
 

 

© 2026 A. Josephine and A. Subhashini. This open-access article is distributed under a Creative Commons Attribution 

(CC-BY) 4.0 license. 

Journal of Computer Science 

 

 

 

 

 

Research Article 

A Data Mining Driven Framework for Image-Based Crop 

Stress Analysis Using IPCA, FP-Growth, ConvLSTM, and 

Sequential Models 
 

A. Josephine and A. Subhashini 
 
Department of Computer Science, PSG College of Arts and Science, Coimbatore- 641014, India 

 
Article history 

Received: 24-04-2026 
Revised: 07-07-2026 
Accepted: 15-07-2026 
 

Corresponding Author: 
A. Josephine 
Department of Computer 
Science, PSG College of 

Arts and Science, 
Coimbatore- 641014, India 
Email: 
joseantonymca@gmail.com 

Abstract: Detecting crop stress before it becomes serious has a major impact 

on the food supply. It helps in avoiding the loss of crops, increases productivity 

and helps farmers to practice precision farming. Most technologies today are 

designed specifically to either detect crop stress or to predict how well the crop 

will grow. Many of the technologies do not combine the crop's spatial, spectral, 

and temporal data into a single framework by using an integrated assessment 

of the overall health of the crop. This paper presents a new framework, a data 

mining driven framework for image-based crop stress detection and yield 

prediction. The framework consists of three phases: 1) A new image processing 

framework utilizing Adaptive Wiener Filtering was developed for improving 

the quality of images by removing noise and maintaining the important features 
of the crops. 2): The Independent Principal Component Analysis (IPCA) 

method for extracting discriminative spectral and textural features from the 

images of the crops. 3) The association rule mining framework, FP-Growth, 

were utilized to determine the co-occurrence relationship of the extracted 

features. A Convolutional Long Short-Term Memory (ConvLSTM) network is 

then used to identify spatiotemporal patterns in order to classify the crop's stress 

anomalies. A Hidden Markov Model (HMM) was employed to measure the rate 

of progress of the crop stress over time, and Multi-Criteria Decision Analysis 

(MCDA) were used to calculate an overall score of the severity of the crop's 

stress level, thus enabling the farmer to make informed decisions. The 

development of this framework was based on an augmented dataset of wheat 
disease including 5000 images of the five specific classes of crop stress. 

Through the use of the framework, the results produced a classification 

accuracy of 98.9%, with an F1-score of 98.7%. The proposed framework 

outperformed other conventional classification models including CNN, 

Random Forest, LSTM, and SVM based on performance metrics. 
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Introduction 

The agricultural industry serves an important part 

when it comes to guaranteeing world food security and 
advancing sustainable development. However, global 

agricultural crop management faces challenges in the 

form of climate changes, the increase in population, 

unstable rain pattern, soil degradation, pests, nutrient 

deficiencies, availability of water, etc., (Burchard-Levine 

et al., 2025; Park et al., 2024). The various biochemical 

and biophysical problems had a negative impact on the 

plant development process resulting in crop quality 

reduction and yield losses (Mohamed et al., 2024). In light 

of the findings obtained from modern agricultural studies, 

one of the most effective means to decrease the 

agricultural losses and improve agricultural management 

is timely detection of crop stress (Malounas et al., 2024; 

Islam et al., 2024). In recent times, the current state of the 

world agriculture has experienced significant changes as 
a result of technological advances in remote sensing 

technology, drones, IoT sensors, multi-spectral imaging, 

and artificial intelligence (Qiao et al., 2021; Jhajharia et al., 

2023). The use of high-quality aerial and satellite images 

provides the possibility to monitor crops throughout the 

growing seasons (Gavahi et al., 2021). These findings 

allow for gathering the required spectral, spatial, and 

temporal data that help to reflect the changes which take 

place in plant physiology even when there are no visible 
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signs that show something wrong with crop production 

(Lee et at al., 2024).  

At the same time, artificial intelligence, as well as 

machine learning technologies, has proven to be highly 

effective in detecting the symptoms of crop problems, 

estimating yield accurately (Velázquez-González et al., 

2024). Research has been conducted between the years 

2021 and 2025 to demonstrate the capability of artificial 

intelligence for agricultural monitoring. Deep learning 

models such as CNN, LSTM, ResNet, EfficientNet, 

YOLO, and attention networks have provided great 

results in crop disease detection and stress classification 

(Sharma et al., 2023; Chandraprabha and Dhanraj, 2023). 

Meanwhile, hybrid learning models have also made it 

possible to combine remote sensing with environmental 

data to have a better yield prediction (Gautam and Rani, 

2022). Nevertheless, the major problem with these 

approaches is that they focus either on crop stress 

classification or crop yield prediction alone (Hemamalini 

et al., 2025; Kamarudin et al., 2023). Moreover, there are 

also a number of methods that have relied on one image 

feature and did not optimize the relations between 

spectral, textural, spatial, and temporal features (Chandel 

et al., 2025; Wen and Ma, 2025). Another important 

limitation of the existing methods is that they do not 

effectively apply data mining approaches in agriculture. 

Even though the deep learning models can provide high 

level of accuracy, they are also regarded as black-box 

systems (Burchard-Levine et al., 2025). The relation of 

one's crop parameters such as characteristics of the crops, 

surrounding environment, and stress indicators is not 

studied through association mining or pattern recognition. 

In addition, most of these studies concentrate on the health 

of the crop only at a certain moment without taking into 

consideration the evolution of stress conditions 

(Fevgas et al., 2025; Kapari et al., 2025). 
The lack of complete stress assessment makes 

everything about these systems even less applicable in 

practice than it would otherwise be. To address this 

problem, this paper proposes a complete data mining 

approach to determine crop stress and predict yields based 

on images obtained during crop planting season. The 

approach suggested integrates image processing, feature 

extraction, association rule mining, deep learning, time 
series analysis, and multi-criteria decision making under 

one roof. At first, Adaptive Wiener Filtering is used to 

improve image quality. Secondly, Independent Principal 

Component Analysis (IPCA) captures useful features by 

lowering redundancy. Thirdly, FP-Growth algorithm is 

applied to detect correlation between features in order to 

find associations that can indicate plant stress. After this 

stage, the model, based on Convolutional Long Short-

Term Memory technology (ConvLSTM), maintains time 

and space correlation between the data to identify patterns 

in the way crops grow. In order to boost early crop 

reliability, early crop yield crop yield association. By 

exposing hidden correlations between crop attributes, the 

combination of deep learning and data mining approaches 

improves both interpretability and forecast accuracy. 

