19 and an R? of 0.81 for wheat, 0.17
and 0.83 for apples, 0.15 and 0.85 for dates,
0.13 and 0.87 for almonds, and 0.11 and 0.89
for olives. These results show that the RF al-
gorithm performed better than the DT algo-
rithm with lower mean deviations and higher
R? values.

e neural network — the FFANN algorithm had an
MSE of 0.18 and an R? of 0.82 for wheat, 0.16
and 0.84 for apples, 0.14 and 0.86 for dates,
0.12 and 0.88 for almonds, and 0.10 and 0.90
for olives. The results show that the FFANN
algorithm performed the best among the three
algorithms with the lowest mean deviations
and the highest R? values.

The results of the comparison between the
ML algorithms and the traditional statistical mod-
els are shown in Table 4. The results presented
indicate that:

e multiple linear regression — the MLR model
had an MSE of 0.24 and an R* of 0.76 for
wheat, 0.22 and 0.78 for apples, 0.20 and 0.80
for dates, 0.18 and 0.82 for almonds, and 0.16
and 0.84 for olives. These results indicate that
the MLR model was less accurate than the ML
algorithms with higher mean deviations and
lower R? values.

e time-series analysis — the TSA had an MSE of
0.23 and an R? of 0.77 for wheat, 0.21 and 0.79
for apples, 0.19 and 0.81 for dates, 0.21 and
0.79 for almonds, and 0.16 and 0.884 for ol-
ives. The results show that the TSA performed
similarly to the DT algorithm with similar
mean deviations and R?* values.

TobetterexplaintheresultsobtainedinTable4,
it should be noted that the ML algorithms used
in this study, are designed to handle complex re-
lationships between variables and make predic-
tions based on patterns in the data. On the other
hand, the traditional statistical models used,
rely on specific response functions between
yields and independent variables, and may not
capture the nonlinear relationships between the
variables affecting crop yields. Therefore, the
superior performance of ML algorithms over
traditional statistical models in predicting crop
yields can be attributed to their ability to cap-
ture the complex interactions between various
factors affecting crop yields, which may not be
captured by traditional statistical models. Ad-
ditionally, it should be noted that the perfor-
mance of the models may also depend on the
quality and structure of the input data, as well
as the specific architecture and parameters of
the ML models used in the study.
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The results of the sensitivity analysis are
shown below:

e wheat — the most important variables affect-
ing crop yields for wheat were found to be
temperature, rainfall, and soil moisture levels.
Changes in these variables had a significant
impact on crop yields, with rainfall having the
greatest impact.

e apples — the most important variables affect-
ing crop yields for apples were found to be
temperature, soil moisture levels, and rainfall.
Changes in these variables had a significant
impact on crop yields, with rainfall having the
greatest impact.

e dates — the most important variables affecting
crop yields for dates were found to be tem-
perature, soil moisture levels, and rainfall.
Changes in these variables had a significant
impact on crop yields, with temperature hav-
ing the greatest impact. It’s important to note
that date palm trees exhibit a moderate degree
of alternation, meaning that a greater yield in
a given year is frequently succeeded by a re-
duced yield in the next year.

e almonds — the most important variables affect-
ing crop yields for almonds were found to be
temperature, soil moisture levels, and rainfall.

DISCUSSION

The results of the study show the effective-
ness of ML algorithms in predicting crop yields
for local crops such as wheat, apples, dates, al-
monds, and olives in Morocco. The evaluation of
the algorithms was performed using MSE and R?
as the evaluation metrics. The results showed that
the FFANN algorithm performed the best among
the three algorithms with the lowest mean devia-
tions and the highest R? values.

These results contribute to the growing body
of literature on the use of ML algorithms for crop
yield prediction, providing valuable insights
into the potential of these methods in addressing
food security and resource allocation challenges
in Morocco and beyond. In comparison to tradi-
tional statistical models, such as Multiple Linear
Regression and Time-series Analysis, our study
highlights the superiority of ML algorithms in
this context.

While similar studies have been conducted
in other regions, our study is unique in its focus
on local crops in Morocco and its use of multiple
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ML algorithms for comparison. Additionally,
our sensitivity analysis demonstrates the most
important variables affecting crop yields for
wheat, apples, dates, almonds, and olives in the
context of Morocco. By improving the accura-
cy of crop yield predictions, farmers can make
informed decisions regarding resource alloca-
tion [Evans & Sadler, 2008], such as water and
fertilizer use, which can lead to increased crop
yields and improved food security [Fan et al.,
2012]. In addition, the results of the sensitivity
analysis provide Significant findings about the
most important variables affecting crop yields
and their relative importance. These results can
be used to optimize resource allocation and
improve food security in Morocco [Balaghi et
al., 2008]. For example, the results showed that
temperature was the most important variable
affecting crop yields for wheat, apples, dates,
almonds, and olives. By considering this infor-
mation, farmers can implement management
practices that can mitigate the effects of tem-
perature on crops. For example, they can adjust
planting and harvesting times, use irrigation to
regulate soil moisture, and apply fertilizers and
other soil amendments to improve soil health
and nutrient availability [Wang & Hooks,
2011]. These management practices can help to
ensure that crops are able to tolerate and thrive
in different temperature conditions, which can
ultimately lead to improved crop yields and
food security [Dhankher & Foyer, 2018].

Our study uses well-established methods
for data pre-processing, algorithm selection,
and evaluation, ensuring the reliability and
validity of our findings. By demonstrating the
potential of ML algorithms for crop yield pre-
diction in Morocco, this study fills an existing
research gap and provides a basis for further
research in this area.

In terms of innovation, our study is one of
the first to evaluate the effectiveness of mul-
tiple ML algorithms for crop yield prediction
in Morocco. Therefore, our study can serve as
a starting point for further research in this area,
leading to more accurate and effective methods
for crop yield prediction in the region. By con-
tinuing to refine and improve these algorithms,
the accuracy of crop yield predictions can be
further improved [Sharma, et al., 2020], which
can lead to increased food security and im-
proved resource allocation.
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CONCLUSIONS

The results of this study demonstrate the po-
tential of ML algorithms for crop yield prediction
in Morocco. The evaluation of the DT, RF, and
NN algorithms using MSE and R? metrics showed
that the NN algorithm was the most effective
among the three, with the lowest mean deviations
and the highest R? values. The comparison with
traditional statistical models, including MLR and
TSA, further highlighted the superiority of ML
algorithms in this context.

The results of the sensitivity analysis offered
important findings about the variables that have
the greatest impact on crop yields for wheat, ap-
ples, dates, almonds, and olives. This information
can be used to optimize resource allocation and
improve food security in Morocco.

The results of this study support the use of ML
algorithms for crop yield prediction in Morocco
and presents the factors affecting crop yields.
However, there are also several limitations to this
study that need to be addressed in future research.
For example, more data on various factors affect-
ing crop yields and a larger sample size could im-
prove the accuracy of the predictions. Addition-
ally, more complex ML algorithms, such as deep
learning networks, could also be explored.
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