
Received 19-06-2025; Accepted 26-07-2025; Published 02-08-2025

Boosting Agricultural Outcomes with a Hybrid Ensemble Model for
Crop Prediction under Climatic and Soil Variability

Woldekidan Gudelo wolde0916@gmail.com
Department of Computer Science, Dilla University
Ethiopia

Mohammed Abebe (PhD) mohammed.abebe@amu.edu.et
Faculty of Computing and Software Engineering, Arba Minch University
Ethiopia

Tekle Dargaso tekledaga@gmail.com
Department of Computer Science, Wolaita Sodo University
Ethiopia

Corresponding Author:Woldekidan Gudelo

Copyright © 2025 Woldekidan Gudelo et al. This is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work is properly cited.

Abstract
Agriculture remains dominant in Ethiopia’s economy; however, even now there is widespread
food insecurity due to consistently low crop yields. A major factor is the challenge of
selecting crops that match with the heterogeneous soil and climatic conditions across regions.
Even if farmers have valuable indigenous knowledge, decisions often lack accuracy due to
the absence of scalable, data-driven decision support systems. Manual mapping of crop-
soil-climate is labour-intensive and increasingly difficult, highlighting the importance of
intelligent decision-support tools. Thus, we propose a hybrid ensemble learning model that
combines predictions from state-of-the-art machine learning algorithms to predict optimal
crops based on soil and meteorological data. The main architecture constitutes stacking,
blending, and voting classifiers, alongside an artificial neural network (ANN). Base learn-
ers include support vector machine (SVM), Gaussian Naive Bayes (GaussianNB), decision
tree, extra trees, k-nearest neighbours (KNNs), random forest (RF) classifiers, and using
the logistic regression (LR) model as a blender. To prevent model overfitting and enhance
model generalization and interpretability, the pipeline includes Principal Component Analy-
sis (PCA), feature importance analysis, and hyperparameter optimization via grid search and
random search, and each model is validated through K-Fold cross-validation. In addition
to predictive performance analysis, this work focuses on model transparency and trust. To
achieve these goals, SHAP (SHapley Additive exPlanations) and Permutation Importance
are employed to measure feature contributions, revealing how soil pH, nitrogen content,
phosphorous, rainfall, altitude, soil type, humidity, temperature, etc. influence crop pre-
dictions. These tools help to transform the model from a black box into a transparent system
that stakeholders can trust and understand. Feature selection techniques, parameter opti-
mization methods, and model training and validation were conducted on datasets from the
Arba Minch Agricultural Research Centre and the Gamo Zone Agricultural Directive Office.
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Both SHAP and permutation importance analysis confirmed the dominance of humidity,
altitude, temperature, soil pH, soil type and rainfall in model predictions. After intense
model results comparison, the ExtraTreesClassifier outperformed other models due to its
high ability randomization feature that helps it to generalize better, work efficiently with
noise or messy data and train fast, achieving 99.92% training accuracy and 98.25% testing
accuracy, and scoring weighted average of precision, recall, and F1-scores exceeding 98%.
This study adds to a growing body of research on the field of AI in agriculture, indicating that
high-performance models can also be transparent and trustworthy. By combining machine
learning with domain knowledge, the created model provides a scalable pathway toward
precision agriculture in Ethiopia, enhancing food security through an intelligent, localized
decision support tool.

Keywords: Precision Agriculture, Crop prediction, Ensemble learning, SHAP and permu-
tation importance analysis, Crop-Soil-Climate matching

1. INTRODUCTION

Ethiopia is gifted with approximately 111.5 million hectares of land, of which 74.1 million are
arable, which makes the country look like a basically agricultural nation [1]. In 2018 alone, the
country had over 37.9 million hectares of agricultural land, solidifying the sector’s role as the
cornerstone of both livelihood and economic growth [1]. According to the World Bank data for
the year 2023, approximately 62.4% of Ethiopia’s total labour force was involved in agriculture,
with rural areas having even higher rates of up to 90% of the population [2]. A large majority
of the population depends on agriculture, yet many communities, particularly in the study region,
still depend on traditional, low-tech agricultural techniques. These old-fashioned practices have led
to low crop yields and reduced farmer confidence, exposing the long-term impracticality of their
operations. This reality shows the vital need for technical innovation to improve crop productivity
and restore trust in agriculture. Moreover, the reviewed literature indicated that there is a lack
of a universal model for crop predictions [3] across Ethiopia’s diverse ecosystems, manual crop
selection is complex and prone to error [4], and the current manual methods fail to integrate soil
and meteorological data effectively. Accordingly, this study sets out to develop a machine learning-
driven crop prediction model that predicts the most suitable crop to be cultivated, aiming to optimize
land use and increase harvest outcomes.