Additionally, temporal modelling makes it possible to 
continuously monitor the evolution of stress, which helps 

farmers and agricultural specialists to optimize resource 

usage and carry out prompt interventions. The suggested 

framework outperforms traditional machine learning and 

deep learning techniques in classification, according to 

experimental evaluation on the Wheat Disease dataset. 

The contributions of this paper are realized here: 

 

 This work employs IPCA for efficient extraction of 

discriminative spectral and textural features, 

improving the accuracy of stress characterization in 

large-scale agricultural fields 

 This work applies FP-Growth–based association rule 

mining to uncover frequent co-occurrence 

relationships among extracted features, enabling 

deeper understanding of factors contributing to crop 

stress 

 This work leverages a ConvLSTM-based anomaly 

detection model to identify unusual or stress-
indicative crop patterns over time, combining both 

spatial and temporal context for superior detection 

performance 

 This work integrates HMM based sequential pattern 

mining to capture temporal transitions in crop 

conditions and predict stress progression under 

dynamic environmental scenarios 

 This work incorporates MCDA to compute a holistic 

stress severity score by fusing multiple variables, 

offering a structured and interpretable assessment for 

decision-makers 

 

Literature Review 

Joshi et al. (2022) developed RiceBioS, a handheld 

device with deep learning capabilities that provides real-

time stress detection from images of rice on site. RiceBioS 

utilizes Edge-as-a-Service (EaaS) to determine whether 

images of rice plants are healthy or stressed, as well as the 
types of infections present (fungal infection, in this case, 

rice blast; and bacterial infection, here, bacterial leaf 

blight, or BLB) by using a "pruned" model and the 

following techniques: Automated Region of Interest 

detection, adaptive thresholding, and feature extraction 

based on a hierarchical masking system. 

Hamidon and Ahamed (2022) used the automated 

deep-learning technique of a single-stage object detection 
model to automatically find symptoms of tip burn. 

Multiple images taken in a variety of LED lighting 
conditions, including red, blue, and white lights, were 

collected, and a1080322333 images were augmented, 
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allowing for three detectors to be trained: CenterNet, 
YOLOv4, and YOLOv5. 

Mohammadi and Asefpour (2023) created a new 

method for identifying salinity- and drought-induced 

stresses in various species of cucumber plants. This 

method combines information about plant morphology 

(e.g., photographs of leaf samples), physiological and 

biochemical traits (e.g., relative water content, 

chlorophyll concentration, catalase enzyme activity, 

levels of anthocyanins, phenols, and proline), and 

microRNA markers (e.g., miRNA-156a, miRNA-166i, 

miRNA-399g, and miRNA-477b) to produce accurate 

classifications of plant stress using machine learning 

models consisting of support vector machine models that 

were optimized for maximum performance through a 

combination of genetic algorithms and particle swarm 

optimization algorithms. 

Azimi et al. (2021a) conducted research using deep 

learning methods to analyze changes in chickpeas’ visual 

representations caused by water stress. They developed a 

Convolutional Neural Network (CNN)/Long Short-Term 

Memory (LSTM) pipeline, training it with images taken 

at three different time periods (early, middle, late) up until 

five Months post-stress using two varieties of chickpeas 

(JG-62 and Pusa-372). The authors identified a set of 

spatiotemporal features that allowed their CNN-LSTM to 

successfully classify water stressed chickpeas. 

Azimi et al. (2021b) published research utilizing a 

phenotyping methodology based on shoot pictures to 

quantify plant stress response using deep learning 

techniques. They reported the effective use of a 23-

layered deep neural network, which achieved similar 

accuracy levels to several advanced models, such as the 

ResNet18 and NASNet, that had far greater parameter 

counts. 

Wang et al. (2024) published research in measuring 

four poplar seedlings with differing resistance to drought 

via five levels of stress, utilizing an autonomous 

phenotyping platform outfitted with both RGB-D and 

multispectral cameras to acquire side profile RGB/depth 

images and top profile multispectral images. Each 

seedling's color, texture, depth, spectral, and 

physiological characteristics were documented, and plant 

variety identification and drought stress diagnosis were 

performed using LSTM-based multi-label classification 

models and ResNet18- based LSTM/CBAM-LSTM 

classification models. 

Yang et al. (2025) introduced a deep learning 

architecture to use RGB leaf pictures to determine the 

degree of salt stress in soybean seedlings. The model 

performs dimensionality reduction to eliminate 

redundancy, combines a CNN with a Convolutional Block 

Attention Module to extract features, and employs a 

machine learning classifier to predict stress levels. 

Abdel-Salam (2024) used a hybrid model integrating 

advanced feature selection with an optimized Support 

Vector Regressor (SVR) is proposed as a framework for 

crop yield prediction. The design was to create a 

framework whereby the data is preprocessed, whereby the 

FMIG-RFE feature selection is incorporated to promote 

the prediction process by utilizing an Improved Crayfish 

Optimization Algorithm (ICOA) to optimize SER 

hyperparameters.  

Subramaniam and Marimuthu (2024) proposed an 

efficient deep learning-based framework for classification 

and dimensionality reduction of agricultural products in 

India. This model is a three-step procedure which includes 

the gathering, preprocessing as well as the dimensionality 

contraction of the data pertaining to the South Indian 

crops. In the preprocessing stage, the data obtained are 

normalized and cleansed and dimensionality reduced by 

using Squared Exponential Kernel PCA (SEKPCA). Also, 

a Weight Tuned Deep Convolutional Neural Network 

(WTDCNN) will be used to forecast the harvests of the 

most profitable crops.  

Nagesh et al. (2024) aimed to develop a successful 

Machine Learning model for yield prediction based on 

Precision Agriculture techniques. Various algorithms 

were tested and a complete automated framework of 

yield prediction was founded on the most relevant 

features. The extraction of features was done with the 

help of the Grey Level Co-occurrence Matrix (GLCM) 

and classification followed the AdaBoost Decision 

Trees, Artificial Neural Networks (ANN), and K 

Nearest Neighbor (KNN) techniques. The dataset 

consisted of 33 attributes pertaining to yield, rainfall, 

pesticide application and temperature of major crops all 

over the world which were retrieved through the Food 

and Agricultural Organization of the United Nations 

(FAO) and World Data Bank. 

