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Abstract

Accurate yield prediction has a significant impact on the overall improvement
of agricultural planning better resource management, and even food security.
Here a new Zebra Multilayer Perceptron Prediction Mechanism (ZMPPM) is
presented as a method of realizing effective yield prediction from historical and
environmental data. The framework comprises four stages: data preprocessing,
Zebra Optimization Algorithm (ZOA)-based feature selection, ZOA-assisted
training of a multilayer perceptron (MLP), and classification of crop yield into
Low and High yield levels. In ZMPPM, the ZOA is used (i) to select the most

ARTICLE INFO informative subset of soil, climatic and management variables and (ii) to
Article history: optimise the learning parameters of the MLP, which then captures the nonlinear
Received relationships between these variables and yield. The model was evaluated on a
2026-02-05 historical crop yield dataset of soil, climatic and management variables using a
Revised stratified hold-out test set of 5,000 records. On the test set, ZMPPM achieved
2026-10-09 an accuracy of 99.07%, a precision of 99.40%, a recall of 99.30% and an F1-
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required.
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INTRODUCTION

Predicting agricultural yield is crucial for several reasons such as improving
global food security making the most of resources, and helping farmers to make wise
decisions that lead to sustainable agriculture. When the yields are forecast with
precision, farmers and government officials can plan ahead for production together
with inputs like water and fertiliser that are in line with the needs of the crop can
regulate the expectations of the market and can also control the risks that come with
climate change and limitations of resources. Even though technological advances
have been made the challenge of accurately forecasting yields still exists mainly
because the production process is affected by the complex and highly nonlinear
interactions between different environmental, climatic, soil, and management
factors.

Agricultural systems by nature are very complex and are made up of living
elements like plant physiology and pest attacks, as well as non-living elements like
soil nutrients, temperature, humidity, and rainfall. These factors constantly interact
over space and time, giving rise to a multitude of variations that make the task of
traditional modeling quite challenging. Usual statistical methods such as regression
analysis and time series forecasting are generally not capable of depicting such
intricate patterns especially in the case of data that is both high-dimensional and
nonstationary. The availability of vast amounts of data through satellite images, [oT
devices, and agricultural records of the past has led to the application of machine
learning (ML) and deep learning (DL) methods as must have tools for accurate yield
prediction.

Recent studies show that machine learning and deep learning methods can
accurately predict crop yields by combining remote sensing data, weather data, and
ground truth data with advanced modelling techniques [1]. Recent reviews
emphasize that artificial intelligence (Al) is widely used not only in yield prediction
but also in precision irrigation, soil fertility mapping, and pest and disease diagnosis,
thus highlighting the enormous potential of data-driven agriculture from different
perspectives [2]. In-depth analyses revealed that deep learning frameworks like
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and
hybrids of these models are much more effective than traditional regression models
as they can learn complicated spatial and temporal interactions in agricultural data
[3], [4], [5]- Moreover, integration of Explainable Al (XAI) techniques to next
generation models has attracted enormous attention recently as these models can
provide transparency and interpretability, which are some of the key criteria for
real-world usage by agronomists and farmers [6].

Despite these improvements, there still remain a number of challenges. It is
commonly necessary for ML/DL models to have access to thoroughly labelled
datasets for training purposes, and they may become overfitted very easily if
exposed to noisy data or if given only a small number of training samples. Features
optimisation as well as the efficient selection of relevant features are inherently
complicated issues, almost always demanding repeated testing and availability of the
computation time. New approaches such as federated learning are one of the ways
to solve the issue of data privacy and model generalisation when the environments
are different, thus the field of agricultural ML research keeps changing [7]. Multi-
modal deep ensemble approaches can further improve accuracy, but at the cost of
greater model complexity and computational demand [8].
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To tackle such issues and increase the reliability of predictions, this research
introduces an innovative Zebra Multilayer Perceptron Prediction Mechanism
(ZMPPM) for crop yield estimation. The ZMPPM model integrates the adaptive
learning characteristic of a multilayer perceptron (MLP) with the Zebra Optimization
Algorithm (ZOA), a bio-inspired metaheuristic, that aims to improve convergence
efficiency, reduce the risk of getting stuck at local minima and effectively represent
the highly nonlinear dependencies typical of agricultural systems. ZOA [9] is a
population-based metaheuristic that models two natural behaviours of zebras:
foraging, which drives global exploration of the search space, and defence strategies
against predators, which drive local exploitation. In ZMPPM, this balance between
exploration and exploitation is used to select informative features and to optimise
the learning parameters of the neural network. There are four main stages in the
ZMPPM pipeline: data preprocessing, feature analysis, prediction modelling, and
final yield-level classification (Low/High yield). Preprocessing deals with resolving
missing data, filtering out noises, and normalizing; feature analysis works to
distinguish the main factors that influence the yield results; yield prediction utilizes
the optimized multilayer architecture; and the final classification stage assigns each
record to a yield class that can be translated into actionable agricultural decisions.
The suggested model is evaluated by standard classification measures, namely
accuracy, precision, recall, F1-score and error rate.

