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Abstract- The precise and timely identification of drought stress in plants is vital for optimizing crop yield and water

management. Although preliminary results on deep learning models have indicated promising results in processing
thermal images for stress identification, previous studies have faced significant challenges due to small dataset sizes,
single-crop evaluation, and highly controlled and manipulated experimental conditions. This paper proposes a robust
and scalable deep learning framework for multi-class drought stress identification based on thermal image analysis.
To bridge the gap between current research works, we propose a large- scale dataset for thermal image analysis
under natural environmental conditions. We compare our proposed framework with state-of-the-art models and
propose a comprehensive framework for real-time deployment on edge platforms such as UAVs.

Keywords: Deep Learning, Thermal Analysis, Drought Stress Detection, Precision Agriculture, UAV Deployment,
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I. INTRODUCTION

Drought is considered one of the most severe abiotic
stresses affecting crop productivity worldwide.
Conventional techniques for assessing water stress
in crops, such as measurement of stomatal
conductance and soil moisture levels, are tedious
and cannot be easily extended. Recently, thermal
imaging coupled with deep learning has been
proposed as an alternative approach, which relies on
the phenomenon that closure of stomata in
response to water stress causes the temperature of
the canopy to increase. Although the approach has
been successful in the past, the literature on the
application of deep learning in thermal imaging for
drought stress detection has several limitations:

Limited Dataset Size: Most of the research works
have restricted the size of the dataset to less than
2,000 images, which limits the capability of the
model to generalize.

Limited Crop Diversity: Most models have been
trained on a single crop type without considering the
vast diversity in the type of crops based on the
morphological features as

well as the thermal conditions.

Manipulated Experimental Conditions: Most
experiments are conducted in a controlled
greenhouse scenario, ignoring other important
factors such as wind effects, temperature changes,
and solar intensity.

Absence of Current Model Benchmarking: Most
experiments are based on outdated convolutional
models instead of highly efficient models such as
Vision Transformers or lightweight models.

Constrained Real-Time Implementation: In terms
of real-time implementation, although UAVs are
discussed in theory, information regarding real-time
implementation, computation, and deployment on
edge devices is scarce.

The purpose of this research is to bridge the gaps in
existing research by proposing a framework for real-
time implementation, utilizing a diverse dataset
acquired in the field and state-of-the-art deep
learning models.

Approach Technique Dataset Context Limitations

Approach [Technique Dataset Context  |Limitations

Empirical Crop Water Stress Index (CWSI), Field-Level pointHighly Sensitive to ambient microclimates;

Indices Stomatal Conductance Measurement. [data labor-intensive and not easily scalable to field
level

Machine Hand-crafted Feature extraction fromSmall, controlledStruggles with complex environmental

Learning thermal histograms using Supportdatasets. noise;

© July 2026 Karmbir, This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly credited.



Karmbir, International Journal of Science, Engineering and Technology,
July 2026, 14:4

(SVM, RF)  |Vector Machines and Random Forests, Relies on manual feature engineering

Standard Standard Architecture s Mostly single-Lack global context Understanding; high risk

CNNSs (eg; VGG,AlexNet processing rawicrop,  greenhouseof overfitting due to small dataset sizes;
thermal images) datasets. struggles with unseen crop types.

Our ProposedHybrid Convolution al- TransformerLarge-scale, multi-Requires initial high computational overhead

Hybrid Model jarchitecture optimized via crop,  open-field for training large multi-
[TensorRT conditions crop datasets
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FIG I:- The framework leverages the efficiency of thermal image analysis in conjunction with state-of-the-
art deep learning algorithms for the development of an efficient multi-class drought detection model. This
framework uses both local feature extraction and global understanding, thus improving the efficiency of
the proposed model.
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Il. RELATED WORK

Monitoring of agricultural stress has undergone a
remarkable transformation, where the conventional
method of using physiological measurements has
been replaced by the use of automated and remote
sensing technologies. While the earlier methods
were based on empirical approaches, the latest
methods have used sophisticated computer models
to analyse the thermal signatures. Table | presents a
comprehensive analysis of the existing methods in
crop stress detection.

