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Thesis Abstract

Climate changes and nutrient deprivation severely impact crop production by increasing

heat and water deficit stress, altering soil nutrient availability, and reducing the nutri-

tional content of crops, leading to lower yields. Traditional stress monitoring approaches

rely heavily on manual scouting or complex laboratory analyses, which limit scalability in

real-world agricultural settings. This thesis establishes a suite of explainable, lightweight

deep learning frameworks tailored for field-based stress identification and severity assess-

ment to address these limitations. The research proposes an explainable deep learning

pipeline for UAV-acquired RGB imagery in drought stress detection. A pre-trained CNN

backbone, with custom layers, is used for dimensionality reduction and improved general-

ization. Gradient-based visualizations inspired by Grad-CAM are integrated to highlight

the model’s internal focus, enhancing interpretability and trust. This framework out-

performed conventional CNN-based methods in natural agricultural conditions. Besides,

an explainable Vision Transformer (ViT) framework is introduced, leveraging both an

end-to-end ViT architecture and a hybrid ViT-SVM pipeline. The attention mechanism

in ViTs enables precise identification of spatial regions within field images affected by

drought stress, further strengthening model transparency and classification accuracy. To

refine efficiency for deployment in resource-limited agricultural environments, a novel

lightweight hybrid CNN is designed, inspired by ResNet, DenseNet, and MobileNetV2.

This model achieves a 15-fold reduction in trainable parameters while retaining com-

petitive accuracy. Performance is further enhanced through a gradient-guided machine

unlearning mechanism, which systematically removes non-contributive training samples

based on gradient magnitudes, reducing misclassification errors and improving robustness.

Beyond drought detection, the thesis addresses nitrogen stress severity under combined

stressors such as drought and weed competition. Two pipelines were developed using

multimodal imaging datasets (RGB, multispectral, and infrared): a MobileNetV2-based

spatial classifier and a MobileNetV2-LSTM hybrid for spatio-temporal modeling. The

CNN-LSTM pipeline captured complex interactions between nutrient deficiency and other

stresses, demonstrating superior accuracy in severity classification. Overall, this thesis

contributes lightweight, interpretable, and scalable AI frameworks for stress monitoring,

offering actionable insights for precision agriculture and supporting resilient, sustainable

crop production.

Keywords: {Plant-stress Detection, Abiotic Stress, Precision Agriculture,

Machine Learning, Deep Learning, Explainable AI}
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Chapter 1

Introduction

Agriculture is the backbone of global food security, yet it is increasingly threatened

by climate change, land degradation, and a rapidly expanding population. One of the

most pressing consequences of these challenges is the prevalence of plant stresses, which

hinder crop growth, reduce yield, and threaten food sustainability. Plants experience

stress when environmental conditions deviate from the optimal range, leading to mor-

phological, physiological, and biochemical disruptions [2]. Such stresses may be biotic,

caused by pathogens, pests, or weeds, or abiotic, resulting from environmental or chemi-

cal factors; in practice, plants often encounter these stresses simultaneously [3]. Abiotic

stresses—including drought, salinity, heat, cold, flooding, nutrient deficiency, and heavy

metal contamination—pose major threats to agricultural productivity worldwide [4, 5, 6].

These stresses not only diminish yield but also impair grain quality, nutritional value, and

resistance to secondary infections. Importantly, in real-world conditions, plants rarely ex-

perience stresses in isolation; rather, they frequently face multiple concurrent challenges,

such as drought combined with heat or nitrogen deficiency coupled with weed competi-

tion [3, 5, 7]. This complexity emphasizes the urgency of developing robust, non-invasive,

and scalable methods for stress detection, classification, and monitoring in crops, thereby

enabling strategies for more sustainable and resilient agriculture.

Phenotyping—the precise measurement of plant traits such as morphology,

physiology, and biochemical responses—is a cornerstone of stress research. Traditional

methods rely heavily on manual, destructive sampling techniques such as chlorophyll as-

says or root excavations, which are labor-intensive, time-consuming, and unsuitable for

large-scale studies [8]. Moreover, these methods lack temporal resolution, making it diffi-

cult to monitor stress progression over time. To overcome these limitations, non-invasive

imaging-based phenotyping technologies have emerged as powerful alternatives [9, 10]. By

capturing plant traits at cellular, organ, canopy, and field levels, these technologies pro-

vide rapid, scalable, and accurate insights into stress responses [11, 12]. High-throughput

phenotyping (HTP), enabled by advanced sensors, drones, and automated platforms, al-

lows for the evaluation of thousands of genotypes in a short time [13, 14]. This shift from
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destructive sampling to image-driven digital phenotyping marks a paradigm change in

plant science, where the focus is no longer on mere data collection and analysis alone,

but on extracting meaningful biological insights from vast datasets [15, 16, 17].

The advent of advanced sensors and UAV-mounted platforms has greatly en-

hanced the precision of stress detection in plants. Imaging techniques now provide non-

invasive and non-destructive approaches for assessing plant stress, utilizing modalities

such as red-green-blue (RGB) imagery [18], thermal imaging [19], fluorescence imaging

[20], multispectral, and hyperspectral imaging [1]. The integration of multiple sensing

modalities enriches the detection of physiological responses, while spatio-temporal imag-

ing—tracking changes over time—enables the early detection of stress conditions before

visible symptoms appear [7, 21].

The rapid accumulation of high-dimensional imaging datasets has created

challenges and opportunities in data management, analysis, and interpretation. While

traditional machine learning techniques remain valuable for small datasets, deep learning

models - particularly convolutional neural networks (CNNs) [9], CNN–LSTM hybrids[22],

and Vision Transformers (ViTs)[23] - have emerged as state-of-the-art due to their abil-

ity to learn hierarchical and discriminative features. These models have substantially

improved the accuracy of stress detection across modalities, yet challenges persist. Many

deep learning architectures are computationally intensive, requiring large numbers of

trainable parameters, which constrains deployment in field settings. Moreover, their

“black-box” nature limits interpretability and explainability, reducing trust and usability

for breeders, agronomists, and farmers [24, 25, 26]. These gaps highlight the importance

of developing lightweight and explainable multimodal frameworks, capable of generalizing

across diverse crops and environments.

Among abiotic stresses, drought and nutrient deficiencies (especially nitro-

gen) are particularly devastating. Drought severely reduces crop productivity by impair-

ing photosynthesis, transpiration, and water-use efficiency [27], and is one of the most

widely studied stressors. Nitrogen stress, conversely, reduces chlorophyll content, ham-

pers growth, and degrades grain quality [28]. By addressing these two major stresses, AI-

enabled imaging systems can directly contribute to climate-resilient and resource-efficient

crop production. This thesis therefore reviews imaging-based ML and DL approaches for

abiotic stress phenotyping, identifies research gaps, and focuses on advancing solutions

tailored to drought identification and nitrogen stress severity classification.
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1.1 Review of Literature

This section reviews the advances in plant stress phenotyping with a focus on imaging

technologies, machine learning (ML), and deep learning (DL) methods applied to abiotic

stress classification. The literature is organized thematically, beginning with imaging

modalities used in phenotyping, followed by computational approaches in ML and DL.

Subsequently, stress-specific studies are discussed with emphasis on drought and nitrogen

stress, while other abiotic stresses such as salinity, heat, nutrition and heavy metals are

also highlighted. The chapter concludes with multimodal and spatio-temporal frame-

works, before synthesizing critical insights to identify gaps addressed by this thesis.

1.1.1 Imaging Modalities in Plant Stress Phenotyping

Various imaging techniques such as hyperspectral, fluorescence, RGB, X-ray and ther-

mal imaging target specific wavelengths of light to detect important plant biochemicals

including chlorophyll, proteins, polyphenols, nitrate, sugar, and water content. When

light hits a plant leaf, it interacts in several ways: some light is absorbed by the leaf

to drive photosynthesis and other physiological processes; some light is reflected either

as specular reflection (mirror-like) or scattered (diffused) reflection; and some light is

transmitted through the leaf to the other side. Imaging detectors capture this reflected

or transmitted light, allowing analysis of plant properties based on the wavelengths and

intensity of the light [1]. This approach leverages the unique spectral signatures of plant

biochemical compounds and physiological traits, enabling detailed non-destructive mon-

itoring of plant health and stress status through absorption, reflection, and transmission

measurements as summarized in Fig. 1.1.

The biochemical characteristics of plants have long been associated with spe-

cific wavelengths of light that crops reflect and absorb within the visible and near-Infrared

(NIR) spectra [29]. As a result, a range of sensors such as RGB, multispectral, hyperspec-

tral, magnetic resonance imaging(MRI), X-ray Computed Tomography (CT), positron

emission tomography(PET), light detection and ranging(LiDAR) are employed to detect

traits associated with relevant abiotic stress. For instance, visible RGB imaging provides

essential morphological and color information related to biomass and senescence but has

limited spectral range and is influenced by lighting conditions[30]. Thermal imaging of-

fers a potential avenue for effectively screening crop varieties that exhibit resistance to

drought, tolerance to saline conditions, or cold resistance by assessing leaf temperatures

[19, 31]. Multispectral and hyperspectral imaging offers spectral data concerning a range

of parameters associated with physiological and biochemical characteristics. These pa-

rameters include but are not limited to the leaf area index (LAI), crop water content,

leaf/canopy chlorophyll content, and nitrogen content [32, 33]. Fluorescence imaging eval-
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Figure 1.1: Spectral regions and imaging techniques used to assess plant biochemical and
physiological traits[1]
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uates photosynthetic efficiency by measuring chlorophyll fluorescence parameters and is

useful for detecting photosynthetic stress but may require careful calibration and is influ-

enced by environmental factors[30]. 3D imaging provides spatial and internal structural

information, important for detailed morphological and anatomical assessment, yet tends

to be resource-intensive and lower throughput[10]. Amongst the imaging based technolo-

gies, hyperspectral imaging is gaining much space as it provides the ability to measure

traits across a wide range of wavebands simultaneously, enabling more detailed character-

isation of plant performance and environmental interactions [1]. Incorporating data from

multiple sensing modalities enriches the information available, enabling more effective

assessment of abiotic stress.[34].

1.1.2 Machine Learning and Deep Learning in Stress Pheno-

typing

With the increasing availability of multi-modal imaging data—such as RGB, thermal,

hyperspectral, and fluorescence images—machine learning (ML) and deep learning (DL)

techniques have emerged as powerful tools for extracting meaningful patterns and pre-

dicting stress conditions. ML approaches offer robust analytical capabilities for stress

classification, prediction, and pattern recognition, while DL models, particularly convo-

lutional neural networks (CNNs), have demonstrated superior performance in processing

complex image data and learning hierarchical features directly from raw inputs. Advanced

DL techniques like Vision Transformers (ViT) and hybrid CNN-ViT models are excelling

in plant stress detection by capturing complex, high-dimensional data and long-range

dependencies[23]. ViT models, by treating images as patches, offer superior performance

in tasks like disease detection[35]. Additionally, CNN-LSTM models are effective for

tracking the temporal progression of stress traits, capturing the time-dependent changes

in plant health due to environmental or disease factors[36]. These combined models

enhance both spatial and temporal plant stress analysis.

The evolution of ML methods in plant phenotyping has expanded from tradi-

tional supervised and unsupervised learning to advanced paradigms such as active learn-

ing [37], transfer learning [38], few-shot learning [39] and semi-supervised learning [40].

These approaches address practical challenges such as limited labeled data and high

variability in field conditions. For instance, transfer learning enables the adaptation of

pre-trained models on large plant datasets to specific stress-related tasks, significantly re-

ducing the need for extensive labeled training data [38]. Furthermore, there is increasing

emphasis on developing lightweight and interpretable DL models suitable for real-time

deployment on edge devices like drones and mobile platforms. Explainability methods

are being integrated to provide transparent decision-support, helping agronomists trust

and act upon AI model predictions in precision agriculture.
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Figure 1.2: Non-invasive Abiotic Stress Phenotyping with Machine Learning

The Fig.1.2 presents a comprehensive workflow of non-invasive sensor-based

abiotic stress phenotyping, linking platforms, sensing modalities, traits, and machine

learning applications as observed in literature. Platforms range from handheld devices

and controlled environments to ground-based and aerial systems (e.g., UAVs), enabling

larger-scale and higher-frequency phenotypic observations. Sensing modalities span 1D

(spectroscopy, ChlF), 2D (RGB, hyperspectral, multispectral, thermal-IR, ChlF imag-

ing), and 3D (LiDAR, X-ray CT, MRI, PET) phenotyping approaches. These modalities

capture spatial, spatio-temporal, and spectral attributes, including spectral and RGB

indices, to quantify traits such as canopy temperature, root and leaf morphology, stom-

atal conductance, water-use efficiency, chlorophyll content, osmotic adjustment, photo-

synthetic efficiency, antioxidant activity, and nutrient content. Extracted features are

processed through single- or multi-modal machine learning methods (supervised, un-

supervised, semi-supervised, active, and transfer learning) for tasks such as identifica-

tion/classification, regression/prediction, clustering, and severity assessment. Collec-

tively, this pipeline enables high-throughput detection and analysis of key abiotic stresses

including drought, heat, salinity, cold, flooding, toxicity, nutrient deficiency, and wilting.
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1.1.3 Stress-Specific Studies

1.1.3.1 Drought Stress

Water stress may arise as a result of two conditions, either due to excess of water or water

deficit. The more common water stress encountered is the water-deficit stress known as

the drought stress [6]. Drought is a major abiotic stress factor that affects the growth

and development of plants [41].

Early work by Zhuang et al. [42] relied on segmentation, color, and texture

feature extraction combined with a gradient boosting decision tree (GBDT) to detect

water stress in maize. A follow-up study demonstrated that a deep convolutional neural

network (DCNN) outperformed GBDT on the same dataset [43]. Random Forest (RF)

has also proven effective in relating spectral bands and vegetation indices to physiological

traits such as foliar temperature and stomatal conductance. Brewer et al. [44] used

UAV-derived spectral variables for maize, optimizing RF with 500 trees and selected

variable subsets to predict temperature and stomatal conductance. Similar ML regression

approaches have been used in hyperspectral studies: Asaari et al. [45] linked normalized

hyperspectral profiles to four physiological traits (water potential, effective quantum yield,

stomatal conductance, transpiration) using PLSR, Kernel Ridge Regression (KRR), and

Gaussian Process Regression (GPR). Partial Least Squares Regression (PLSR) has also

been employed to predict leaf stomatal conductance, transpiration, and photosynthesis

by integrating hyperspectral, thermal, and canopy height data across soybean and maize,

identifying crop-specific sensitive variables [46].

To reduce complexity and labeled data requirements, many studies focus on

selecting hyperspectral bands most sensitive to drought. Sankararao et al. [47] introduced

an ensemble method for waveband selection followed by stress classification in groundnut

canopies. Dao et al. [48] further demonstrated the value of using first-order derivative

spectra over full spectra, enabling deep learning models to better capture subtle drought-

related changes compared to traditional spectral indices. Schmitter et al. [49] proposed

an unsupervised domain adaptation framework that allowed ordinal SVM models trained

on one dataset to generalize across species (barley, maize), environments, and sensors,

improving early stress detection.

DL has consistently outperformed conventional ML in phenotyping. For in-

stance, Ramos-Giraldo et al. [38] used DenseNet-121 to classify soybean drought severity

into five wilting levels. Azimi et al. [21] developed a CNN-LSTM hybrid model for

chickpea stress stages, while another study combined VGG16/InceptionV3-based CNN

feature extractors with LSTM for chickpea shoot images [50]. Chandel et al. [51] com-

pared AlexNet, GoogLeNet, and Inception V3 for maize, okra, and soybean, reporting

7

TH-3930_186106001



GoogLeNet as most accurate.

Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

Hyperspectral
RF, SVM,

XGB

Spectral

(canopy)
Groundnut

Waveband

identifica-

tion and

stress clas-

sification

[47]

Spectroscopy
DT, RF,

XGB

Spectral Re-

flectance

Arabidopsis

thaliana
Classification [26]

Direct Measure-

ment/Manual

Phenotyping

KSC, k-NN,

RF
Root Traits Faba Bean

Classification,

Clustering
[52]

Chlorophyll Fluo-

rescence

DT, RF,

SVM, LR,

LDA, NB,

GB, k-NN

Chlorophyll

fluorescence

(PSII), tex-

ture/GLCM,

morphologi-

cal features,

correlation-

based fea-

tures, and

colour per-

centage of

various nine

bands

Wheat Classification [53]

Hyperspectral

K-means

Clustering,

SVM

Vegetation

Indices (VI)
Barley

Classification,

Clustering
[54]

Hyperspectral
PLSR, GPR,

KRR

Hyperspectral

reflectance

data

Maize Regression [45]
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Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

RGB, IR-

Thermal, Multi-

spectral

SVM

NDVI,

gNDVI,

temperature,

color hue,

color satura-

tion, canopy

size and plant

height

Soybean Classification [55]

RGB CNN, SVM

Color and

Texture

Features

Maize

Classification,

Quantifica-

tion

[56]

RGB
CNN, SVM,

RF

Plant Area,

Plant Height,

Plant Width,

Center of

Mass Hori-

zontal Dis-

tance (CM

width), Cen-

ter of Mass

Height (CM

height), Plant

Mass

Soybean Classification [57]

RGB CNN-LSTM Spatiotemporal Chickpea Classification [50]

Table 1.1: Drought/Water Stress and Machine Learning Models

Wilting has emerged as a robust phenotypic marker. Pathan et al. [58] intro-

duced severity scoring (0–4), later operationalized through transfer learning on DenseNet-

121 [38]. Yang et al. [57] extracted color, shape, and stem-based metrics from segmented

RGB images of plants, which were classified using RF, SVM, and CNNs. Zhoua et al.

[55] combined UAV RGB, thermal, and multispectral features (NDVI, gNDVI, canopy

size, hue, temperature) in an SVM model that achieved up to 0.9 accuracy in classifying

fast- vs slow-wilting soybean genotypes. Xiang et al. [59] extended this by segmenting

3D point clouds into plants and leaves for trait extraction, applying classifiers such as

LASSO+Logistic regression, RF, AdaBoost, and SVM.
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Gupta et al. [53] used chlorophyll fluorescence imaging of wheat, extract-

ing features via correlation-based gray-level co-occurrence matrix (CGLCM) and color

bands, with RF and Extra Trees classifiers showing superior accuracy. Chen et al. [60]

demonstrated that SVM outperformed RF and PLSR in predicting drought tolerance co-

efficients from hyperspectral tea canopy data. Butte et al. [61] applied aerial imagery of

potato canopies with multimodal DL models, and Patra et al. [62] later proposed an ex-

plainable DL framework built on CNNs and transfer learning to improve interpretability.

Zhou et al. [34] combined UAV multispectral and thermal features with DL to classify

soybean flooding injury scores, achieving 90% accuracy at 20 m altitude. Goyal et al.

[63] curated an RGB maize dataset and showed their custom CNN surpassed five leading

architectures (InceptionV3, ResNet50, DenseNet121, Xception, EfficientNetB1) for early

drought detection.

Vegetation indices (VIs) derived from UAV or RGB imagery have also been

linked to stress traits. Sarkar et al. [64] predicted leaf area index (LAI) and lateral

growth (LG) in peanuts using multiple regression and neural networks, demonstrating

that reduced biomass under drought correlated with yield declines. Zhou et al. [34]

also showed how UAV-derived canopy temperature, NDVI, and canopy dimensions can

support flooding and drought stress scoring. Quantification remains challenging, as most

studies focus on classification. Automating severity assessment, traditionally reliant on

expert scoring, is emerging as a critical next step.

While DL offers superior accuracy, its “black-box” nature limits adoption in

practice. Few explainable AI (XAI) models exist in plant phenotyping. Ghosal et al.

[25] identified soybean stress while highlighting visual features used in classification. In

contrast, Nagasubramanian et al. [65] acknowledged interpretability but lacked method-

ological detail. These limitations emphasize the need for explainable frameworks that

couple accuracy with transparency. Drought stress represents the most extensively stud-

ied form of abiotic stress with machine learning. While the majority of research focuses

on identification and classification tasks, only a limited number have ventured into quan-

tifying them. Quantification poses a significant challenge, primarily relying on expert

assessments, and only a very few have highlighted the importance of automating quan-

tification of these stress factors. Table 1.1 presents the list of studies on drought stress.

1.1.3.2 Nitrogen Stress

Nitrogen stress refers to the deficiency or imbalance of nitrogen in plants, which can

significantly impact their growth, development, and overall productivity. Nitrogen is a

vital nutrient for plants, and insufficient or excess nitrogen can lead to various physio-

logical and biochemical stresses, affecting crop yield and quality. Recent research reflects

a growing interest in nitrogen stress detection under both isolated and combined stress

10

TH-3930_186106001



conditions. Studies span across modeling, remote sensing, imaging, machine learning

(ML), and deep learning (DL) approaches, using a wide variety of data modalities. Table

1.2 summarizes key works addressing nitrogen stress.

Clarke et al. [28] examines how spatial and temporal soil variability influ-

ences nitrogen use efficiency (NUE) in wheat using the Sirius crop simulation model and

long-term field data. The study finds that soil electrical conductivity (ECa) can guide

site-specific nitrogen management, with lower water-holding soils requiring less nitrogen

but posing higher leaching risks. A reinforcement learning (RL) environment was devel-

oped by Kallenberg et al. [66], where agents learn crop management policies through

crop growth models. In a nitrogen management case study for winter wheat, the RL

agent successfully detected crop nitrogen requirements by analyzing growth states and

guided optimal fertilizer application. Sarkar et al. [67] investigates how abiotic stres-

sors—especially drought and temperature—affect nitrogen dynamics and crop produc-

tivity in dryland forage systems. Using field data and ML analysis, the study compares

conventional tillage and no-till practices, along with the impact of green manures such

as field peas. The results show that no-till systems with green manuring significantly

improve NUE and reduce the negative effects of drought on plant growth.

Combining SPAD data from multiple leaf positions significantly improves the

estimation of the Nitrogen Nutrition Index (NNI), as demonstrated in a study by Wang

et al. [68], where ML models like Random Forest and XGBoost outperformed linear

regression in predicting NNI. Hyperspectral remote sensing combined with stepwise mul-

tiple linear regression is used to detect nitrogen and water stress in maize in a study by

Naik et al. [69]. Nitrogen stress was most effectively identified at 540, 780, and 860 nm,

with leaf nitrogen content accounting for up to 66% of yield variation at the tasseling

stage. A spatio-temporal spectral framework integrating RGB, infrared, hyperspectral

data and plant traits (canopy cover, height, biomass, vegetation indices) was applied to

sugar beet. ML models, especially SVM, showed high accuracy with multi-modal fea-

tures outperforming single ones [7]. Electrophysiological signals also proved effective for

detecting nitrogen deficiency stress in tomato plants under greenhouse conditions, where

deep learning—particularly an encoder-based architecture—outperformed models such as

XGBoost [70].

Ghazal et al. [71] evaluates ML models for nitrogen stress detection in maize

using RGB images under field conditions. Among tested models, EfficientNetB0 achieved

the highest accuracy, outperforming Vision Transformers and other CNNs. A study

developed ML and DL models for image-based nitrogen diagnosis in muskmelon using

canopy leaf images and environmental data. Among all models, the hybrid DCNN–LSTM

achieved the highest accuracy by combining spatial features and temporal light–temperature
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inputs [36]. Liao et al. [72] proposed a hybrid DL model integrating CNN with an atten-

tion mechanism and LSTM to diagnose nitrogen (N) and potassium (K) nutrient levels

in rice at the early panicle initiation stage. Hui et al. [73] estimated sugarcane ni-

trogen levels using digital images and regression-based ML models, including Random

Forest (RF), Backpropagation Neural Network (BPNN), and a stacking fusion approach.

The fusion model with PCA-based color–texture features outperformed both RF and

BPNN. Chaparro et al. [74] estimated foliar nitrogen content in pineapple by integrat-

ing multispectral UAV imagery, IoT-based environmental sensors, and SPAD chlorophyll

values with ML. Of the nine models tested, XGBoost and multi-layer perceptron (MLP)

achieved the highest accuracies, while multi-sensor data fusion consistently outperformed

image-only approaches.

Trung-Tin Tran et al. [75] employ Inception-ResNet v2 and a CNN-based

Autoencoder to classify and predict nutrient deficiency symptoms, specifically related to

calcium, potassium, and nitrogen. Azimi et al. [76] developed a 23-layer CNN to classify

nitrogen deficiency stress in sorghum using shoot images. It outperformed classical ML

methods and performed comparably to deeper models like ResNet18 and NasNet Large,

with far fewer parameters. Overall, the literature demonstrates that nitrogen stress

detection leverages a wide range of single and multi-modal datasets—including imaging

and spectral, physiological, biochemical, environmental, electrophysiological, and visual

trait data. These datasets, when processed through advanced ML and DL frameworks,

significantly improve nitrogen stress detection, diagnosis, and management strategies

across diverse crop systems.

Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

Soil variability +

Sirius crop model

Crop simula-

tion model

Soil ECa,

water-holding

capacity

Wheat

Optimize

NUE,

fertilizer

manage-

ment

Clarke et

al. (2024)

Crop growth

models (RL

environment)

Reinforcement

Learning

(RL) agent

Growth

states, nitro-

gen demand

Wheat

Optimize

fertilizer

application

policies

Kallenberg

et al.