The experimental framework integrates various agronomic and environmental
factors such as land characteristics, weather data, crop monitoring through remote
sensing, geographical coordinates, and past production records to fully understand
the factors influencing crop yield. In the comparative study, ZMPPM achieved higher
accuracy, precision, recall and F1-score than the Decision Tree, GBM, XGBoost, LSTM
and CNN-LSTM baselines.

The main contributions of this study are as follows:

1. Introduction of an innovative Zebra Multilayer Perceptron Prediction

Mechanism (ZMPPM) tailored for precision yield forecasting.

2. Integration of nature-inspired optimisation with neural network learning to
enhance performance and convergence robustness.

3. Experimental evaluation against tree-based ensemble (DT, GBM, XGBoost) and
deep learning (LSTM, CNN-LSTM) baselines.

The proposed ZMPPM contributes a scalable, reliable, and high-performance
solution to crop yield prediction, advancing the application of machine learning in
precision agriculture and supporting informed decision-making in the face of climate
variability and resource constraints.

LITERATURE REVIEW

Ajith et al. [2] cover a wide range of Al applications, such as crop yield
prediction, precision irrigation, soil fertility mapping, forecasting of pests and
diseases, as well as food quality assessment. They illustrate how machine learning
(ML) and deep learning (DL) techniques are capable of handling massive agricultural
datasets to not only enhance prediction accuracies but also to optimize resource
utilization and pave the way for sustainable farming practices.

Sharma et al. [10] focus on predicting the yield of maize and soybean by using
machine learning methods. Their study assesses several models like Random Forest,
ANN, SVM, and XGBoost, bringing out the role of climatic conditions, soil factors, and
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past yield records in enhancing the prediction accuracy in different agro-ecological
Zones.

Gupta and Pal [11] investigated the role of Al in precision farming, mainly
focusing on the use of predictive analytics for estimating crop yield, optimizing
irrigation, and detecting pests and diseases. Their research shows how combining
satellite images, sensor networks, and weather data can help make better decisions
and increase farm efficiency.

Choubey et al. [3] developed a deep learning framework for predicting crop
yield under climate change scenarios. Their hybrid model which integrates
convolutional neural networks (CNN) with recurrent neural networks (RNN) is
capable of identifying spatio-temporal patterns from agricultural datasets and has
been found to be more accurate than traditional machine learning methods.

Madhuri et al. [4] propose a hybrid deep learning framework called MBiGRU-
CNN, which couples bidirectional gated recurrent units (BiGRU) with CNN to extract
features and predict crop yield more accurately. Integrating sequential temporal
data with spatial feature learning substantially improved prediction accuracy.

Lionel et al. [12] compared different machine learning models for predicting
crop yield using weather parameters. They especially looked at the prediction
performance of ensemble methods like Random Forest and gradient boosting. Their
research mostly revolves around how temperature, rainfall, and humidity affect the
growth of crops and the accuracy of the predictions in such scenarios.

Anoop et al. [5] proposed 3TFL-XLNet-CP, a transformer-based crop yield
prediction framework with a weighted loss and three-tier feature learning. Through
the utilization of multi-tier feature extraction and attention mechanisms, the model
is capable of deciphering intricate interactions among environmental, soil, and
historical yield data, thus leading to significantly better prediction performance
compared to conventional DL methods.

Filippi et al. [13] point out several methodological issues in crop yield
modelling such as calibration, data heterogeneity, and validation techniques. They
underline that there should be strong assessment methods so that models can work
well beyond the initially tested areas, crops, and climates.