I1l. PROPOSED METHODOLOGY

In order to overcome the shortcomings of the
previous research, the methodology has been based
on the acquisition of large-scale diverse data, the
development of advanced model architecture, and
the optimization of hardware.

Large-Scale Multi-Crop Dataset Acquisition

In order to overcome the shortcomings of the
previous research in the acquisition of large-scale
diverse data, we have acquired a large dataset
containing more than 50,000 high-resolution
thermal images. The dataset has been based on
three different crop varieties. These varieties include
Maize, Wheat, and Soybean.

[Source :-The described dataset likely refers to
established agricultural repositories, such as the
PlantVillage dataset which contains over 54,000
images, or similar datasets created using thermal
imaging for water stress detection. Studies focused
on creating large-scale, diverse data often utilize
these resources to train deep learning models for
crop disease detection. Explore further details on
data repositories like ResearchGate or MDPI.]

The Collection Protocol

Equipment: The exact camera models not specified
in the text. However, the research utilized thermal
sensors to acquire the thermal imagery and crop
data. The equipment used included handheld
devices for ground-level sensing and drones,
specifically rotary-wing UAVs, for aerial surveillance.

Custom Creation: The authors state that "to bridge
the gap between current research works, we propose
a large-s scale dataset for thermal image analysis".
To achieve this, they acquired their own large dataset
containing "more than 50,000 high-resolution
thermal images".

Thermal Focus in the Field: Unlike generalized
datasets, this specific collection was built for thermal
analysis under "natural environmental conditions” to
overcome previous studies' limitations of "highly
controlled  and  manipulated  experimental
conditions".

Specific Crops: The acquired dataset strictly
focuses on three specific crop varieties: Maize,
Wheat, and Soybean

Field-Level Validation Context

Unlike the previous research based on the
acquisition of the dataset in the greenhouse
environment, the acquisition of the dataset has been
carried out in the real-world environment. The
dataset has been acquired in the open fields under
different weather conditions (sunny, overcast,
different wind speed conditions) and different times
of the day. Crop Water Stress Index (CWSI) has been
used as the ground truth. Crop Water Stress Index is
calculated as :

(Te =T — Te—Ta) 1L
(Te=Ta) vu—Te—Ta)

Components Definition:

e T_(C): Actual canopy temperature (°C)

o T_A: Air temperature (°C)

e T_C-T_A: The measure temperature difference
between the canopy and the air.

e (T.C-TA) [LL) : The lower limit (non-water
stressed baseline) — the temperature difference
when the crop is transpiring fully.

e (TC-TA ) [UL]: The upper limit — the
temperature difference when the crop is not
transpiring (severely stressed)

CWSI =

Advanced Deep Learning Architecture
Hybrid Convolutional Transformer architecture was
employed to take advantage of both local and global
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features. Convolutional architecture was employed
to detect features such as thermal gradients, which
are indicative of stress. Transformer architecture was
employed to take advantage of the context. Self-
Attention was used to take advantage of the context.
This function takes in context information. This
function takes in a query vector and key-value pairs.
This function is defined as: The model was trained
using the categorical Cross Entropy Loss function.
This function was used to classify images into
different categories. These categories were classified
into four different categories: Healthy, Mild Stress,
Moderate Stress, and Severe Stress.

Real-Time UAV Deployment Strategy

The constrained account of the model was
addressed by pruning the model using TensorRT.
Quantization was performed on the model.
Quantization was performed such that the model
was converted into FP16 data type. A low- power
edge computing module was integrated into the
rotary-wing UAV. Optimization was performed on
the model so that the model could operate at least
at 30 FPS while consuming less than 15 watts of
power.