(2023)
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Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

Field + ML anal-

ysis

ML (unspeci-

fied)

Soil moisture,

tillage, green

manures

Forage

crops

Improve

NUE

under

drought/temperature

stress

Sarkar et

al. (2025)

SPAD meter

RF, XG-

Boost, Linear

regression

SPAD data

(multi-leaf)

→ NNI

Wheat

Predict Ni-

trogen Nu-

trition In-

dex

Wang et al.

(2024)

RGB + IR + Hy-

perspectral

SVM

Canopy

cover, height,

biomass, VIs

Sugar beet

Multi-

stress

detection

Khanna et

al. (2019)

RGB field images
EfficientNetB0,

ViT, CNNs

Visual canopy

traits
Maize

Classify

nitrogen

stress

Ghazal et

al. (2024)

RGB canopy im-

ages + environ-

ment data

Hybrid

DCNN–LSTM

Leaf image +

temp/light
Muskmelon

Nitrogen

diagnosis

Chan et al.

(2021)

RGB images

CNN + At-

tention +

LSTM

Canopy

features
Rice

N & K di-

agnosis

Liao et al.

(2024)

Digital RGB im-

ages

RF, BPNN,

Stacking

Fusion

PCA-based

color–texture
Sugarcane

Predict N

levels

Hui (You)

et al.

(2023)

UAV multispec-

tral + IoT +

SPAD

XGBoost,

MLP

Multisensor

fusion,

chlorophyll

Pineapple

Estimate

foliar N

content

Chaparro

et al.

(2024)

Hyperspectral

sensing

Stepwise

MLR

Spectral

bands (540,

780, 860 nm)

Maize

Detect N

+ yield

variation

Naik et al.

(2020)

Electrophysiological

signals

Encoder-

based DL,

XGBoost

Plant electri-

cal activity
Tomato

Nitrogen

deficiency

detection

González i

Juclà et al.

(2023)
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Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

RGB leaf images

Inception-

ResNet v2,

CNN Autoen-

coder

Visual de-

ficiency

symptoms

Multiple

(Ca, K, N)

Nutrient

deficiency

classifica-

tion

Tran et al.

(2019)

Shoot images

23-layer

CNN,

ResNet18,

NasNet

Shoot traits Sorghum

Nitrogen

deficiency

classifica-

tion

Azimi et

al. (2021)

Table 1.2: Nitrogen Stress Detection and Machine Learning Models

1.1.4 Other Abiotic Stresses

1.1.4.1 Heat Stress

Heat stress is a major contributor to increased chalkiness in rice, which compromises grain

quality and reduces market value. To address this, an automated approach leveraging

convolutional neural networks (CNNs) and Gradient-weighted Class Activation Mapping

(Grad-CAM) has been developed for detecting chalkiness in rice grain images. The CNN

model is first trained to distinguish between chalky and non-chalky grains, after which

Grad-CAM is employed to localize the grain regions responsible for chalky classification.

The Grad-CAM output provides smooth heatmaps that offer a quantitative measure of

chalkiness severity. Experiments on both polished and unpolished rice grains demonstrate

the effectiveness of this method in accurately identifying chalky grains and delineating

affected regions, as validated using standard classification and segmentation metrics [77].

Beyond grain quality, heat stress also disrupts the water status of plant cells

through osmotic perturbations caused by reduced photosynthetic capacity, lower sugar

content, and increased transpiration rates [78]. Peng et al. [79] attempted to phenotype

photosynthetic capacities using a stacked regression framework that combined artificial

neural networks (ANN), support vector machines (SVM), least absolute shrinkage and

selection operator (LASSO), random forests (RF), Gaussian processes (GP), and par-

tial least squares (PLS). Model performance during training and testing was evaluated

using the coefficient of determination (R2) and root mean square error (RMSE). The

stacked regression approach outperformed individual models, achieving an improvement

of approximately 0.1 in R2, thereby demonstrating its superior predictive ability for pho-

tosynthetic capacity phenotyping.

Identifying novel marker phenotypes that consistently respond to heat stress
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and enhance tolerance remains a priority. One study employing chlorophyll fluorescence,

RGB, and infrared (IR) imaging applied logistic regression with LASSO regularization

to identify the most informative traits for classification [80]. The model highlighted tem-

perature and morphological traits—such as compactness, isotropy, leaf slenderness, and

perimeter—as the top predictors, indicating that morphological changes are particularly

valuable for genotypic differentiation under heat stress. Additionally, chlorophyll fluores-

cence emerged as a critical genotype-specific indicator.

Accurate quantitative assessment of seed quality is equally essential for im-

proving agricultural yields. A study utilizing hyperspectral imaging compared SVM and

CNNmodels to classify rice seeds grown under heat stress and control conditions [81]. The

SVM was evaluated in two modes—pixel-based reflectance and seed-based reflectance—

yet in both cases, CNN consistently outperformed SVM, underscoring its potential for

high-precision seed quality assessment.

Collectively, these studies demonstrate the diverse impact of heat stress on

grain quality, photosynthetic efficiency, morphological traits, and seed viability. Ad-

vances in imaging technologies combined with machine and deep learning approaches

have enabled more precise detection, classification, and quantification of heat stress ef-

fects. However, further development of lightweight, explainable, and field-deployable

frameworks remains essential to translate these advances into practical breeding tools for

enhancing crop heat tolerance. Table 1.3 compiles representative studies on heat stress.

Sensor/Modality ML Models Traits
Plant
Species

Tissue ML Purpose
and Refer-
ence

RGB CNN
Autonomously
extracted

Rice Grain Classification
[77]

Hyperspectral
ANN, SVM,
LASSO, RF,
GP, PLS

Hyperspectral
reflectance

Tobacco Leaves Regression
[79]

RGB, Chloro-
phyll Fluores-
cence, IR

Logistic Re-
gression

plant size,
morphol-
ogy, and
chlorophyll
fluorescence
traits

Arabidopsis
Thaliana

Leaves Classification
[80]

Hyperspectral SVM, CNN

Pixel infor-
mation, Au-
tonomously
extracted

Rice Seed Classification
[81]

Table 1.3: Heat Stress and Machine Learning
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1.1.4.2 Salt Stress

Salinity stress can alter the emission of volatile organic compounds (VOCs) from plant

leaves. An electronic system, augmented with the necessary pattern-recognition algo-

rithm, is developed to detect the salinity stress in the Khasi Mandarin Orange plants.

By incorporating temperature modulation in the system, MOS-based gas sensors can

selectively detect leaf-emitted VOCs. The study reveals the successful classification of

plants exposed to different levels of saline water from VOC information recorded by the

prototype with an accuracy of 98.3% [82].

An ensemble feature selection method is proposed for identifying informative

spectral features from a hyperspectral dataset containing images of four wheat lines with

control and salt (NaCl) treatments. Six feature selection methods, including correlation-

based feature selection, ReliefF, sequential feature selection, SVM-RFE, LASSO logistic

regression, and random forest, form the base of the ensemble. Furthermore, this feature

selection pipeline facilitated the transformation of hyperspectral data into a multispectral

dataset, showcasing its potential for developing customized multispectral cameras for

plant phenotyping applications[83].

Soil salinity is one of the most widespread abiotic stresses limiting agricultural

productivity worldwide. Excess salt disrupts ion balance, reduces water uptake, and

triggers oxidative stress, leading to growth retardation and yield loss across diverse crops.

Recent studies have applied imaging technologies, molecular markers, and alternative

sensing systems, coupled with machine learning (ML), to provide rapid, non-destructive,

and scalable solutions for salt stress detection and classification. The following section

reviews representative works in this area, highlighting their methodologies, accuracy, and

practical significance.

Mohammadi and Asefpour Vakilian demonstrated combining leaf textural

traits (GLCM), physiological/biochemical indices, and miRNA concentrations (miR-156a,

-166i, -399g, -477b) measured via an electrochemical biosensor. Stress classification

with SVM optimized by GA and PSO showed that imaging alone explained severity

(R2 ≈ 0.61), while miRNA models achieved near-perfect accuracy (R2 ≈ 0.99), high-

lighting molecular specificity [84]

Chlorophyll fluorescence (ChlF) imaging offers non-destructive physiological

readouts. Deng et al. captured three ChlF image types in soybean under NaCl stress;

ResNet50 with feature fusion achieved 98.61% accuracy, outperforming other CNNs[85].

Tian et al. used multicolor fluorescence in Arabidopsis, reaching ∼98.5% accuracy by Day

9, demonstrating early stress detection potential[86]. Spectral imaging approaches pro-

vide deeper biochemical insights. Kecoglu et al. applied Raman spectroscopy to wheat
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leaves under 0–150 mM NaCl, extracting vibrational signatures of pigments, cell-wall

polymers, and amino acids. Preprocessed spectra were modeled with multiple regressors,

with Gaussian Process Regression (rational quadratic kernel) achieving R2 ≈ 0.92–0.93

for salt quantification. Despite strong predictive power, Raman requires costly instru-

mentation and showed reduced accuracy in very young leaves [87].

Bridging research-grade hyperspectral imaging to practical field sensors, Moghimi

et al. used hyperspectral reflectance (400–900 nm, 215 bands) on wheat under salin-

ity stress. Six feature selection methods (ReliefF, CFS, LASSO, SVM-RFE, RF, SFS)

were ensembled to rank informative bands. Dimensionality was reduced from 215 to 15

features, improving F1-score by 8.5%. Crucially, the 589 nm sodium absorption band

consistently ranked highest, and a reduced three-band set (528, 589, 805 nm) reproduced

hyperspectral results with <4% loss. This study demonstrated how multispectral sys-

tems tailored to stress-specific bands can replace bulky hyperspectral sensors for field

deployment[88].

Genotype-phenotype integration enhances predictive power. Akbari et al.

combined SSR markers and phenotypic traits in barley, with neural networks achiev-

ing R2 ≈ 0.999 and >97% accuracy[89]. Classical phenotyping with ML (Okumuş et

al.)in forage pea used morphological and germination traits, with XGBoost achieving

R2 = 0.92–0.98. Okumuş et al. (2024) examined four forage pea cultivars under temper-

ature (10–20 ◦C) and salinity (0–20 dS m−1) gradients. Morphological and germination

traits (shoot/root length, fresh/dry weight, germination percentage) were measured and

modeled using XGBoost, MARS, and Gaussian Process Classifiers. R2 values ranged from

0.92 to 0.98, with XGBoost excelling for biomass traits. Though reliable, this approach

is destructive and lacks the early-warning capacity of imaging or molecular methods[90].

Seed-level imaging extends this spectrum. Vello et al. built SeedML, a web

platform using visible and fluorescent (400–500 nm) images of Camelina sativa seeds.

From morpho-colorimetric descriptors (area, circularity, intensity quartiles), ML classi-

fiers were trained in WEKA. Fluorescence color features proved most sensitive, giving

∼93% accuracy for 200 mM NaCl vs control. Performance was lower at mild stresses,

but the approach is non-destructive and scalable for high-throughput screening[91].

Non-imaging modalities offer additional routes. Sharma et al. developed

an electronic nose (E-nose) comprising nine MOS gas sensors with heater temperature

modulation, optimized using CFD simulations. Khasi Mandarin plants were subjected

to salinity (3–16 dS m−1), and leaf VOC emissions were measured. ML classifiers (RF,

SVM-linear, SVM-RBF) were evaluated; SVM-RBF achieved 98.3% accuracy with ∼25
s response and ∼40 s recovery times. Salinity stress was validated by chlorophyll fluo-

rescence and chlorophyll content, but imaging was not central to detection. The study
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highlights VOC sensing as rapid and portable, though field robustness remains untested

[82].

Collectively, these studies illustrate diverse approaches—from molecular as-

says and genotype markers to ChlF, Raman, hyperspectral imaging, and VOC sensing.

Imaging methods provide non-destructive physiological insights enhanced by deep learn-

ing, molecular/genotype assays provide specificity, and VOC sensing offers speed. Most

remain controlled-environment studies, highlighting gaps in field validation, cross-species

transferability, cost-effectiveness, and multimodal integration.

1.1.4.3 Nutrient Stress

In nutrient stress studies, deficiencies of iron [92, 93], potassium [25, 75], and nitrogen

[94, 95] have been identified as the most prominent. Table 1.4 details machine learning

and deep learning applications in nutrient stress assessment.

Stress identification, classification and quantification (stress severity) are car-

ried out by S Ghosal et al. [25]in a single framework without detailed symptom annotation

by experts. The proposed work uses deep CNN to carry out the classification. Besides,

they followed a novel approach to generate feature maps at specific layer of the model.

An explanation map (EM) is created by calculating a weighted average of the top K

feature maps out of 128 maps, with the feature importance(FI) metrics serving as their

respective weights. The average intensity of the EM is utilized as a representation of the

severity level, expressed as a percentage (where 0% signifies a symptom-free leaf and a

higher value indicates significant symptoms). This percentage can then be discretized

to determine the stress severity class. To streamline the process of removing the back-

ground and retaining only the plant canopy (foreground), each image was transformed

from its original Red, Green, Blue (RGB) format into the HSV (Hue, Saturation, Value)

format. The field visual rating was employed as the categorical output variable, defining

the classes. Subsequently, the classification models were utilized to produce IDC ratings

based on various input variables[92]. This work severity ratings.

Austin A. et al.[93] employs a three-step approach for IDC phenotyping utiliz-

ing RGB and Infrared images. Initially, the plant canopy is masked from the soil through

k-means clustering. Subsequently, this masked plant canopy undergoes additional k-

means clustering to classify pixels into green, yellow, and brown categories. These pixel

features are then linked back to ground-based visual scores through random forest and

neural network models. This methodology aids in classifying plots as tolerant or suscepti-

ble to IDC. Scale-invariant feature transform (SIFT) and Histogram of oriented gradients

(HOG) features are extracted from RGB shoot images of Sorghum and have been given

as input to the ML methods such as SVM, DT, KNN. Simultaneously, a 23-layered Con-
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volutional Neural Network (CNN) was developed to autonomously learned features from

these images[95]. This approach demonstrated superior performance in classifying ni-

trogen stress levels when compared to conventional methods. RGB, Infrared (IR), and

multispectral images undergo a series of pre-processing steps, including vegetation seg-

mentation, 3D reconstruction, and reflectance normalization. These steps aim to convert

the raw data into indicators of plant traits such as canopy cover, average height, and

normalized narrow-band reflectances across time. Subsequently, machine learning mod-

els are trained to utilize these indicators for the prediction of severity levels for water,

nitrogen, and weed stress, employing a 5-fold cross-validation approach[7].

Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

Hyperspectral,

RGB, IR

DT, LDA,

SVM, k-NN,

Bagged Trees,

Boosted Trees

Canopy

Cover,

Height,

Volume, Hy-

perspectral

reflectances

Sugar Beet Classification

Nitrogen,

Weed,

Drought

[7]

RGB

CT, RF, NB,

LDA, SVM,

KNN, GMM

Canopy Fea-

tures
Soybean ClassificationIDC [92]

RGB, NIR

RF, NN, K-

means Clus-

tering

Green, Yel-

low and

Brown Pixels

(canopy)

Soybean ClassificationIDC [93]

RGB
CNN, SVM,

DT, KNN

SIFT and

HOG fea-

tures, au-

tonomously

learned fea-

tures

Sorghum Classification
Nitrogen

[95]

RGB CNN

Automated

Leaf Feature

Extraction

Tomato Classification

Calcium,

Potassium,

Nitrogen

[75]

RGB CNN

Automated

Leaf Feature

Extraction

Soybean

Classification,

Quantifi-

cation

Iron,

Potassium

[25]
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Sensor/Modality ML Models Traits
Plant

Species

ML Pur-

pose
Reference

Chlorophyll fluo-

rescence

PCA, hi-

erarchical

k-means clas-

sification,

and super-

organising

maps

Leaf Element

Content and

ChIF param-

eters

Rapeseed

Dimension

Reduction,

Classifica-

tion

N, P, K,

Ca, Mg,

Cu, Fe, Zn

[96]

Table 1.4: Nutrient Stress and Machine Learning

Two distinct models, Inception-ResNet v2 and Autoencoder based on con-

volutional neural networks, are employed by Trung-Tin Tran et al.[75] to classify and

predict nutrient deficiency symptoms namely, Calcium, Potassium and Nitrogen. To

enhance predictive validation accuracy, ensemble averaging was applied on these two pre-

dictive models. This ensemble approach drew inspiration from the work of Cheng Ju et

al.[97], which demonstrated the effectiveness of ensembles utilizing deep CNNs for image

classification. An interesting study aims to establish a link between element content in

different soils, plant leaves grown on these soils, and variations in selected chlorophyll a

fluorescence parameters to detect early plant stress caused by nutrient status in natural

conditions. To achieve this objective, a mathematical procedure combining principal com-

ponent analysis (for data complexity reduction), hierarchical k-means (for classification),

and machine-learning via super-organising maps are employed detect nutrient deficiency

in early stages[96]. RGB images of plant canopies are used for the identification of nu-

trient stress types and the classification of plants grown under varying nutrient levels,

which included low, normal, and high stress conditions. A total of nine treatments were

conducted, involving two potassium (K) levels, four nitrogen (N) levels, two phosphate

(P) levels, and normal fertilizer application. A combination of Convolutional Neural Net-

work (CNN) and Long Short-Term Memory (LSTM) is employed for the classification

task. The study conducted a comparative analysis of various pre-trained CNN archi-

tectures, including VGG16, AlexNet, ResNet18, Inception3, and ResNet101, to select

the most suitable deep CNN for feature extraction. Ultimately, the Inceptionv3-LSTM

model achieved the highest overall classification accuracy, reaching 95%, outperforming

the other methods[98].

1.1.4.4 Heavy Metal Stress

Over the past decade, heavy metal (HM) toxicity has emerged as a significant concern

in the agricultural industry, posing a threat to crop productivity[99]. HMs encompass a
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group of metals, including but not limited to lead (Pb), manganese (Mn), copper (Cu),

nickel (Ni), cobalt (Co), cadmium (Cd), mercury (Hg), aluminum (Al), and arsenic (As),

which can adversely affect the growth and development of host plants[100]. Certain metal-

based micronutrients and macronutrients, such as Cu, Zn, Co, Ni, Fe, Cr, Mn, I, and Se,

are vital for key enzyme functions and the regulation of metabolic processes like redox

homeostasis, metabolism, DNA synthesis, and photosynthesis[101]. However, elevated

levels of HMs can lead to toxicity and even fatality. Furthermore, some HMs, such as As,

Ag, Hg, Cd, and Pb, hold no biological significance for plants but are instead harmful,

carrying severe health implications for humans, including skin and lung cancer, urinary

tract disorders, cardiovascular diseases, neurotoxicity, and diabetes, as well as impacting

animals upon exposure[102]. There are numerous machine learning tasks primarily using

spectral information on leaves and roots for heavy metal stress assessment. These are

summarized in Table 1.5.

Jianhong Zhang et al.[103] propsed a work comprising of three steps namely,

decomposition of the spectrum, selection of sensitive bands and classification. First, mul-

tivariate empirical mode decomposition (MEMD) is applied to decompose the original

spectrum. This effectively eliminates noise while enhancing and amplifying subtle spec-

tral information. Subsequently, techniques such as the successive projections algorithm

(SPA), competitive adaptive reweighted sampling (CARS), and iteratively retaining in-

formative variables (IRIV) are utilized to filter characteristic bands, reduce redundant

data, and pinpoint essential spectral details. Finally, to classify the types of Cu and Pb

elements, machine learning algorithms including extreme learning machine (ELM), sup-

port vector machine (SVM), and general regression neural network (GRNN) are employed

to construct models. Notably, the MEMD-IRIV-SVM model is found to be well-suited

for distinguishing Cu and Pb species.
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Sensor/Modality ML Models Plant Tissue
Plant
Species

ML Purpose Heavy Metal
and Refer-
ence

Hyperspectral
SVM, ELM,
GRNN

Leaves Corn Classification Copper (Cu)
and Lead
(Pb)[103]

LIBS

PCA, SVM,
RF, SIMCA,
ELM, KNN ,
LS-SVM,
PLSR,
RBFNN

Stems Rice

Clustering,
Classifi-
cation,
Regression

Cadmium(Cd)
[104]

Visible and
Near-Infrared
(Vis-NIR) spec-
troscopy

LDA,
RBFNN

Leaves Tea Classification Lead(Pb)
[105]

LIBS, HSI
PLSR, LS-
SVM, ELM
and RBFNN

Root Rice Regression Cadmium(Cd)
[106]

HSI
CNN, PLS-
DA, LS-SVM,
RF, ELM

Leaves
Apple
Rootstocks

Classification Copper(Cu)
[107]

HSI
ELS, PLS,
LS-SVM

Leaves Rice Classification Cadmium(Cd)
[108]

HSI
PCA, PLS-
DA, LS-SVM

Leaves Tobacco Classification Mercury(Hg)
[109]

HSI

PCA,
Stacked-
Autoencoder,
SVM

Leaves, root
Rape
Oilseed

Classification Lead(Pb)
[110]

LIBS-Raman
Spectroscopy

LS-SVM,
MLP,
RBFNN,
PNN

Root, leaves wheat Classification Lead(Pb)
[111]

Table 1.5: Heavy Metal Stress and Machine Learning

Presently, the primary emphasis in heavy metal detection in plants using

Laser-Induced Breakdown Spectroscopy (LIBS) is centered on leaves. In contrast, when it

comes to the detection of heavy metals in plant roots, the methods predominantly rely on

Raman and Hyperspectral Imaging (HSI) techniques, with limited incorporation of LIBS.

LIBS-based approaches for heavy metal detection in plant leaves offer a notable advantage

in terms of speed, typically taking less than 10 minutes, highlighting the spectroscopy’s
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capacity for rapid analysis[106]. Furthermore, in data processing, chemometrics proves

to be more advantageous compared to linear fitting, especially considering the matrix

effects involved in the analysis[106][104].

1.1.4.5 Combined Stress

In natural environments, plants are often subject to multiple stresses. It should be noted

that a single or numerous stress sources, as well as biotic or abiotic stress combinations,

can cause plants to have very similar physiological responses, making their evaluation

problematic (Blum, 2016). To date, few studies have focused on disentangling environ-

mental stress sources (Poblete et al., 2021). Although studies have shown that spectral

screening methods can disentangle abiotic and biotic stress sources, most studies at this

stage are still focused on a single stress level. Detection of coexisting stresses remains chal-

lenging and under-explored (Zhang et al., 2019). Farmers and breeders have long known

that often it is the simultaneous occurrence of several abiotic stresses, rather than a par-

ticular stress condition, that is most lethal to crops[5]. Heat and drought stress co-exist.

The flowering and grain-filling stages of crops are vulnerable to heat and drought stress,

causing substantial yield losses. To comprehend how crops respond to these stresses,

understanding key physiological traits is crucial. Phenotyping these traits necessitates

advanced sensors, high-quality imagery, and machine learning techniques[112].

1.1.5 Multi-Modal Approaches

As we come across variety of data such as spatial, spectral, temporal and metabolite,

there is ample scope for the fusion of these data. This integration approach is also known

as multi-modal information fusion. Along with machine learning, it can be employed to

analyze data sets with multiple sources (i.e., rainfall, temperature, multi-spectral image,

soil data) where as each data type is a modality that will be analyzed and combined to

increase model performance [113]. Sagi Levanon et al. [114] combined the RGB and ther-

mal images of Banana Plantlets and given as input to a CNN model to predict the water

stress. It demonstrates the integrated approach outperform the single modality approach.

A recent work suggests that the combination of RGB and thermal/multispectral and ML

applications can significantly contribute to monitoring responses to flooding stress (Zhou

et al., 2021). Yukimasa Kaneda et al. [115] proposed a novel multi-modal sliding window-

based support vector regression (multi-modal SW-SVR) method for accurate prediction

of complicated water stress, which is a plant status, from two data types, namely environ-

mental and plant image data. A combination of both RGB and Hyperspectral imaging

methods can optimize a comprehensive assessment of the root system[116]. RGB images

can be combined with other data sources, such as multispectral or thermal imagery, to

provide a more comprehensive assessment of plant health and stress[7]. Plant metabolites
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can both influence and reflect the plant’s phenotype. Hence, there is substantial merit

in the integration of comprehensive physical and spectral data with additional chemical

information over time[117].

1.1.6 Spatio Temporal Studies

The role of spatiotemporal plant stress phenotyping is to monitor and analyze how vari-

ous environmental stresses affect plants over both space and time. This approach involves

assessing and understanding the spatial distribution and temporal progression of stress-

induced changes in plant morphology, physiology, and overall health. In order to account

for temporal information, various probabilistic and computational models (e.g. Hidden

Markov Models (HMMs) Conditional Random Fields (CRFs) and RNNs have been used

for a number of applications involving sequence learning and processing [118]. RNNs

(and LSTMs in particular) are able to grasp and learn long-range and complex dynamics

and have emerged as an effective technique for stress phenotyping. A modified version of

the Convolutional Neural Network-Long Short-Term Memory (CNN-LSTM) network is

employed to extract spatiotemporal patterns from the chickpea plant dataset. These pat-

terns are subsequently utilized for the classification of water stress conditions[50]. Abdalla

et al. encoded spatiotemporal information of plants in a single time-series model to eval-

uate the nutrient status of oilseed rape more efficiently[98] . Khanna et al. demonstrated

that by using spatio-temporal spectral data, it is feasible to develop precise classifica-

tion models to ascertain the identification of drought, nitrogen levels, and weed stress

presence and severity[7]. Monitoring plant trait changes over time allows for the early

detection of stress factors like drought, salinity, or extreme temperatures. Consequently,

spatio-temporal studies are emerging as a pivotal approach for abiotic stress assessment

1.2 Research Gaps

Several research gaps are identified in the literature related to machine learning and

abiotic stress phenotyping:

• Lack of lighter models and ensemble frameworks: Popular convolutional

neural network (CNN) architectures are often computationally intensive. There is

a need to explore and develop lighter models that can still perform well in ensemble

frameworks, particularly when dealing with smaller datasets to avoid overfitting.