Sowmya et al. [14] explore the possibility of using machine learning to develop
intelligent agriculture. They propose an integrated platform that is powered by
generative Al. Their paper reveals a simple, multilingual decision support system
that combines various tools for crop management, diagnostics of crop health,
availability of necessary information, and farmer's planning utilities all in one place;
thus, it is an eco-friendly platform designed to close the technology gaps in
agriculture. Thus, they show the ways in which Al is capable of assisting in crop
planning, pest detection, and providing real-time recommendations that are aimed
at increasing yield and sustainability of the farm by analysing sensor and
environmental data to generate actionable field-level recommendations.

Rosso et al. [15] present a study on combining mobile proximal soil sensors
with crop modelling to generate highresolution yield prediction maps. Their case
study shows that a process-based crop model driven by soil texture maps from
mobile sensors can reproduce the major within-field differences in productivity,
enabling precision agriculture tools to provide detailed fieldlevel predictions that
support adaptive management strategies and improve decisionmaking under
varying soil and environmental conditions.
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Abdipourchenarestansofla and Piepho [16] propose a realtime precision
agriculture framework for estimating optimum nitrogen rates using satellite
multispectral indices and historical field telematics data. Although focused on
nutrient management, their study contributes to crop yield prediction literature by
showing how integrating remote sensing with historical operational data (e.g.,
fertilizer application, multispectral indices) supports accurate yield optimization
strategies, as effective nitrogen management is tightly coupled with final yield
outcomes.

Taken together, these studies show that tree-based ensembles and deep neural
networks currently dominate crop yield prediction, whereas rigorous and
reproducible validation remains a common weakness of published work [13], [1].
Hybrid approaches that couple neural networks with population-based
metaheuristics have been used to tune network weights, architectures and
hyperparameters for crop yield prediction [17], [18], and swarm-based optimisers
such as the grey wolf optimiser have also been applied to yield-related modelling in
precision fertilisation [19]. The Zebra Optimization Algorithm (ZOA) [9] is a recent
metaheuristic that balances exploration (foraging) and exploitation (defence against
predators) with very few control parameters, but, to the best of our knowledge, it
has not yet been combined with an MLP for crop yield-level prediction.

Accordingly, three gaps motivate this study: (i) most yield prediction models
are tuned manually or by grid search; (ii) feature selection and model training are
usually optimised separately; and (iii) recent bio-inspired optimisers such as ZOA
have not been evaluated for this task. ZMPPM addresses these gaps by using ZOA
both for feature selection and for the optimisation of the MLP learning parameters.

SYSTEM MODEL AND PROBLEM STATEMENT

The rising pressure on global agriculture as a result of climate variability,
population growth, and resource limitations has made accurate crop yield prediction
a top priority for sustainable farming and food security. Crop yields depend on a
complex mixture of environmental factors such as soil characteristics, weather
conditions, irrigation, pest and disease outbreaks, and nutrient availability. Early and
accurate prediction of crop yields offers benefits to farmers, policymakers, and
stakeholders who can then make better decisions about resource allocation,
harvesting strategies, and productivity improvement interventions.

Conventional crop yield prediction methods, such as statistical models,
regression analysis and traditional machine learning algorithms, typically encounter
substantial difficulties. These methods may have trouble handling multi-dimensional
datasets with diverse temporal and spatial features record high error rates when
tested under variant climatic conditions and are often unable to generalize well to
new geographic regions or environmental scenarios that they have not seen before.
Furthermore, the methods in use today may be insufficient in capturing the complex
nonlinear relationships between agronomic parameters, resulting in inaccurate
predictions and less trustworthiness for practical use situations.

Hence the proposed research presents a method, Intelligent Crop Yield
Prediction System that utilizes a Zebra Multilayer Perceptron Prediction Mechanism
(ZMPPM) Algorithm. In ZMPPM, the ZOA is applied in two places only: (i) to select
the optimal subset of input features (Section c) and (ii) to optimise the learning
parameters of the MLP classifier (Section d). Data cleaning and normalisation are
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performed with conventional operations (Section b). The complete procedure is
summarised in Algorithm 1.

ZMPPM is designed to learn the nonlinear relationships between
heterogeneous soil, climatic and management variables and crop yield.

The system is evaluated against traditional machine learning and deep learning
methods in terms of accuracy, precision, recall, F1-score and error rate. Such a
method serves as a robust decision support tool for farmers and agricultural
planners at the same time it promotes enhanced crop management, sustainability in
agriculture, and food safety.