Crop stress detection and crop output prediction have 

been greatly enhanced by recent developments in artificial 

intelligence, deep learning, remote sensing, and data 

mining. In terms of feature representation, temporal 

modeling, interpretability, and thorough decision support, 

current methods still have a number of drawbacks. The 

representative studies, their methods, benefits, and 

drawbacks are compiled in Table 1. 
The comparative study shows that recent 

developments have made significant advances in crop 

stress detection and yield estimation using techniques 
such as machine learning and deep learning. CNN 

provides good spatial feature extraction; techniques based 

on LSTM improve the analysis of the temporal sequence. 

Attention mechanisms and remote sensing technology 

allow raising accuracy of classification. Not less 

important are machine learning methods based on 

optimization. There are some important research issues, 

despite the advances achieved. 
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Table 1: Representative studies on crop stress detection and yield prediction: Methodologies, merits, and limitations 
Author Methodology Merits Limitations 

Joshi et al. (2022) Edge AI with CNN for rice 
stress detection 

Real-time stress identification 
with low computational cost 

Limited to rice crops and biotic stress; 
no temporal analysis 

Hamidon and 

Ahamed (2022) 

YOLOv4, YOLOv5, 

CenterNet 

Fast object detection with 

high localization accuracy 

Focused only on visible symptoms; no 

stress progression modelling 
Mohammadi and 
Vakilian (2023) 

SVM with GA and PSO 
optimization 

High classification accuracy 
using physiological and 
molecular features 

Requires laboratory measurements and 
cannot support large-scale field 
monitoring 

Azimi et al. (2021a) CNN-LSTM Captures spatial and temporal 
crop characteristics 

Evaluated only for water stress; limited 
interpretability 

Wang et al. (2024) ResNet18-LSTM with 
multisource images 

Utilizes RGB, depth, and 
multispectral information 

Does not explore feature association or 
sequential stress evolution 

Yang et al. (2025) CNN with CBAM Improved feature extraction 

using attention mechanisms 

Limited to salt stress and single crop 

species 
Abdel-Salam et al. 
(2024) 

Feature Selection with 
Optimized SVR 

Accurate crop yield 
prediction using optimized 
regression 

Does not incorporate image-based 
stress detection 

Subramaniam and 
Marimuthu (2024) 

SEKPCA with WTDCNN Efficient dimensionality 
reduction and crop 
classification 

Ignores temporal crop behaviour and 
association analysis 

Nagesh et al. (2024) GLCM with AdaBoost Simple implementation and 

good prediction performance 

Lower robustness under complex 

agricultural environments 

 

The majority of the presented approaches consider either 

crop stress detection or crop yield estimation but not both 

tasks combined. Another problem is that many models 

focus only on machine learning based on deep learning, 

while using data mining methodology would allow 

revealing new relations between the stress degree and the 

rest of stress-related issues. The models developed have 

limited explanatory power because they almost never 

utilize association rule mining or consider severity level 

of stress as a whole. Moreover, even though some 
recurrent models utilize temporal parameter, they do not 

analyze the long-term sequence of stress based on 

probabilistic learning method. Furthermore, the previous 

models apply traditional feature extraction techniques, 

which leads to higher amount of unneeded information 

and increases computational complexity. 

Problem Identification 

From the above literature review, it is quite evident 

that the existing crop monitoring systems suffer from 

many deficiencies. First, they do not have an integrated 

framework which can utilize spatial, spectral, temporal, 

and contextual data for a complete crop health monitoring 

process. Second, most of the conventional approaches do 

not include advanced feature extraction, association rule 

mining, anomaly detection model, sequential pattern 

mining, and decision-support systems into one 

comprehensive system. Third, the existing systems hardly 

have a good interpretability and low capability for the 

early stress severity assessment, which significantly limits 

their application within precision agriculture. Another gap 

is that the temporal evolution of crop stress is rarely 

modeled, which makes it impossible to predict future 

stress under the dynamic environmental conditions. Based 

on the above-mentioned gaps, it is obvious that there is a 

need for a new framework which would include Adaptive 

Wiener Filtering, Independent Principal Component 

Analysis (IPCA), FP-Growth association rule mining, 

ConvLSTM-based anomaly detection, Hidden Markov 

Models (HMM), and Multi-Criteria Decision Analysis 

(MCDA). 

Novel Contributions 

Even though much research has been done on using 

ML/DL techniques for detecting crop stress and 

predicting crop yield, most of the methods that currently 
exist focus mainly on either crop image classification or 

yield/disease prediction as standalone tasks. The proposed 

framework is a new, integrated, data mining-based 

architecture for detecting crop stress and predicting crop 

yield that allows for feature extraction, pattern discovery, 

temporal anomaly detection, sequential modeling of 

different types of stressors, and multi-criteria decision 

analysis to be performed in one combined functional 

process. The uniqueness of this framework comes from 

the way IPCA, FP-Growth, ConvLSTM, HMM, and 

MCDA are seamlessly integrated, allowing for a thorough 

analysis of spatial, spectral, and temporal characteristics 
of crops. The proposed framework has taken the approach 

of combining explainable, data mining techniques with 

deep learning in order to enhance the interpretation 

capability of the data and provide a more complete 

understanding of crop stress detection and yield 

estimation. By integrating MCDA into the proposed 

framework, a structured method for assessing the level of 

stress by using aggregated data from multiple stress 
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indicators has been introduced, instead of depending 

solely on the classification probabilities of stress and/or 

yield models for that assessment. Since both crop stress 

detection and yield estimation can now be done together 

in the proposed framework, it provides farmers with sufficient 
time to evaluate stress progression at an early stage and use this 

information to make timely agricultural decisions.  

Proposed Methods 

Crop stress detection and accurate yield prediction are 

indispensable constituents of precision agriculture that 

allow for the early detection of plant health issues and 

reliable production outcome forecasts. Modern techniques 
analyze spatial, spectral, and temporal data to help in 

continuous monitoring of crop conditions and in making 

effective decisions to improve agricultural productivity. 

However, farmers are mainly faced with several 

challenges, such as subtle or late visible symptoms of 

stress, variable weather conditions, noisy remote-sensing 

data, and limitations of traditional manual monitoring. 

These problems often culminate in delayed interventions, 

yield estimates inaccuracies, and inefficient resource 

management that create difficulties regarding sustaining 

stable and high crop productivity. This work proposes 

ways to overcome some of the challenges discussed by 

integrating multisource image data using advanced 

machine learning, deep learning, and data-mining 
techniques for early detection of stress indicators and 

modeling complex temporal patterns affecting yield. 