The study focused on Gamo Zone, a geo-climatically diverse area where centuries of agricultural
activity have produced rich historical insights. Collecting data from the Arba Minch Agricultural
Research Center and the Gamo Zone Agricultural Directive Office, the study builds a model to
predict for a suitable crops using both geographic and meteorological inputs. Although the current
focus is limited to a small area, the model is designed for national scalability, requiring only minimal
dataset adjustments to extend its applicability beyond the initial study area.

To start model selection, the researchers at the beginning trainedmachine learningmodels including,
Support VectorMachine (SVM), Gaussian Naïve Bayes (GaussianNB), Decision Tree, and K- Near-
est Neighbours (KNNs). The mean scores of training and testing accuracies of 89.96% and 89.12%
were achieved. It seems the result was promising; it didn’t meet the researchers’ expectations. Thus,
the study tried to find more sophisticated approaches, implementing advanced ensemble learning
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techniques such as stacking, blending, and both majority and weighted voting to improve model
accuracy and generalization [5]. These core ensemble algorithms [6], such as Random Forest
and Extra Trees Classifier, further enhance the model’s capability by combining the strengths of
multiple learners. The basic machine learning algorithms [7], such as Support Vector Machine
(SVM), Gaussian Naive Bayes, Decision Tree, and K-Nearest Neighbours (KNNs), were applied
as base learners, and Logistic Regression (LR) was used as a blender model. The models have
gone through rigorous training and evaluation, including several performance improvement meth-
ods. These include feature selection techniques, namely, Principal Component Analysis (PCA) and
feature importance analysis using both SHAP (SHapley Additive Explanations) and Permutation
Importance. For hyper-parameter optimization using both grid search CV and random search CV
techniques was employed. Furthermore, K-fold cross-validation was used to validate and ensure
robust and reliable model generalization. While all models were used for ensemble construction
with exception of ANNs and the Extra Trees Classifier, which was evaluated individually due to its
stronger standalone performance [8].

After appropriate feature selections are done the model incorporates a comprehensive set of 10 soil
and climatic features, including:

• Soil type and nutrient levels (Nitrogen, Phosphorus, Potassium)

• Altitude and geographical location

• pH balance

• Rainfall, temperature, and relative humidity

To raise trust and gain deeper insight into how each of the aforementioned features influences model
predictions, advanced interpretability techniques—namely SHAP (SHapley Additive Explanations)
and Permutation Importance—were employed. Thesemethods play a great role in evaluating feature
relevance and improving model transparency [9, 10]. The analysis showed that variables such
as humidity, temperature, soil type, rainfall, altitude, and soil pH significantly contributed to the
model’s predictive results.

Finally, each algorithm’s performance was carefully assessed using a wide-ranging set of metrics,
including training and testing accuracy, precision, recall, F1-score, confusion matrix, and ROC-
AUC, to ensure both reliability and interpretability of the results. Following an extensive com-
parative analysis, the ExtraTreesClassifier ensemble model is seen as the top performer due to its
high ability randomization feature that helps it to generalize better, work efficiently with noise or
messy data and train fast [11, 12], achieving a testing accuracy of 98.25%, along with 98% scores
across all precision, recall, and F1-score, and an exceptional 99.99% in ROC-AUC. These results
strongly confirm ExtraTreesClassifier as the best model for accurately predicting crop types tailored
to specific land plots.

Ultimately, this study presents a robust and scalable decision-support model that allows farmers in
the study area and further countrywide to make data-driven crop choices, enhance crop yields, and
progress toward the future of precision agriculture in Ethiopia. To alleviate and address current
challenges and facilitate nationwide scalability, the study suggests the integration of Internet of
Things (IoT) technologies and mobile platforms. These improvements would automate the data
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collection process and significantly increase the reach and effectiveness of decision-support tools
for farmers across diverse agro-ecological regions in Ethiopia.

The remainder of this paper is structured as follows: Section I presents the study background;
Section II reviews the relevant literature; Section III outlines the research methodology; Section
IV reports and discusses experimental findings; Section V concludes the study; and Section VI
provides referenced works.