• Lack of interpretable machine learning methods: Interpretability is a critical

aspect of machine learning, especially in applications where decisions impact human

lives or have significant consequences. Developing interpretable models is crucial

for understanding and trusting the decisions made by these models. This remains
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an ongoing challenge in the field.

• Limited research on combined abiotic stresses: Most existing studies focus

on individual stress factors, whereas real-world scenarios often involve multiple,

interacting stresses.

1.3 Objectives

Considering the research gaps and based on the state-of-the-art studies, the following

objectives are formulated to conduct the PhD thesis work:

• Objective 1: Explainable lightweight deep learning pipeline for improved drought

stress identification

• Objective 2: An explainable Vision Transformer with transfer learning for efficient

drought stress identification

• Objective 3: Gradient-Guided Unlearning in a Novel Lightweight Hybrid CNN

for Enhanced Drought Stress Identification

• Objective 4: Improved Classification of Nitrogen Stress Severity in Plants Under

Combined Stress Conditions Using Spatio-Temporal Deep Learning Framework

1.4 Organization of Thesis

The doctoral thesis is organized in seven chapters as follows:

• Chapter 2: It devises and investigates lightweight CNN frameworks using UAV-

acquired RGB imagery to identify drought stress in potato crops, integrating trans-

fer learning for improved performance and gradient-based explainability for inter-

pretability.

• Chapter 3: In this chapter, we propose the use of Vision Transformers combined

with transfer learning and support vector machine classifiers for enhanced drought

stress identification in potatoes, accompanied by attention maps for model trans-

parency.

• Chapter 4: We developed a novel hybrid lightweight CNN architecture inspired

by ResNet, DenseNet, and MobileNet, incorporating a gradient influence-based ma-

chine unlearning mechanism to reduce model size and enhance adaptability without

sacrificing accuracy.

• Chapter 5: In this chapter, we propose a spatio-temporal deep learning model
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combining MobileNetV2 and LSTM to classify nitrogen stress severity in sugar

beet under combined drought and weed pressures, leveraging multi-modal imaging

data for superior accuracy.

• Chapter 6: In this chapter, we summarize the key findings, discuss the overall

contributions and outline the future research directions.
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Chapter 2

Explainable Lightweight Deep Learning Pipeline for

Improved Drought Stress Identification

2.1 Abstract

Early identification of drought stress in crops is vital for implementing effective mitiga-

tion measures and reducing yield loss. Non-invasive imaging techniques hold immense

potential by capturing subtle physiological changes in plants under water deficit. Sensor-

based imaging data serves as a rich source of information for machine learning and deep

learning algorithms. While these approaches yield favorable results, real-time field appli-

cations require algorithms specifically designed for the complexities of natural agricultural

conditions. Our work proposes a novel deep learning framework for classifying drought

stress in potato crops captured by unmanned aerial vehicles (UAV) in natural settings.

The novelty lies in the synergistic combination of a pre-trained network with carefully

designed custom layers. This architecture leverages the pre-trained network’s feature ex-

traction capabilities while the custom layers enable targeted dimensionality reduction and

enhanced regularization, ultimately leading to improved performance. A key innovation

of our work is the integration of gradient-based visualization inspired by Gradient-Class

Activation Mapping (Grad-CAM), an explainability technique. This visualization ap-

proach sheds light on the internal workings of the deep learning model, often regarded

as a ”black box”. By revealing the model’s focus areas within the images, it enhances

interpretability and fosters trust in the model’s decision-making process. Our proposed

framework achieves superior performance, particularly with the DenseNet121 pre-trained

network, reaching a precision of 97% to identify the stressed class with an overall accuracy

of 91%. Comparative analysis of existing state-of-the-art object detection algorithms re-

veals the superiority of our approach in achieving higher precision and accuracy. Thus,

our explainable deep learning framework offers a powerful approach to drought stress

identification with high accuracy and actionable insights.

Keywords: {Stress Pheno-typing, Drought Stress, Machine Learning, Deep

Learning, Transfer Learning, Convolutional Neural Network}
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2.2 Introduction

Abiotic stress adversely affects crop development, yield, and product quality, with drought

stress being among the most critical constraints [119, 120]. Drought not only reduces plant

productivity but also aggravates other stresses such as salinity, heat, nutrient deficiency,

and pathogen attack, thereby amplifying damage to crops and soil biota. Early detection

of drought stress is therefore essential to implement timely mitigation strategies such as

irrigation, maximizing yield potential. However, the diverse physiological and biochemical

responses induced by drought—operating at cellular and whole-plant levels—make early

diagnosis increasingly challenging [27].

Spectral properties of plants, particularly absorption and reflectance in the

visible and near-infrared (NIR) regions, are closely associated with stress responses [29].

This has driven the adoption of imaging technologies as non-invasive, high-throughput

tools for stress phenotyping [10]. Various imaging modalities, including RGB imagery

[18], thermal imaging [19], fluorescence imaging [20], multispectral, and hyperspectral

imaging [1], have demonstrated considerable success in stress detection.

The recent convergence of imaging with artificial intelligence (AI) has further

advanced plant stress phenotyping. Traditional machine learning (ML) approaches, such

as decision trees, random forests, support vector machines, and boosting algorithms, have

provided important benchmarks in stress classification [9, 121, 17]. Nevertheless, their

reliance on manual feature extraction limits generalizability and scalability in real-world

field conditions. Deep learning (DL), particularly convolutional neural networks (CNNs),

overcomes this limitation by automatically learning hierarchical features from raw image

data, significantly improving classification performance [122, 123].

Recent studies demonstrate substantial progress in applying ML and DL to

drought stress detection across diverse crops and imaging modalities. For instance,

segmentation-based feature extraction followed by gradient boosting decision tree (GBDT)

has been applied for maize water stress detection [42], while deep convolutional neural

networks (DCNN) showed superior performance on the same dataset [43]. Hyperspectral

imaging combined with SVM, RF, and XGBoost has been used for groundnut stress clas-

sification [47], whereas transfer learning with DenseNet-121 enabled severity-level classi-

fication in soybean [38]. CNN–LSTM combinations have been implemented for chickpea

water stress detection [21], and CNN architectures such as AlexNet, GoogLeNet, and

Inception V3 have been tested in maize, okra, and soybean, with GoogLeNet showing the

highest accuracy [51]. Other notable approaches include chlorophyll fluorescence imaging

of wheat using RF and extra trees [53], hyperspectral regression in tea canopies [60],

derivative spectral analysis [48], and custom CNN frameworks for maize outperform-
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ing state-of-the-art architectures [63]. Aerial imagery of potato canopies has also been

integrated into DL pipelines for stress identification [61].

While these advances highlight the superior performance of DL over con-

ventional ML in drought stress detection, the lack of interpretability remains a major

limitation. Few studies, such as explainable CNN models for soybean stress [25] or

attribution-based frameworks [65], have addressed this gap. Building on this, the present

work introduces a novel lightweight deep learning pipeline for potato drought stress de-

tection, integrating transfer learning to overcome data limitations and gradient-based

visualization for interpretability. The key contributions of the work are: 1) A transfer

learning-based model that effectively leverages knowledge from larger datasets to address

the limitations of smaller potato crop stress datasets, overcoming challenges like over-

fitting, 2) A lightweight DL pipeline specifically designed to enhance stress identification

in potato crops, 3) Integration of Gradient-based visualisation for model explainability,

highlighting the image regions most relevant to stress detection.

2.3 Materials and Methods

2.3.1 Data Set Description

The potato crop aerial images utilized in this study have been sourced from a pub-

licly accessible dataset that encompasses multiple modalities [124, 61]. Collected from a

field at the Aberdeen Research and Extension Center, University of Idaho, these images

serve as valuable resources for training machine learning models dedicated to crop health

assessment in precision agriculture applications. Acquired using a Parrot Sequoia multi-

spectral camera mounted on a 3DR Solo drone, the dataset features an RGB sensor with

a resolution of 4, 608×3, 456 pixels and four monochrome sensors capturing narrow bands

of light wavelengths: green (550nm), red (660nm), red-edge (735nm), and near-infrared

(790nm), each with a resolution of 1, 280 × 960 pixels. The drone flew over the potato

field at a low altitude of 3 meters, with the primary objective of capturing drought stress

in Russet Burbank potato plants attributed to premature plant senescence.

The dataset comprises of 360 RGB image patches in JPG format, each mea-

suring 750×750 pixels. These patches were derived from high-resolution aerial images

through cropping, rotating, and resizing operations. Data augmentation was applied to

an initial set of 300 images as per procedure in Butte et al. [61], expanding the training

dataset to 1,500 images. The remaining 60 images were reserved exclusively for testing.

No data augmentation was performed on the test images to ensure an unbiased eval-

uation. Training classification models requires labeled data with annotated regions of

interest. In this study, the targets were regions containing healthy and stressed potato
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(a) (b)

Figure 2.1: Field images showing a) Sample RGB image and b) Healthy and Stressed
plants.

plants. These two conditions were visually distinguishable based on color—healthy plants

appeared green, whereas stressed plants exhibited a yellowish hue. Manual annotation

was performed using the open-source graphical tool LabelImg [125], allowing bounding

boxes to be drawn around both healthy and stressed regions. The resulting annotations,

including class labels and bounding box coordinates, were saved and used to generate

ground truth data for training the proposed models.

Additionally, the dataset includes corresponding image patches from spectral

sensors with red, green, red-edge, and near-infrared bands, each sized 416×416 pixels.

However, we are only utilizing the RGB images due to the limitations of the low-resolution

monochromatic images.

The augmented dataset, consisting of 1,500 images, was used for training,

while the test set included 60 distinct images. From both training and test images,

annotated windows (i.e., rectangular patches) were extracted based on the bounding-

box annotations. Each extracted window was labeled as either “healthy” or “stressed”,

corresponding to the visual condition of the crop. As illustrated in Fig. 2.1, the original

image is shown in Fig.2.1a, and the corresponding extracted windows are depicted in

Fig. 2.1b. In this example, six windows represent healthy regions, while three represent

stressed regions. The final count of training images for the ”stressed” and ”healthy”

classes were 11,915 and 8,200, respectively. The evaluation of the model was performed

on a specific test set comprising 60 images, from which 401 healthy images and 734

stressed images were extracted using the bounding boxes similar to the process used for

the training image set.
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2.3.2 Proposed Methodology

We present an integrated approach for drought stress classification, featuring a CNN-

based pipeline with transfer learning and an interpretability technique to enhance model

transparency. This methodology combines data augmentation, transfer learning, and a

CNN architecture for robust feature extraction, followed by explainability methods that

leverage gradients to provide insights into the model’s decision-making process. The

methodology is structured as follows:

2.3.2.1 Deep Learning Pipeline with Transfer Learning

The proposed framework uses CNN-based architecture with transfer learning to differen-

tiate between drought-stressed and healthy plants. Transfer learning enables the model

to start with a pre-trained network, reducing training time and improving accuracy, es-

pecially with smaller datasets. The model is divided into three key components: data

augmentation, a pre-trained network, and additional layers for final classification. The

pipeline is depicted in Fig. 2.2.

• Data Augmentation: It tackles the challenge of limited training data by arti-

ficially expanding the dataset with variations of existing samples. This approach

injects variability and improves the model’s generalization ability to unseen data.

Transformations like re-scaling, shearing, rotating, shifting, and flipping are applied

to create a more diverse training set. This robustness to variations helps the model

perform better on real-world data and reduces the risk of over-fitting.

• Pre-trained Network: Transfer learning is employed to speed up the training

process and improve accuracy by starting with a pre-trained CNN. The pre-trained

model serves as the backbone of the architecture, effectively extracting low-level

and mid-level features from the images. Networks like EfficientNetB0, MobileNet,

DenseNet121, and NASNetMobile, trained on vast and diverse datasets such as

ImageNet, are repurposed to recognize drought stress by fine-tuning them for this

specific task.

• Additional Layers: Two types of layers are applied after the pre-trained archi-

tecture: the Global Average Pooling Layer and Dense Layers.

– Global Average Pooling: It reduces the dimensionality of spatial data (like

feature maps from convolutional layers) into a single feature vector. It achieves

this by calculating the average of all elements within each feature map, result-

ing in one value per feature map.

– Dense layers: Two fully connected dense layers are stacked sequentially af-
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ter global average pooling. These layers perform computations to learn com-

plex relationships between the features extracted by the pre-trained network.

Dropout and L2 regularization are applied between each dense layer to prevent

over-fitting. Dropout randomly drops a certain percentage of neurons during

training, forcing the model to learn from different subsets of features and re-

ducing its reliance on any specific feature. L2 regularization penalizes large

weights in the model, discouraging the model from becoming overly complex.

Each neuron in the dense layer applies a weighted sum and activation function

(ReLU) to determine the probability of an image belonging to a particular

class.

• Output Layer: This layer uses a sigmoid activation function to generate the final

probability scores between 0 and 1, indicating stressed or healthy.

In essence, the model incorporates data augmentation to enrich the training

data, takes advantage of a pre-trained network’s feature extraction capabilities, and uses

dense layers with regularization and dropout to learn a classification boundary between

stressed and healthy images.

Figure 2.2: Deep Learning Framework for Drought Stress Identification

2.3.2.2 Explainability through Gradient-based Visualisation

We integrated a gradient-based explainable approach into our framework to ensure model

transparency and to enhance interpretability. It is inspired by Grad-CAM [126], a tech-

nique that provides visual explanations by highlighting the regions of input images that

contribute most to the model’s predictions. While Grad-CAM focuses on class-specific,

high-level features, gradient-based visualization emphasizes pixel-level sensitivities, of-

fering a broader perspective on what influences the model’s output. By visualizing the
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areas most relevant to the model’s decision, the devised explainable approach offers valu-

able insights into the decision-making process of the deep learning model. The practical

application involves taking an input image that the deep learning pipeline can classify

as healthy or stressed. According to the trained model, we can then use the identified

stressed image to locate the specific areas of the field that are affected by stress. The

following steps are involved in the proposed explainable approach, which takes its cue

from Grad-CAM.

1. Forward Pass: The model output θ is computed by performing a forward pass

through the deep learning model, represented as:

θ = ϕ(ξ)

where:

• θ represents the model output.

• ϕ(·) represents the deep learning model.

• ξ represents the input image.

2. Compute Gradients: The gradients of the model output with respect to the input

image are calculated, represented as:

∇ξθ =
∂θ

∂ξ

where:

• ∇ξθ represents the gradients of the model output with respect to the input

image.

• ∂θ
∂ξ

represents the partial derivatives of the model output with respect to the

input image.

3. Gradient Visualization: The absolute gradients are computed and visualized as

a heatmap, represented as:

Heatmap = abs(∇ξθ)

where:

• Heatmap represents the heatmap visualization of the gradients.

• abs(·) represents the absolute value function.
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4. Standardization: The heatmap is optionally standardized by subtracting the

mean and dividing by the standard deviation to improve visualization, represented

as:

Heatmapstd =
Heatmap− µ

σ

where:

• Heatmapstd represents the standardized heatmap.

• µ represents the mean of the heatmap.

• σ represents the standard deviation of the heatmap.

5. Plotting: Finally, the input image and the heatmap are plotted side by side for

visualization.

Thus, the explainable approach based on Grad-CAM leverages the strength

by analyzing gradients to pinpoint image regions crucial for the model’s decisions, offering

valuable insights into what triggers the model’s stress responses.

2.3.3 Evaluation Metrics

The model’s performance underwent assessment using various evaluation metrics, includ-

ing accuracy, precision, and recall (sensitivity). These metrics are computed based on

the counts of true positives (TP), true negatives (TN), false positives (FP), and false

negatives (FN), which collectively form a 2x2 matrix known as the confusion matrix.

The format is illustrated in Fig. 2.3, where the negative class represents the ”healthy”

class, and the positive class corresponds to the stressed class.

Figure 2.3: Confusion Matrix

In this matrix, TP and TN indicate the accurate predictions of water-stressed

and healthy potato crops, respectively. FP, termed type 1 error, denotes predictions where

the healthy class is inaccurately identified as water-stressed. FN, referred to as type 2

error, represents instances where water-stressed potato plants are incorrectly predicted as
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healthy. The classification accuracy is a measure of the ratio between correct predictions

for stressed and healthy images and the total number of images in the test set. Precision

is the ratio of true positives to the sum of true positives and false positives, indicating

the proportion of correctly identified positive instances out of all instances predicted as

positive. Recall (sensitivity) is the ratio of true positives to the sum of true positives and

false negatives, reflecting the model’s ability to correctly identify all positive instances.

The formulas for accuracy, precision and recall are given below.

Accuracy =
True Positive + True Negative

Total Population

Precision =
True Positive

True Positive + False Positive

Recall =
True Positive

True Positive + False Negative

2.3.4 Model Workflow

The proposed pipeline is a comprehensive framework that involves model training, eval-

uation, and explainability to provide a robust and transparent solution for identifying

stressed plants in field images. It is demonstrated in Fig. 2.4. The training phase of the

pipeline utilizes a dataset of 1500 augmented field images, each annotated with bounding

boxes to delineate regions of healthy and stressed plants. These annotated windows were

extracted from each augmented image, resulting in separate ”healthy” and ”stressed”

classes with 8,200 and 11,915 images, respectively. The dataset is divided into 80% for

training and 20% for validation to prevent over-fitting. In the testing phase, a distinct

testing dataset comprising 60 field images are employed to evaluate the model’s perfor-

mance on unseen data. The evaluation is conducted on a test set of 60 images, with

401 healthy and 734 stressed images extracted using bounding boxes. The model’s per-

formance is assessed using standard evaluation metrics such as accuracy, precision, and

recall. Then, to understand the model’s decision-making process, the pipeline incorpo-

rates a devised explainable approach based on gradients. It involves using an already

identified stressed image as input, leveraging the trained model and gradient-based visu-

alization techniques to generate heatmaps highlighting the areas of the image the model

identifies as affected by stress. These heatmaps provide valuable insights into the model’s

reasoning and can help identify the visual cues that indicate plant stress.
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Figure 2.4: Workflow of the Model

2.4 Results and Discussion

The methodology employed in this study utilizes transfer learning, leveraging knowledge

from models trained on the ’ImageNet’ dataset and adapting it to address drought stress

identification. By using pre-trained networks as a foundation rather than starting from

scratch, the approach reduces storage requirements and computational demands. This

approach results in a lightweight model, with trainable parameters ranging from 3.3

million to 7.36 million across various pre-trained networks, a notable departure from

the considerably heavier models typically used in deep learning tasks. Specifically, the

trainable parameters for EfficientNetB0, MobileNet, DenseNet121, and NASNetMobile

are 4.18 million, 3.35 million, 7.09 million, and 4.37 million, respectively, as depicted in

Fig. 2.5.

In our deep learning framework, Python version 3.8.8 serves as the program-

ming language foundation, while TensorFlow and Keras, widely recognized and utilized

libraries, are employed for model development and training. Additionally, various libraries

such as os, pandas, numpy, and sklearn were employed to facilitate data manipulation

and metric calculations.

In the proposed deep learning framework, the input data undergoes augmen-

tation through various transformations. Four pre-trained networks are systematically

evaluated, each serving as a backbone feature extractor. Additional layers are stacked

on top of these networks to complement their ability to identify drought stress in images

collected from natural settings. The following discussion provides an in-depth analysis
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of the parameters, the pipeline’s performance based on learning curves and confusion

matrices, and the model’s explainability by identifying stressed spatial features in field

images. In addition, our approach is compared to previous works based on object detec-

tion algorithms, demonstrating that the proposed method outperforms them.

Figure 2.5: Number of Trainable Parameters of the Model with different Pre-trained CNN
Architectures

2.4.1 Model Parameters

The input dataset is divided into two subsets for training and validating, utilizing a fixed

random seed of 42. The random state = 42 parameter ensures re-producibility by setting

a specific random seed, guaranteeing consistent results across different runs of the code.

Separate generators are created for training, validation, and testing datasets using the

ImageDataGenerator function from Keras. Each generator is configured with specific

settings tailored to the respective pre-trained architectures: EfficientNetB0, MobileNet,

DenseNet121, and NASNetMobile within the deep learning framework as discussed in

section 2.3.2.1. The target image sizes are set to 224x224 for EfficientNetB0, MobileNet,

and DenseNet121, and 299x299 for NASNetMobile. The re-scaling factor, batch size,

and class mode are standardized across all architectures, with values of 1/255, 128, and

binary, respectively. The training generator is also equipped with data augmentation

transformations to enhance the dataset’s variability and improve model generalization.

Key parameters governing these transformations, including the shear range, rotation

range, width shift range, and height shift range, are configured as 0.2, 30, 0.2, and 0.2,

respectively. Horizontal and vertical flipping are enabled with boolean values set to True

for both, while the fill mode is specified as nearest.

The proposed custom architecture builds on the pre-trained network by adding

several layers. It begins with global average pooling, followed by two dense layers utilizing

128 and 64 neurons, respectively. Each dense layer utilizes ReLU activation for efficient
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learning, dropout with a 50% rate to prevent over-fitting, and L2 regularization with a

weight decay of 0.01 to further enhance robustness during feature extraction. The final

layer of the network comprises a single neuron with sigmoid activation, outputting a value

between 0 and 1, representing the probability of the input belonging to a specific class.

The Adam optimizer is employed for training, starting with an initial learning rate of

0.001. An exponential decay schedule is applied to adjust the learning rate over epochs.

This schedule gradually reduces the learning rate after every two epochs with a decay

rate 0.9. The chosen loss function is binary cross-entropy, which measures the difference

between the predicted probabilities and the actual class labels.

A callback function is utilized using ModelCheckpoint from Keras to save

the best-performing version of the model during training. This callback monitors the

validation loss and saves the model only when a new minimum validation loss is achieved.

After training, the code identifies the epoch with the lowest validation loss and loads the

corresponding model weights. These weights are then utilized to evaluate the model’s

performance on a separate test dataset. This strategy ensures that the model evaluated

on unseen data represents the optimal performance attained during training.

2.4.2 Performance of the Model

We investigated four pre-trained networks individually as part of the proposed deep learn-

ing pipeline. While EfficientNetB0 and NASNetMobile achieved high training accuracies

of 99.38% and 98.47%, respectively, their validation and test accuracies were notably

lower, indicating potential weaknesses as evidenced by their loss and accuracy learning

curves, which is discussed later in the section. In contrast, MobileNet demonstrated im-

pressive performance with a training accuracy of 99.81%, a validation accuracy of 99.33%,

a test accuracy of 88.72%, and a low validation loss of 0.033. Similarly, DenseNet121 show-

cased robust performance across training, validation, and test sets, achieving a training

accuracy of 99.69%, a validation accuracy of 98.86%, and a test accuracy of 90.75%.

Overall, DenseNet121 emerged as the best-performing model among those investigated,

boasting the highest test accuracy, closely followed by MobileNet. The comparative per-

formance is summarized in Table 2.1. Epochs in training are chosen based on observing

the convergence pattern of the model, typically by monitoring performance metrics on

a validation dataset. The training continues until the model’s performance on the vali-

dation set plateaus or degrade, indicating convergence and preventing over-fitting. The

deep learning pipeline was trained with EfficientNetB0, MobileNet, DenseNet121, and

NASNetMobile for 30, 60, 60, and 30 epochs, respectively. The optimal performance for

each model was achieved at epochs 30, 59, 55, and 28, correspondingly.

Analysis of learning curves: Analyzing the learning curves for training and
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Table 2.1: Model Performance

Model Train Acc Val Acc Val Loss Test Acc No. Epoch Best Result Epoch

EfficientNetB0 99.38 74.30 0.5033 74.00 30 30
MobileNet 99.81 99.33 0.0330 88.72 60 59
DenseNet121 99.69 98.86 0.0508 90.75 60 55
NASNetMobile 99.47 59.81 0.6815 64.67 30 28

validation loss and training and validation accuracy offers valuable insights into how the

model performs and behaves throughout the training process when employing different

pre-trained networks. For EfficientNetB0, as illustrated in Fig. 2.6a, the training loss

stabilizes at a low value, indicating that the model has learned most of the patterns

in the training data and is not finding any substantial new information. On the other

hand, the fluctuating validation loss indicates that the model’s performance on unseen

data (the validation set) is inconsistent, suggesting potential over-fitting or instability

during training. Furthermore, the training accuracy remains consistently high, as shown

in Fig. 2.7a. In contrast the validation accuracy fluctuates more, implying that the model

performs well on the training data but struggles to generalize effectively to unseen data.

Additionally, the noticeable gap between the training and validation accuracy further

suggests over-fitting, where the model becomes too specialized to the training data and

fails to generalize well to new data.

For NASNetMobile, as depicted in Fig. 2.6d, the learning curves for training

and validation loss reveal evidence of over-fitting, given the considerable gap between the

two curves. Regarding training and validation accuracy learning curves, a similar pattern

is observed, as shown in Fig. 2.7d. This suggests that while these models perform well

on the training data, their performance on unseen validation data is substantially lower.