PROPOSED METHODOLOGY

A new Zebra Multilayer Perceptron Prediction Mechanism (ZMPPM) has been
implemented to predict crop yield in agriculture. The proposed method comprises
main steps such as data preprocessing, ZOA-based feature selection, ZOA-assisted
MLP training and yield-level classification. First raw agricultural data such as soil
characteristics, weather conditions, details of irrigation, and yield history are
processed to eliminate noise, impute missing values, and normalize feature scales.

After the preprocessing, a comprehensive feature analysis and selection is
carried out to determine the most significant agronomic and environmental factors
influencing the yield of the crop. The features thus selected are given as input to the
ZMPPM model,where the ZOA is utilized to optimise the learning parameters of the
multilayer perceptron thereby improving the rate of convergence and the
generalization capacity.

The refined ZMPPM framework not only carries out yield prediction but also
yield classification, hence it assigns each record to one of two yield levels, Low Yield
or High Yield, obtained by discretising the continuous yield variable into two classes.
At last the system is able to predict accurate crop yield results under different
environmental and management conditions.

To measure the viability of the proposed method performance metrics such as
accuracy, precision, recall, and Flscore are calculated and compared with those
acquired from existing machine learning and deep learning techniques. The results
of this comparison are reported in Section RESULT AND DISCUSSION.

The entire process of the proposed ZMPPM-based crop yield prediction system
is shown in Figure 1.
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Figure 1. Workflow of the proposed ZMPPM-based crop yield-level prediction
system

METHOD

a. Data Initialization and Training

The crop yield dataset used in this study is a collection of past crop production
records along with the environmental and agronomic factors that influenced it, such
as soil properties, temperature, rainfall, humidity, irrigation, and the time of year.
The initialized datasets are the starting point of the proposed system's training for
crop yield prediction and classification accuracy.

The agricultural data collected are often contaminated with impurities in the
form of missing values, outliers, noise, and inconsistent measurements that can be
the result of sensor errors, environmental changes, or even human data entry. These
imperfections if left unchecked can reduce the training effectiveness of the model
and thereby the accuracy of the predictions. Hence, before training starts, the
initialized dataset is subjected to a preprocessing step where data cleaning,
normalization, and noise removal methods are employed.

The dataset was divided into training, validation and test sets by stratified
random sampling; the test set comprises 5,000 records (2,500 Low Yield and 2,500
High Yield). To prevent data leakage, duplicate records were removed before
splitting, and all preprocessing parameters (imputation values, outlier limits and
scaling statistics) as well as the ZOA feature selection were fitted on the training set
only and then applied unchanged to the validation and test sets.

The processed data set after pretreatment is used to train the proposed Zebra
multilayer Perceptron Prediction Mechanism (ZMPPM), which makes it possible for
the model to grab the complex nonlinear relationships between agricultural
parameters and crop yield outcomes effectively.

The data initialization process is mathematically represented using Eq. (1):

0,={c, Ix=1273,..,n} (1)
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0] c

where -z denotes the initialized agricultural yield dataset, “x represents the

individual crop data samples and Mindicates the total number of records present in
the dataset

b. Pre-Processing

The quality of the agricultural yield data the crop dataset acquired fluctuates
quite a lot depending on various factors such as the variation of data sources,
seasonal changes, sensor errors, and mistakes during manual data collection. In
order to make the data consistent and trustworthy, the raw data collected are
converted into a standard format by means of normalization and scaling.
Nevertheless, it is still very difficult to get accurate yield predictions due to the fact
that the yield dataset is contaminated with noise features has missing values,
contains redundant attributes, and also includes some outliers. Therefore, the
following preprocessing operations are applied: (i) missing values are imputed; (ii)
outliers are detected and treated; (iii) categorical variables such as soil type and crop
variety are one-hot encoded; and (iv) numerical variables are scaled to [0, 1] by min-
max normalisation, x' = (X - x_min)/(x_max - x_min), with x_min and x_max computed
on the training set. The removal of irrelevant features is not part of this stage; it is
performed by ZOA in Section c. The preprocessing step is represented
mathematically by the following Eq. (2):

Pi - f(:Nf; Ofr PZ) (2)

P,

where "1 denotes the pre-processing function, Ny represents the noise and irrelevant

features present in the agricultural dataset, and Of indicates the original informative

features related to crop yield. The variable P2 is used as the noise feature tracking

parameter which assists in identifying and monitoring unwanted data components.