2. RELATEDWORKS

The paper referenced by [13] developed a crop prediction model using a linear regression algorithm,
with temperature as the only input parameter. Data for themodel was collected from diverse sources,
including agricultural departments, online platforms, and research institutions. The model was
trained to classify only four crop types, such as cotton, wheat, rice, and sugarcane, achieving ex-
cellent 90% accuracy. However, its trustworthiness remains limited due to the exclusion of critical
agro-meteorological and soil attributes, including rainfall, humidity, soil pH, and key nutrients like
nitrogen, phosphorus, and potassium. However, expanding the variety of crop classes is essential to
improve the model’s robustness and practical relevance for broader agricultural recommendations.

Another work, cited in [14], publicized a machine learning–based crop prediction model enhanced
by the Internet of Things (IoT) to gather real-time field data. The investigators employed Random
Forest and Gaussian Naive Bayes algorithms, achieving a remarkable accuracy of 96.68% using
Random Forest. Their model was trained and tested on four major environmental parameters:
moisture, temperature, pH value, and humidity. An important strength of this work lies in its
incorporation of IoT technologies for data acquisition, enabling more dynamic and site-specific
predictions. However, similar to the limitations noted in [13], the study did not include several
essential agronomic features, namely rainfall and essential soil nutrients (e.g., nitrogen, phosphorus,
potassium) that significantly influence crop development. While the model determines strong po-
tential, expanding the dataset to include these variables is essential to further improve its predictive
power and generalizability.

In addition, Tom et al. presented a study in which they trained and tested five different machine
learning algorithms using a dataset incorporating only soil-specific features, namely nitrogen (N),
potassium (K), phosphorus (P), and pH value. Among the models tested, K-Nearest Neighbors
(KNNs) is seen as the highest performer, yielding a test accuracy of 88% with cross-validation.
While the researchers’ contribution is significant to the present research, depending just on soil
attributes only falls short of providing a complete crop recommendation system. Excluding im-
portant meteorological variables such as rainfall, temperature, and humidity can lead to biased
outcomes, particularly in regions where climate conditions play a significant role in crop viability.
To improve the model predictions and decision reliability, it is essential to incorporate these agro-
climatic parameters together with soil data.

In 2022, S. Rama Krishna and K. Amrutha [15] issued a study entitled “A Novel Ensembling Tech-
nique for Crop Recommendation System Using Machine Learning” in the International Journal of
Advanced Science and Technology. This approach utilizes an ensemble learning method, using Ar-
tificial Neural Networks (ANNs), Random Forest, Support Vector Machine (SVM), and K-Nearest
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Neighbours (KNNs) as base learners through four distinct datasets. The first dataset includedmonth,
soil type, state, and crop, while the other three captured the cost of cultivation, state-wise crop
profitability, and crop yield per state, respectively. By incorporating these sources, they formed a
unified dataset comprising six key features: soil type, state, month, cost of cultivation, modal price,
and profit with a high accuracy of 99.9%. Eachmodel was trained separately before being combined
using a majority voting ensemble technique. Although this work performs excellently, the lack
of important meteorological factors like temperature, humidity, and rainfall that are essential to a
precise assessment of crop suitability limits its practical applicability and trustworthiness. Depend-
ing exclusively on soil and economic indicators may result in recommendations that are skewed or
irrelevant to the context. Incorporating thorough agro-climatic data that represent the environmental
realities impacting crop growth is crucial to improving the dependability and generalisability of such
systems.

Furthermore, at the Fifth International Conference on Computing Methodologies and Communica-
tion (ICCMC 2021), Priyadharshini et al. [16] introduced a study titled “Intelligent Crop Recom-
mendation System using Machine Learning”. In order to meet the requirements for both environ-
mental and soil parameters, their model employed seven different machine learning algorithms; the
neural networks achieved the highest accuracy of 89.88%. Three distinct datasets were used by the
researchers: the first contained yield data for sixteen crops grown in the region; the second recorded
soil nutrient content; and the third recorded rainfall and temperature. Even though themethodmakes
wide-ranging use of data from multiple sources, the accuracy achieved is low when related to more
recent models that have been covered in the literature. Additional agronomic characteristics like
elevation, pH, soil texture, and humidity could be added to enhance performance and predictive
accuracy while also boosting the model’s applicability and dependability in practical situations.

