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Precise crop yield prediction transforms agricultural planning from intuition-based practice to data-
driven strategy. This work demonstrates a machine learning approach for forecasting crop yield from 
seven fundamental agronomic inputs: seasonal temperature, soil pH, total rainfall, pesticide 
application rate, year, crop type, and cultivation region. Using a cleaned dataset of 28,242 samples 
spanning 10 crops across more than 100 regions (1990-2013), we deploy a carefully tuned Random 
Forest regressor. The final model achieves a test R² of 0.9146, RMSE of 7,918.04 units, and MAE of 
4,313.27 units. Feature analysis identifies rainfall and soil pH as the most significant factors 
influencing yield. The system is lightweight, explainable, and suitable for integration with IoT and 
remote sensing data for next-stage field deployment. 

© 2026 Centre for Research and Innovation (CRI). This is an open access article 
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/). 

I. INTRODUCTION

Crop yield forecasting refers to an analytical agricultural 
technique that forecasts the amount of crop expected from 
cultivated crops before actual harvesting. This prognostic 
functionality is a fundamental pillar in ensuring global food 
security by allowing stakeholders in the agricultural supply 
chain to make sound decisions in production planning, 
resource utilization, market positioning, and policymaking 
[1]. Precise yield estimation enables farmers to maximize 
input allocation, facilitates governments’ planning of food 
distribution networks, and aids financial institutions in 
determining agricultural risk. The complexity of yield 

forecasting is due to the interaction of many environmental, 
biological, and management elements that contribute to crop 
growth and final productivity. Conventional yield forecasting 
methods have advanced considerably over the last few 
decades. Initial methods relied mainly on expert judgment, 
past averages, and statistical models that typically fell short 
in describing complex nonlinear interactions between 
environmental variables and crop productivity [2]. Precision 
agriculture has shifted attention toward data-driven solutions, 
and machine learning has become a paradigm-shifting 
technology for agricultural prediction [3]. 
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Ensemble algorithms, especially Random Forest algorithms, 
have proved highly successful in agriculture because of their 
capacity to process multidimensional data and capture 
complex feature interactions [4]. The global agricultural 
industry faces a significant challenge in sustaining food 
needs for the world population, which is projected to reach 
9.7 billion by 2050 and require about 70% more food 
production than current levels [1]. This difficulty is 
compounded by climate change because of the higher 
frequency of extreme weather, which alters regular 
agricultural systems and patterns [5]. In this regard, machine 
learning-based yield forecasting has become an important 
instrument for ensuring food security, optimizing resource 
allocation, and mitigating agricultural risks [6]. 

The application of machine learning in predicting agricultural 
yields has been widely studied in recent literature. Van 
Klompenburg et al. [2], Paudel et al. [7], Zhang et al. [8], and 
Purevdorj et al. [9] demonstrated how machine learning 
techniques can be used to predict agricultural yields, integrate 
environmental data, and compare different algorithms in 
agriculture. Nonetheless, considerable research gaps remain, 
especially regarding the combination of detailed soil 
parameters, work with various crop types, and the creation of 
models that can be applied globally to soil and environmental 
conditions. The limitations of existing studies are addressed 
through the development of an extensive machine learning 
platform that incorporates seven key environmental and soil 
parameters across varied farming environments. The three 
main contributions of this study include: 

(1) the use of an effective preprocessing pipeline that can
address agriculture-related data issues, (2) the development
of an optimized Random Forest model with high predictive
accuracy, and (3) an in-depth feature-importance analysis that 
provides feasible recommendations for precision agriculture.
The proposed system has a high level of practical
applicability because of its deployable architecture, which
represents progress compared with current strategies [10],
[11].

Recent works have emphasized the value of combining 
different types of data, including weather data, remote 
sensing data, UAV-based imagery, and data-sharing 
frameworks, to improve yield prediction [9], [11]-[15].  

Kaur and Kaur [10] reviewed data-mining techniques for 
crop yield prediction, while Kamir et al. [11] highlighted the 
importance of climatic records and satellite image time series 
in yield prediction models. This study builds on these 
foundations by fully integrating soil parameters and 
environmental factors within a single framework. 
Interpretability of machine learning models has been a 
serious issue in agricultural use, with Rudin [16] arguing that 
interpretable models should be used for high-stakes 
decisions. This is especially applicable in agriculture, where 
farmers need to understand the suggestions they are given. 

Our feature-importance analysis provides clear information 
regarding factors that influence yield predictions. 

II. METHODOLOGY

A. Data Collection and Preparation

This research is based on an extensive dataset of 28,242 
agricultural samples collected across 101 countries over a 23-
year period (1990-2013). This wide temporal and spatial 
coverage provides strong model generalization under 
changing weather conditions and farming techniques. The 
dataset includes 10 crop types, which offer considerable 
diversity for training and validating an extensive model. Each 
data point contains seven essential features that are 
scientifically recognized as major factors of crop 
productivity, as systematically detailed in Table I. 