For DenseNet121, the trends observed in the loss graphs indicate that the

model is effectively learning from the data. Both training and validation loss curves

(i.e., Fig. 2.6c) demonstrate a consistent decrease over time. While there is an initial

gap between the training and validation loss curves, this gap gradually diminishes as the

training progresses. This narrowing gap suggests the model is improving its generalization

ability to unseen data. Additionally, the validation accuracy steadily increases throughout

the training process and remains closely aligned with the training accuracy (i.e., Fig.

2.7c), indicating the model’s positive performance on both training and validation sets.

The performance of MobileNet exhibits a similar trend, where the loss graphs indicate

effective learning by the model. Both training and validation loss curves (i.e., Fig. 2.6b)

depict a consistent decrease over time. Nonetheless, a noticeable gap persists between

the training and validation loss curves, suggesting a potential for over-fitting, although

not severe, given the concurrent increase in validation accuracy (i.e., Fig. 2.7b). This
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(a) (b)

(c) (d)

Figure 2.6: Training Loss vs Validation loss of the Model for the various Pre-trained
Networks: a) EfficientNetB0, b) MobileNet, c) DenseNet121, and d) NASNetMobile.

indicates that the model is still able to generalize well to unseen data, despite the observed

gap between the loss curves.

Analysis of Confusion Matrices: The analysis of confusion matrices is

essential to provide deeper insight into the model’s performance beyond accuracy. The

deep learning pipeline utilizing various pre-trained CNN models were evaluated on an

independent test set of 1,135 images that were not part of the training process. The

model generated the confusion matrices shown in Fig. 2.8 using these already trained

networks. The values within each confusion matrix were arranged according to the layout

shown in Fig. 2.3. Following the similar pattern observed in the previous learning

curves, the EfficientNetB0 and NASNetMobile showed the poorest performance on the

test dataset. For EfficientNetB0, analysis of the confusion matrix (Fig. 2.8a) reveals

a total of 295 misclassified instances out of 1135 predictions, comprised of 138 false

positives (FP) and 157 false negatives (FN). This results in a misclassification rate of

26%. In contrast, the confusion matrix for NASNetMobile (Fig. 2.8d) indicates a strange

behavior where the model correctly identifies all stressed images but fails to recognize

any healthy ones. In the case of EfficientNetB0, the higher misclassification rate suggests

suboptimal performance across both classes. Conversely, NASNetMobile’s performance

is characterized by a notable bias towards the ”stressed” class, resulting in a complete
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(a) (b)

(c) (d)

Figure 2.7: Training vs Validation accuracy of the Model for the various Pre-Trained
Networks: a) EfficientNetB0, b) MobileNet, c) DenseNet121, and d) NASNetMobile.

oversight of the ”healthy” class. Both scenarios are deemed undesirable, rendering the

models ineffective for their intended purpose. On the other hand, both MobileNet and

DenseNet121 achieve very low misclassification rates between healthy and stressed classes,

as shown by the minimal Type I and Type II errors in their respective confusion matrices

(Fig. 2.8b and Fig. 2.8c). This translates to high overall accuracies of 88.72% for

MobileNet and 90.75% for DenseNet121.

DenseNet121 stands out as the top-performing backbone in the proposed deep

learning pipeline, strengthened by data augmentation and additional layers. Analysis of

both learning curves and confusion matrices shows that it generalizes better on unseen

data and distinguishes healthy and stressed classes more effectively than EfficientNetB0,

MobileNet, and NASNetMobile.

2.4.3 Explaining the Model

We employ a method to generate visual explanations for decisions made by the pro-

posed deep learning pipeline, enhancing its transparency. We utilize the DenseNet121

pre-trained network in our pipeline due to its superior performance compared to other

networks. The explanations are derived from analyzing gradients at two distinct stages
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(a) (b)

(c) (d)

Figure 2.8: Confusion Matrix of the Model for the various Pre-Trained Networks with Test
Data Set comprising of 1135 images: a) EfficientNetB0, b) MobileNet, c) DenseNet121,
and d) NASNetMobile.

of the pipeline, resulting in two scenarios for investigation:

• Scenario 1: Gradients are considered at the last dense layer.

• Scenario 2: Gradients are considered at the last convolutional layer of DenseNet121.

These gradients are used to generate a coarse localization map for a specific

target concept, such as drought stress. This map highlights key regions within the image

that contribute greatly to predicting the concept. Analyzing an RGB image for drought

stress involves examining various visual cues and patterns indicative of plant stress. In

such images, areas of interest often exhibit discoloration, wilting, or reduced foliage den-

sity compared to healthy regions. The color spectrum may shift towards yellow or brown,

signifying decreased chlorophyll content and photosynthetic activity. Additionally, leaf

curling or necrotic spots may be visible, indicating water scarcity and cellular damage.

The explainability process begins with pre-processing the drought-stressed image by resiz-
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ing it to match the model’s input dimensions and normalizing the pixel values to ensure

consistent data representation. After pre-processing, the image is fed into the trained

deep learning model. We used the model weights from the 55th epoch, as they provided

the best performance in terms of classification accuracy, precision, and recall. Gradients

are then calculated using GradientTape, a TensorFlow component that facilitates auto-

matic differentiation. These gradients are subsequently used to generate a heatmap that

effectively highlights the critical regions within the input image that contribute to the

prediction of drought stress. The entire process is summarized in the Algorithm 1. The

generated heatmap overlays the original image, highlighting areas where the model places

greater importance in its decision-making process. The original image, along with the

heatmaps for both Scenario 1 and Scenario 2, are shown in Fig. 2.9a, Fig. 2.9b, and 2.9c,

respectively. The seismic colormap is used for heatmap visualization, where red shades

highlight areas of high importance, blue indicates regions of low importance, and white

represents the neutral point.

Algorithm 1: Procedure for visualizing image regions associated with stress using

the trained model.
Input: Trained model M , input image I

Output: Visualization of input image with heatmap

1 Load the trained model M ;

2 Read and preprocess image I;

3 Resize I to match model input size;

4 Normalize pixel values of I;

5 Compute gradients using GradientTape as described in Section 2.3.2.2;

6 Take absolute value of gradients and normalize;

7 Calculate mean and standard deviation of the gradient map;

8 Standardize to generate the heatmap;

9 Display input image I and heatmap side by side;

(a) Input Image (b) Heatmap 1 (c) Heatmap 2

Figure 2.9: Explaining the deep learning model using gradient-based visualisation.

The sensitivity analysis is conducted to evaluate the robustness of the model
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against noise and small changes in the input in both scenarios. Specifically, it assesses how

a trained model’s predictions are influenced by perturbations in input images through

the addition of Gaussian noise. This analysis involves introducing Gaussian noise to 148

images, which represent 20% of the drought-stressed images from the test set, using a

variance of 0.01. Sensitivity is measured by calculating the absolute difference in predic-

tion scores between the original and perturbed images, providing a numerical sensitivity

score that reflects the model’s resilience to slight variations in input data. To summa-

rize the findings, key statistics are computed, including the average sensitivity, median

sensitivity, and standard deviation of the sensitivity scores across all tested images. Fur-

thermore, the distribution of these sensitivity scores is visualized using a histogram, with

the score plotted against frequency and a bin size of 10.

In Scenario 1, the median sensitivity score is 1.65, close to the average sen-

sitivity of 1.73, indicating a consistent response to noise across various inputs. These

findings suggests that the model’s predictions remain relatively stable and predictable,

with minimal variation in how noise affects the different inputs. The standard deviation

in Scenario 1 is 0.71, further emphasizing the model’s consistency in handling noise, as

the spread of sensitivity scores is narrow, and there are fewer outliers. In contrast, Sce-

nario 2 exhibits a higher median sensitivity of 2.32. Still, it is notably lower than the

average sensitivity of 3.01, indicating that while many inputs show moderate sensitivity

to noise, a few outliers with much higher sensitivity skew the average upward. These

observations suggests that the model’s response to noise is less consistent in Scenario 2,

as the presence of outliers introduces greater variability. The standard deviation 2.48 in

Scenario 2 reflects this wider spread of sensitivity scores, highlighting the model’s reduced

robustness when gradients are taken from the convolutional layer. The greater variability

indicates that some images are more affected by noise than others, making the model’s

behavior less predictable in this scenario.

(a) (b)

Figure 2.10: Distribution of Sensitivity Scores: a) Scenario 1 and b) Scenario 2.

The distribution of sensitivity scores for Scenario 1 (Fig. 2.10a) and Scenario
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2 (Fig. 2.10b) further supports these findings. In Scenario 1, the distribution is concen-

trated around lower sensitivity scores, with most images showing sensitivity scores below

2. This pattern indicates that the model is generally less sensitive to noise, with fewer

outliers, reflecting better stability and consistency across inputs. In contrast, Scenario 2

exhibits a wider range of sensitivity scores, from 0 to 10, indicating much higher variabil-

ity. Some images show very high sensitivity scores, reaching up to 10, suggesting that

some of the inputs are more affected by noise perturbations than others. Thus, Scenario

1 demonstrates better stability and interpretability, while Scenario 2 is more prone to

noise and shows greater variability in its responses.

In summary, gradient-based visualization of drought-specific spatial features

helps bridge the gap between a CNN model’s ’black box’ nature and human understand-

ing. It empowers agricultural practitioners to interpret the model’s reasoning and make

informed decisions about plant health based on visual cues and analysis.

2.4.4 Performance Comparison with Object Detection Method-

ologies

We compare our proposed classifier, which incorporates gradient-based explainability,

with the object detection algorithms implemented in a previous work [61]. This compar-

ison is particularly insightful because the localization aspect of object detection models

aligns with our proposed approach, which also focuses on pinpointing stress areas in crops.

Both systems are designed to identify and distinguish between two classes (stressed and

healthy) using the same dataset and bounding boxes.

The evaluation is based on precision and recall metrics to measure each

model’s effectiveness in accurately detecting instances of the target classes. Higher pre-

cision and recall indicate superior performance in classifying stressed and healthy con-

ditions. Table 3.7 presents the performance metrics of our proposed model and com-

pares them with those of models reported by [61]. Our proposed pipeline, based on

DenseNet121, notably outperforms the other models. It achieves the highest precision

for both stressed (0.967) and healthy (0.820) instances, along with the best recall for

stressed instances (0.887). These results demonstrate its ability to accurately identify

stressed conditions while maintaining high precision and minimizing false positives. In

contrast, while Yolo v3 shows competitive recall for stressed plants (0.882), its low pre-

cision (0.407) indicates that it frequently misclassifies healthy plants as stressed. This

result shows that our method provides reliable and accurate classification of stressed and

healthy conditions compared to traditional object detection models.

Moreover, the proposed classifier with explainability offers a better alternative

to traditional object detection algorithms when interpretability and high precision in
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identifying stressed plants are prioritized. The visual insights provided by the explainable

approach enhance model transparency by highlighting critical regions used in the decision-

making process. Such insights are especially useful for applications where understanding

the model’s reasoning is crucial, such as early stress detection in agriculture. On the other

hand, traditional object detection algorithms may be more appropriate for tasks requiring

precise object localization and real-time performance. Therefore, choosing between our

classifier and object detection models depends on specific application requirements and

priorities.

Our work advances non-invasive imaging techniques for crop monitoring by

offering an interpretable, high-precision classifier that supports early stress detection.

This advancement greatly aids decision-making in agriculture, ultimately contributing to

better crop management practices. The performance comparison is further visualized in

the histogram shown in Fig. 2.11.

Table 2.2: Performance of the models with the RGB images.

Model
Stressed Healthy

Precision Recall Precision Recall

Retina-Unet-Ag 0.702 0.841 0.659 0.832
Mask R-CNN 0.700 0.809 0.644 0.769
RetinaNet 0.698 0.795 0.578 0.899
Faster R-CNN 0.781 0.654 0.630 0.891
Yolo v3 0.407 0.882 0.541 0.855
Proposed Pipeline (with DenseNet121) 0.967 0.887 0.820 0.945

(a) Drought Stressed (b) Healthy

Figure 2.11: Comparison of Precision and Recall Metrics Across Various Models.

2.5 Summary

This study confirms the effectiveness of a deep learning pipeline, specifically utilizing

DenseNet121 as the backbone, along with a data augmentation procedure and custom

layers, to detect drought stress in potato crops with high accuracy. The results indicate

that explainable machine learning methods yield actionable insights by identifying stress-

specific regions within crop images. These findings support the hypothesis that early
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detection of drought stress through non-invasive imaging enhances decision-making in

agricultural practices.

The integration of gradient-based visualization significantly advances model

transparency, enabling agricultural practitioners to more effectively trust and interpret

the outputs of artificial intelligence-based systems. Such interpretability is essential for

practical adoption in real-world agricultural contexts, where understanding the rationale

behind model predictions is as important as predictive accuracy. This framework provides

a promising tool for enhancing crop management, optimizing water use efficiency, and

promoting sustainability by facilitating targeted interventions such as precision irrigation.

Although the framework has demonstrated strong performance, its applica-

tion to additional crops and various environmental stressors requires further investigation.

Future research should broaden its applicability, enhance real-time processing capabili-

ties, and address scalability across diverse agricultural conditions. This study introduces

an innovative, lightweight, and explainable approach to crop stress detection with the

potential to transform current agricultural practices and promote more sustainable and

efficient crop management strategies.

The work embodied in this chapter is published as:

Patra, A. K., & Sahoo, L. (2024). Explainable lightweight deep learning pipeline

for improved drought stress identification. Frontiers in Plant Science, 15,

1476130.
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Chapter 3

An Explainable Vision Transformer with Transfer

Learning Based Efficient Drought Stress

Identification

3.1 Abstract

Early detection of drought stress is critical for taking timely measures for reducing crop

loss before the drought impact becomes irreversible. The subtle phenotypical and phys-

iological changes in response to drought stress are captured by non-invasive imaging

techniques and these imaging data serve as valuable resource for machine learning meth-

ods to identify drought stress. While convolutional neural networks (CNNs) are in wide

use, Vision Transformers (ViTs) present a promising alternative in capturing long-range

dependencies and intricate spatial relationships, thereby enhancing the detection of sub-

tle indicators of drought stress. We propose an explainable deep learning pipeline that

leverages the power of ViTs for drought stress detection in potato crops using aerial im-

agery. We applied two distinct approaches: a synergistic combination of ViT and support

vector machine (SVM), where ViT extracts intricate spatial features from aerial images,

and SVM classifies the crops as stressed or healthy and an end-to-end approach using

a dedicated classification layer within ViT to directly detect drought stress. Our key

findings explain the ViT model’s decision-making process by visualizing attention maps.

These maps highlight the specific spatial features within the aerial images that the ViT

model focuses as the drought stress signature. Our findings demonstrate that the pro-

posed methods not only achieve high accuracy in drought stress identification but also

shedding light on the diverse subtle plant features associated with drought stress. This

offers a robust and interpretable solution for drought stress monitoring for farmers to

undertake informed decisions for improved crop management.

Keywords: {Stress Pheno-typing, Drought Stress, Machine Learning, Deep

Learning, Vision Transformer, Support Vector Machine}
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3.2 Introduction

In the previous chapter, we devised and investigated CNN based lightweight models

for drought stress identification. CNNs rely on local receptive fields and often struggle

to capture relationships across various parts of an image, whereas Vision Transformers

(ViTs) offer notable advantages over CNNs in capturing long-range dependencies and

global context due to their self-attention mechanism[127]. Additionally, ViTs exhibit

greater flexibility with input image sizes and handle complex patterns and data variations

more effectively [128].

The self-attention mechanism in ViTs enables more accurate classification by

considering the entire image context, which enhances accuracy and robustness compared

to traditional CNNs [129]. For example, Dosovitskiy et al. demonstrated that ViTs could

outperform CNNs in image classification tasks, highlighting their potential for diversified

applications [127]. Recent studies have effectively applied ViTs both in customized form

[130, 35] and CNN- ViT hybrid form to plant disease identification [23]. Thakur et al.

[131] developed a lightweight model that combines convolutional blocks from VGG 16 and

Inception V7 with transformer components such as multi-head attention and multi-layer

perceptron to effectively identify a wide range of plant diseases across multiple crops. The

model leverages the local feature extraction capabilities of CNNs and the global feature

modeling strength of Vision Transformers, enabling simultaneous extraction of both local

and global features from images. ViT has outperformed Inception V3 in terms of accu-

racy when distinguishing among nine different tomato leaf disease classes [132]. Parez

et al. fine-tuned the Vision Transformer with a four-fold reduction in training parame-

ters, achieving higher accuracy compared to CNN models for disease identification across

three datasets [133]. Yu et al. [134] proposed a framework that integrates soft split token

embedding and depth-wise convolutional modules into the Vision Transformer architec-

ture, resulting in improved accuracy. Replacing the MLP module in the ViT encoder

block with an Inception module improved accuracy in multi-crop disease classification

while reducing the number of trainable parameters [135]. Thai et al. optimized the ViT

architecture for cassava leaf disease detection by pruning less important attention heads

and using sparse matrix operations, achieving a 2% improvement in F1-score along with

reduced model size and training costs [136]. Hemalatha et al. developed a plant disease

localization and classification model which uses co-scale, co-attention, and cross-attention

mechanisms with a Vision Transformer in a multi-task learning framework [137]. Li et

al. integrated a convolutional block attention module into the standard ViT encoder,

enabling the network to filter out irrelevant information and focus on essential features,

leading to improved crop disease classification in rice, wheat, and coffee [138]. Vallab-

hajosyula et al. [139] proposed a novel framework that combines a transformer encoder
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with ResNet9 for plant disease classification, outperforming several classical CNN-based

models. From the extensive literature review, we observe that while most existing works

focus primarily on improving accuracy, few address the reduction of trainable parameters,

and none explore the explainability of transformers. Our proposed work differs in two

key aspects: first, by deciphering the attention mechanism, we emphasize model explain-

ability; second, we devised ViT and support vector machine (SVM) combined framework

and investigated its performance.

In this study, we devised a Vision Transformer (ViT)-based framework and

fine-tuned it specifically for drought stress identification, achieving improved accuracy in

detecting stress conditions. To demonstrate the model’s interpretability, we employed

the inherent self-attention properties of Vision Transformers to produce attention maps.

These maps offer meaningful insights into how the model arrives at its decisions, thereby

increasing both the transparency and trustworthiness of its predictions. Additionally, we

proposed a hybrid ViT+SVM framework that combines the rich feature representation

capabilities of ViTs with the strong classification performance of Support Vector Machines

(SVMs), resulting in a more robust drought stress identification model.

3.3 Materials and Methods

In this section, we begin by introducing the experimental dataset. Next, we present the

drought stress classification model using two different approaches. In the first approach,

we employ the Vision Transformer with transfer learning. In the second approach, we

propose a framework that utilizes a Vision Transformer as a feature extractor, followed by

the integration of an SVM as the classifier. Additionally, we investigate the interpretabil-

ity of the model by generating and analyzing the attention maps. This comprehensive use

of the ViT elucidates how the spatial features of drought stress can be precisely identified.

Finally, we discuss the performance metrics for the proposed approaches.

3.3.1 Preparing the Data

We used the same data as used in Chapter 2.

3.3.2 Vision Transformer (ViT)

A Vision Transformer (ViT) is a type of neural network architecture that has revolution-

ized the field of computer vision [140]. Unlike traditional convolutional neural networks

(CNNs), which process images pixel by pixel, ViT processes the input images in a sequen-

tial manner by dividing them into fixed-size patches, linearly embedding these patches,

and then applying self-attention mechanisms for capturing global dependencies [127]. The
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VIT architecture used for our work is inspired by Dosovitskiy et al.[127] and depicted in

Fig 3.1a. It processes images by dividing them into fixed-size embedded patches, linearly

transforming these patches, and treating them as sequences. The transformer architec-

ture is then applied, incorporating multi-head self-attention mechanisms [141] that enable

the model to capture long-range dependencies within the image. Layer normalization is

applied before and after the multi-head attention, ensuring stable training, and a Mul-

tilayer Perceptron (MLP) head is added to the transformer’s global representation for

task-specific processing.

3.3.2.1 ViT Architecture

The proposed ViT architecture is based on the layers in [142] and Dosovitskiy et al.[127]

and comprises five main components: patch embedding, positional encoding, transformer

encoder , normalization layer and a classification head. This is illustrated in Fig 3.1a.

• Patch Embedding: Input images are divided into fixed-size patches, which are

then linearly embedded to create a sequence of embeddings.

• Positional Encoding: To capture spatial information, positional encodings are

added to the patch embeddings, allowing the model to understand the relative

positions of different patches.

• Transformer Encoder: The embedded patches are fed into a Transformer En-

coder, which is the core component of the ViT architecture. This encoder consists of

twelve identical encoder layers stacked together. Each attention layer analyzes the

relationships between pairs of patches, allowing the model to understand how dif-

ferent image regions interact and influence each other. Each attention layer consists

of the following:

– Multi-Head Self-Attention: This mechanism allows the model to weigh the

importance of different parts of the image. It captures global dependencies

between the patches.

– MLP (Multi-Layer Perceptron) Block: This block introduces non-linearity to

the network and further processes the information from the attention layer.

– Normalization Layers: Layer normalization is applied after the multi-head

attention and MLP blocks to stabilize training.

– Dropout: The model uses dropout at two levels: within the attention mech-

anism and after the MLP block. Dropout is used to prevent over-fitting by

randomly dropping out neurons during training.

• Normalization Layer: Layer normalization applied to the output of the encoder
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serves several crucial purposes: Reduces internal co-variate shift, improves gradient

flow, acts as regularization, handles varying input distributions and accelerates

convergence.

• Classification Head: This head typically consists of a simple MLP layer that

maps the feature representation to the desired output, such as class probabilities.

(a) Vision Transformer Architecture

(b) Vision Transformer with Transfer Learning

(c) Integrating Vision Transformer and SVM

Figure 3.1: Vision Transformer based Approaches for Drought Stress Identification
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3.3.2.2 Information Processing in ViT

At the core of the Vision Transformer (ViT) is the concept of a token, which plays a

crucial role in the model’s ability to process and understand images. A token is a fixed-

size vector that represents a small patch of the input image. These tokens are at the core

of the Vision Transformer model, forming the input sequence to the Transformer layers.

This token-based approach enables the model to process and understand the image by

focusing on the relationships between these patches through self-attention. The detailed

explanation is given below.

• Dividing the Image into Patches:

– The input image is divided into smaller, fixed-size patches. For example, an

image of size 224x224 pixels might be divided into patches of size 16x16 pixels,

resulting in
(
224
16

)2
= 196 patches.

• Flattening and Embedding:

– Each image patch is then flattened into a one-dimensional vector. For instance,

a 16x16 patch with 3 color channels (RGB) would be flattened into a vector

of length 16× 16× 3 = 768.

– These flattened vectors (patch representations) are then linearly embedded

into a higher-dimensional space. This is typically done using a learnable lin-

ear projection, transforming each vector into a fixed-size embedding, say of

dimension 768.

• Tokens:

– After linear embedding, each flattened and embedded patch becomes a ”to-

ken.” In this example, the image is transformed into a sequence of 196 tokens,

each representing a 16x16 patch of the original image.

• Adding Positional Encoding:

– Since the transformer model does not inherently understand the order or po-

sition of tokens, positional encodings are added to each token to incorporate

information about its original position in the image. This helps the model

understand spatial relationships between patches.

• Processing by Transformer Layers:

– These tokens are then processed by the Transformer layers, which include self-

attention mechanisms. The self-attention mechanism computes relationships

between these tokens to understand how different parts of the image relate to
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one another.

3.3.3 ViT with Transfer Learning

The proposed framework, as shown in Fig 3.1b effectively combines transfer learning,

the power of the Vision Transformer and attention-based interpretability to address the

challenging task of drought stress identification in potato crop images captured in natural

settings. A core component of this approach is the utilization of pre-trained weights.

This technique, known as transfer learning, involves leveraging knowledge gained from

solving one problem (often a large-scale image classification task) and applying it to a

different but related problem. Specifically, we used the model initialized with pre-trained

weights from training on the ImageNet-1k dataset with 1000 classes. By employing pre-

trained weights, the model can benefit from the rich feature representations learned from

a massive dataset, accelerating training and potentially improving performance. Using

this the ViT is trained and fine-tuned over multiple epochs using a combination of binary

cross-entropy loss, Adam/AdamW optimizer and learning rate tuning. Experimenting

with different learning rates is essential to find the optimal value for convergence and

generalization. Eventually, the classification layer is responsible for making the final

prediction. It takes the output of the ViT model and maps it to two classes: ”healthy”

and ”stressed.” This layer typically consists of a fully connected neural network with a

sigmoid activation function for binary classification.

To enhance model interpretability, the architecture incorporates a mechanism

to capture attention weights. Attention weights reveal which parts of the input image the

model focuses on when making a decision. By visualizing these weights, researchers can

gain insights into the model’s decision-making process and identify key image features

that contribute to the classification.

3.3.3.1 Attention Maps

Attention maps provide insights into how the model focuses on different parts of the image

during the self-attention mechanism. This mechanism allows the model to selectively

attend to specific areas while processing visual information. The image is first divided

into patches. Self-attention then helps the model prioritize relevant patches and their

relationships for effective feature extraction.

Attention maps act as a visual representation of the weights assigned by the

self-attention mechanism to each patch. These maps can be visualized for each self-

attention layer within the ViT model, as each layer progressively learns more intricate

relationships between these image features. Higher weights indicate a greater focus on a

specific patch and its connection to others. By analyzing these maps, we can essentially
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see the model’s ”thought process” during image understanding. We can identify which

regions it prioritizes for information extraction. The following section highlights the

computation behind the attention mechanism [142].