A study titled “AML-AI Enabled Ensemble Model for Predicting Agricultural Yield” was available
in the journal Cogent Food & Agriculture in 2022 by G. Kundu et al. [17]. The methodology
in this study is technically similar to the proposed study, especially in its use of ensemble learn-
ing; however, the main goal is very different. Their research focussed on predicting agricultural
yield levels and classifying output according to percentile thresholds into three different classes:
high, medium, and low. Specifically, yields below the 50th percentile were considered low, yields
between the 50th and 75th percentiles were categorized as medium, and yields above the 75th
percentile were characterized as high. Using a wide range of independent variables, such as weather
data, irrigation metrics, soil properties, fertiliser usage, and farmer-related statistics, the model was
trained on a wide-ranging dataset comprising 43,200 samples from 30 districts and 12 crops. The
use of ensemble techniques makes the study methodologically related even though its target variable
is different—it focuses on yield classification rather than crop prediction. Maximum probability
selection across models, averaging probabilities and classifying based on mean likelihood, and
majority voting by base learners were the three ensemble strategies that were examined. With the
highest accuracy of 95.3% among these, the averaging method showed the promise of ensemble
approaches in agricultural prediction tasks. Despite the differing goals, the study provides valuable
insights into ensemble design and performance optimization, which inform the development of
robust crop prediction systems.

Furthermore, Rajak et al., cited in [18], presented a study that created a model to help farmers in
India’s Ramtek region. Created mostly on soil-specific characteristics, their system recommends
appropriate crops like vegetables, cotton, bananas, pulses, groundnuts, and paddy. Even though the
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goal and scope of their approach are related to the current study, it is constrained by the oversight of
important climatic variables. Crop growth is greatly subjective to variables like temperature, humid-
ity, and rainfall; therefore, adding these parameters would greatly enhance the model’s predictive
accuracy and generalisability in a variety of environmental settings.

In general, the review of relevant literature shows an acute shortage of research and a large knowl-
edge gap in the field of crop prediction in Ethiopia. In zones like the Gamo Zone, where numerous
farmers lack access to informed guidance for choosing crops that are in line with particular soil
and climate conditions, this deficit is especially obvious. Wrong crop selections have subsequently
produced frequently low yields, adding to the nation’s larger agricultural problems. In addition
to this, building successful crop prediction models requires the integration of agro-climatic and
meteorological factors, as both have a significant effect on crop performance. Typically, this study
identified the lack of a universal crop prediction model that can generalise across various geogra-
phies and environmental settings as a significant research gap in the body of existing work. The
majority of smallholder farmers in the study area and similar areas in Ethiopia depend on conven-
tional knowledge, insufficient extension services, or generic advice that ignores regional variations
in crop performance, soil, and climate. This research fills that gap by:

• Offering a context-aware, scalable decision-support tool that is customised to meet the unique
requirements of farmers in the study region and beyond.

• Presenting the concepts of precision agriculture in an area where these technologies are fre-
quently unavailable or underutilised.

• Establishing the foundation for national expansion by integrating mobile platforms and IoT,
which are rarely used in smallholder contexts because of financial and infrastructure con-
straints.

3. METHODS

3.1 Data Collection Methods

Both primary and secondary sources were used to compile the dataset used in this investigation.
Interviews with subject matter experts from the Gamo Zone Agricultural Directive Office, the
Southern Agricultural Research Institute, and the Arba Minch Agricultural Research Centre were
used to gather primary data. The model’s main source of secondary data was an unpublished climate
dataset from 2009–2019 G.C. from the Ethiopian Meteorology Agency, Hawassa District, as well
as soil and crop-related datasets from the Arba Minch Agricultural Research Centre. Additional
secondary sources included credible websites, books, journals, and research articles.

Eleven attributes and 6,560 records made up the final dataset, which captured climatic and agro-
ecological factors. Location, altitude, soil type, nitrogen (N), phosphorus (P), potassium (K), soil
pH, temperature, rainfall, relative humidity, and the label (target crop class) are some of these
characteristics. To guarantee quality and consistency, the dataset was subjected to a number of
pre-processing procedures before model training.
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A detailed overview of the dataset’s attributes, data types, and descriptions is presented in TABLE 1.