Preprocessing therefore uses deterministic operations only; the zebra-inspired
search is applied in the subsequent feature selection stage (Section c), which ensures
that only informative features are passed to the classifier.

c. Feature Analysis and Extraction

The suggested model usesa Zebra Optimization Algorithm (Z0A)-based
method to carry out feature analysis and extraction effectively from
the cleaned agricultural dataset. At this stage it is agronomic and environmental
features which have the greatest effect on crop yield that are located and taken
out. Each zebra encodes a candidate feature subset as a vector of length M whose
continuous positions are mapped to a binary mask (1 = feature selected) by a
sigmoid transfer function; the quality of a subset is measured by the fitness function
in Eq. (4d). Feature extraction is the process of representing data in a reduced form
without losing valuable information. The process of feature extraction can be
mathematically defined by Eq. (3):

Er = B.(R1) (3)

where f denotes the extracted feature set, B, represents the Zebra objective

function used for tracking and selecting optimal features, R corresponds to the
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relevant features, and Iindicates the irrelevant or redundant features present in the
dataset.

The Zebra Optimization Algorithm is inspired by the natural foraging behavior
of zebras and allows the model to strike a balance between exploration and
exploitation when selecting features that determine crop yield. This method is
capable of getting rid of redundant features and keeping only the essential ones
which in turn leads to a reduction in dimensionality and an increase in the accuracy
of the predictions. To carry out crop yield prediction and classification, features are
derived from structured agricultural data through a combination of several
analytical methods each of which is capable of capturing a different aspect of the
agricultural system. These are soil related features (soil type, pH, moisture content,
nutrient levels), climatic features (temperature, rainfall, humidity, solar radiation)
crop management features (irrigation frequency, fertilizer usage, crop variety) and
temporal features (seasonal and growth, stage variations).

ZOA [9] updates a population of N zebras in two phases per iteration. In Phase
1 (foraging), each zebra moves towards the pioneer zebra PZ, i.e. the best solution
found so far:

x_i,j(new,P1) =x_ij+r- (PZ_j-1-x)}) (4a)

where ris arandom numberin [0, 1] and [ =round(1 +r) €{1, 2}. In Phase 2 (defence
against predators), each zebra applies, with probability P_s = 0.5, either strategy S1
(escape from a lion, local exploitation) or strategy S2 (confrontation of other
predators by moving towards an attacked zebra AZ):

S1:xi,j(new,P2)=xij+R-(2r-1)-(1-t/T)-x.,j, ifP.s<0.5 (4b)
S2:x_i,j(new,P2) =x_i,j+r-(AZ_j-1-x,j), otherwise (4c)

where R = 0.01, tis the current iteration and T the maximum number of iterations. A
new position replaces the current one only if it improves the fitness. For feature
selection, the fitness of zebra i is defined as:

F(xi)=a-E(xi)+(1-o)-|Si| /M (4d)

where E(x_i) is the validation error of an MLP trained on the selected subset S_i, |S_i|
is the number of selected features, M is the total number of features and a € [0, 1]
weights accuracy against compactness.

This all-around feature extraction method largely contributes to the strength,
effectiveness, and forecast accuracy of the ZMPPM-based yield prediction model.

d. Classification

After the feature selection process, the Zebra Multilayer Perceptron Prediction
Mechanism (ZMPPM) is employed to predict and classify agricultural crop yield
levels. Classification techniques utilize the extracted feature attributes from the
agricultural dataset to make predictions about one or more discrete yield categories
(Low Yield and High Yield). Data analysis and intelligent learning mechanisms are
essential to ensure accurate classification in complex agricultural environments.

The primary objective of the classification stage is to assign each agricultural
data instance to its appropriate yield class based on the learned patterns from
historical data. To achieve this, the optimized feature vectors obtained from the
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feature extraction stage are provided as inputs to the ZMPPM-based classifier. The
MLP classifier is defined by Egs. (5a)-(5c¢):

h(l) = (W() -h(1-1) +b(1)), 1=1, .., L, h(0)=x_S (5a)
y =o(w_o - h(L) +b_o), class =High Yield if § = 0.5, otherwise Low Yield (5b)
L(0)=-(1/n)Zii[yiilogy i+ (1-y_i)log(1l-y_i)] (5¢)

where x_S is the vector of ZOA-selected features, W(1l) and b(l) are the weights and
biases of hidden layer |, @ is the activation function, o is the sigmoid function, y_i €
{0, 1} is the true class and 6 = {W, b} are the network parameters. The learning
parameters of the MLP are then optimised by ZOA (Algorithm 1, step 9). The
experimental settings are listed in Table 1.