At its core, self-attention computes a weighted sum of the values (features)

based on the similarities (attention scores) between different positions in the sequence.

This is achieved through three learnable matrices: Query (Q), Key (K), and Value (V ).

Query Matrix (Q): The query matrix is responsible for capturing the infor-

mation about the current token being processed. It learns to encode the features of the

token in a format suitable for comparison with other tokens. Each token in the sequence

is associated with a query vector, which represents its characteristics in the context of

the entire sequence.

Key Matrix (K): The key matrix holds information about the relationship

between the current token and other tokens in the sequence. It learns to encode the

features that determine how relevant each token is to the current token.

Value Matrix (V ):

The key matrix holds information about the relationship between the current

token and other tokens in the sequence. It learns to encode the features that determine

how relevant each token is to the current token.

Given a sequence of tokens X = [x1, x2, ..., xn], the attention scores A are

computed as:

A = softmax

(
QKT

√
dk

)
where Q = XWQ, K = XWK , V = XWV , and WQ,WK ,WV are weight

matrices. dk represents the dimensionality of the key vectors.

Once the attention scores are computed, they are used to compute a weighted

sum of the values:

Attention(Q,K, V ) = A · V

where A is the attention matrix.

To capture different relationships between tokens, ViT (and Transformers in

general) often employ multiple attention heads. Each head learns different sets of Q,K, V

weight matrices and computes separate attention scores and weighted sums. The results

55

TH-3930_186106001



from all heads are concatenated and linearly transformed to maintain a consistent output

dimension. Since self-attention does not inherently consider the order of tokens, positional

encoding is typically added to the token embeddings to provide positional information.

Algorithm for Capturing Attention Weights: To enhance model inter-

pretability, the architecture incorporates a mechanism to capture attention weights. The

algorithm 2 outlines the steps during the training of ViT to capture and utilize attention

weights for the drought identification task. The key components of this class include

the initialization, forward pass, attention weight capture, output size determination, and

retrieval of attention weights. By visualizing these weights, researchers can gain insights

into the model’s decision-making process and identify key image features that contribute

to the classification.

Initialization The VisionTransformerBinary class is initialized with a pre-

trained Vision Transformer model passed as vit model. During initialization, the model

assigns the provided vit model to its own vit attribute. Additionally, it sets up a

fully connected (linear) layer (fc) with a size appropriate to the output of the Vision

Transformer. This layer is responsible for converting the output of the Vision Transformer

into a format suitable for binary classification. An empty list attn weights is also

initialized to store the attention weights captured during the forward pass.

Forward Pass The forward function is central to the operation of the Vi-

sionTransformerBinary class. When an input image x is passed through the model, the

function first clears any previously stored attention weights. This ensures that the atten-

tion weights list is fresh and only contains data relevant to the current input.

Next, the function registers hooks on the self-attention layers of each block in

the Vision Transformer. These hooks are responsible for capturing the attention weights

during the forward pass. For each block in the Vision Transformer’s encoder layers, the

self-attention layer is accessed, and a hook is registered to capture its attention weights

using the capture attn weights helper function. The hooks are stored in a list to

facilitate their removal later.

With the hooks in place, the input image is passed through the Vision Trans-

former and then through the fully connected layer. This produces the model’s output for

the given input. After the forward pass is complete, the hooks are removed to free up

memory, ensuring that they do not persist and interfere with future operations.

Attention Weights Capture The capture attn weights helper function

is designed to capture the attention weights during the forward pass. It is triggered by the

hooks registered on the self-attention layers. This function receives the module, input, and

output as arguments. From the input, it extracts the query, key, and value components,
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which are essential for computing the attention weights. These components, along with

the output, are appended to the attn weights list. By capturing these components, the

model can later compute and analyze the attention scores, which provide insights into

the regions of the input image that the model focuses on during classification.

Output Size Determination The get output size helper function deter-

mines the output size of the Vision Transformer model. This function performs a forward

pass with a zero tensor of appropriate dimensions through the Vision Transformer. By

doing so, it captures the shape of the output tensor produced by the Vision Transformer.

The size of the last dimension of this output tensor is then returned, which is used to

initialize the fully connected layer with the correct input size.

Retrieval of Attention Weights The get attention weights function

provides a simple interface to retrieve the captured attention weights. It returns the

attn weights list, allowing external components or functions to access the attention

weights for further analysis or visualization.

The modular design of the class, with separate functions for initialization, for-

ward pass, attention weight capture, output size determination, and retrieval, provides a

clear and maintainable structure. This design facilitates the integration of attention-based

insights into the classification process, enhancing the interpretability and performance of

the model.
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Algorithm 2: Vision Transformer Class to capture Attention Weights

Input: Pre-trained Vision Transformer model

Output: Modified Vision Transformer model with attention weights capture

1 Class VisionTransformerBinary(vit model):
Data: vit model: Vision Transformer model

// Initialization

2 Initialize vit with vit model;

3 Initialize fc with a linear layer of appropriate output size;

4 Initialize attn weights as an empty list;

5 Function forward(x):

// Clear previous attention weights

6 Clear attn weights;

// Register hooks to capture attention weights

7 Initialize hooks as an empty list;

8 for each block in vit.encoder.layers do

9 attn layer ← block.self attention;

10 hook ← attn layer.register forward hook( capture attn weights);

11 Append hook to hooks;

// Pass input through the Vision Transformer

12 x← vit(x);

13 x← fc(x);

// Remove hooks to free up memory

14 for each hook in hooks do

15 Remove hook;

16 return x;

17 Function capture attn weights(module, input, output):

// Capture attention weights

18 Extract query, key, value from input;

19 Append (query, key, value, output) to attn weights;

20 Function get output size():

// Determine the output size of the Vision Transformer

21 Initialize output with a forward pass of zeros through vit;

22 return size of the last dimension of output;

23 Function get attention weights():

24 return attn weights;
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3.3.4 Integrating Vision Transformer (ViT) and Support Vector

Machine (SVM)

This framework focuses on combining a Vision Transformer (ViT) and a support vector

machine (SVM) within a three-step approach for effective stress identification.

• Feature Extraction: For each image in the dataset, extract the final hidden state

or pooled representation from the ViT model to obtain a feature vector. Let X

represent the set of embedded features extracted from a dataset of images, and y

represent the corresponding class labels.

• Training SVM: Train an SVM classifier using the extracted features X and their

corresponding class labels y.

• Classification: For a new, unseen image, extract features using the pre-trained ViT

model and use the trained SVM classifier to predict its class.

3.3.4.1 Support Vector Machine (SVM)

Support Vector Machines [143] aim to find a hyperplane that best separates a given set of

data points into different classes. Given a set of labeled data points (x1, y1), (x2, y2), . . . , (xn, yn)

where xi is the feature vector of the i-th data point, and yi is its corresponding class la-

bel (yi ∈ {1, 0} for binary classification), SVM seeks to find a hyperplane defined by the

equation:

w · x+ b = 0

where w is the weight vector and b is the bias.

The goal is to maximize the margin, which is the distance between the hy-

perplane and the nearest data point from each class. The margin is computed as the

perpendicular distance from a data point xi to the hyperplane:

margin =
1

∥w∥
· |w · xi + b|

Subject to the constraint that for all data points:

yi(w · xi + b) ≥ 1

This constraint ensures that data points are correctly classified and lie on the
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correct side of the hyperplane.

The SVM optimization problem can be formulated as:

Minimize
1

2
∥w∥2

Subject to the constraints:

yi(w · xi + b) ≥ 1 for all i

This is the primal form of the optimization problem. However, the SVM

problem is often reformulated in its dual form, which introduces Lagrange multipliers αi

to handle the constraints. The dual formulation is:

Maximize
n∑

i=1

αi −
1

2

n∑
i=1

n∑
j=1

αiαjyiyjxi · xj

Subject to the constraints:

0 ≤ αi ≤ C for all i

n∑
i=1

αiyi = 0

The solution to the dual problem provides the values of αi, and the weight

vector w and bias b can be obtained from these values.

In cases where the data is not linearly separable, SVM can be extended to

handle non-linear decision boundaries using the kernel trick. The feature space is implic-

itly mapped to a higher-dimensional space, making it possible to find a linear separating

hyperplane in that space.

Classification is performed based on the decision function derived from the

trained model. Once the SVM model is trained with a set of support vectors, it identifies

a hyperplane that best separates different classes in the feature space. The decision

function for a new data point x is given by:

f(x) = w · x+ b
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Here, w is the weight vector, and b is the bias term. The sign of f(x) deter-

mines the predicted class:

Class 1, if f(x) > 0

Class 0, if f(x) < 0

The magnitude of f(x) provides a measure of how far the data point is from

the decision boundary. Larger magnitudes indicate greater confidence in the classification.

The key role of support vectors in this process is that they are the data points

lying closest to the decision boundary. Support vectors effectively determine the position

and orientation of the hyperplane. The optimization process in SVM aims to maximize

the margin between the classes, and support vectors are the data points defining the

edges of this margin. In practice, many data points do not significantly contribute to the

definition of the decision boundary. Only the support vectors, with non-zero Lagrange

multipliers αi in the dual formulation, are crucial for determining the hyperplane. This

property makes SVM memory-efficient and computationally faster, especially in high-

dimensional spaces.‘

3.3.4.2 ViT+SVM Framework

The process begins with input images that are fed into the ViT. The ViT, pre-trained

on a vast dataset, is adept at extracting meaningful features from the images. Once

the features are extracted by the ViT, they are compiled into a feature matrix, which

also includes the corresponding labels indicating whether the plants in the images are

healthy or stressed. This matrix forms the input to the SVM, a robust classifier known

for its effectiveness in handling high-dimensional data. The SVM is trained to discern

between the two classes—healthy and stressed—based on the features provided. Finally,

the trained SVM predicts the class of new images, categorizing them as either healthy or

stressed. The entire approach is depicted in Fig 3.1c. The efficacy of this framework is

evaluated using a designated test set and k-fold cross-validation.

3.3.5 Performance Evaluation Metrics

The model’s performance underwent assessment using various evaluation metrics, includ-

ing accuracy, precision, recall (sensitivity) and the Receiver Operating Characteristic

(ROC) curve. These metrics are computed based on the counts of true positives (TP),

true negatives (TN), false positives (FP), and false negatives (FN), which collectively

form a 2x2 matrix known as the confusion matrix. In this matrix, TP and TN indi-

cate the accurate predictions of water-stressed and healthy potato crops, respectively.
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FP, termed as type 1 error, denotes predictions where the healthy class is inaccurately

identified as water-stressed. FN, referred to as type 2 error, represents instances where

water-stressed potato plants are incorrectly predicted as healthy. The classification accu-

racy is a measure of the ratio between correct predictions for both stressed and healthy

images and the total number of images in the test set.

Accuracy =
True Positive + True Negative

Total Population

Precision =
True Positive

True Positive + False Positive

Recall =
True Positive

True Positive + False Negative

F1-score = 2 · Precision · Recall
Precision + Recall

Cross-validation is crucial in model development for two key reasons: it helps

prevent over-fitting by assessing a model’s performance across different subsets of the

data, and it ensures the model’s generalization ability, providing a reliable estimation of

its effectiveness under various conditions. The model was trained and evaluated using

k-fold cross-validation, a robust technique for assessing the generalization performance of

the model. In each iteration of the k-fold cross-validation process, the dataset was par-

titioned into k folds, and the model was trained on k − 1 folds while being validated on

the remaining fold. This process was repeated k times, ensuring that every fold had the

opportunity to serve as the validation set. For each fold, the Receiver Operating Charac-

teristic (ROC) curve was plotted, illustrating the trade-off between true positive rate and

false positive rate at various thresholds. After completing the k-fold cross-validation, the

individual ROC curves were aggregated, and the mean ROC curve was calculated and

plotted. AUC (area under the curve) measures the entire two-dimensional area under-

neath the entire ROC curve. AUC provides an aggregate measure of performance across

all possible classification thresholds. One way of interpreting AUC is as the probability

that the model ranks a random positive example more highly than a random negative

example. AUC ranges in value from 0 to 1. A model whose predictions are 100% wrong

has an AUC of 0.0; one whose predictions are 100% correct has an AUC of 1.0.This

comprehensive approach provides a more reliable estimation of the model’s performance,

capturing its consistency across different subsets of the data and enhancing the overall

assessment of its predictive capabilities.
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3.4 Results and Discussion

In this section, we present the experimental results of our proposed model for identifying

drought stress in potato crop field images. First, we distinguish between healthy and

stressed images. Then, we identify the spatial features responsible for the stress. Our

experiments with the proposed Vision Transformer (ViT) framework were conducted in

two ways:

• ViT with Transfer Learning (ViT-TL): Leveraging pre-trained weights.

• ViT+SVM with Optimal Weights. The optimal weights are the ones at which the

model performs best while executing the ViT with pre-trained weights in the first

case.

We used the PyTorch library and its sub-packages to implement deep learn-

ing functionalities, particularly employing torch and torch.nn for tensor operations and

neural network construction. For handling image data, we utilized Torchvision’s models

for accessing pre-trained architectures and transforms for preprocessing, which included

resizing images to (224, 224) pixels and converting them into tensors. Additionally,

TQDM was used to generate progress bars for better training visibility. For data analy-

sis and pre-processing, we employed pandas, NumPy, and scikit-learn for structured data

manipulation, numerical computations, and machine learning utilities.

3.4.1 Performance of ViT with Transfer Learning

To adapt the Vision Transformer (ViT) architecture (as depicted in Fig. 3.1a) for our spe-

cific task of binary classification, we began by configuring the model using themodels.ViT-

B/16 variant. Subsequently, we loaded custom pre-trained weights into the ViT model

to realize Vision Transformer with transfer learning approach as shown in Fig 3.1b. This

step was crucial as it transferred learned representations from a previously trained model

to our current architecture, leveraging prior knowledge to enhance performance. A cus-

tom class was designed (as shown in Algorithm 2) to configure encoder layers as trainable

or frozen, with methods to adjust various parameters. It also includes functionality to

capture attention weights, crucial for analyzing the model’s focus on specific image re-

gions.

Table 3.1 presents the training configurations adopted across eleven experi-

mental scenarios involving Vision Transformer (ViT)-based models. To balance accuracy

with computational efficiency, we primarily fine-tuned a limited number of encoder layers

within the pre-trained ViT models instead of retraining the entire architecture. Specifi-

cally, the number of trainable encoder blocks was varied across scenarios, starting with
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Table 3.1: Training parameters of the model under different scenarios.

Scenario Model
No. of

Trainable Layers
Learning Rate
& Optimizer

Callback Parameters Batch
Size

Attention
Dropout

MLP
Dropout

Patience Factor

Scenario 1 ViT-B/16 Last encoder block 0.001(Adam) 5 0.2 128 0 0
Scenario 2 ViT-B/16 Last two encoder blocks 0.001(Adam) 5 0.2 128 0 0
Scenario 3 ViT-B/16 Last three encoder blocks 0.001(AdamW) 5 0.2 128 0 0
Scenario 4 ViT-L/16 Last three encoder blocks 0.001(AdamW) 5 0.2 128 0 0
Scenario 5 ViT-B/16 Last three encoder blocks 0.001(AdamW) 2 0.2 128 0 0
Scenario 6 ViT-B/16 Last three encoder blocks 0.001(AdamW) 2 0.2 64 0 0
Scenario 7 ViT-B/16 Last two encoder blocks 0.001(AdamW) 5 0.2 128 0.1 0.1
Scenario 8 ViT-B/16 Last two encoder blocks 0.001(AdamW) 5 0.2 128 0.1 0.2
Scenario 9 ViT-B/16 All encoder blocks 0.001(AdamW) 5 0.2 128 0 0
Scenario 10 ViT-B/16 All encoder blocks 0.001(AdamW) 5 0.2 64 0 0
Scenario 11 ViT-B/16 Last two encoder blocks 0.001(Adam) 5 0.2 128 0.1 0.2

only the final block in Scenario 1 and gradually increasing up to all encoder blocks in

Scenarios 9 and 10. The ViT-B/16 model, known for its relatively lightweight design,

served as the backbone for most experiments. An exception was Scenario 4, where we

employed the larger ViT-L/16 model, which has approximately four times the number

of parameters compared to ViT-B/16. Despite its increased capacity, ViT-L/16 did not

yield a notable improvement in accuracy, leading us to retain ViT-B/16 in subsequent

scenarios for better scalability and efficiency. Key training elements were systematically

varied to evaluate their effects. Both Adam and AdamW optimizers were tested with a

fixed learning rate of 0.001, with AdamW being preferred in most cases due to its im-

proved regularization capabilities. Callback settings included early stopping and learning

rate reduction on plateau, controlled by a patience of 5 and a factor of 0.2. However,

Scenarios 5 and 6 employed a reduced patience of 2 to accelerate convergence. Batch

sizes were set to either 64 or 128 to investigate their influence on model convergence and

generalization. Finally, to combat overfitting, additional attention and MLP dropout

layers were integrated in Scenarios 7, 8, and 11.

Table 3.2: Model performance across different scenarios.

Scenario
Training
Accuracy

Validation
Accuracy

Training
Loss

Validation
Loss

Test
Accuracy

Epoch
No.

Scenario 1 0.9899 0.9816 0.0272 0.0466 0.9039 16
Scenario 2 0.9929 0.9831 0.0190 0.0563 0.9083 20
Scenario 3 0.9939 0.9906 0.0178 0.0294 0.9057 16
Scenario 4 0.9431 0.9443 0.1468 0.1433 0.8960 14
Scenario 5 0.9935 0.9901 0.0191 0.0322 0.8819 17
Scenario 6 0.9940 0.9876 0.0180 0.0370 0.8995 16
Scenario 7 0.9833 0.9796 0.0421 0.0444 0.9127 18
Scenario 8 0.9765 0.9747 0.0613 0.0876 0.9162 20
Scenario 9 0.9377 0.9513 0.1589 0.1344 0.9119 16
Scenario 10 0.9320 0.9274 0.1721 0.1747 0.9075 19
Scenario 11 0.9707 0.9672 0.0780 0.0896 0.8942 16

64

TH-3930_186106001



Table 3.2 summarizes the training and validation accuracy and loss for each

scenario along with the final test accuracy and the epoch number at which early stopping

was triggered. Across most scenarios, the training and validation accuracies exceed 97%,

demonstrating strong convergence. Scenario 5, despite high training accuracy (99.35%),

showed comparatively lower test accuracy (88.19%), indicating potential overfitting. In

contrast, Scenario 8 exhibited the highest generalization with a test accuracy of 91.62%.

Table 3.3: Confusion matrix components and test accuracy across different scenarios.

Scenario TP TN FP FN
Test

Accuracy

Scenario 1 647 379 22 87 0.9039
Scenario 2 661 370 31 73 0.9083
Scenario 3 650 378 23 84 0.9057
Scenario 4 638 379 22 96 0.8960
Scenario 5 617 384 17 117 0.8819
Scenario 6 639 382 19 95 0.8995
Scenario 7 663 373 28 71 0.9127
Scenario 8 661 379 22 73 0.9162
Scenario 9 645 390 11 89 0.9119
Scenario 10 638 392 9 96 0.9075
Scenario 11 637 378 23 97 0.8942

The confusion matrix components for each scenario are provided in Table 3.3,

including the number of true positives (TP), true negatives (TN), false positives (FP),

and false negatives (FN). These values corroborate the overall test accuracy and provide

insights into class-wise prediction reliability. Scenario 8 again stands out with a balanced

count of TP and TN and a lower FN, contributing to its highest accuracy.

The loss and accuracy curves for all 11 scenarios are depicted in Fig. 3.2

and Fig. 3.3, respectively. These plots offer visual confirmation of training convergence

and generalization. From the loss and accuracy curves, it is evident that most scenarios

converge smoothly, with minimal overfitting. Scenario 5 is a notable exception, exhibiting

a pronounced gap between training and validation performance. This is further reflected

in its confusion matrix, where the number of false negatives (117) significantly exceeds

other scenarios, explaining its poor generalization (test accuracy: 88.19%). Scenario 8,

despite modest fluctuations during training, achieves the highest test accuracy (91.62%)

and maintains a balanced distribution of true and false predictions. Scenarios 9 and 10

notably report the lowest false positive counts (11 and 9, respectively), making them

suitable for applications where false alarms are critical. In contrast, Scenario 7 shows the

highest recall (TP: 663, FN: 71), which is necessary in settings where missing stressed

cases could be detrimental.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

Figure 3.2: Loss curves for 11 scenarios: Fig. a–k corresponding to scenario 1 to 11.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k)

Figure 3.3: Accuracy curves for 11 scenarios: Fig. a–k corresponding to scenario 1 to 11.

This systematic experimentation helped us analyze the trade-off between

model complexity and performance. The results showed that fine-tuning only the last

2–3 encoder blocks of ViT-B/16, combined with suitable regularization, yielded perfor-

mance comparable to that of training the entire network or using ViT-L/16, but with
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significantly fewer trainable parameters and faster training times.

3.4.1.1 Analyzing Attention Maps

Visualizing attention weights provides insights into how the ViT focus on different parts of

an input during processing. By examining these weights, researchers and practitioners can

understand the model’s decision-making process, diagnose potential biases, and improve

interpretability.

The following pseudocode outlines a systematic approach to calculate and vi-

sualize attention weights from a Vision Transformer model. This process involves captur-

ing attention weights during the forward pass, computing attention scores, and generating

visual representations of these scores.

Initialization: The process begins by initializing an empty list to store the

attention weights that will be captured during the forward pass of the Vision Transformer

model. This list will later be used to compute and visualize the attention maps.

Forward Pass and Capture Attention Weights: The next step involves

iterating through each layer of the Vision Transformer model. For each layer, a hook is

registered to capture the attention weights. The input image is then passed through the

Vision Transformer to compute the output features. This stage ensures that attention

weights are collected during the forward pass for later analysis.

Calculate Attention Score: After capturing the attention weights, the

algorithm processes each weight to compute the attention scores. This involves extracting

the query, key, and value tensors from the hook outputs. The attention score is computed

as per the principles discussed in section 3.3.3.1. The attention scores are then normalized

to ensure they are in a range suitable for visualization.

Visualize Attention Maps: In the visualization phase, each normalized

attention map is resized to match the dimensions of the input image. A colormap (e.g.,

’hot’) is applied to the attention map to highlight areas of high attention. The attention

map is then overlaid on the original image to create a visual representation of where the

model is focusing.

Display: Finally, both the original image and the overlaid attention maps are

displayed, allowing for an interpretation of how the Vision Transformer model is making

its decisions based on different regions of the input image.
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Algorithm 3: Calculate and Visualize Attention Weights

Input: Input image, Vision Transformer model

Output: Attention maps visualization

1 Function main:
Data: Input image, Vision Transformer model

// Forward Pass and Capture Attention Weights

2 Initialize attention weights list

3 for each layer in Vision Transformer do

4 Register hook to capture attention weights

5 Pass input image through Vision Transformer

6 Compute output features

// Calculate Attention Score

7 for each captured attention weight do

8 Extract query, key, value from the hook output

9 Compute attention score as Attention = Query × KeyT

10 Attention(Q,K,V) = A × V

11 Normalize attention score

// Visualize Attention Maps

12 for each attention score do

13 Resize attention map to match input image dimensions

14 Apply colormap (e.g., ’hot’) to visualize attention weights

15 Overlay attention map on original image

16 Display the original image and attention maps

The stressed image along with the corresponding attention maps from the 12

encoder blocks of the Vision Transformer (ViT) is shown in Fig 3.4. Several key obser-

vations can be made from these attention maps, including spatial relevance, hierarchical

processing, interpreting model decisions, visualization of learned features, and using them

as a diagnostic tool for model improvement. Each attention map is resized and overlaid

on the original image, with colors indicating the attention intensity:

• Red/Hot Colors: Indicate areas of high attention.

• Yellow/Warmer Colors: Show areas of moderate attention.

• Dark/Cold Colors: Represent areas of low attention.

Spatial Relevance: The spatial relevance can give insights into which parts

of the image the model finds important for differentiating between classes. In Layer 1,

the model’s attention is broadly distributed with some central intensity, indicating that
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(a)

(b) (c) (d) (e)

(f) (g) (h) (i)

(j) (k) (l) (m)

Figure 3.4: A Sample Image (Stressed) and Corresponding Attention Maps from 12
Encoder Blocks.
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the model initially captures coarse, global structures of the image. Moving to Layers 2

,3 and 4, attention becomes increasingly localized, suggesting the model is beginning to

identify distinct regions and features relevant to the classification task. Between Layers 5

and 6, the attention patterns grow sharper and more discriminative. These layers appear

to focus on intermediate-level features—regions that are potentially indicative of stress

patterns but not yet fine-grained. Layers 7 through 11 show a high concentration of

attention in specific, small regions with strong contrast, indicating that the model is now

attending to fine details, such as localized stress indicators in the vegetation. Notably,

Layer 12 diverges from the preceding layers. The attention becomes more diffused and less

sharply defined compared to Layers 8–11. This indicates that the final encoder block form

a more holistic representation by aggregating information from previous layers, striking

a baalnce of local details with global context for the final classification decision.

Hierarchical Processing: As we move through the layers of the ViT, atten-

tion maps can show how the model progressively refines its understanding of the image.

In the lower layers, attention is distributed across large regions, capturing global context.

As we ascend through the layers, the attention narrows down to more specific features,

highlighting finer details and important objects within the image. This hierarchical pro-

cessing is crucial for the model to effectively balance global and local information.