Table 1: Dataset attributes and their description.
No. Attribute Name Data Type Description
1 Location Categorical Names of woredas in Gamo zone administration.
2 Nitrogen (N) Numerical The total nitrogen in the soil is expressed in percentages.
3 Phosphorous (P) Categorical The total phosphorous in the soil with values (very low, low,

optimum, high, and very high).
4 Potassium (K) Categorical The total potassium in the soil with values (very low, low,

optimum, high, and very high).
5 Soil type Categorical Soil type distribution in each selected agro-ecological zone.
6 Altitude Numeric The average altitude is measured in meters above sea level.
7 Temperature Numeric The average temperature in degrees Celsius for rainy months

of belg (from February to April) and Kiremt (summer) from
June to August seasons.

8 Rainfall Numeric Rainfall in mm for rainy months of belg (from February to
April) and Kiremt (summer) from June to August seasons.

9 Humidity Numeric Relative humidity in percentage.
10 Soil pH value Numeric PH value of the soil in pH units.
11 Target Class Categorical Crop type recommended after analysing the agro-ecological

conditions (Soil and climate conditions) based on the
guideline provided from ministry of agriculture (MA) and
agricultural transformation agency (ATA) of Ethiopia.

3.2 Feature Selection and Model Development

In this study an Artificial Neural Network (ANNs) was trained along with a variety of strong
ensemble learning techniques, including Random Forest, Extra Trees Classifier, Stacking, Blending,
and Voting, to create and choose the best-performing model. Traditional machine learning models
[7], such as Support VectorMachine (SVM), Gaussian Naive Bayes, Decision Tree, ExtraTreesClas-
sifier, and K-Nearest Neighbours (KNNs), are used as base learners for these ensemble methods.
Then, Logistic Regression (LR) is used as a blender model to combine predictions from those base
learners. To improve the generalisation and interpretability of the model, the pipeline incorporates
Principal Component Analysis (PCA), feature importance evaluation, and hyperparameter tuning
using grid search and random search strategies for model performance optimization, all of which
are validated using K-Fold cross-validation. The approach followed strongly emphasises model
transparency, even though predictive accuracy is still essential. To gain assurances’ insights into
the model’s decision-making process, feature contributions are calculated using Permutation Im-
portance and SHAP (Shapley Additive exPlanations).

FIGURE 1, below illustrates the significance of each feature for the predictive performance of the
ExtraTreesClassifier model using the SHAP summary. The y-axis lists the features in order of the
mean absolute SHAP value. The mean absolute SHAP value, which shows the average influence
of each feature on the magnitude of the model output, is represented by the x-axis. The various
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classes in the dataset are represented by the colours. Each feature’s bars are stacked to display the
distribution of feature importance across various dataset classes.

Figure 1: Mean SHAP (Shapley Additive exPlanations) value which shows influence of each
feature on model performance

As shown in this plot above, the humidity is the most important feature, followed by altitude,
location, soil type, temperature, and rainfall. This means these features have the largest average
impact for the model’s predictive performance to determine the type of crop. In contrast, the soil
nutrients such as nitrogen, phosphorous, and potassium contributed less comparatively, but they are
important for model development.

Likewise, the following permutation importance for each ExtraTreesClassifier feature is shown in
FIGURE 2. It is a measure of the decrease in the model’s score when a single feature is randomly
shuffled [9, 10]. The features are listed on the y-axis ordered by their importance (mean decrease
in accuracy), while the x-axis represents the importance score. The box represents the distribution
of importance scores across multiple permutations.

Here from this plot you can see that humidity is the most important factor, followed by altitude,
soil type, location, temperature, rainfall, and soil pH value. The model’s accuracy decreases the
most when these factors are changed. But the permutation importance score values for features
like potassium, phosphorous, and nitrogen are nearly zero, telling us that the model does not rely
considerably on these features to make predictions.

Each model was trained and thoroughly evaluated using a wide range of metrics, including training
and testing accuracy, precision, recall, F1-score, confusion matrix, and ROC-AUC, after the pre-
processing stage and feature selections were done. To find the best algorithm for crop prediction,
a comparative performance analysis was conducted. Section 4 presents the findings and related
discussions.
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Figure 2: Permutation Importance of each feature in dataset

3.3 Proposed Crop Prediction Model

This study is a design-based applied research approach with elements of technology-driven field
experimentation. FIGURE 3, illustrates the designed crop prediction model.