These intelligent methods can be applied to enhance the 

accuracy and provide real-time insights that could support 

proactive decisions, thus enhance crop health 

management and ensure sustainable yield prediction. The 

overall proposed architecture is depicted in Fig. 1. 

The framework’s processing pipeline contains 
sequential modules, each with the output of the previous 
module as an input to the next. The input acquired crop 
images go through a preprocessing stage to remove noise, 
improve contrast, normalize pixel intensity, and 
standardize dimensions. 

Next, the preprocessed images are processed in the 
IPCA module (to extract compact spectral and textural 
features). The extracted features are sent to the FP-Growth 
algorithm to mine for frequently occurring feature 
associations related to crop’s stress. 

 

 

 
Fig. 1: Overall Proposed Architecture 
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The mined associations are then processed with the 
ConvLSTM model to output detected anomalies and 
passed on to the HMM to link stress progression/changes 
through time. Lastly, the temporal predictions and 
extracted stress indicators will be used with the MCDA 
model to compute the stress severity score for accurate 
crop stress assessment and yield prediction. 

Pre-Processing 

Preprocessing the raw captured crop images using 
(field sensors, drones, and/or satellites) to enhance their 
overall quality, as well as provide more uniformity for use 
in the analytic applications will take place. The initial step 
in conducting this procedure is the resizing of all images 
to a pixel size of 224×224 for both standardization of 
spatial resolution and reducing computationally intensive 
requirements for training the machine learning models. 
This resizing allows all of the raw images from the crop 
field to be equalized in their dimensions while still 
preserving key details about the types of stress that crops 
undergo. Subsequent to resizing, an Adaptive Wiener 
Filter will remove noise that results from both 
atmospheric disturbances and sensor limitations along 
with illumination variances within the raw images while 
retaining important details about edges and textures. After 
this step, a contrast-enhancement operation will be 
completed to allow the visual identification of healthy and 
stressed areas of crops in the images through increased 
contrast of the images themselves, as well as enhanced 
visibility of the various details that indicate where there 
are lesions, discoloration, or other types of texture 
changes. To provide robustness of the model to 
inconsistencies that may result from variations in lighting, 
an RGB Normalization will be performed using 𝑋𝑛𝑜𝑟𝑚 =
𝑋/255. This operation will also provide a remedy for any 
potential variances due to brightness in crop images as 
well. In addition to the above operations, data 
augmentation procedures (rotation, flipping, scaling, 
cropping, and brightness changes) will be completed on 
the crop images to create additional unique images for 
inclusion within the overall dataset and to reduce the 
likelihood that any one crop image will be the primary 
cause of overfitting to one of the training models. Once 
this preprocessing has occurred for all raw crop images, 
they will then be available for feature extraction using an 
IPCA-based method to allow for the extraction of 
discriminating features from the data. The filtered output 
at pixel (𝑖, 𝑗)is computed using: 
 

𝑋̂(𝑖, 𝑗) = 𝜇𝐿 +
𝜎𝐿

2−𝜎𝑛
2

𝜎𝐿
2 (𝐼(𝑖, 𝑗) − 𝜇𝐿) (1) 

 
Where, 𝐼(𝑖, 𝑗)is the observed noisy pixel,𝜇𝐿and 

𝜎𝐿
2represent the local mean and local variance in the 

neighborhood window,𝜎𝑛
2 is the estimated noise variance, 

and 𝑋̂(𝑖, 𝑗)is the noise-reduced pixel value.This adaptive 
formulation ensures that regions with high variance 
(edges or textured crop areas) are minimally smoothed, 

while homogeneous regions receive stronger noise 
reduction. 

As a result, the pre-processed images exhibit improved 

clarity and enhanced feature integrity, providing a robust 

foundation for subsequent feature extraction, pattern 

mining, and stress detection within the proposed 

agricultural analysis pipeline. 

Feature Extraction 

Independent Principal Component Analysis is used as 

a robust feature extraction technique in the proposed 

framework to extract discriminative spectral and textual 

features out of high-resolution agricultural images. In 

contrast to the classical PCA, which only maximizes the 

variance in the description of the complex data, IPCA 

expands the latter idea and adds the concept of the 

identification of statistically independent components that 

are capable of describing the underlying structure of the 

complex agricultural data with more regularity. The 

images which are obtained with the help of remote sensers 

by satellites, drones and field sensors are always 

associated with redundant information, correlated spectral 

bands, and mixed textural patterns that may suggest poor 

health of the classification and stress detection analysis. 

In response to the above difficulties, on the one hand, 

IPCA will focus on breaking down the data of the input 

image into a list of independent components, each of 

which represents a distinct spectral signature or changes 

in texture that may have existed in the crop fields. This 

type of decomposition enables one to isolate meaningful 

patterns and noise and irrelevant information. The main 

elements are the orthogonal linear combinations of 

features that are originally present, and PCA is able to do 

so, by retrieving the eigenvectors and eigenvalues of the 

covariance matrix of the data. The eigenvectors are the 

major components and the nonpositive eigenvalues are 

the extent of the amount of varying explained by every 

principal component. After having computed the principal 

components, PCA projects the data onto the principal 

components, and achieves a potentially significant 

dimensional reduction of data. This projection has the 

largest possible amount of variability in the original data. 

Kernel PCA addresses the linear constraints by nonlinear 

kernel functions: It transforms data to a high dimensional 

space, which enables the extraction of nonlinear patterns 

that are complex. Improvement of this kind increases the 

power of the feature extraction process especially in 

identifying weak variation in agricultural images. 

Covariance Matrix Calculation 

Given a dataset 𝑋 with 𝑛 observations and 𝑝 

features, calculate the covariance matrix 𝐶 is expressed 

as per Eq. (2): 
 

𝐶 =
1

𝑛−1
(𝑋 − 𝑋̅)𝑇(𝑋 − 𝑋̅) (2) 
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Eigenvalue Decomposition 

The core operation of Kernel PCA is represented by 

the eigenvalue equation 𝐾̃𝛼 = 𝜆𝛼, where 𝐾̃is the centered 

kernel matrix, 𝛼is the eigenvector, and 𝜆 is the 

corresponding eigenvalue. This equation allows Kernel 

PCA to identify principal components in a high-

dimensional feature space without explicitly computing 

the nonlinear mapping. By using a kernel function such as 

the Gaussian RBF, the algorithm captures complex, 

nonlinear relationships present in agricultural images. 