Interpreting Model Decisions: By visualizing attention maps, we can in-

terpret why the model made certain predictions. For instance, if the attention maps

highlight specific objects or patterns in an image, it suggests that those elements in-

fluenced the classification decision. This interpretability can help validate the model’s

decisions and identify potential biases or weaknesses.

Visualization of Learned Features: The attention maps provide a visual

representation of the features learned by the ViT. Unlike abstract feature vectors, these

maps directly relate model activations to spatial locations in the input image. This

visualization helps in understanding how the model processes visual information and

forms its internal representations.

Diagnostic Tool for Model Improvement: Analyzing attention maps

can serve as a diagnostic tool for improving model performance. By examining where the

model attends and comparing it with ground truth or human perception, we can identify

areas where the model might be lacking or where it might over-emphasize certain features.

This feedback loop can guide model refinement and training strategies.

In summary, attention maps in image classification tasks with Vision Trans-

formers provide a transparent view into the inner workings of the model, highlighting

which parts of the input image contribute most to its decision-making process.
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3.4.2 Performance of ViT+SVM

We used a pre-trained Vision Transformer (ViT) model to extract features from both the

training and testing datasets. These extracted features were then utilized by an SVM to

identify stress, aiming to distinguish between stressed and healthy images. The imple-

mentation was done using the PyTorch framework, leveraging both its core library and

the torchvision module. Key libraries such as torch, torchvision, csv, pandas, and scikit-

learn were imported to facilitate feature extraction, data transformations, file handling,

and classification tasks.

We employed the Vision Transformer (ViT ) models for feature extraction and

subsequent evaluation through a Support Vector Machine (SVM) classifier. Primarily,

we utilized the ViT-B/16 architecture, sourced from torchvision.models, and loaded pre-

trained weights using torch.load from a specified path. The model was initialized and

set to evaluation mode to facilitate inference-based feature extraction. To standardize

the inputs, all images were resized to 224×224 pixels and transformed into tensors. Data

loaders were constructed for both the training and testing datasets, using a batch size of

32. Feature extraction was encapsulated in a dedicated function invoked separately for the

training and testing data loaders. The resulting features, along with their corresponding

labels, were saved to CSV files for downstream processing. This process was executed

within a no-gradient context torch.no grad() to optimize computational efficiency. The

hyperparameters and implementation details used for ViT-based feature extraction and

classification are summarized in Table 3.4.

Parameters
ViT Parameters SVM Parameters
Image size for resizing: 224x224 Learning rate: 0.001
Batch size for data loaders: 32 Kernel: radial basis function
– All other parameters are default

in scikit-learn

Table 3.4: Parameters in ViT+SVM Framework

To analyze the influence of model capacity, we extracted features under two

experimental scenarios. In the first, we used the ViT-B/16 model (final weights from sce-

nario 8). In the second scenario, we utilized ViT-L/16, taking into account the weights

in scenario 4. In both settings, the extracted features were fed into a Support Vector

Machine (SVM) for classification. Performance evaluation was conducted on specified

test set as well as using 5-fold cross-validation to generate the Receiver Operating Char-

acteristic (ROC) curves, compute the mean Area Under the Curve (AUC), and estimate

the mean classification accuracy.

The confusion matrix components, as shown in Table 3.5 , show that ViT-
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Table 3.5: Confusion matrix components and test accuracy across for ViT+SVM.

Scenario TP TN FP FN
Test

Accuracy

ViT-B/16 +SVM 650 353 48 84 0.8837
ViT-L/16 +SVM 640 364 37 94 0.8845

Table 3.6: Mean Accuracy and AUC for k-fold cross validation

Approaches Accuracy for Mean Accuracy Mean AUC
Specified Test Set with 5-Fold with 5-Fold

ViT-B/16 +SVM 0.8837 0.9435 0.98
ViT-L/16 +SVM 0.8845 0.9208 0.96

B/16 produces a lower number of false negatives (FN), a critical metric in drought stress

identification tasks, where missing stressed cases can lead to substantial consequences.

The overall performance evaluation of the proposed models reveals the superiority of

the ViT-B/16 + SVM architecture over its larger counterpart, ViT-L/16 + SVM. Table

3.6 detailed that ViT-B/16 consistently achieved higher mean accuracy, mean AUC,

indicating better generalization capability and robustness. Additionally, as shown in Fig.

3.5a, the ROC curve for ViT-B/16 exhibits a higher mean AUC (0.98 ± 0.01) compared

to ViT-L/16 (0.96 ± 0.01 in Fig. 3.5b), with consistently strong performance across all

folds. The tighter clustering of the ROC curves around the upper-left corner for ViT-

B/16 also indicates more reliable classification across varying thresholds. These results

demonstrate that despite having a smaller architecture, ViT-B/16 offers more accurate

and explainable performance, making it a preferable feature extractor for efficient and

dependable drought stress detection.

(a) ViT-B/16 +SVM (b) ViT-L/16 +SVM

Figure 3.5: ROC curves depicting the model’s performance
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3.4.3 Comparison of the Models

Performance on Specified test set:

Our two proposed approaches are compared with a previously published model

[62] on the same dataset. Table 3.7 presents a comparative evaluation of the three mod-

els for drought stress detection, reporting precision, recall, F1-score, and overall accuracy

on the designated test set. The CNN-based framework demonstrates competitive per-

formance, particularly in terms of stressed plant precision (0.9673). However, it lags

behind in F1-score and overall accuracy when compared to the Vision Transformer with

Transfer Learning. The ViT+SVM model shows relatively weaker performance, espe-

cially in classifying healthy plants, suggesting that the SVM integration may not fully

exploit the representational capacity of ViTs for this task. The Vision Transformer

with Transfer Learning outperforms both the CNN-based and ViT+SVM models across

all metrics, making it the most effective model for distinguishing drought-stressed from

healthy plants.

Fig. 4.5 presents the confusion matrices for three models—CNN Framework,

ViT+SVM, and ViT with Transfer Learning—which correspond to the performance met-

rics previously computed and detailed in Table 3.7 for the specified test set. In drought

stress detection, minimizing false negatives (FN) is crucial, as higher FN could lead to

significant oversight in applications like drought stress detection, where failing to identify

stressed plants might delay critical interventions. Among the three models compared,

the Vision Transformer with Transfer Learning (ViT-TL) demonstrates the lowest num-

ber of false negatives (73), highlighting its superior sensitivity to stress conditions. In

contrast, the CNN-based framework and the ViT+SVM model yield higher false neg-

atives—83 and 84 respectively—indicating a comparatively weaker ability to detect all

truly stressed plants. Apparently, false positives (FP) are generally less severe than false

negatives, they still represent inefficiencies in resource utilization, such as unnecessary

irrigation or pesticide application to healthy plants. Both ViT-TL and the CNN frame-

work exhibit equally low false positives (22), whereas the ViT+SVM model produces a

significantly higher FP count of 48, suggesting an over-prediction of stress in healthy

plants. Overall, ViT-TL achieves a well-balanced performance with the lowest FN and

equally low FP, indicating its robustness in both detecting stressed plants accurately and

avoiding unwarranted false alarms.

K-fold cross validation: Table 3.8 presents a comparative performance

analysis between two model configurations: the Vision Transformer (ViT) with transfer

learning and ViT-B/16 combined with a Support Vector Machine (SVM) classifier. In

the first approach, the ViT model is fine-tuned end-to-end on the target dataset, whereas

in the second, ViT is used as a feature extractor, and an SVM classifier is trained on the

73

TH-3930_186106001



Table 3.7: Performance comparison of the models for the specified test set.

Model
Stressed Healthy

Accuracy
Precision Recall F1-score Precision Recall F1-score

CNN Based Framework [62] 0.9673 0.8869 0.9252 0.8203 0.9451 0.8788 0.9075
ViT+SVM 0.9312 0.8856 0.9078 0.8078 0.8803 0.8421 0.8837
ViT-TL 0.9678 0.9005 0.9328 0.8385 0.9451 0.8883 0.9162

(a) CNN Framework
[62] (b) ViT+SVM (c) ViT-TL

Figure 3.6: Confusion matrices comparison for CNN, ViT+SVM, and ViT with Transfer
Learning models.

extracted features. The evaluation was performed using k-fold cross-validation, and the

results are reported in terms of the mean F1-scores for both the Healthy and Stressed

classes, along with the overall mean accuracy. The ViT with transfer learning demon-

strated superior performance with F1-scores of 0.97 and 0.98 for the Healthy and Stressed

classes, respectively, and a mean accuracy of 97.43%. In comparison, the ViT-B/16 +

SVM configuration achieved F1-scores of 0.93 (Healthy) and 0.95 (Stressed), and a mean

accuracy of 94.35%. These results highlight the effectiveness of end-to-end fine-tuning,

which enables the model to learn task-specific representations more effectively than the

frozen feature extractor approach.

Table 3.8: Performance comparison between ViT with Transfer Learning and ViT+SVM
with Optimal Weights for k-fold cross validation.

Model
Mean F1-score

Mean Accuracy
Healthy Stressed

ViT with Transfer Learning 0.97 0.98 0.9743
ViT-B/16 + SVM 0.93 0.95 0.9435

3.5 Summary

Drought stress represents a severe threat to crop yield and quality, disrupting normal

plant growth and survival rates. Detecting early signs of drought stress is crucial for

effective crop management and intervention. Traditional methods, primarily reliant on
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Convolutional Neural Networks (CNNs), have made significant strides in capturing spa-

tial hierarchies in image data. However, Vision Transformers (ViTs) offer a compelling

alternative by leveraging self-attention mechanisms to capture long-range dependencies

and complex spatial relationships, thus enhancing the detection of subtle drought stress

indicators.

Our study successfully addressed the challenge of stress identification using

smaller datasets by harnessing the feature extraction capabilities of Vision Transform-

ers. Unlike conventional CNN architectures, Vision Transformers utilize self-attention

mechanisms to effectively capture relationships across different parts of the image, en-

abling them to model long-range dependencies, which is particularly advantageous for

complex datasets where traditional CNNs may struggle to capture global context. More-

over, Vision Transformers can handle images of varying resolutions without necessitating

architectural modifications, enhancing their flexibility in handling diverse datasets. Our

framework also emphasized explainability by generating attention maps, which provide

insights into the model’s focus areas within the images, thereby offering transparency in

its decision-making process.

The comparative analysis of a CNN-based framework, ViT-TL, and ViT+SVM

showed that Vision Transformers (ViT) with transfer learning significantly improve clas-

sification performance. Its performance is consistent across various data splits, thus

offering a reliable and accurate solution for drought stress identification, with atten-

tion maps providing valuable insights into the model’s decision-making process. These

findings highlight the potential of advanced deep learning techniques to enhance agricul-

tural practices and decision-making, paving the way for more effective crop management

strategies.

The work embodied in this chapter is published as:

Patra, A. K., Varshney, A., & Sahoo, L. (2025). An explainable Vision Trans-

former with transfer learning based efficient drought stress identification. Plant

Molecular Biology, 115(4), 98.
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Chapter 4

Gradient-Guided Unlearning in a Novel Lightweight

Hybrid CNN for Enhanced Drought Stress

Identification

4.1 Abstract

Precise detection of drought stress is essential to safeguard crop productivity, requiring

advanced technologies for timely intervention and improved agricultural management.

Traditional methods are limited, leading to the development of innovative techniques such

as hyperspectral remote sensing, machine learning with deep learning architectures, and

geophysical imaging to non-invasively monitor crop health and water status. These mod-

ern approaches offer enhanced precision and scalability, enabling targeted interventions

to mitigate losses and enhance crop resilience against drought. In recent years, Convo-

lutional Neural Network (CNN) and Vision Transformer architectures have been widely

explored for drought stress identification; however, these models generally require a large

number of trainable parameters, limiting their use in resource-limited and real-time agri-

cultural settings. To address this challenge, we propose a novel lightweight hybrid CNN

framework inspired by ResNet, DenseNet, and MobileNet architectures. The framework

achieves a remarkable 15-fold reduction in trainable parameters compared to conventional

CNNs and ViTs, while maintaining competitive accuracy. In addition, we introduce a ma-

chine unlearning mechanism based on a gradient-norm-based influence function, enabling

targeted removal of the influence of specific training data and thereby improving model

adaptability and robustness. The method was evaluated on an aerial image dataset of

potato fields with expert-annotated healthy and drought-stressed regions. Experimental

results show that our framework achieves high accuracy and low computational costs,

highlighting its potential as a practical, scalable, and adaptive solution for drought stress

monitoring in precision agriculture, particularly under resource-constrained conditions.

Keywords: {Deep Learning, Machine Unlearning, Lightweight Convolu-

tional Neural Network, Drought Stress, Precision Agriculture}
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4.2 Introduction

Drought stress is one of the most severe abiotic factors threatening global crop pro-

ductivity and food security. The early and precise identification of drought stress is es-

sential for timely intervention, efficient resource management, and sustaining agricultural

yields [12, 144, 27]. Conventional assessment methods, including manual field inspections

and physiological measurements, are often labor-intensive, subjective, and not scalable

for large-scale agricultural operations. Recent advances in deep learning, particularly

Convolutional Neural Networks (CNNs), have enabled automated and high-throughput

analysis of plant health from aerial imagery, opening new possibilities for precision agri-

culture [145].

Initial research on drought and water stress relied heavily on traditional ma-

chine learning and handcrafted features. For example, Zhuang et al. [42] used color and

texture features with a gradient boosting decision tree (GBDT) for water stress detec-

tion in maize, though later studies showed CNNs significantly outperformed GBDT in

both accuracy and robustness [43]. Further progress has been made through advanced

imaging modalities and machine learning pipelines, such as hyperspectral imaging in

groundnut [47], transfer learning with DenseNet-121 for soybean drought severity [38],

and hybrid CNN-LSTM approaches for chickpea [21]. Comparative studies have also

reported GoogLeNet as highly accurate for multiple crops [51] and tree-based classifiers

(e.g., Random Forest, Extra Trees) as effective for chlorophyll fluorescence-based stress

detection [53].

In potato crops, Butte et al. [61] applied deep learning to multi-modal aerial

imagery, while Patra et al. [146] proposed an explainable CNN framework that improved

classification accuracy. Other works confirmed the reliability of SVMs and Random

Forests with hyperspectral data [60, 48], while Goyal et al. [63] designed a custom CNN

surpassing state-of-the-art models for maize drought detection.

Recently, Vision Transformers (ViTs) have gained traction in plant stress

identification due to their self-attention mechanism, which captures long-range depen-

dencies and global context [127, 128, 129]. ViTs and hybrid variants have achieved

superior performance in plant disease and stress classification [130, 35, 23, 131]. For

example, ViTs have outperformed Inception V3 in tomato disease classification [132],

while Parez et al. [133] demonstrated accuracy gains with a fine-tuned ViT using fewer

parameters. Recent innovations include reduced transformer encoders for drought stress

identification [147], lightweight modules [135], attention-head optimization [136], and

transformer–CNN hybrids [139]. Despite these successes, most works emphasize accu-

racy, with limited focus on parameter efficiency—a key barrier for real-time deployment
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in resource-constrained agricultural environments.

Both advanced CNNs and ViT-based models remain computationally de-

manding and parameter-heavy, which limits their suitability for edge deployment and

large-scale agricultural applications. To address this challenge, some recent attempts

have explored lightweight models for drought stress detection, such as the approaches

proposed by Patra et al. [146, 147], Li et al. [138] and Gole et al. [135]. As CNN architec-

tures such as ResNet [148], DenseNet [149], and MobileNet [150] employ relatively fewer

parameters while incorporating architectural innovations that enhance both accuracy and

efficiency, their combined strengths present a promising direction. Therefore, developing

a lightweight hybrid model that integrates these architectures can be highly effective and

is the focus of investigation in this work.

Equally important, deployed model must adapt to evolving environmental

conditions, mislabeled data, and outliers. In this context, machine unlearning—the pro-

cess of selectively removing the influence of specific training data—has emerged as a tool

for enhancing adaptability, and error correction [151, 152]. While the bulk of unlearning

research focuses on privacy, there are emerging connections to plant stress detection by

supporting adaptive models. Bourtoule et al.[153] proposed the foundational “Sharded,

Isolated, Sliced, and Aggregated” (SISA) approach for efficient unlearning in deep mod-

els, while Cao and Yang [154] earlier formalized the notion of statistical unlearning by

bounding the effect of deleted samples. Later, Ginart et al.[155] explored “amnesiac”

machine learning that selectively forgets training data. Practical advances in deep neural

networks include gradient-based influence estimation for fast unlearning [156], certified

removal guarantees [157], and unlearning mechanisms in computer vision tasks [158].

These studies provide a strong foundation for adapting unlearning to agricultural stress

identification, where mislabeled samples and environmental noise are common.

In this work, we propose a framework that addresses both efficiency and

adaptability. Specifically, we:

• Design a novel lightweight hybrid CNN architecture, inspired by ResNet, DenseNet,

and MobileNet, that achieves a 15-fold reduction in trainable parameters compared

to CNN and ViT models, while maintaining high accuracy for drought stress iden-

tification.

• Develop a gradient norm-based machine unlearning mechanism that enables selec-

tive removal of the influence of specific training samples, thereby enhancing adapt-

ability.

• Validate the proposed framework on a challenging real-world aerial imagery dataset

of potato crops [61], demonstrating superior efficiency, performance, and scalability
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compared to state-of-the-art methods.

4.3 Material and Methods

4.3.1 Data Set Description

We used the same dataset as used in Chapter 2 and Chapter 3.

4.4 Methodology

The proposed model is a novel convolutional neural network (CNN) architecture that

synergistically combines the principles of MobileNetV2, Resnet and DenseNet. The

design goal is to achieve an optimal balance between model efficiency, representational

power, and gradient flow, critical for binary image classification tasks where both precision

and computational feasibility are essential.

The proposed framework begins with an initial convolutional layer for low-

level feature extraction, followed by four residual blocks that enable deeper feature learn-

ing through skip connections. A dense block is then employed to encourage feature reuse

and efficient representation learning, after which a transition layer reduces dimensionality

and controls model complexity. This is followed by a bottleneck block that captures the

most salient features in a compact form. The high-level representations are aggregated

using global average pooling, passed through a fully connected dense layer for further pro-

cessing, and finally mapped to the output layer for prediction. The overall architecture

of the proposed framework is depicted in Fig. 4.1, illustrating the sequence of layers from

the initial convolution through to the output layer. The detailed steps and parameters

of each constituent block in the proposed model are summarized in Algorithm 4. A brief

description of each block follows.

Figure 4.1: Schematic diagram of the lightweight network architecture

79

TH-3930_186106001



4.4.0.1 Input and Initial Convolution

The model processes RGB input images with a resolution of 224× 224. An initial convo-

lutional layer applies 32 filters of size 3× 3 with stride 2 and “same” padding. This layer

is followed by batch normalization and ReLU6 activation to standardize feature distri-

butions and introduce non-linearity while preserving numerical stability for low-precision

computation.

4.4.0.2 Bottleneck Residual Blocks

Inspired by MobileNetV2, the Bottleneck Residual Block comprises three phases:

• Expansion Phase: A 1×1 pointwise convolution increases channel dimensionality,

enabling a richer representation of features.

• Depthwise Convolution: A 3 × 3 depthwise convolution performs lightweight

spatial filtering independently across channels, drastically reducing computational

cost.

• Projection Phase: A second 1 × 1 convolution projects the features back to a

lower dimension.

These blocks integrate skip connections when input and output dimensions

match, preserving information and enhancing gradient flow during backpropagation.

Their significance lies in reducing computation while retaining accuracy—ideal for scal-

able deep learning models.

4.4.0.3 Dense Block

A Dense Block consisting of four convolutional units is embedded mid-network. Each

unit applies BatchNorm → ReLU → 3 × 3 Conv2D and concatenates its output with

all preceding feature maps. This design enforces: feature reuse across layers, improved

gradient propagation, diminished vanishing gradient issues, especially in deeper networks.

Dense connectivity introduces a collective memory mechanism, where each

layer benefits from the cumulative knowledge of all previous layers, enhancing both con-

vergence speed and generalization.

4.4.0.4 Transition Layer

To manage the increasing number of channels from the Dense Block, a Transition Layer

is applied. It performs:

• Channel compression using a 1× 1 convolution,
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• Downsampling via 2× 2 average pooling.

This module plays a regularization role, reducing model complexity and the

risk of overfitting, while maintaining vital feature information. The transition also helps

in controlling memory usage and computation.

4.4.0.5 Final Processing and Classification

Following the transition, a final Bottleneck Residual Block is applied. The feature map

is then reduced to a 1D vector using Global Average Pooling (GAP), which reduces

overfitting and parameter count compared to fully connected layers. A Dense Layer with

128 units and ReLU activation processes the features, followed by a sigmoid-activated

output unit to generate binary classification results.

4.4.0.6 Optimization Strategy

The model is trained using the Adam optimizer with a scheduled exponential learning rate

decay, which gradually lowers the learning rate to promote stable convergence. The initial

learning rate is set to 0.001, with a decay rate of 0.9 applied every 2 × steps per epoch.

Here, the steps per epoch are calculated as

steps per epoch =

⌊
num train samples

batch size

⌋
.

The binary crossentropy loss function is employed to handle binary classi-

fication, particularly in cases of class imbalance. The optimizer’s learning rate schedule

is designed to balance fast convergence at the start with fine-grained updates toward the

end.

4.4.1 Machine Unlearning Mechanism

Machine unlearning refers to the process by which a model forgets or discards data used

for training. This is particularly useful when certain data becomes irrelevant or when

privacy issues arise (such as removing data associated with a specific individual).

In the process of machine unlearning, the model is first trained on the entire

dataset. For each sample, an influence score is computed based on the gradients of the

model’s predictions with respect to the loss function. This score measures how much a

particular sample contributed to the model’s learning. The influence score for sample i

can be expressed as:

Influence Score for sample i = ∥∇L(f(xi), yi)∥
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Algorithm 4: Customized lightweight CNN Model

Input: Input shape: 224× 224× 3, Training samples: num train samples
Output: Trained CNN model with bottleneck residual blocks and DenseNet layers

1 Sub-functions:
• BottleneckBlock(x, filters, expansion factor, stride):

– Conv2D(filters× expansion factor, (1, 1)), BatchNorm, ReLU(6.0);
– DepthwiseConv2D(3, 3), stride = stride, BatchNorm, ReLU(6.0);
– Conv2D(filters, (1, 1)), BatchNorm;
– If stride == 1 & x.shape[−1] == filters, skip connection;

• DenseBlock(x, num layers, growth rate): for i = 1 to num layers do
– BatchNorm, ReLU, Conv2D(growth rate, (3, 3));
– Concatenate input x with Conv2D output;

• TransitionLayer(x, reduction):
– BatchNorm, ReLU, Conv2D(reduction× x.shape[−1], (1, 1));
– AveragePooling (2, 2), strides = 2;

Main Model:
• Input: 224× 224× 3;
• Conv2D(36, (3, 3)), stride = 2, BatchNorm, ReLU(6.0);
• BottleneckBlock(x, 16, 1, 1), BottleneckBlock(x, 24, 6, 2);
• BottleneckBlock(x, 24, 6, 1), BottleneckBlock(x, 32, 6, 2);
• DenseBlock(x, 4, 32);
• TransitionLayer(x, 0.5);
• BottleneckBlock(x, 32, 6, 1);
• Global Average Pooling;
• Dense(128, ReLU), Dense(1, Sigmoid);
• Initial learning rate: 0.001;
• Steps per epoch: num train samples/batch size;
• Exponential decay learning rate schedule;
• Compile model (Adam, Binary Crossentropy, Accuracy);

Return: Compiled CNN model;
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where ∇L is the gradient of the loss function L with respect to the model’s

prediction f(xi) for sample i, and yi is the true label.

Based on these influence scores, certain samples (such as the least influential

ones) are removed from the training dataset. The rationale is that removing these samples

will not significantly degrade the model’s performance, but will help reduce the model’s

reliance on less useful or sensitive data. Formally, we can identify and discard the samples

with the smallest influence scores:

Sremove = {xi : I(xi) is among the lowest in S}

After removing the data points with the lowest influence scores, the model is

retrained on the reduced dataset. This mimics a ”forgetting” mechanism, as the model

no longer has access to those removed data points, but retains the important features

learned from the remaining data. Let Snew = S \ Sremove be the new training set. The

model is retrained using the reduced dataset:

f̂new = argmin
f

∑
xi∈Snew

L(f(xi), yi)

Thus, the model f̂new is updated without the influence of the removed data

points, effectively forgetting them while retaining the learned features from the remaining

data. Figure 4.2 illustrates the overall machine unlearning framework, depicting key steps

from influence score calculation to data removal and model retraining.

The influence score for each image in the dataset is calulated based on the

gradients of the model’s predictions with respect to the input image, as explained be-

low. The influence score indicates how much an individual image influences the model’s

decision. The higher the influence score, the more sensitive the model’s prediction is to

changes in that image.

4.4.1.1 Influence Score Calculation

To quantify how much a sample contributes to learning, we define an influence score as

follows.

Given a trained modelM with parameters θ, the prediction for an input image

x is

ŷ = f(x; θ).

To quantify the effect of an image on the model’s decision, we compute an influence score
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using gradients. The procedure consists of the following steps:

1. Gradient Computation: For each image, compute the gradient of the prediction

ŷ with respect to the input x:

∇xŷ =
∂ŷ

∂x
.

This captures pixel-level sensitivity.

2. Flattening: Each gradient tensor is flattened into a one-dimensional vector g for

ease of handling.