4. RESULTS

As base learners within ensemble techniques such as stacking, blending, and voting (both majority
and weighted voting), five supervised machine learning algorithms were used in this study: Support
Vector Machine (SVM), Gaussian Naive Bayes (NB), Decision Tree (DT), and K-Nearest Neigh-
bours (KNNs). Since the main focus was on ensemble approaches and Artificial Neural Networks
(ANNs), these base models were only used for ensemble construction and, with the exception of
ETC, which was evaluated independently.

K-Fold cross-validation and an 80/20 train-test split were used to train and assess the models.
Comparative analyses showed that this ratio produced better performance across the majority of
algorithms than the 70/30 split, which is why it was chosen [19].

ANN, Random Forest Classifier (RF), ExtraTreesClassifier (ETC), and the previously listed en-
semble strategies such as Stacking, Blending, Majority Voting (with voting type hard and soft),
and Weighted Voting (with voting type hard and soft) were among the seven algorithms that were
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Figure 3: Proposed crop Prediction model design.

investigated. Regular evaluation metrics, such as accuracy, precision, recall, F1-score, ROC-AUC,
and the confusion matrix, were used to measure each model’s performance.

A comparative performance analysis was performed after the model had been trained and vali-
dated. As you see from TABLE 2, the ExtraTreesClassifier (with min_samples_leaf=2) model
performed better than any other model, obtaining training and testing accuracies of 99.92% and
98.25%, respectively. As a final finding, farmers and other agricultural stakeholders can use the
ExtraTreesClassifier model as a reliable decision-support tool for crop prediction tasks.

As seen in TABLE 2, above, except ExtraTreesClassifier classifier, which was built with the default
min_samples_leaf=2, the experimental results reveal that hyperparameter tuning using Grid Search
CV and Random Search CV greatly improved performances when compared to using default pa-
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Table 2: Overall models performances comparison.

Model
Name

Parameters/
tuning technique

Training
Accuracy

(%)

Testing
Accuracy

(%)

Precision
(%)

Recall
(%)

F1_score
(%)

ROC-
AUC
(%)

Base mod-
els (Mean)

None 88.96 89.12 89.77 89.12 89.25 98.48

RF Default 98.15 96.88 96.98 96.88 96.87 99.95
Grid Search cv 99.79 97.94 98.01 97.94 97.94 99.99
Random Search cv 99.79 97.94 98.01 97.94 97.94 99.99
K-Fold Cross-
validation

k=5 97.70 97.50 97.50 97.40 97.40 99.90
k=10 97.80 97.60 97.60 97.50 97.50 99.92

ETC Default (min_
samples_leaf=2)

99.92 98.25 98.28 98.25 98.24 99.99

Grid Search cv 99.85 98.25 98.31 98.25 98.24 100
Random Search cv 99.33 97.87 97.92 97.87 97.86 99.99
K-Fold Cross-
validation

k=5 95.96 96.04 96.22 96.04 96.02 99.95
k=10 95.96 96.04 96.22 96.04 96.02 99.95

ANN Default 98.51 96.32 96.41 96.32 96.45 99.93
Grid Search cv 98.47 97.21 97.35 97.21 97.35 99.94
Random Search cv 98.90 96.51 96.54 96.51 96.54 99.94
K-Fold Cross-
validation

k=5 92.55 91.6 91.8 91.6 91.59 99.6
k=10 92.04 92.14 92.42 92.14 92.09 99.72

Stacking K-Fold Cross-
validation

k=5 97.71 98.02 96.22 96.04 96.02 99.95
k=10 97.89 98.02 96.22 96.04 96.02 99.95

Blending K-Fold Cross-
validation

k=5 96.63 97.26 97.32 97.26 97.26 99.97
k=10 96.86 96.88 96.87 96.88 96.88 99.97

Majority
Voting

Hard voting
type

k=5 99.29 95.81 95.89 95.81 95.80 99.91
k=10 99.29 95.81 95.89 95.81 95.80 99.91

Soft voting
type

k=5 99.54 96.19 96.26 96.19 96.17 99.93
k=10 99.54 96.34 96.42 96.34 96.33 99.94

Weighted
Voting

Hard voting
type

k=5 99.56 96.27 96.34 96.27 96.25 99.93
k=10 99.56 96.11 96.18 96.11 96.10 99.94

Soft voting
type

k=5 99.54 96.19 96.26 96.19 96.17 99.93
k=10 99.54 96.34 96.42 96.34 96.33 99.94

rameter settings for almost all algorithms. With the exception of the Random Forest (RF) classifier,
where both approaches performed similarly, Grid Search CV typically produced better results than
Random Search CV. On the other hand, Grid Search CV was found to require more computation
time.