1. Data Preprocessing Pipeline: The preprocessing phase
adopted strict quality-control measures to ensure data
integrity and model robustness, which are critical for
agricultural data affected by outliers, missing data, and
feature scaling.

TABLE I COMPREHENSIVE DATASET FEATURES AND 
DESCRIPTIONS 

Feature Description 

Temperature Average growing season temperature (°C) 

pH Soil acidity/alkalinity measurement 

Rainfall Cumulative seasonal precipitation (mm) 

Pesticides Application rate (kg/hectare) 

Year Growing season year 

Crop Type 10 different crop varieties 

Area Cultivation area (encoded country 
information) 

2. Data Quality Assessment and Integrity Verification: The
preliminary data analysis showed that the dataset was well
represented, with no missing values across all 28,242
samples and seven features. This exceptional completeness
was confirmed by a thorough analysis, which showed a
uniform distribution of data and zero missing values. The
dataset had consistent data types, with continuous variables
numerically encoded and discrete parameters categorically
described.
3. Advanced Outlier Detection and Treatment: Our
multistage outlier-detection strategy was based on statistical
and domain-based methods. For temperature data, the
interquartile range (IQR) approach was used to identify
values below 5 °C as outliers (Figure 1), and these values
were excluded because they were not viable crop-growth
conditions. The cleaned temperature distribution (Figure 2)
shows more favorable normality while retaining the
necessary climatic variations.
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Fig.1 Initial Temperature Distribution with Outliers 

Fig.2 Cleaned Temperature Distribution 

For rainfall data, z-score normalization was used, and values 
greater than +3 standard deviations or less than -3 standard 
deviations were trimmed to eliminate meteorologically 
invalid values. The same process was applied to yield values, 
where extreme values above 60,000 units were eliminated as 
unlikely agricultural observations. This systematic outlier 
treatment preserved data integrity while retaining the natural 

variability required for robust model training. Figure 5 
presents the relationship between average rainfall and 
average temperature as a scatter plot, with values represented 
by crop-yield color. This visualization helps identify possible 
relationships between climate variables and agricultural 
productivity. 

Fig.3 Rainfall Outlier Distribution 
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Fig.4 Yield Outlier Distribution 

Fig.5 Scatter Plot of Average Rainfall Versus Average Temperature, with Points Colored According to Crop-Yield Value 

4. Feature Engineering and Encoding: Label Encoder (scikit-
learn) was used to encode categorical variables (101
geographical areas and 10 crop types), assigning a unique
integer value to each category. This encoding preserves the
categorical nature of the data while converting it into a format 
compatible with machine learning algorithms. The encoding
was performed according to the following transformation:

LabelEncode(xcategorical) → xnumerical  (1) 

Numerical features underwent standardization using the 
StandardScaler implementation: 

xscaled  (2) 

where µ represents the feature mean and σ represents the 
feature standard deviation. This normalization ensures that all 
features have equal representation during model training and 

prevents features with larger numerical values from receiving 
preference. 
5. Data Partitioning Strategy: A randomly selected 80:20
train-test split was applied to the preprocessed data with
random_state = 42 to reproduce the results. To prevent data
leakage, feature-scaling parameters (µ, σ) were determined
only on the training set and then applied to both the training
and testing sets. This ensures that model-performance
evaluation reflects real-life deployment scenarios, where test
data cannot be seen during training.

B. Machine Learning Model Development

1. Algorithm Selection and Rationale: The Random Forest
algorithm was selected because of its past success in handling 
complex agricultural datasets [3]. Random Forest is an
ensemble model consisting of several decision trees using
bootstrap aggregation to minimize variance and improve
model generalization. The algorithm’s ability to work with
mixed data, resist overfitting, and provide feature-importance

16

Emman Qadir, Abdul Wasay, Farheen Fayyaz, Muhammad Junaid 
and Zaryab Basharat Asian Journal of Science and Applied Technology, 15(1), 13–19, 2026



values makes it a strong choice for predicting agricultural 
yield. The mathematical basis of Random Forest is the 
generation of several decision trees h1(x), h2(x), ..., hB(x) 
using bootstrap samples of the training set. The final 
prediction is a combination of single-tree predictions: 

        (3) 

where B represents the number of trees in the forest. 

2. Comprehensive Hyperparameter Optimization: We
applied a systematic hyperparameter search using
RandomizedSearchCV with 5-fold cross-validation. The
optimization procedure considered 100 parameter
combinations with the following objective:

in which K = 5 denotes the cross-validation folds, L denotes 
the mean squared error loss function, and θ denotes the set of 
hyperparameters. 

The search space included critical parameters: 
n_estimators: Number of trees in the forest (50-500) 
max_depth: Maximum tree depth (10-50) 
min_samples_split: Minimum samples required to split a 
node (2-20) 
min_samples_leaf: Minimum samples required at a leaf node 
(1-10) 
max_features: Features considered for splitting (auto, sqrt, 
log2) 
The optimized configuration (Table II) was selected based on 
cross-validation performance and computational efficiency. 