3. Concatenation: Gradients from all layers, g1, . . . ,gn, are concatenated into a

single vector:

v = Concat(g1, . . . ,gn).

4. Norm Calculation: The L2 norm of v gives the influence score:

s = ∥v∥2 =
√∑

i

v2i .

5. Final Result: Repeating the above steps for the dataset D yields an array of

scores:

S = [s1, s2, . . . , sN ].

Figure 4.2: Machine Unlearning Framework

Algorithm 5 outlines the step-by-step procedure for computing influence scores.

For each image in the dataset, the model gradients are computed, flattened, and concate-

nated across layers. The L2 norm of this concatenated gradient vector yields a single

scalar influence score, which quantifies the sensitivity of the model’s prediction to that
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Algorithm 5: Calculate Influence Scores

Input: Trained model M , DataFrame D with image filenames and labels
Output: Array of influence scores S

1 Initialize empty list S ← [ ];
2 foreach row r in D do
3 p← filename from r;
4 y ← label from r converted to float32;
5 X ← PreprocessImageForCustomCNN(p);
6 G← ComputeGradients(M , X, ExpandDims(y));
7 Initialize empty list F ;
8 foreach gradient tensor g in G do
9 Append Reshape(g, (−1)) to F ;

10 V ← Concat(F );
11 s← ∥ V ∥2;
12 Append s to S;

13 return S;

image. By iterating over the dataset, the algorithm produces an array of influence scores

that highlights which images exert the strongest effect on the model’s decision-making.

These influence scores enable targeted data removal to facilitate efficient and effective

machine unlearning.

4.5 Results and Discussion

The model was implemented in Python version 3.10.14 using machine learning libraries

such as Keras, TensorFlow, Scikit-learn, Pandas, NumPy, and Matplotlib. Training was

performed with a batch size of 128 for 50 epochs, optimized with the Adam optimizer

(initial learning rate = 0.001) and categorical cross-entropy as the loss function.

4.5.1 Performance of the Proposed Model

The customized CNN model was evaluated under three distinct scenarios: (i) training

without augmentation, (ii) training with augmentation, and (iii) retraining with augmen-

tation after machine unlearning (removal of 5% training data).

Eight augmentation techniques were applied to the training dataset, includ-

ing rescaling, rotation, width and height shifting, shear transformation, zooming, and

horizontal flipping. These parameters (Table 4.1) expanded data variability and helped

mitigate overfitting. Their role in stabilizing training dynamics is further highlighted in

the learning curve analysis (Fig. 4.4).

To quantify the contribution of individual training samples, influence scores
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Table 4.1: Data Augmentation Parameters Used for Model Training

Parameter Value
Rescale 1

255

Rotation Range 30
Width Shift Range 0.2
Height Shift Range 0.2

Shear Range 0.2
Horizontal Flip True
Vertical Flip True
Fill Mode Nearest

were calculated as described in Section 3.1.1. The histogram of scores (Fig. 4.3) revealed

that while most samples exerted moderate influence, a subset exhibited either very high

or very low values. In the proposed unlearning strategy, the least influential 5% of

samples were excluded, since their removal was expected to reduce noise and redundancy

without significantly degrading model performance. This formed the basis of the machine

unlearning step, aimed at reducing reliance on less useful data. The resulting reduced

dataset was then used to retrain the model, effectively forgetting the discarded samples

while retaining the critical patterns learned from the remaining data.

Figure 4.3: Distribution of influence scores for training samples (50 bins).

4.5.1.1 Learning curves

The training and validation behavior of the CNN under different experimental settings

is shown in Fig 4.4. In the no augmentation scenario (Fig. 4.4a), training accuracy
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(a) No Augmentation (b) With Augmentation
(c) With Augmentation + MU
(5%)

Figure 4.4: Learning curves (accuracy and loss) for the CNN under three scenarios: (a)
without augmentation, (b) with augmentation, and (c) with augmentation + machine
unlearning (5% data removal). Each subfigure shows Accuracy (top) and Loss (bottom).

increased rapidly and plateaued near 0.99, whereas validation accuracy fluctuated widely

during the first 20 epochs before stabilizing around 0.95. The divergence between training

and validation loss, along with the instability of validation loss, indicates overfitting and

limited generalization despite high training accuracy.

With the introduction of data augmentation (Fig. 4.4b), both training and

validation curves exhibited improved stability. Validation accuracy consistently tracked

training accuracy above 0.90, and validation loss displayed fewer spikes compared to the

no-augmentation setting. These results confirm that augmentation enhanced generaliza-

tion and convergence stability.

The augmentation with machine unlearning (5%) configuration (Fig. 4.4c)

produced the most stable training dynamics. Training and validation accuracies con-

verged smoothly above 0.93, with both loss curves showing steady declines and minimal

divergence. Importantly, validation fluctuations were further reduced compared to the

augmentation-only scenario, suggesting that machine unlearning contributed to robust

generalization, reduced overfitting, and improved reliability across epochs.

4.5.1.2 Confusion Matrices and Classification Report

The quantitative evaluation results are summarized in Table 4.2, with confusion matrices

shown in Fig. 4.5.
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Scenario-wise classification outcomes In the no augmentation setting,

the framework achieved an overall accuracy of 88.1%. The stressed class exhibited high

precision (0.97) but comparatively lower recall (0.84), leading to mis-classification of

stressed samples as healthy. The confusion matrix (Fig. 4.5a) confirms this, with 119

stressed samples incorrectly labeled as healthy, highlighting the model’s tendency to

under-detect stress conditions despite the healthy class achieving a strong recall of 0.96.

The augmentation-only scenario improved both stability and generalization.

Accuracy rose slightly to 88.6%, with stressed precision maintained at 0.98 and recall

remaining at 0.84. The confusion matrix (Fig. 4.5b illustrates a modest reduction in

misclassifications, with 115 stressed samples misclassified as healthy and only 14 false

positives among healthy samples. This indicates that augmentation reduced the imbal-

ance and improved class separability.

The augmentation with machine unlearning (Aug + MU, 5%) scenario yielded

the best overall results. Accuracy peaked at 90.0%, with stressed recall improving to

0.87 and F1-score to 0.92, while the healthy class achieved precision of 0.80 and recall

of 0.96. As depicted in the confusion matrix (Fig. 4.5c), false negatives for stressed

samples decreased to 99, the lowest across all scenarios, with only 15 false positives for

the healthy class. This demonstrates that machine unlearning reduced error rates, and

minimized false negatives compared to the other two settings.

Comparative insights Taken together, the results from Table 4.2 and Fig.

4.5 highlight that stressed class predictions benefited the most from augmentation and

unlearning, as recall consistently improved (0.84 → 0.87). Meanwhile, the healthy class

maintained strong recall across all scenarios but exhibited notable gains in precision under

the Aug + MU configuration. These improvements emphasize that the integration of data

augmentation with machine unlearning achieves the best trade-off between precision and

recall, yielding a more generalizable and balanced framework for classification.

(a) No Augmentation (b) With Augmentation

(c) With Augmenta-
tion+Machine Unlearn-
ing

Figure 4.5: Confusion matrices for the three scenario.
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Table 4.2: Comparative performance summary of the proposed framework in three sce-
narios. Bold values indicate the best within each column.

Scenario
Stressed Healthy

Accuracy Key Notes
Precision Recall F1-score Precision Recall F1-score

No Augmentation 0.97 0.84 0.90 0.76 0.96* 0.85 0.881
Overfits,
unstable validation

With Augmentation 0.98* 0.84 0.91 0.77 0.97* 0.86 0.886
Better generalization,
stable curves

With Aug + MU (5%) 0.98* 0.87 0.92 0.80 0.96 0.87 0.900
Best balance,
robust generalization,
fewer false negatives

Table 4.3: Comparative performance evaluation of various existing works

Model
Stressed Healthy F1-

Score
(Stressed)

F1-
Score
(Healthy)

Test
Accuracy

Trainable
ParametersPrecision Recall Precision Recall

MobileNet based Pipeline [146] 0.978 0.845 0.773 0.965 0.906 0.862 0.887 3.5 Million
DenseNet121 based Pipeline [146] 0.967 0.887 0.820 0.945 0.925 0.880 0.907 7.09 Million
ViT-TL [147] 0.968 0.901 0.839 0.945 0.934 0.890 0.916 14M
Proposed Framework (Aug + MU) * 0.980 0.870 0.800 0.960 0.922 0.874 0.900 0.231M

4.5.2 Comparison of Performance

The comparative performance of the proposed CNN framework against existing state-

of-the-art models is summarized in Table 4.3. Prior pipelines such as MobileNet [146]

and DenseNet121 [146] achieved respectable accuracies of 88.7% and 90.7%, respectively,

while the ViT-TL model [147] reached the highest reported accuracy of 91.6%. These

transformer-based and deep CNN architectures, however, come with significantly larger

parameter counts (ranging from 3.5M to 12M), which demand higher computational

resources and longer training times.

In contrast, the proposed framework attains a competitive accuracy of 90.0%

with stressed and healthy F1-scores of 0.922 and 0.874, respectively. Notably, this is

achieved with only 0.231M trainable parameters, representing a 15 to 60 fold reduction

in model complexity compared to existing pipelines. The lightweight design translates to

reduced memory footprint, faster inference, and improved deployability on edge devices

or low-resource settings, where computational constraints often limit the use of heavier

architectures.

Another critical insight lies in class-specific performance. While MobileNet

and DenseNet pipelines tend to favor healthy class recall, and ViT-TL maximizes stressed

class recall, our proposed model achieves a more balanced trade-off between precision

and recall across both classes. This is particularly important for stress detection tasks,

where false negatives (misclassifying stressed plants as healthy) carry greater risk for

agricultural monitoring and decision-making. The machine unlearning strategy further
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reduced such errors, resulting in the lowest stressed-class false negative rate (13.5%)

among the evaluated models.

Taken together, these findings highlight that the proposed framework delivers

state-of-the-art performance with minimal computational overhead, making it well-suited

for real-world applications where resource efficiency and balanced predictive power are

equally critical. By bridging the gap between accuracy and efficiency, the framework

offers a practical alternative to heavy-weight architectures, without compromising gener-

alization.

4.6 Summary

This study proposed a lightweight hybrid CNN integrated with gradient-guided machine

unlearning for drought stress identification in potato crops. The framework achieved

90.0% accuracy with only 0.231M parameters, offering state-of-the-art performance with

at least 15-fold fewer parameters than existing models. Unlike heavier CNN or transformer-

based pipelines, the proposed model delivered a balanced trade-off between precision and

recall, while reducing false negatives in stressed plants—a critical requirement for agricul-

tural monitoring. Its compact design makes it highly suitable for real-time deployment in

UAVs, edge devices, and other resource-constrained settings. Future work will emphasize

expanding to multimodal imagery, improving interpretability, and validating performance

across diverse crops and field conditions.
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Chapter 5

Improved Classification of Nitrogen Stress Severity

in Plants Under Combined Stress Conditions Using

Spatio-Temporal Deep Learning Framework

5.1 Abstract

In the real-world scenario multiple stresses often appear together in the field such as

drought and nutrient. As drought can inhibit nutrient uptake and increase water require-

ments for nutrient conversion, while imbalances in plant nutrients can also weaken cell

membranes, increasing susceptibility to drought. This combined stress leads to synergis-

tic negative effects on plant growth and yield, causing greater reductions in seed quality

and biomass than either stress alone. Early detection of these stresses is therefore cru-

cial for protecting plant health and implementing effective management strategies. This

study proposes a novel deep learning framework to accurately classify nitrogen stress

severity in a combined stress environment. Our model uses RGB, multispectral, and two

infrared wavelengths to capture a wide range of physiological plant responses from canopy

images. These images, provided as time-series data, document plant health across three

levels of nitrogen availability (low, medium, and high) under varying water stress and

weed pressures. The core of our approach is a spatio-temporal deep learning pipeline

that merges a Convolutional Neural Network (CNN) for extracting spatial features from

images with a Long Short-Term Memory (LSTM) network to capture temporal depen-

dencies. We also devised and evaluated a spatial-only CNN pipeline for comparison. Our

CNN-LSTM pipeline achieved an impressive accuracy of 98%, surpassing significantly the

80.45% accuracy of spatial-only model and the accuracy of around 76% of previously re-

ported machine learning methods. The results show strong potential as a reliable tool for

identifying nitrogen stress early and accurately, helping farmers make better management

decisions and maintain healthier crops.

Keywords: {Deep Learning, Nitrogen Stress, Combined Stress, Spatio Tem-

poral Framework, Precision Agriculture}
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5.2 Introduction

Among all essential macro-nutrients, nitrogen (N) deficiency represents a major constraint

on plant growth, development, and productivity [159]. As a fundamental component of

amino acids, proteins, nucleic acids, and chlorophyll [160], nitrogen plays a central role

in multiple physiological and metabolic processes. Its deficiency disrupts these pathways,

resulting in reduced leaf area, chlorosis, lower leaf count, and stunted plant height [161].

Beyond nutrient limitations, abiotic stressors such as drought and biotic pressures like

weed competition frequently co-occur, compounding the negative effects on plant health.

For example, water stress restricts nutrient mobility and uptake, thereby intensifying the

impacts of nitrogen deficiency [162]. In natural environments, plants rarely face single

stress factors in isolation. Rather, stress events often occur simultaneously or sequentially,

interacting in synergistic or antagonistic ways [163, 164]. These multi-stress combinations

induce overlapping phenotypic symptoms, complicating efforts to diagnose the underlying

causes [165]. Despite this, the majority of plant stress phenotyping studies have focused

on single-stress scenarios, with relatively limited progress in disentangling or classifying

coexisting stresses [166, 167, 168]. This gap demands the need for advanced tools capable

of modeling the intricate, multi-dimensional dynamics of plant responses under combined

stress conditions.

Recent advances in imaging and sensor technologies have transformed stress

detection through high-throughput phenotyping platforms [10]. These approaches, cou-

pled with machine learning (ML) and deep learning (DL), enable non-invasive, scalable

monitoring of plant health and yield-related traits [16, 121]. However, the majority of

existing frameworks remain restricted to single stress scenarios, overlooking the com-

plex interactions that occur when nutrient deficiency coincides with other environmental

pressures. This gap limits the applicability of current models in real-world conditions,

where stresses such as nitrogen deficiency, drought, and weed pressure often co-occur.

To address this challenge, we propose a spatio-temporal deep learning framework that

leverages pre-trained CNNs in combination with LSTMs to capture both spatial features

and temporal growth dynamics, enabling accurate classification of nitrogen stress severity

under combined drought and weed pressure. The key contributions of our work are as

follows:

• We developed a hybrid MobileNetV2–LSTM model that leverages transfer learning

and temporal encoding to classify nitrogen stress severity. Our model achieves a

high classification accuracy of 98%, significantly outperforming traditional spatial-

only and machine learning-based approaches.

• To validate our architecture, we implemented a spatial-only CNN pipeline, enhanced

92

TH-3930_186106001



via data augmentation and transfer learning, achieving 80.45% accuracy. This

serves as a baseline to demonstrate the advantage of temporal modeling.

• Our results demonstrate that integrating spatial information over time is signif-

icantly more effective for predicting nitrogen stress severity than relying on spa-

tial information alone. The proposed spatio-temporal framework outperforms our

spatial-only pipeline as well as other machine learning methods employed in previ-

ous studies.

5.3 Materials and Methods

In this section, we first introduce the experimental dataset used in the study. We then

describe the proposed spatio-temporal framework, followed by the spatial-only network

architecture. Finally, we outline the performance metrics employed for model evaluation.

5.3.1 Data Description

Table 5.1: Combined Stress Treatment

Nitrogen Input Water Input Weed Pressure Box Numbers
Low Sufficient None 22,23,24

Medium Sufficient None 4,5,6
High Sufficient Medium 7,8,9
High Sufficient High 10,11,12

Medium Low None 13,14,15
High Sufficient High 16
High Sufficient High 17
High Sufficient High 18
Low Sufficient Medium 25,26,27

Medium Low High 19,20,21
Low Low None 28,29,30

The dataset utilized in this study is derived from the work by Khanna et

al.[7], who established a comprehensive plant phenotyping framework to investigate the

physiological effects of combined abiotic (drought) and biotic (weed competition) stresses

alongside nitrogen deficiency in sugar beet (Beta vulgaris L.). Their experimental design

closely mimicked field-realistic stress scenarios, enabling systematic evaluation of plant

responses under factorial combinations of low, medium, and high nitrogen supply, with

varying water availability and weed presence. This design aimed to disentangle the com-

plex interactions between multiple, simultaneously occurring stressors, which often induce

overlapping phenotypic responses such as reductions in leaf area, biomass, and visible

symptoms like chlorosis.To classify nitrogen stress levels in sugar beet plants, we utilized
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canopy images from multiple modalities, namely RGB, infrared, and multi-spectral. The

images were collected using an Intel® RealSense™ ZR300 camera—providing RGB and

dual infrared (stereo IR) channels and a Ximea MQ022HG-IM-SM5X5 camera capturing

multi-spectral images.

Each stress factor was applied at different severity levels. Nitrogen availabil-

ity was assessed using three levels—low, medium, and high—representing deficient, suffi-

cient, and surplus nitrogen supply, equivalent to 20, 40, and 80 kg/ha, respectively. Weed

pressure was categorized as no weeds, medium pressure (chickweeds), or high pressure

(chickweeds and grasses). Water supply was manually regulated at two levels—sufficient

and low. As a result, plants experienced varying combinations of these three stressors

at any given time. The experiment was intentionally structured to emulate real-world

conditions by applying nitrogen deficiency, drought, and weed competition both indi-

vidually and in combination. Nitrogen deficiency levels with varying water and weed

pressure captured by RGB, stereo infrared, and hyperspectral sensors on a specific day

are illustrated in Fig. 5.1. The detailed stress treatments are summarized in Table 5.1,

which lists the combinations of nitrogen input, water input, and weed pressure, along

with the corresponding cultivation box numbers. The treatment matrix (i.e., Table 5.1)

assigns 27 cultivation boxes to these combinations. The dataset includes images from

16 measurement dates throughout the growth period, featuring 27 boxes (9 per nitrogen

level). Images from 14 dates were retained for analysis, excluding the first two dates

due to early-stage germination where stress symptoms were minimal. For each nitrogen

level category, nine boxes were imaged across four modalities, yielding 504 images per

category (14 dates × 9 boxes × 4 modalities). Altogether, the dataset comprised 1,512

processed images spanning all three nitrogen levels. To ensure data quality, all images

were preprocessed by cropping to remove irrelevant background regions prior to analysis.

5.3.2 Proposed Framework

5.3.2.1 Spatio-Temporal Framework

In this study, we present a deep learning framework that integrates spatial and temporal

features to classify images into three nitrogen severity levels: low, medium, and high.

The model integrates a CNN for feature extraction and a LSTM network for temporal

sequence modeling. The overall architecture of the proposed framework is depicted in

Fig. 5.2. The architecture of the proposed CNN-LSTM hybrid consists of the following

components:

1. Feature Extractor: A pre-trained MobileNetV2 (with imagenet weights) served

as the base CNN, where the classification head was removed. The network’s output

was passed through a Global Average Pooling layer to obtain a fixed-size feature
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(a) Low nitrogen (sufficient water, medium
weed), RGB

(b) Medium nitrogen (low water, high
weed), Infrared 1

(c) Medium nitrogen (low water, high
weed), Infrared 2

(d) High nitrogen (sufficient water, high
Weed), Multi-Spectral

Figure 5.1: Nitrogen deficiency levels(with varying levels of water and weed) on a specific
day captured by RGB, Infrared and Multi-spectral sensor.

vector per image. This CNN was wrapped within a TimeDistributed layer to

process each frame of the sequence independently while sharing weights.

2. Temporal Encoder: The sequence of image features was then fed into an LSTM

layer with 128 hidden units to learn temporal patterns across the sequence.

LSTM networks are an extension of recurrent neural networks (RNNs) designed

to address the vanishing gradient problem and effectively capture long-term de-

pendencies in sequential data [169]. In LSTM models, a memory cell with gating

mechanisms enables the network to retain and utilize information over extended

sequences, allowing for the reading, writing, and deletion of information from its

memory. These gating mechanisms, comprised of forget, input, and output gates,

play crucial roles in managing the flow of information within the LSTM unit [170].

An LSTM unit consists of three main components:

(a) Forget Gate (ft): Evaluates the relevance of existing information stored in

the memory cell. It decides which information to retain and which to discard

based on the input at the current time step (xt) and the previous hidden state
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(ht−1). Mathematically, the output of the forget gate (ft) is computed using

a sigmoid activation function:

ft = σ (Wfhht−1 +Wfxxt + bf )

where Wfh and Wfx are weight matrices, and bf is the bias.

(b) Input Gate (it) and Candidate Cell State (c̃t): Determines how much

new information should be added to the memory cell. It consists of a sigmoid

layer that controls the update and a ”tanh” layer that generates a vector of

new candidate values. The input gate output (it) and the candidate cell state

(c̃t) are computed as follows:

it = σ(Wihht−1 +Wixxt + bi)

c̃t = tanh(Wchht−1 +Wcxxt + bc)

The candidate cell state represents the new information to be added to the

memory cell.

(c) Memory Update and Output Gate: Updates the memory cell content

based on the forget gate output (ft), input gate output (it), and candidate cell

state (c̃t). The updated cell state (ct) is calculated as:

ct = ft ⊙ ct−1 + it ⊙ c̃t

where ⊙ denotes element-wise multiplication.

Finally, the output gate controls which parts of the cell state contribute to

the output. The output gate’s output (ot) and the final hidden state (ht) are

computed as:

ot = σ (Wohht−1 +Woxxt + bo)

ht = ot ⊙ tanh (ct)

The output gate output (ot) determines the relevance of the current cell state,
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and the final hidden state (ht) represents the LSTM’s output at the current

time step.

In summary, LSTM models utilize gated memory cells to effectively capture and

retain long-term dependencies in sequential data, addressing the limitations of tra-

ditional RNNs. The forget, input, and output gates enable the LSTM to selectively

process and utilize information, making it a powerful tool for tasks involving se-

quential data analysis and prediction.

3. Fully Connected Layers: The output of the LSTM layer (128 units) was followed

by Batch Normalization and Dropout (0.25), then passed through a Dense layer

with 64 units and ReLU activation with L2 regularization, followed by another

Batch Normalization and Dropout (0.25), and finally an output layer with softmax

activation for multiclass classification.

Figure 5.2: Spatio-Temporal Deep Learning Framework for Nitrogen Stress Severity Clas-
sification

Algorithm 6 outlines the steps involved in training and evaluating the pro-

posed framework. The dataset comprises images grouped into three class-based folders,

with each image filename containing a date stamp in the format YYYYMMDD. These dates

were extracted and parsed to create a chronological order within each class. To capture

the temporal dynamics, we generated overlapping image sequences of fixed length (5 im-

ages per sequence), preserving their temporal order. Each sequence was labeled according

to its class, resulting in a structured dataset for temporal learning. All images were re-

sized to 224 × 224 pixels and normalized to a [0, 1] range. Each sequence was stacked

into a 4D tensor with dimensions (sequence length, height, width, channels), i.e.,

(5, 224, 224, 3), forming the input to the model. After sorting the images by date,

sequences were created using a sliding window approach within each class. Each sequence

of five consecutive images was treated as one sample, and the corresponding class label

was assigned. Label encoding was performed using LabelEncoder, and categorical labels

were one-hot encoded to be used with softmax-based classification.

To ensure reliable evaluation and generalization, we adopted a 5-fold Strat-

ified Cross-Validation scheme. Stratification maintained class distribution across folds,
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Algorithm 6: Training and Evaluating the CNN-LSTM model with K-Fold Cross
Validation
Data: Dataset from directory DATA DIR, sequence length SEQUENCE LEN, number of

folds N SPLITS, epochs EPOCHS, batch size BATCH SIZE, random state
RANDOM STATE

Result: Learning curves, validation reports, and trained model for each fold
1 for each class name in DATA DIR do
2 Read images from each class directory;
3 for each filename in class directory do
4 Extract date from filename and store image paths, class, and date in records

list;

5 Create DataFrame df from records with columns filename, class, and date;
6 Convert date column to datetime format;
7 for each (class name, group) in df.groupby(”class”) do
8 Sort the group by date and generate sequences of length SEQUENCE LEN with

corresponding labels;

9 Encode labels using LabelEncoder;
10 One-hot encode the labels;
11 Define function load seq batch(seq file list) to load and preprocess image

sequences;
12 for fold = 1 to N SPLITS do
13 Split the data into training and validation sets using StratifiedKFold;
14 Load the training and validation image sequences using load seq batch;
15 Define CNN base model using MobileNetV2 with pre-trained weights;
16 Freeze CNN layers;
17 Define feature extractor with GlobalAveragePooling2D;
18 Define LSTM model with TimeDistributed wrapper, LSTM,

BatchNormalization, Dropout, Dense, and final softmax layer;
19 Compile with Adam optimizer and categorical crossentropy loss;
20 Set up model checkpoint based on validation loss;
21 Train model with training and validation data;
22 Store training history for each fold;
23 Plot and save learning curves (loss and accuracy);
24 Evaluate model on validation set and store accuracy;
25 Generate confusion matrix and classification report;
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allowing balanced training and validation splits. This also enabled assessment of the

model’s stability across multiple runs.