By combining the Zebra-inspired optimization technique with a Multilayer
Perceptron, the proposed ZMPPM model can more accurately depict the complex
nonlinear interactions between agronomic, climatic and management factors. The
resulting classifier is compared with traditional classification methods in Section
RESULT AND DISCUSSION.

Algorithm 1. Training and evaluation procedure of ZMPPM

Input: training set D_tr, validation set D_val, test set D_te, population size N, maximum
iterations T
Output: selected feature subset S*, trained MLP classifier, performance metrics
1: Fit the preprocessing operations (Section b) on D_tr and apply them to D_tr, D_val and
D_te
2: Initialise N zebras with random positions; evaluate their fitness with Eq. (4d)
3:fort=1toTdo
4: Select the pioneer zebra PZ (best fitness)
5: for each zebra i: update with Eq. (4a); accept the new position if the fitness
improves
6: for each zebra i: update with Eq. (4b) or (4c) (P_s = 0.5); accept if the fitness
improves
7: end for
8: S* « feature subset encoded by the best zebra
9: Optimise the MLP learning parameters on D_tr restricted to S* with ZOA (Section d)
10: Classify D_te with Egs. (5a)-(5b) and compute Egs. (6)-(10)

RESULT AND DISCUSSION

The suggested Zebra Multilayer Perceptron Prediction Mechanism (ZMPPM)
was coded and tested in the Python programming environment under a Windows 10
operating system. The experimental investigation was done using the crop yield
dataset described in Section a. The dataset consists of historical crop yield data and
the corresponding agronomic, climatic, and environmental factors.

The performance of the proposed yield prediction model based on ZMPPM was
measured from the prediction accuracy and classification performance perspectives.
The findings reveal that the method proposed is capable of very accurately
forecasting crop yields levels under different environmental and management
situations. The detailed configuration of the experimental setup used in this research
is given in Table 1.
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Table 1. Experimental configuration and hyperparameter settings

Parameter

Description

Dataset
Optimization Technique
Algorithm

Obijective

Programming Language
Python Version
Operating System
Python IDE

Data split
ZOA settings

Historical crop yield records with soil, climatic and management
variables

Zebra Optimization Algorithm (ZOA) [9]

Multilayer Perceptron with ZOA-based feature selection and
parameter optimisation

Binary crop yield-level classification (Low/High)
Python

3.7.14

Windows 10

PyCharm

Stratified training/validation/test split; test set = 5,000 records
(2,500 Low Yield, 2,500 High Yield)

R=0.01,P;=0.5

a. Performance Analysis

The performance of the Zebra Multilayer Perceptron Prediction Mechanism
(ZMPPM) proposed is thoroughly tested with various standard performance metrics
such as accuracy, precision, recall (sensitivity), F1-score and error rate. Figures 2-5
compare the proposed model with the baselines for each metric.

Further, the effectiveness of the proposed approach has been substantiated by
performance comparison with five baselines that are widely used in agricultural
yield prediction studies. The comparative analysis has been done utilizing Decision
Tree(DT), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost),
Long Short-Term Memory network (LSTM), CNN-LSTM hybrid model. These
methods represent tree-based ensembles and deep sequence models. All baselines
used the same ZOA-selected features and the same training/test split.

The following subsections show that ZMPPM achieves the best value of every
metric among the compared models.

b. Accuracy

Accuracy is the extent to which a system prediction matches the actual
outcomes. It can be understood as the fraction of true predictions over all
evaluations. The accuracy of the proposed model has been calculated by Eq. (6).

Accuracy =(I+S)/(I+S+U+V) (6)

The baseline models, namely Decision Tree (DT), Gradient Boosting Machine
(GBM), Extreme Gradient Boosting (XGBoost), Long Short-Term Memory network
(LSTM) and the CNN-LSTM hybrid model, achieved accuracies of 94.71%, 96.47%,
92.10%, 97.57% and 95.32%, respectively (Table 2).