Solving this eigenvalue problem reveals the directions in 

the transformed space that contain the most significant 

variation. These nonlinear principal components provide 

more discriminative spectral and textural features 

compared to traditional PCA, enabling improved 

detection of subtle crop stress patterns and more accurate 

yield prediction. 

Sort Eigenvalues 

Sort the eigenvalues in descending order and rearrange 

the corresponding eigenvectors accordingly. 

Select Principal Components 

Choose the first 𝑘 eigenvectors corresponding to the 𝑘 

largest eigenvalues to form the transformation matrix 𝑀. 

Project Data 

Project the original data X onto the new subspace 

defined by M to obtain the transformed dataset Y. In 

general, PCA diminishes the dimensionality of the dataset 

while maintaining the maximum variance. It finds the 

directions in the data where it varies the most-largely 

known as principal components-and then projects data 

onto these principal components to get all the vital 

information captured within this lower-dimensional 

space. The resultant independent components become 

compact and non-redundant feature representations that 

considerably enhance the power of subsequent data 

mining tasks such as association rule discovery, anomaly 

detection, and stress prediction. Besides this, IPCA 

enhances computational efficiency due to the reduction of 

dimensionality and preserves the important features 

useful for accurate crop health assessment. 

Association Rule Mining 

Mining association rules is a basic method in data 

mining and aims at finding appropriate rules that define 

relationships, correlations, and co-occurrences among 

large numbers of variables. The association rule mining 

technique is adopted within the proposed system for 

discovering meaningful associations among the spectral 

and textural features extracted from images representing 

the crops. The associations discovered help identify better 

insights into the inherent patterns causing stress 

conditions on the respective crops. The FP-Growth 

algorithm efficiently determines frequent itemsets with 

less generation and scan operations, as compared to 

Apriori, and creates a Frequent Pattern Tree. The 

algorithm contains: 

 

 Database Scan: Calculate the frequency of every item 

while eliminating those with frequency less than 

minimum support 

 Build FP-Tree: Develop a tree structure with a root 

node labeled as “null” and arrange the items based on 

frequency and then add them to the tree with common 

prefixes and connect same items 

 Mine FP-Tree: Beginning with low-root nodes, 

conditional pattern bases are created and conditional 

FP-Trees are made for frequent pattern mining 

 FP-Growth algorithm needs two passes on the 

database and does not have to generate candidates, 

making it more efficient and scalable, particularly for 

large databases. Yet, mining and traversing FP-Tree 

may be intricate and memory-consuming. Various 

criteria such as support, Rank Index, disassociation, 

antecedence, and confidence values are employed for 

ordering sets, assisting in understanding set frequency, 
relevance, independence, position, and association 

strength 

 

Anomaly Detection 

Anomaly detection on temporal agricultural images 

needs a model that can address spatial and temporal 

characteristics concurrently. The Convolutional Long 
Short Term Memory network, a method that effectively 

handles spatiotemporal sequences, will be used for this 

research. The ConvLSTM network is an extension of the 

regular LSTM network and uses convolution operations 

instead of fully connected operations for transitioning 

from input to state and from state to state. It becomes 

possible for ConvLSTM networks to maintain spatial 

locality while learning temporal relationships within a 

sequence of images. CNN represents a family of deep 

learning models that have shown an aptitude for learning 

and identifying meaningful features within raw data, 
including images. A CNN structure primarily consists of 

Convolutional Layers, Pooling Layers, Activation 

Functions, Fully Connected Layers, and an Output Layer. 

Convolution Layers apply filters on images, pooling 

Layers reduce feature spatial information, Activation 

functions introduce non-linearities within images, and 

Fully Connected Layers generate predictions. During 

learning sessions, CNNs optimize parameters via 

functions like Backpropagation and Gradient Descent 

methods. By so doing, CNNs have the possibility and 

ability to improve and optimize identifying and 
classifying objects within images. 



A. Josephine and A. Subhashini / Journal of Computer Science 2026, 22 (8): 2503.2518 

DOI: 10.3844/jcssp.2026.2503.2518 

 

2510 

A type of Recurrent Neural Network named LSTM 

(RNN) was developed with the intention of resolving the 

issue associated with the identification of long-term 

dependencies within input sequences. Due to its memory 

blocks. 

 

 Input Layer: It captures serial input data 

 Hidden Layer: It holds the LSTM cells for 

processing and storing information 

 Output Layer: It generates the resultant output based 

on the processed data 

 

The memory cells replace the basic cells that comprise 

regular RNNs. The basic cells in LSTMs include three 

gates: the forget gate, input gate, and output gate: 
 
 Input Gate: It controls the amount of new information 

that enters a memory cell 

 Forget Gate: It determines what needs to be removed 

from the memory cell 

 Output Gate: It varies the output based on the 

previous state and current value of the input 
 

The activation of each LSTM unit at time 𝑙𝑡is 
calculated using Eq. (3): 
 
𝑙𝑡 = 𝜎(𝑤𝑚𝑖,𝑙 ∙ 𝑥𝑡 + 𝑤𝑚ℎ,𝑙 ∙ 𝑙𝑡−1 + 𝑏𝑖) (3) 
 

The ConvLSTM model looks at sequences of crop 
images that were already prepared for use and learns how 

crops grow in a normal way. It will use a variety of 

different attributes to figure out how crops are changing 

during time. Any "anomalies" or changes from what the 

model previously learned to be the normal growth of crops 

can then be flagged as issues. Because ConvLSTM has the 

ability to deal with long-term time series data, it will help 

identify very small changes in the stress level of crops 

before the stress level is visible. Therefore, using the 

proposed method will provide a greater level of reliability 

and accuracy for monitoring stress on crops using large 

area monitoring systems. 