Freezing the layers of the CNN model refers to preventing the weights of the

pre-trained convolutional layers from being updated during the training process. This

approach ensures that only the newly added layers, such as the LSTM and Dense layers,

are trained. Freezing the CNN layers is particularly beneficial when working with small

datasets, as it enables the model to retain the learned feature representations from the

pre-trained model. This allows the model to focus on learning the temporal patterns

from the sequential data using the LSTM layers without altering the feature extraction

process that has already been established by the CNN.

The model is trained using experiments on different subsets of parameters,

namely learning rate, sequence length, batch size, and number of epochs. A fixed random

state is used to ensure reproducibility of the results. The model was compiled using the

Adam optimizer, with categorical cross-entropy as the loss function and accuracy as the

evaluation metric. To prevent overfitting, the CNN base was frozen during training, and

ModelCheckpoint was used to save the best-performing model based on validation loss.

For each fold, the model was evaluated on the validation dataset using accuracy score,

classification report (including precision, recall, and F1-score), and confusion matrix.

To monitor the model’s learning behavior, we plotted training and validation

loss curves, training and validation accuracy curves, and confusion matrices annotated

with prediction counts and color maps. These visualizations supported qualitative as-

sessment and helped identify potential overfitting or underfitting trends.

5.3.2.2 Spatial Framework

A spatial-only baseline architecture is proposed as a reference to compare the results

achieved through temporal modeling in the CNN–LSTM framework. For the spatial-only

setup, we employed pre-trained MobileNetV2 with weights initialized from the ImageNet

dataset. The original top layer, configured for 1,000 ImageNet classes, was removed so

the backbone could function as a feature extractor. Custom classification layers were

appended to adapt the model for our three-class classification task. By leveraging pre-

trained weights, we utilized the rich feature representations learned from large-scale data

while fine-tuning the model to our target domain.

To retain essential feature extraction capabilities, the first 18 layers of Mo-

bileNetV2 were frozen, while the subsequent layers were fine-tuned. On top of the back-

bone, a GlobalAveragePooling2D layer reduced spatial dimensions, followed by two dense

layers (128 and 64 neurons) with ReLU activation and L2 regularization. Dropout lay-

ers with a rate of 0.5 were added after each dense layer to improve generalization. The
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final classification layer used softmax activation to predict probabilities across the three

categories. The architecture is illustrated in Fig. 5.3.

To improve model performance and address limited training data, extensive

data augmentation is performed using random rotations, shear transformations, horizon-

tal and vertical flips, and spatial translations. The model is trained using the Adam

optimizer with an exponentially decaying learning rate and evaluated under a 5-fold

stratified cross-validation protocol.

Figure 5.3: Spatial Deep Learning Framework for Nitrogen Stress Severity Classification

5.4 Results and Discussion

The spatio-temporal and spatial-only frameworks were implemented in Python (version

3.10.14) using machine learning libraries, including Keras, TensorFlow, Scikit-learn, Pan-

das, NumPy, and Matplotlib.

5.4.1 Performance Evaluation of Spatial Temporal Framework

The proposed MobileNetV2–LSTM framework, illustrated in the Fig. 5.2 and detailed in

the Algorithm 6, was tested with different subsets of parameters for 20 epochs. The best

performance was obtained using the parameter settings summarized in Table 5.2. A 5-fold

cross-validation was performed, with the data split controlled using a fixed random state
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of 42 to ensure reproducibility. This pure k-fold cross-validation approach maximizes the

use of available data by combining the validation and test roles within each fold, making

it particularly suitable for relatively small datasets where retaining an entirely separate

test set would significantly reduce the amount of training data.

Table 5.2: Best Parameter Settings for the MobileNetV2–LSTM Framework

Parameter Value
Batch Size 16
Sequence Length 5
Learning Rate 0.001
Epochs 20

The model achieved consistently high performance across all folds of cross-

validation. As shown in Table 5.3, training, validation, and test accuracies exceeded 98%

in every fold, with a mean accuracy of 98.47 ± 0.0045%. This demonstrates the stability

and generalization power of the spatio-temporal pipeline.

Table 5.3: Fold-wise best performance metrics of MobileNetV2-LSTM spatio-temporal
framework during 5-fold cross-validation.

Fold Train Accuracy Train Loss Val Accuracy Val Loss Test Accuracy Epoch
1 0.9733 0.1424 0.9867 0.0920 0.9867 20
2 0.9775 0.1547 0.9900 0.1123 0.9800 19
3 0.9892 0.0989 0.9867 0.0925 0.9867 20
4 0.9758 0.1581 0.9800 0.1373 0.9800 20
5 0.9800 0.1275 0.9900 0.1000 0.9900 20

Mean 0.9792 0.1363 0.9867 0.1068 0.9847 –
Std 0.0061 0.0241 0.0041 0.0189 0.0045 –

Fig. 5.4 presents the accuracy curves across folds, confirming rapid conver-

gence and minimal variance between training and validation accuracy. Similarly, the

loss curves (Fig. 5.5) show stable optimization without overfitting, further supported by

confusion matrices in Fig. 5.6, which illustrate near-perfect classification across nitrogen

stress levels.

Table 5.4 highlights class-specific performance. Precision, recall, and F1-

scores consistently exceeded 0.97 for all nitrogen categories (low, medium, high), con-

firming that the model effectively captured subtle spectral and morphological features.

The macro-averaged F1-score of 0.99 ensures the overall reliability of the spatio-temporal

model.

While Khanna et al.[7] utilized the same dataset, leveraging vegetation in-

dices, hyperspectral signatures, and 3D point cloud features over a two-month crop cycle,

their modeling approach lacked dynamic learning components such as LSTMs that are

capable of capturing temporal dependencies inherent in stress progression. In contrast,
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(a) Fold 1 (b) Fold 2 (c) Fold 3

(d) Fold 4 (e) Fold 5

Figure 5.4: Accuracy curves of MobileNetV2-LSTM for 5-fold cross-validation (a–e cor-
respond to Fold 1–5).

Table 5.4: Precision, Recall, and F1-score across 5 folds in MobileNetV2-LSTM

Class Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

High
Precision 0.98 1.00 0.99 0.97 0.99
Recall 0.99 0.95 1.00 1.00 1.00
F1-score 0.99 0.97 1.00 0.99 1.00

Low
Precision 0.99 0.99 0.99 0.98 0.99
Recall 1.00 1.00 0.97 0.98 0.98
F1-score 1.00 1.00 0.98 0.98 0.98

Medium
Precision 0.99 0.95 0.98 0.99 0.99
Recall 0.97 0.99 0.99 0.96 0.99
F1-score 0.98 0.97 0.99 0.97 0.99
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(a) Fold 1 (b) Fold 2 (c) Fold 3

(d) Fold 4 (e) Fold 5

Figure 5.5: Loss curves of MobileNetV2-LSTM for 5-fold cross-validation (a–e correspond
to Fold 1–5).

our results demonstrate that the temporal evolution of nitrogen stress is more accurately

modeled using the sequential learning capacity of LSTMs, particularly when integrated

with lightweight CNN backbones like MobileNetV2. Furthermore, the spatial feature

representations extracted via MobileNetV2 enabled superior early stress detection by

capturing fine-grained morphological variations, which were not effectively addressed by

the handcrafted features employed in Khanna et al.’s pipeline. This advantage is prac-

tically relevant during early phenological stages, where visible symptoms may be subtle,

and precise morphological cues become essential for timely and accurate stress diagnosis.

5.4.2 Performance Evaluation of Spatial Framework

To establish a baseline for comparison with the CNN–LSTM temporal framework, a

spatial-only CNN model based on MobileNetV2 was designed. The model was trained

for 250 epochs with a batch size of 64, ensuring stable gradient updates while balancing

computational efficiency. To address limited training data and simulate real-world vari-

ability, extensive data augmentation was applied through the ImageDataGenerator class

with the following parameters: rescale = 1/255, shear range = 0.2, rotation range = 30◦,

width and height shift range = 0.2, horizontal and vertical flips = True, and fill mode =

nearest, thereby enhancing generalization and reducing overfitting.

For optimization, the Adam optimizer was used with an exponentially de-

caying learning rate schedule. The initial learning rate was set to 0.001. The decay
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(a) Fold 1 (b) Fold 2 (c) Fold 3

(d) Fold 4 (e) Fold 5

Figure 5.6: Confusion Matrices of MobileNetV2-LSTM for 5-fold cross-validation (a–e
correspond to Fold 1–5).
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schedule followed an ExponentialDecay policy with decay steps = steps per epoch× 10,

decay rate = 0.9, and a staircase update, ensuring the learning rate decreased gradu-

ally as training progressed. This strategy stabilized convergence and avoided premature

overfitting.

The network employed L2 regularization (0.01) on the dense layers and dropout

(rate = 0.5) after each fully connected layer to further prevent overfitting. The training

incorporated a ModelCheckpoint callback, saving the best-performing model weights per

fold based on the lowest validation loss.

The model is trained and evaluated under a 5-fold stratified cross-validation

strategy. Fig. 5.3, 5.7, and 5.8 illustrate the architecture, accuracy, and loss curves

respectively. Table 5.5 summarizes fold-wise training, validation, and test results, while

Table 5.6 reports the precision, recall, and F1-scores across classes.

(a) Fold 1 (b) Fold 2 (c) Fold 3

(d) Fold 4 (e) Fold 5

Figure 5.7: Accuracy curves of Spatial Framework for 5-fold cross-validation (a–e corre-
spond to Fold 1–5).

As illustrated in Fig. 5.7, across all folds, the training accuracy rapidly con-

verged to approximately 0.83, while validation accuracy improved gradually and stabilized

in the range of 0.78–0.83. Fold 3 demonstrated the strongest alignment between training

and validation curves, whereas Folds 4 and 5 displayed a slightly larger gap, suggesting

mild overfitting. The corresponding loss curves (Fig. 5.8) revealed sharp decreases in

training loss, with validation loss exhibiting high variance in the early epochs but sta-

bilizing after 150 epochs. These observations confirm that data augmentation, dropout,

and L2 regularization were effective in mitigating overfitting, while the exponentially
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(a) Fold 1 (b) Fold 2 (c) Fold 3

(d) Fold 4 (e) Fold 5

Figure 5.8: Loss curves of Spatial Framework for 5-fold cross-validation (a–e correspond
to Fold 1–5).

decaying learning rate ensured stable convergence.

Table 5.5: Training, validation, and test performance across 5 folds in Spatial Framework

Fold Train Loss Train Acc. Val. Loss Val. Acc. Test Acc. Epochs
1 0.2855 0.8412 0.2949 0.8119 0.8119 238
2 0.2943 0.8337 0.3470 0.8053 0.8053 240
3 0.3022 0.8165 0.3636 0.8344 0.8344 245
4 0.2830 0.8322 0.3968 0.7881 0.7881 200
5 0.2747 0.8331 0.3605 0.7848 0.7848 224

Mean 0.2879 0.8313 0.3226 0.8049 0.8049
Std 0.0098 0.0081 0.0370 0.0186 0.0186

Table 5.5 shows that the model achieved an average training accuracy of

83.13% and a validation accuracy of 80.49% across folds, with low standard deviation

(1.86%). The test accuracy mirrored the validation accuracy (80.49%), highlighting the

model’s ability to generalize well across unseen data. The highest validation accuracy

was observed in Fold 3 (83.44%), while the lowest occurred in Fold 5 (78.48%). Training

and validation losses were consistent across folds, with only minor fluctuations.

As shown in Table 5.6, class-wise evaluation revealed balanced predictive ca-

pacity, with F1-scores ranging from 0.76 to 0.85 across all classes and folds. For the High

class, precision was strong in most folds (≥ 0.97) but recall was comparatively lower

(0.69–0.75), except in Fold 1 where recall reached 1.00. Conversely, the Low class showed
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Table 5.6: Precision, Recall, and F1-score across 5 folds in Spatial Framework

Class Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

High
Precision 0.64 0.99 0.97 0.99 0.99
Recall 1.00 0.72 0.75 0.73 0.69
F1-score 0.78 0.83 0.85 0.84 0.81

Low
Precision 1.00 0.64 0.96 0.97 0.61
Recall 0.72 0.96 0.76 0.65 0.99
F1-score 0.84 0.77 0.85 0.78 0.76

Medium
Precision 1.00 0.96 0.69 0.62 0.99
Recall 0.71 0.73 0.99 0.98 0.67
F1-score 0.83 0.83 0.81 0.76 0.80

complementary trends, with high recall in Folds 2 and 5 (≥ 0.95) but reduced precision

(0.61–0.64). The Medium class was the most variable, with precision fluctuating between

0.62 and 1.00, though recall generally remained high (0.71–0.99). These results suggest

that inter-class boundaries are occasionally ambiguous, leading to trade-offs in precision

and recall.

Overall, the spatial framework achieved an average test accuracy of 80.49%,

with stable performance across folds and balanced per-class F1-scores. While this indi-

cates strong baseline capability, the variability in class-specific precision and recall reveals

the limitations of a purely spatial approach. The nearly 18% performance gap compared

to the CNN–LSTM framework (98.47%) clearly demonstrates the critical role of temporal

dynamics in nitrogen stress identification. Spatial features primarily capture structural

and color-based traits, whereas temporal sequences encode progression patterns essen-

tial for distinguishing overlapping symptoms caused by drought, weeds, and nitrogen

deficiency.

5.4.3 Comparison with Machine Learning Methods

Notably, this performance surpasses that of traditional models, as reported by Khanna

et al.[7]. The comparative analysis of performances is presented in Table 5.7.

Method Mean Nitrogen Train Accuracy (%) Nitrogen Test Accuracy (%) Reference
Decision Trees 63.66 47.62

[7]

LDA 68.47 78.57
SVM 75.68 80.95
KNN 62.16 55.95
Bagged Trees 67.57 63.10
Subspace Discriminant 70.57 75.00
Subspace KNN 60.66 66.67
RUSBoosted Trees 69.37 63.10
Proposed Spatial Framework 83.13 80.49

[Proposed]
Proposed Spatio-Temporal Framework 97.92 98.47

Table 5.7: Training and test set classification accuracy for Nitrogen stress using different
machine learning methods.
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To contextualize our findings, we compared the performance of proposed

framework against that of conventional machine learning models and the spatial-only

CNN. Traditional classifiers such as Decision Trees, KNN, and Bagged Trees achieved

test accuracies below 70%, while SVM achieved a higher accuracy of 80.95%, compa-

rable to the spatial-only CNN. In contrast, the spatio-temporal CNN-LSTM framework

markedly outperformed all baselines, achieving 98.47% test accuracy. This performance

gain demonstrates that sequential modeling provides a substantial advantage in resolving

confounding stress symptoms and effectively predicting nitrogen severity classes.

Khanna et al. [7] rely on explicitly derived plant trait indicators—canopy

cover, height, spectral indices, reflectance statistics, and 3D point-cloud features as in-

puts to classical ML classifiers (SVM, RF, k-NN, etc.). In contrast, our DL frameworks

learn discriminative spatial features directly from raw multi-modal images, eliminating

the need for domain-specific handcrafted traits and enabling more scalable deployment

across crops and environments. Thus, beyond the expected accuracy gap, 5.7 high-

lights that traditional ML models are fundamentally constrained by handcrafted feature

dependence, weak temporal modelling, and reduced sensitivity to overlapping stress phe-

notypes. Our deep learning–based spatio-temporal frameworks address these limitations

by learning hierarchical representations directly from raw data and explicitly modelling

stress dynamics over time, leading to substantially improved precision and accuracy under

combined stress conditions.

5.5 Summary

This study demonstrates the effectiveness of a spatio-temporal deep learning framework

for classifying nitrogen stress severity in sugar beet under combined drought and weed

pressure. By integrating MobileNetV2 for spatial feature extraction with LSTM for tem-

poral sequence modeling, the proposed CNN-LSTM approach achieved 98.47% accuracy,

substantially outperforming both the spatial-only CNN ( 80%) and conventional machine

learning models (¡76%). The inclusion of temporal dynamics is particularly valuable be-

cause it enables early detection of nitrogen deficiency before visible symptoms become

severe. Detecting stress at earlier growth stages allows for timely corrective interventions,

preventing yield loss and reducing excessive fertilizer use. This advantage underscores the

importance of modeling stress progression rather than relying solely on static imaging.

From an application standpoint, the proposed framework offers a lightweight

and transferable solution for precision agriculture. It’s high accuracy, coupled with the

capacity for early detection, makes it suitable for guiding variable-rate fertilizer manage-

ment, optimizing resource efficiency, and minimizing environmental impacts.
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While the results obtained in this study are promising, it is important to

note that they were based on a controlled experimental dataset. The generalizability

of the findings to unstructured, open-field environments remains a subject of further

investigation. Future work should focus on scaling the dataset with field-level images,

developing advanced data augmentation strategies, and exploring multi-sensor fusion to

further enhance generalizability. These improvements would accelerate the deployment of

spatio-temporal deep learning in real-world crop monitoring systems, ensuring sustainable

and proactive agricultural practices.
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Chapter 6

Conclusion and Future Perspectives

6.1 Conclusion

This thesis investigates a critical challenge in modern agriculture: achieving early, accu-

rate, interpretable, and scalable detection of abiotic stress in crops. Conventional assess-

ment methods, including manual scouting, destructive sampling, and laboratory-based

analyses, are unsuitable for large-scale or high-frequency monitoring. To overcome these

limitations, the study systematically develops and evaluates lightweight, explainable, and

field-deployable deep learning frameworks for plant stress phenotyping using non-invasive

imaging data. The research is organized around four core methodological contributions,

each addressing a specific gap identified in the literature.

The study introduces an explainable deep learning approach utilizing transfer

learning with convolutional neural networks (CNNs) to identify drought stress from UAV-

acquired RGB images. The model achieved 90.75% accuracy and employed gradient-

based visualizations to highlight stressed regions within plant canopies, thereby enhancing

interpretability and transparency and addressing the ”black-box” issue associated with

standard CNNs. This method demonstrated efficiency, interpretability, and readiness for

real-time field deployment.

The research further developed a Vision Transformer (ViT) model and a hy-

brid ViT-SVM system for drought stress detection. The ViT leverages self-attention

mechanisms to identify salient regions in images and capture spatial patterns. It achieved

91.62% accuracy on the designated test set, with performance increasing to 94% (ViT-

SVM) and 97% (ViT) with expanded datasets and cross-validation. These models outper-

formed traditional CNNs, and the hybrid approach enhanced accuracy through margin-

based learning. The framework also offered attention-based explanations, facilitating

interpretation of model predictions in practical scenarios.

To improve deployment feasibility in resource-constrained agricultural set-

tings, a novel hybrid CNN architecture was proposed. Inspired by ResNet, DenseNet,
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and MobileNetV2, this architecture achieved 90% accuracy while reducing the number

of trainable parameters by nearly fifteen-fold. Additionally, a gradient-guided machine

unlearning mechanism was introduced to systematically eliminate non-contributive or

noisy training samples, leading to improved accuracy, reduced overfitting, and enhanced

generalization. The resulting lightweight model is adaptive and suitable for real-time

deployment on edge platforms.

The research was further extended to assess the severity of nitrogen stress un-

der combined conditions, including drought and weed competition. Two complementary

pipelines were developed: a spatial classifier based on MobileNetV2 and a spatio-temporal

MobileNetV2-LSTM framework. The spatio-temporal model achieved up to 98% accu-

racy and effectively captured the progression and interaction of multiple stress factors

over time, offering insights into the dynamic nature of plant stress. This framework

underscores the importance of temporal context in stress phenotyping, enabling more

accurate assessments of stress severity and supporting real-time agricultural monitoring.

The proposed frameworks make substantial contributions to precision agri-

culture by enabling early detection of plant stress, often preceding the appearance of

visible symptoms, thereby supporting proactive decision-making. The explainability of

these models facilitates targeted resource management, such as efficient irrigation, fertil-

izer application, and high-throughput phenotyping, which enhances resource utilization,

reduces input costs, and promotes sustainable practices. Additionally, the scalability

and deployability of these lightweight models render them suitable for field deployment

on UAVs, edge devices, or mobile platforms, ensuring practical application in real-world

agricultural environments.

In summary, this thesis demonstrates the potential of lightweight, explain-

able, and spatio-temporal deep learning models to advance plant stress phenotyping in

precision agriculture. By integrating explainability and multimodal information fusion,

the research represents a substantial improvement over existing methods and establishes

a strong foundation for AI-driven agricultural solutions. The proposed models are adapt-

able to various crops, stress types, and imaging modalities, ensuring broad applicability

across diverse agro-ecological contexts. These frameworks bridge the gap between ad-

vanced AI research and practical agricultural applications, providing significant value for

farmers, agronomists, and the wider agricultural community.

6.2 Future Perspectives

Recent advances in plant phenotyping increasingly utilize machine learning (ML) and

deep learning (DL) to analyze large-scale, multi-modal datasets, enabling more accurate
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identification, classification, and quantification of abiotic stresses. Imaging-based ML

methods, multi-sensor fusion, and spatio-temporal modeling have emerged as effective

tools to address the limitations of traditional phenotyping, such as reliance on manual

scoring and the need for extensive labeled datasets. Techniques including transfer learn-

ing, semi-supervised learning, and active learning enhance efficiency in scenarios with

limited annotations, while self-supervised learning supports robust feature extraction

from unlabeled data.

Despite these advancements, several limitations persist in current phenotyping

frameworks. Reliance on labeled datasets remains a significant challenge, as models

often require time-consuming and subjective dataset generation. The limited diversity

of stress types evaluated, with a primary focus on drought and nitrogen stress, restricts

applicability to other abiotic stresses such as heat, salinity, and flooding. Furthermore,

environmental variability, including extreme lighting and fluctuating weather conditions,

can impact model performance in real-world field settings. The study’s single-season and

single-site constraints further limit the generalizability of findings across diverse agro-

climatic zones.

To address these limitations, future research should investigate multi-stress

and stress-interaction modeling, extending beyond the current emphasis on drought and

nitrogen stress. Integrating multimodal sensing, including hyperspectral, thermal, and

physiological sensors, will enhance model robustness and expand the range of plant re-

sponses captured. Additionally, self-supervised and semi-supervised learning frameworks

can reduce dependence on large labeled datasets, thereby improving model performance

in data-scarce environments. Further innovations, such as real-time deployment on edge

and IoT platforms, longitudinal studies across multiple seasons and locations, and the

integration of genomic and phenomic data, will strengthen the accuracy, scalability, and

applicability of AI-driven plant stress monitoring.

Spatio-temporal learning methods, such as recurrent neural networks (RNNs),

long short-term memory (LSTM) networks, and temporal convolutional networks, enable

modeling of stress progression over time, thereby improving stress management strategies.

Incorporating continuous ground-truth measurements and linking stress identification

with crop yield prediction models will facilitate more accurate severity estimation and

provide deeper insights into the agronomic impact of stress.

Lightweight architectures optimized for edge deployment, in combination with

Internet of Things (IoT) sensor networks, can facilitate real-time, high-throughput pheno-

typing in resource-constrained environments using UAVs or mobile devices. Techniques

such as few-shot learning and federated learning can reduce reliance on large labeled

datasets and enable privacy-preserving model training across distributed farms. The ap-
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plication of machine unlearning techniques, which selectively remove non-contributive or

misleading data, will further enhance generalization and robustness in heterogeneous field

conditions.

As ML and DL models advance toward practical agricultural deployment,

interpretability becomes essential. Explainable AI (XAI) techniques, including saliency

maps, Layer-wise Relevance Propagation (LRP), Grad-CAM, and SHAP, will provide

transparency into model decisions, fostering trust among domain experts and supporting

biological validation. The development of standardized benchmarks and metrics for ex-

plainability will further ensure reliability and encourage adoption in real-world scenarios.

In conclusion, the integration of advanced learning paradigms with high-

throughput imaging, multimodal sensing, and spatio-temporal modeling is poised to

transform abiotic stress phenotyping. These innovations will enhance precision, effi-

ciency, and interpretability, while accelerating the development of climate-resilient crop

varieties and establishing a foundation for robust, scalable, and deployable AI systems in

sustainable agriculture.
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[97] Cheng Ju, AurÃ©lien Bibaut, and Mark van der Laan. The relative performance of

ensemble methods with deep convolutional neural networks for image classification.

Journal of Applied Statistics, 45(15):2800–2818, November 2018.

[98] Alwaseela Abdalla, Haiyan Cen, Liang Wan, Khalid Mehmood, and Yong He. Nu-

trient status diagnosis of infield oilseed rape via deep learning-enabled dynamic

model. IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, 17(6):4379–

4389, JUN 2021.

[99] Manamele Dannies Mashabela, Priscilla Masamba, and Abidemi Paul Kappo. Ap-

plications of metabolomics for the elucidation of abiotic stress tolerance in plants:

A special focus on osmotic stress and heavy metal toxicity. Plants, 12(2), 2023.

[100] Dagmar Hosiner, Susanne Gerber, Hella Lichtenberg-FratÃ©, Walter Glaser,
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Široká, Arindam Ghatak, Carissa Bleker, Andrej Blejec, Jan Zrimec, Ondřej Novák,

Aleš Pěnč́ık, et al. Integration of multi-omics data and deep phenotyping provides

insights into responses to single and combined abiotic stress in potato. Plant phys-

iology, 197(4):kiaf126, 2025.

[169] Sepp Hochreiter and Jürgen Schmidhuber. Long short-term memory. Neural com-

putation, 9(8):1735–1780, 1997.

[170] Felix A Gers, Jürgen Schmidhuber, and Fred Cummins. Learning to forget: Con-

tinual prediction with lstm. Neural computation, 12(10):2451–2471, 2000.

133

TH-3930_186106001