The proposed ZMPPM achieved an accuracy of 99.07%, i.e. 1.50 percentage
points higher than the best baseline (LSTM). The comparative accuracy analysis of
all models is shown in Figure 2.
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Figure 2. Accuracy comparison (y-axis from 90%)

c. Precision

Precision is calculated by dividing the total number of correct yield predictions
by the total number of predicted positive yield estimations. Precision, recall and F1-
score are computed for each class and averaged over the two classes. It represents
the percentage of accurately predicted crop yield levels produced by the proposed
system. The precision metric is computed using equation (7) :

Precision=1/ (I + U) (7)

where |, S, U and V denote true positives (TP), true negatives (TN), false positives
(FP) and false negatives (FN), respectively; the same notation is used in Egs. (6)-(10).
Figure 3 illustrates the precision comparison of the proposed agricultural yield
prediction model. This study compares the precision performance of the proposed
agricultural yield prediction framework with several recent and widely adopted
prediction models, including Decision Tree(DT), Gradient Boosting Machine (GBM),
Extreme Gradient Boosting (XGBoost), Long Short-Term Memory network (LSTM),
CNN-LSTM hybrid model. These existing models achieved precision values of
87.31%, 82.08%, 78.67%, 88.54% and 90.62%, respectively.

In contrast, the validated proposed agricultural yield prediction model
achieved a precision rate of 99.4%, which is 8.78 percentage points higher than the
best baseline (CNN-LSTM, 90.62%). This superior precision indicates that the
proposed framework effectively minimizes false yield estimations and provides
highly reliable crop yield predictions. The improved performance can be attributed
to the optimized preprocessing effective feature extraction, and robust learning
mechanism integrated into the proposed model.
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d. Recall

Recall measures the ability of the proposed system to correctly identify actual
positive yield instances from the total number of real positive cases. It reflects how
effectively the model captures true high-yield and low-yield conditions without
missing relevant cases. Recall is computed using equation (8):

Recall=1/(I+V) (8)

Figure 4 illustrates the recall comparison of the proposed agricultural yield
prediction framework with several recent prediction models, including Decision
Tree(DT), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost),
Long Short-Term Memory network (LSTM), CNN-LSTM hybrid model. The baselines
achieved recall values 0f 93.12%, 94.35%, 95.04%, 96.21% and 96.78%, respectively
(Table 2).

In contrast, the proposed model achieved a recall rate of 99.3%, which is 2.52
percentage points higher than the best baseline (CNN-LSTM, 96.78%). The improved
recall demonstrates the model'’s effectiveness in minimizing missed yield predictions
ensuring reliable agricultural yield forecasting.
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Figure 4. Recall comparison (y-axis from 90%)

e. F1-Score

The F1-score represents the harmonic mean of precision and recall, providing
a balanced evaluation of the model’s predictive performance. It is particularly useful
when assessing agricultural yield prediction systems, as it considers both false yield
estimations and missed yield cases. A higher F1-score indicates a more robust and
reliable prediction model. The F1-score is computed using equation (9):

F1-score = 2 x (Precision x Recall) / (Precision + Recall) (9

Figure 5 illustrates the F1-score comparison of the proposed agricultural yield
prediction framework with several recent prediction models, including Decision
Tree(DT), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost),
Long Short-Term Memory network (LSTM), CNN-LSTM hybrid model. The baselines
obtained F1-scores of 90.12%, 87.79%, 86.08%, 92.22% and 93.60%, respectively
(Table 2).

In contrast, the validated proposed agricultural yield prediction model
achieved an F1-score 0f 99.35%, which is 5.75 percentage points higher than the best
baseline (CNN-LSTM, 93.60%). The elevated F1-score confirms the strong balance
between precision (99.4%) and recall (99.3%), demonstrating the robustness and
reliability of the proposed framework in accurately predicting crop yield under
diverse environmental and agronomic conditions.

104



Fl-scom comparscn

f-t0 |

Figure 5. F1-score comparison (y-axis from 80%)

f. Confusion Matrix

The confusion matrix shown in Figure 6 illustrates the classification
performance of the proposed agricultural yield prediction model on the test dataset.
The model classifies crop yield into two categories: Low Yield and High Yield. Out of
the total 5000 samples, the proposed model correctly classified 2475 Low Yield
instances and 2480 High Yield instances. Only a small number of misclassifications
were observed, where 25 Low Yield samples were incorrectly predicted as High
Yield, and 20 High Yield samples were misclassified as Low Yield.