Sequential Pattern Mining 

Under this framework we will use Sequential Pattern 

Mining and Hidden Markov Models (HMMs) in order to 

model how crop stress evolves over time. HMMs are 

based on the principle of using probabilities to describe a 

sequence of events when we do not have access to the 

exact states of the system that generated the sequence. The 

hidden states represent different levels of crop stress or 

"stages," while the observed features are derived from 
analysis of images taken with various spectral and textural 

indicators. During the training phase, we build a dataset 

by taking time-series data from images taken 

consecutively, and this dataset is then used to train the 

HMM by estimating three key components of the model:  

(i) The transition probabilities of moving from one 

hidden stress state to another 

(ii) The emission probabilities which link hidden states 

to the patterns of features observed in each image 

(iii) The initial state distribution. After training, we can 
use the viterbi algorithm, or other similar 

algorithms, to make inferences about the most likely 

sequence of hidden stress states at any given time 
 

A core component of the Hidden Markov Model is the 

state transition probability, defined as: 
 
𝑎𝑖𝑗 = 𝑃(𝑆𝑡+1 = 𝑗 ∣ 𝑆𝑡 = 𝑖) (4) 
 

where:𝑆𝑡is the hidden stress state at time 𝑡,𝑖and 

𝑗represent possible stress levels (e.g., healthy, mild stress, 

severe stress),𝑎𝑖𝑗denotes the probability of transitioning 

from state 𝑖to state 𝑗in the next time step. 

Stress Severity Scoring 

The second stage in the proposed framework is to 

evaluate the amount of stress placed on each crop using 

the structured MCDA approach. The MCDA process 

provides an organized way to evaluate the number of 

variables affecting crops at one time and assigns a single 

severity score for crop stress via the aggregation of 

multiple, heterogeneous variables. These variables 

typically include the following: Spectral Index, Textural 

Index, Anomaly Probability, Time Transition, and 

Environmental Conditions that have been determined 

from the prior stages of evaluation. The above referenced 

indicators will initially need to be normalized prior to the 

aggregation process so that they will all be on an equal 

scale. Weighting for each variable will be determined 

based on how important the variable is to crop stress as 

determined by expert opinion or by statistical analysis of 

the prior evaluation. The individual criteria are then 

combined using a weighted aggregation function, 

allowing the model to take into consideration both direct 

and indirect factors that contribute to plant stress. The 

entire level of stress in a particular area or crop segment 

is accurately represented by the composite score that is 

produced. 
The overall stress severity score 𝑆can be calculated as: 

 
𝑆 = ∑ 𝑤𝑖

𝑛
𝑖=1  𝑥𝑖 (5) 

 
Where, 𝑛= number of stress-related criteria, 𝑥𝑖= 

normalized value of the 𝑖𝑡ℎcriterion (e.g., spectral index, 

anomaly probability, texture feature), 𝑤𝑖= weight 

assigned to the 𝑖𝑡ℎcriterion, such that 
 
∑ 𝑤𝑖

𝑛
𝑖=1 = 1 (6) 

 

Each criterion contributing to crop stress is first 

normalized and weighted according to its importance. The 
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weighted sum then produces a single composite score 𝑆, 

representing the overall severity of stress. Higher values 

of 𝑆indicate more severe crop stress. This scoring 
mechanism enhances decision-making by offering a 

transparent, multi-dimensional assessment that facilitates 

early intervention, resource prioritization, and adaptive 

management in precision agriculture environments.  

Results and Discussion 

The experiments were implemented in Python and the 
results demonstrate the effectiveness of the proposed 
framework in detecting crop stress and predicting yield 
with high reliability. Using Python 3.10 and deep learning 
and machine learning libraries like TensorFlow, Keras, 
and Scikit-learn, the suggested framework was put into 
practice. A machine with an Intel Core i7 CPU, 16 GB 
RAM, and a 12 GB NVIDIA RTX 3060 GPU was used 
for the experiments. With a batch size of 32, an Adam 
optimizer, and a learning rate of 0.001, the ConvLSTM 
model was trained for 100 epochs. To get the best results, 
hyperparameters were experimentally adjusted.  

For IPCA, 50 principal components that accounted for 
the majority of variance in the data were retained to 
extract features. For FP-Growth, the levels of minimum 
support and minimum confidence were established at 0.30 
and 0.80, respectively, in order to provide a trustworthy 
method of generating association rules. The ConvLSTM 
network consisted of three layers of ConvLSTM with 64, 
128, and 256 filters, and all three layers used a Kernel of 
size 3 × 3. Each layer was enhanced by batch 
normalization and dropout. The HMM (hidden markov 
model) included three hidden states for healthy condition, 
moderate stress condition, and severe stress condition 
(each of these being defined as a hidden state). The 
weights of the criteria with MCDA were determined using 
expert defined weights based on how much weight was 
assigned to the spectral, temporal, and anomaly-based 
indicators of crop stress evaluation. 

Dataset Collection 

For this research study, the data utilized came from the 
Mendeley Data repository. Field images of wheat crops 
dataset (Rahman and Rokonozzaman, 2025) that were 
annotated as high-resolution RGB, were collected under 
real agricultural conditions in Bangladesh. This data was 
chosen due to providing unambiguous definitions of the 
different categories of crop stress they contain and the 
various types of disease symptoms found in the data were 
taken under a variety of lighting and environmental 
conditions. Therefore, the annotated images in this dataset 
would serve well for conducting image-based crop stress 
analysis. In its original form, the dataset consists of 1,603 
images spread evenly over five categories of crop stress: 
Black Point, Fusarium Foot Rot, Healthy Leaf, Leaf 
Blight, and Wheat Blast. To rectify class imbalance issues 
and improve the robustness of a model predicting crop 

stress based on the images in the dataset, the following 
augmentation methods were implemented: Rotation, 
flipping, scaling, shifting, cropping, and colour/intensity 
variations. Therefore, the number of images in each 
category increased to 1,000 images per category, for an 
overall total of 5,000 images in the final dataset. The 
preparation of the dataset included only the highest 
quality images, as defined by: Distinguishable crop 
disease symptoms; good image illumination; and correct 
annotations of the images. Images were then removed 
from the dataset based on the existence of one or more of 
the following: Blurry images; duplicate images; occluded 
images; or incomplete images. The removal of bad images 
from the dataset served to reduce overall noise and 
ambiguity in the collected image dataset. The final dataset 
was divided into three subsets (70%, 10%, 20%) using 
stratified random sampling techniques to ensure equal 
representation of classes within each of the three subsets, 
including: Training data (3,500 images); Validation data 
(500 images); and Testing data (1,000 images). Utilizing 
stratified random sampling techniques ensured that 
learning was at least balanced and that reliable 
evaluation of the proposed crop stress detection 
framework could be achieved. 