TABLE II OPTIMIZED HYPERPARAMETER CONFIGURATION 

Parameter Description Optimal 
value 

n estimators Number of trees in the 
forest 200 

max depth Maximum depth of 
individual trees 20 

min samples 
split 

Minimum samples 
required to split a node 5 

min samples 
leaf 

Minimum samples 
required at a leaf node 2 

max features Number of features for 
best split sqrt 

random state Seed for reproducible 
results 42 

3. Model Training Implementation: The Random Forest
Regressor implemented through scikit-learn with the optimal
parameter set was used to develop the Random Forest model.
Training was performed in parallel mode using all available
CPU cores to speed up model development. An early-
stopping criterion based on out-of-bag error was used during

training to avoid overfitting. The model took 2.4 seconds to 
train, which is computationally efficient for practical use. 
a. Performance Evaluation Metrics: Various metrics were
used to assess model performance and provide a holistic
evaluation:

where yi represents actual yields, yˆi represents predicted 
yields, and y¯ represents the mean of actual yields. 

4. Feature Importance Analysis: Permutation-importance
analysis was applied to measure the contribution of each
feature to prediction. Through this approach, the increase in
prediction error after each feature value is randomly shuffled
is measured, with larger increases reflecting more important
features.
The importance score Ij of feature j is determined as:

 (8) 

where s is the baseline score and sk, j is the score with feature 
j permuted in permutation k. 

III. RESULTS AND DISCUSSION

The optimized Random Forest regression model 
demonstrated strong predictive power and formed a robust 
model for agricultural yield forecasting. The model achieved 
a high R² score of 0.928 on the training set and high accuracy 
of 0.9146 on the test set, indicating strong generalization with 
a low overfitting rate. The results include an RMSE of 
7,918.04 and an MAE of 4,313.27 on the test data. The 
efficient training time of only 2.4 seconds also confirms that 
the model can be effectively used in real-time decision-
support systems, allowing farmers and planners to make 
reliable yield estimates and plan effectively. Feature-
importance analysis provided useful agronomic information, 
showing that rainfall was the most predictive variable and 
explained 32% of the model’s decision-making. Soil pH was 
the next most important feature, at 28%, indicating the 
importance of soil chemistry in crop production. The model 
also captured the complex nonlinear relationship between 
temperature and yield, which aligns with known crop 
physiology, and the threshold effects of pesticide use, where 
benefits were no longer as pronounced. These findings 
confirm the biological plausibility of the model and indicate 
actionable strategies for precision agriculture, including 
optimized water and input management. 

17

Emman Qadir, Abdul Wasay, Farheen Fayyaz, Muhammad Junaid 
and Zaryab Basharat Asian Journal of Science and Applied Technology, 15(1), 13–19, 2026



The excellence of the proposed model is evident from the 
comparative analysis with existing baseline approaches. The 
Random Forest model greatly exceeded both Linear 
Regression (R² = 0.712) and Support Vector Machines (R² = 
0.803), achieving a higher R² of 0.915. This indicates a 14-
28% increase in predictive accuracy. The ensemble approach 
was especially effective in describing the complex and 
nonlinear interactions of environmental variables, which 
conventional linear models failed to capture. This relative 
performance confirms that Random Forest is a more effective 
method for the multifaceted problem of crop yield prediction. 

A. Prediction Accuracy Visualization and Error Analysis 
 
The comparison of actual and predicted yield values in a 
scatter plot (Figure 6) shows that the model has strong 
predictive power across the entire yield range. The close 
proximity of points to the perfect-prediction curve signifies 
high precision, especially for mid-range yields (40,000-
120,000 units), where predictions are nearly effective as seen 
in the data. 

 

 
Fig.6 Actual Versus Predicted Yield Values Demonstrating Strong Correlation (R² = 0.9146) Across the Complete Yield Spectrum 

 

 
Fig.7 Residual Distribution Analysis Showing a Well-Behaved Error Pattern Centered at Zero with Symmetric Characteristics 

 
The residual distribution analysis indicates that the error 
pattern behaves well, with the error distribution centered 
around zero and errors beyond the range of ±20,000 units 
falling rapidly. This pattern shows that the model is reliable 

for real-life agricultural practices because it provides 
accurate yield estimates across different environmental 
settings and plant species. 
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IV. CONCLUSION

This study introduces a powerful machine learning model for 
crop yield forecasting that achieved state-of-the-art results 
through the systematic combination of seven environmental 
and soil factors. This detailed approach tackles important 
problems in agricultural data processing through a complex 
preprocessing pipeline with strict outlier management and 
feature engineering, resulting in a streamlined Random 
Forest regressor that is more effective than traditional 
methods. The outstanding predictive power (R² = 0.9146, 
RMSE = 7,918.04) sets a strong standard in agricultural 
forecasting, while the feature-importance analysis provides 
practical information by showing that rainfall (32%) and soil 
pH (28%) are the main determinants of yield. 
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