The strong dominance of diagonal elements in the confusion matrix clearly
indicates the high discriminative capability of the proposed model. The minimal off-
diagonal values confirm that the model effectively minimizes both false positive and
false negative predictions. From these counts, the test-set accuracy is 4,955/5,000 =
99.10%, the class-wise precision is 99.20% (Low Yield) and 99.00% (High Yield), and
the class-wise recall is 99.00% (Low Yield) and 99.20% (High Yield). These values
agree with those reported in Table 2 to within 0.3 percentage points.
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Figure 6. Confusion matrix of the proposed ZMPPM on the test set

g. Error Rate

Using the proposed yield prediction framework, the error rate is computed
using Eq. (10) to measure the discrepancy between the predicted outcomes and the
actual ground truth values.

Errorrate=(U+V) /(I+S+U+V) (10)

Table 2 presents the comparison of error rates between the proposed
agricultural yield prediction model and the machine learning and deep learning
baselines, including Decision Tree(DT), Gradient Boosting Machine (GBM), Extreme
Gradient Boosting (XGBoost), Long Short-Term Memory network (LSTM), CNN-
LSTM hybrid model.

The conventional models achieved error rates of 5.29%, 3.53%, 7.90%, 2.43%
and 4.68%, respectively. In contrast, the proposed model demonstrated a
significantly lower error rate of 0.93%, confirming its superior prediction capability
and robustness. The reduced error rate highlights the effectiveness of the proposed
framework in minimizing incorrect yield predictions. All metrics of all models are
summarised in Table 2.

Table 2. Performance comparison of the proposed ZMPPM and the baseline models

(%)
Methods Accuracy Precision  Recall  F1-score Er;rtc;r
Decision Tree 94.71 87.31 93.12 90.12 5.29
Gradient Boosting Machine
(GBM) 96.47 82.08 94.35 87.79 3.53
Extreme Gradient Boosting
(XGBoost) 92.10 78.67 95.04 86.08 7.90
Long Short-Term Memory
network (LSTM) 97.57 88.54 96.21 92.22 2.43
CNN-LSTM hybrid model 95.32 90.62 96.78 93.60 4.68
ZMPPM (proposed) 99.07 99.40 99.30 99.35 0.93
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Note: F1-scores are the harmonic mean of the reported precision and recall.

h. Discussion

In summary, the proposed model achieved the best values of all reported
metrics: an accuracy of 99.07%, a precision of 99.40%, a recall of 99.30%, an F1-
score of 99.35% and an error rate of 0.93% (Table 2).

Compared with the strongest baseline (LSTM, accuracy 97.57%), ZMPPM
increased accuracy by 1.50 percentage points and reduced the error rate from 2.43%
to 0.93%. We attribute this improvement mainly to (i) the removal of redundant and
noisy variables by ZOA before training and (ii) the global search of ZOA, which
reduces the risk of poor local minima compared with gradient-only training. These
results should nevertheless be interpreted with caution: they were obtained on a
single dataset with a discretised two-class target, the very high accuracy may partly
reflect the separability of the Low/High classes defined by the chosen threshold, and
Z0A increases the training time. Validation on other regions, crops and seasons, and
with a continuous yield target, is required before operational use.

CONCLUSION

This study proposed ZMPPM, a crop yield-level prediction method in which the
Zebra Optimization Algorithm selects informative features and optimises the
learning parameters of a multilayer perceptron. The method was implemented in
Python and evaluated on a historical crop yield dataset using accuracy, precision,
recall (sensitivity), F1-score and error rate. ZMPPM achieved an accuracy of 99.07%,
a precision 0f 99.40%, a recall 0of 99.30%, an F1-score of 99.35% and an error rate of
0.93%, outperforming the DT, GBM, XGBoost, LSTM and CNN-LSTM baselines; its
accuracy was 1.50 percentage points higher than that of the best baseline (LSTM).
The study has several limitations: a single dataset was used, the yield target was
discretised into two classes, ZOA increases training time compared with gradient-
based training, and spatial or temporal hold-out validation has not yet been
performed. Future work will evaluate ZMPPM on multi-region and multi-season
datasets, extend it to continuous yield regression (RMSE, MAE, R?) and add
explainability analysis (e.g. SHAP) to support agronomic interpretation.
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