Fig. 2 shows pictures of the five wheat diseases, which 

are Black Point, Fusarium Foot Rot, Healthy Leaf, Leaf 

Blight, and Wheat Blast. Such pictures represent the 

differences in disease symptoms, lesion morphology, 

color, and texture. The differences used for detecting 
distinguishing features needed in classification. Fig. 3 

shows the usefulness of the method used for 

preprocessing images. The Adaptive Wiener Filter allows 

obtaining better results because of illumination 

correction, contrast enhancement, noise reduction, and the 

through color normalization. The improvement of image 

quality allows classifying plants through feature 

extraction and other purposes. The good quality images 

enable feature extraction and classification of crops. For 

example, Black Point has high contrast ratio in healthy 

tissue and areas affected. 

Healthy leaf images have more uniform color 

distribution and crisper venation patterns, which reduces 

the risk of false positives during categorization. 

Preprocessing improves disease borders, discoloration 

patterns, and necrotic areas for Leaf Blight and Wheat 

Blast, making it possible to differentiate subtle infections 

from stress states that are visually identical. As a result, 

the extracted spectral and textural features become more 

discriminative, enhancing the performance of the ensuing 

FP-Growth, ConvLSTM, HMM, and MCDA modules and 

allowing IPCA to provide higher-quality feature 

representations. This enhancement is reflected in the high 

classification accuracy of 98.9%, suggesting that adequate 

preprocessing plays a vital role in strengthening the 

resilience and reliability of the proposed crop stress 

analysis framework. 
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Fig. 2: Sample Images of Wheat Crop Stress Classes 
 

 
 
Fig. 3: Original vs. Preprocessed Image Comparison for Each 

Class 
 

Performance Evaluation Metrics 

To comprehensively evaluate the performance of the 

proposed crop stress analysis framework, several 

classification and regression evaluation metrics were 

employed. Accuracy measures the proportion of correctly 

classified samples and is computed as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 
Where TP, TN, FP, and FN denote true positives, true 

negatives, false positives, and false negatives, 
respectively. 

Precision evaluates the correctness of positive 
predictions: 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 
While Recall measures the ability of the model to 

correctly identify positive samples: 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 
The F1-score, which balances Precision and Recall, is 

calculated as: 
 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 
For yield prediction, regression performance is 

evaluated using Root Mean Square Error (RMSE): 
 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)2 

 
Mean Absolute Error (MAE): 

 

𝑀𝐴𝐸 =
1

𝑁
∑ ∣

𝑁

𝑖=1

𝑦𝑖 − 𝑦𝑖 ∣ 

 
And the Coefficient of Determination (R²): 

 

𝑅2 = 1 −
∑(𝑦𝑖 − 𝑦𝑖)2

∑(𝑦𝑖 − 𝑦̄)2
 

 
Where 𝑦𝑖is the actual yield, 𝑦̂𝑖is the predicted yield, 

and 𝑦̄is the mean of the actual values. In addition, the Area 
Under the Receiver Operating Characteristic Curve 
(AUC) is used to assess the model's ability to distinguish 
between crop stress classes, with higher AUC values 
indicating better classification performance. 

Fig. 4 depicts the training process of the model and its 
accuracy and loss convergence. The loss values for both 
training and validation datasets are reducing uniformly, 
and it clearly shows that an efficient learning process with 
valid pattern recognition is being achieved. 
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Fig. 4: Training vs. Validation Loss and Accuracy Curve 

 

The fact that the gaps between these two graphs are 

reducing signifies efficient generalization with negligible 

overfitting. Additionally, it can be seen that the accuracy 

values for both the training and validation datasets are 

rising with every epoch, indicating that efficient 

discriminatory feature extractions are being achieved for 

successful classification of wheat stress types. The 

accuracy graphs are almost converging, signifying 

efficient learning. 

Figure 5 shows a confusion matrix representing 

classification accuracy on five classes of wheat types: 

Healthy, Leaf Blight, Wheat Blast, Fusarium Foot Rot, 

and Black Point. The values on the diagonals identify 

perfectly classified instances for every class, reflecting 

superior classification abilities. Little misclassifications 

exist, signifying efficient addressing of inter-class 

similarities. Figure 6 highlights the accuracy of the 

designed yearly prediction model for grain production. 

The plot identifies instances' actual production against 

predicted production. Tight grouping with the regression 

equation on the diagnostic plot establishes an extremely 

correct prediction rate. RMSE (0.27), MAE (0.22), and R² 

(0.975) confirms that it effectively identifies production 

rates and establishes highly correct predictions with 

negligible error margins. 

Fig. 7 highlights the accuracy and F1-score value of 

the devised model and traditional approaches like CNN, 

RF, LSTM, and SVM. From Fig. 7, it can be seen that the 

devised model represents maximum accuracy and F1-

score value and thus outperforms all other approaches. 

Fig. 8 depicts an ablation study that analyzes the efficacy 

of the devised components, namely IPCA and FP-Growth, 

and their combination with a traditional CNN model. All 

three modules increase accuracy and F1-score value. 

However, it can be seen that the devised model with all 

three modules represents maximum accuracy and an F1-

score value of 98.8%.  

 
 
Fig. 5: Confusion Matrix of Crop Stress Classification 

 

 
 
Fig. 6: Actual vs. Predicted Yield Scatter Plot 
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Fig. 7: Classification Performance Comparison with Existing 

Models 

 

 
 
Fig. 8: Ablation Study: Impact of Different Components 

 

The performance comparison in Table 2 shows the 

accuracy and F1-score obtained using various machine 

learning algorithms for crop stress classification. The 

traditional methods like CNN, RF, LSTM, and SVM 

result in superior performance with an accuracy ranging 

from 92.0 to 97.5%. Out of these models, it can be seen 

that SVM performs better with an accuracy value of 

97.5%, and the F1-score value of 97.2%. But it is clear 

that the proposed method performs significantly better 

compared to previous methods with an accuracy value of 

98.9%, and an F1-score value of 98.7%, which clearly 

illustrates the superiority and accuracy of the proposed 

method compared to traditional ones. 

Enhanced effectiveness of suggested system is due to 

combination of number of techniques from data mining 

and deep learning. Implementation of Adaptive Wiener 

Filter helps to filter noise from crop images without 

neglecting essential objects in the crops. Employing IPCA 

makes it possible to filter independent and informative 

spectral-textural features from the input data and to get rid 

of duplicates because assurance of sufficient 

discriminative ability of the obtained data is very 

important for the process. Application of FP-Growth 

algorithm combines stress-related features together and 

allows to obtain the additional information to make 

distinction between two or more classes. Use of 

ConvLSTM makes it possible to analyse the initial data in 

terms of both space and time. Hidden Markov model 

enables tracking stress evolution for some period of time 

and this provides more accuracy in prediction. 