Extraordinarily, out of all the models trained and tested, the ExtraTreesClassifier ensemble model
(with min_samples_leaf=2) performed well. Thus, strong alignment with the domain requirements
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of crop prediction is indicated by its high accuracy and robust predictive capability. As a result, the
ExtraTreesClassifier model was identified to be the best algorithm for this investigation, providing
a practical way to make well-informed agricultural decisions.

For further evaluation of ExtraTreesClassifier let’s see the confusion matrix below.

Figure 4: Confusion Matrix for ExtraTreesClassifier

As you see from FIGURE 4, out of 1312 (100%) test instances, the ExtraTreesClassifier correctly
classified 1289 (98.25%) and incorrectly classified 23 (1.75%). The ExtraTreesClassifier model
incorrectly identified one tomato as a banana, four tomato instances as cotton, two tomato instances
as papaya, one maize instance as tobacco, two haricot bean instances as fava beans, one haricot
bean instance as wheat, one papaya instance as banana, one sorghum instance as maize, two onion
instances as maize, one onion instance as sorghum, two barley misclassified as teff, one barley
misclassified as maize, and two banana instances as mango. As a result, there are 1289 (98.25%)
correctly classified instances and 23 (1.75%) misclassified instances overall. This is the best per-
formance compared to other models’ performance. As a result, the model is chosen to recommend
crops.

The ROC-AUC values for each class are shown in FIGURE 5, and are obtained from the Extra-
TreesClassifier, the model with the best performance. ROC-AUC metrics were only shown for this

287



https://cybersecurityjournal.info/ 2025

model only because of its better performance when compared to the other models that were assessed.
For more information let’s see FIGURE 5, below.

Figure 5: ROC and AUC for each class using ExtraTreesClassifier model.

As seen in FIGURE 5, above, the ROC-AUC values plotted for each class score are 1.00 for all crop
classes. These high scores demonstrate the model’s strong generalisation ability and demonstrate
how well it can distinguish between different crop classes. The nearly perfect ROC-AUC values
validate the ExtraTreesClassifier model’s strong discriminative performance acrossmajor andminor
crop categories.

5. CONCLUSION

Low crop yields are a frequent problem for Ethiopian farmers, mostly in the selected study area.
Inappropriate crop selection for specific soil types, untimely planting seasons, and a lack of system-
atic investigation of soil and meteorological factors that considerably affect crop performance are
frequently the root causes of these problems. The issue is even made worse by the unpredictability
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of weather patterns and variations in soil fertility over time. There is a greater chance of low
agricultural results because most farmers in the area choose their plants without the aid of decision-
support tools.

By collecting wide agro-climatic and soil datasets and applying a variety of ensemble learning
models and techniques to support crop selection, the study created a data-driven solution to close this
gap. The study, which covered 14 woredas (provinces) in Ethiopia’s Gamo Zone, included a dataset
of 6,560 instances for 15 crop types, including cash crops, cereals, pulses, fruits, and vegetables.
Pre-processed data was used to train and validate Artificial Neural Networks (ANNs) in addition
to machine learning models, especially ensemble algorithms Random Forest (RF) and Extra Trees
Classifier (ETC). Accuracy, precision, recall, F1-score, ROC-AUC, and the confusion matrix were
among the well-known evaluation metrics used to evaluate each model’s performance. Ensemble
techniques like stacking, blending, and voting were also used to combine predictions from multiple
base learners and improve the predictive performance.

Among the evaluated models, the ExtraTreesClassifier ensemble emerged as the top performer,
achieving a testing accuracy of 98.25%, a weighted average exceeding 98% across precision, recall,
and F1-score, and an impressive 99.99% ROC-AUC score. These metrics underline its suitability
as the optimal model for crop prediction in the study area.

Generally, by carefully combining cutting-edge machine learning algorithms with local agronomic
knowledge, this study presents a revolutionary model for crop prediction. It plays a vital role in
raising agricultural productivity and food security because of its flexibility in dealing with different
soil types and climates.

In order to give farmers timely, data-driven recommendations, future research needs to concentrate
on integrating IoT sensors and mobile platforms. This work is expected to lay a strong foundation
for scalable, AI-powered agricultural systems that support Ethiopia’s national development goals
and contribute to broader global sustainability objectives.
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