Simulation of the above-mentioned models increases 

the overall performance of the new methodology in 

comparison with the conventional CNNs and support 

vector machines. 

As observed in Fig. 9, each curve visualises the Receiver 

Operating Characteristic (ROC) of each class of crop stress. 

Each ROC curve is positioned such that the higher the curve, 

the closer the curve is towards the top left corner, thus 

demonstrating a high sensitivity and specificity. 
The respective Area Under the Curve (AUC) of each 

of the classes support excellent ability to optimally 

separate the classes i.e., Black Point (0.98), Fusarium 

Foot Rot (0.97), Leaf Blight (0.95), Wheat Blast (0.96) 

and Healthy (0.99). Overall, the results outlined above 

show that the models demonstrated excellent multi-class 

discrimination power. 

The precision-recall behavior across classes is shown 

in Fig. 10, which is especially helpful for datasets that are 

unbalanced. The model correctly identifies stress classes 

with few false positives and false negatives, as shown by 

the high precision and recall curves. Healthy (0.97), Leaf 

Blight (0.90), Wheat Blast (0.94), Fusarium Foot Rot 

(0.95), and Black Point (0.96) AUC-PR results support 

performance stability under different class distributions. 

The results from the ablation study shown in Table 2 

prove that all components have a positive impact on the 

accuracy. The use of IPCA achieves a representation of 

the features that is free from redundant spectral 

components, enhancing the classifications by 2.8%. FP-

Growth enhances the discriminative features through the 

identification of frequently occurring relationships among 

the features. 
 
Table 1: Performance Comparison of Existing and Proposed 

Models 

Model Accuracy (%) 
F1-Score 

(%) 

CNN 92.0 91.0 
Random Forest 95.0 94.0 
LSTM 96.0 95.5 
SVM 97.5 97.2 
Proposed Model 98.9 98.7 

 
Table 2: Ablation Study 

Method Accuracy F1-score 

CNN 92.0 91.0 
CNN + IPCA 94.8 94.2 
CNN + IPCA + FP-Growth 96.5 96.0 

CNN + IPCA + ConvLSTM 97.6 97.2 
CNN + IPCA + ConvLSTM + 
HMM 

98.4 98.1 

Full Proposed 98.9 98.7 
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Fig. 9: ROC Curves for Different Crop Stress Classes 
 

 
 

Fig. 10: Precision Recall Curves for Each Crop Stress Class 

 

Use of ConvLSTM enhances the detection of temporal 

anomaly detection, while HMM detects evolutions of 

stress over time. Deleting the HMM reduces the overall 

accuracy of detection from 98.9% to 98.4%, showing that 

the sequential approach significantly impacts the accuracy 

of prediction. 

The proposed design takes about 0.54 seconds to 

analyze one high-resolution image; thus, it is acceptable 

for almost real-time crop analysis. The majority of the 

time is taken by ConvLSTM inference while the 

additional time needed by IPCA, FP-Growth and MCDA 

is insignificant. 
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Conclusion 

Research has established a framework for paradigm of 

image-driven crop stress and yield prognosis, which 

combines the use of data mining methods and deep 

learning techniques in the analysis of crops. The 

application of the framework has shown that the proposed 

model provides 98.9% of correctness in classification 

together with 98.7% of the F1 score in the given 

conditions. The experimental results show that the 

proposed framework yields better results that any of the 

previously known data mining approaches to the problem, 

including CNN, Random Forest, LSTM, and SVM 

models. Though the framework shows its great potential, 

it also has the drawbacks as this study has been conducted 

using one wheat disease dataset that contains only images 

collected in RGB format. The use of the one crop dataset 

greatly limits the application of the proposed system to 

other crop kinds, regions, and conditions. The application 

of the proposed system has also been limited due to its 

offline experimental application, and it is still not used for 

the real-time agriculture. The directions of future research 

will involve the drawing on multispectral, hyperspectral, 

thermal, and other UAV-based images. The integration of 

Transformer-based deep learning models, Explainable 

Artificial Intelligence (XAI) approaches, Federated 

Learning, and edge-enabled IoT systems will further 

boost model interpretability, scalability, privacy, and real-

time decision support. Additionally, it facilitates the 

collection of practical crop-accurate practical crop 

systems. 

Limitations and Scalability 

Although the framework proposed is effective at 

detecting crop stress and yield forecasting, there are a 

number of computational factors that need to be considered 

in order to enable large-scale implementation. For example, 

the ConvLSTM model will require a lot of computation 
power and GPU memory capabilities to carry out its 

operation on a long sequence of temporally-ordered images. 

This fact will likely increase training time due to the large 

amount of agricultural image data present today. 

Additionally, the FP-Growth will create large FP-trees with 

increases in the number of features and transactions 

extracted, causing memory usage to increase considerably. 

Even though utilizing IPCA to reduce dimensionality of 

features and thus improve computational efficiency, the 

entire framework is computationally intensive as it integrates 

several analytical modules into one framework. Therefore, at 

the currently available computational resources, edge 
devices (especially those with less available computational 

resources) would not be capable of deploying the model in 

real-time. Therefore, model-compression, lightweight 

architectures, or hardware acceleration techniques will likely 

be the only means through which models could be deployed 

from edge devices in real-time. However, the framework can 

be effectively deployed to cloud-based or high performance 

computing environments to provide extensive agricultural 

monitoring of large geographic areas. 

Practical Applications and Future Work 

The new framework will help farmers use modern 

technology to improve farming efficiency by using drone 

imagery, satellite monitoring, and on-site sensors to 

continuously check how crops are growing across huge 

farms. Farmers often apply irrigation, fertilizers, or 

pesticides to large portions of their fields and it can be 

difficult for them to see which crops need help because of 

all the land they have to manage. The Stress Severity 

Scores that this system creates will help farmers and other 

agricultural professionals identify which areas of their 

farms have poor crop conditions, so that they can 

prioritize which areas to inspect in the field and only apply 

products where needed. This process will help them 

reduce the cost of applying these inputs and make better 

use of their resources. By using cloud-based applications, 

this could allow for continuous monitoring across 

multiple farms, and also enable the use of lightweight 

deep learning models and edge computing in the future to 

make real-time decisions directly at the farm. Coming up, 

we will be using multiple crop datasets from different 

environments to validate our framework, and improve the 

efficiency of our framework for real-world use in smart 

agriculture settings. 
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