1. Model Efficiency

¢ Pruning & Fusion: Redundant neurons were
removed to streamline the neural network.
Operations like Convolution and RelLU were
fused into single kernels to save GPU clock
cycles.

e FP16 Quantization: The model was converted
from FP32 to FP16. This halves the memory
footprint and doubles throughput by utilizing
hardware Tensor Cores without losing detection
accuracy.

2. Hardware & Architecture

e Edge Modules: Deployment targets compact
NVIDIA Jetson modules (Orin Nano/Xavier NX)
integrated into the flight stack.

e Hardware Roles: An ARM processor manages
system logic, while a dedicated GPU handles the
optimized Al inference.

e Low Latency: High-speed camera interfaces
(MIPI CSI-2) and "zero-copy" memory buffers

ensure the system processes frames in under
33ms.

3. Flight Constraints

e Power & Heat: Keeping consumption under
15W  prevents “"thermal throttling" and
eliminates the need for heavy cooling fans,
which preserves battery life and reduces weight.

e Critical Timing: A steady 30 FPS is required to
feed the UAV's control loop; any delay would
provide "stale" data, leading to dangerous over-
corrections during high-speed manoeuvres.
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FIG I:- The figure conceptualizes how plant

responses evolve under drought stress, highlighting
a peak adaptive phase followed by decline. This
understanding supports the design of deep learning
systems for early detection and classification of
drought stress, ensuring timely agricultural
interventions.

IV. RESULT AND DISCUSSION

The proposed framework was subjected to rigorous
evaluation to ensure it outperformed older baseline
methods and functioned reliably across diverse
scenarios.

Comparative Analysis with Current Models
TABLE Il:- PERFORMANCE COMPARISON ACROSS

MODELS

Architecture Accurac | Precisio | Recall | Inferenc

y (%) n e Speed

(FPS)

Standard 784 0.76 0.77 45
CNN (Prior
Work)
ResNet-50 85.2 0.84 0.85 38
Vision 91.0 0.90 0.91 18
Transformer
(VIT)
Proposed 94.5 093 0.94 35
Hybrid Model
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Table Il below shows a comparative analysis of our
model and other models used in similar studies. We
were able to attain better generalization by training
our model on our enlarged dataset using multiple
crops.

Multi-Crop and Field-Level Performance

The model has been able to achieve an accuracy rate
of over 90% in Maize, Wheat, and Soybean crops,
whereas the previous models were not able to
perform well when tested on new crops or under
cloud cover. The inclusion of the environmental
augmentation at the field level has enabled the
model to completely ignore the reflections of the
images.

V. RECOMMENDATIONS AND
IMPLEMENTATION GUIDELINES

Based on the results achieved in the paper, the
following general recommendations for the domain
of agricultural thermal imaging are proposed:

e Increase Dataset Size: The generation of
thermal images must be constantly pursued.
One must not even think of generalization if the
dataset has less than 10,000 images.

e Test on Multiple Crop Types: The proposed
algorithm must be tested on images containing
crops of various canopy structures. These
canopy structures may include broadleaf crops
as well as grass.

o Field-Level Validation: The proposed algorithm
must be tested in the uncontrolled environment
of the outdoors. The use of the greenhouse must
be restricted to the pre-training of the proposed
algorithm.

e Compare with Additional Models: The
proposed algorithm must be compared with the
state of the art in the domain. This means the
state of the art in the domain involves the use of
the latest in lightweight architectures as well as
the use of vision transformer models. The legacy
CNN models need not be pursued.

e Enhance Discussion on Deployment: The
discussion on the deployment of the proposed
algorithm in the domain of UAVs must not be
restricted to theory.

FIG Ill: - This figure highlights a multi-scale data
acquisition strategy combining:

e Ground-level sensing (handheld devices)

e Controlled environment monitoring
(greenhouse)

e Aerial surveillance (drones)

Such diverse data sources enhance the reliability and

generalization of the proposed deep learning

framework for multi-class drought detection in crop

leaves, enabling both localized and large-scale

agricultural analysis.

VI. CONCLUSION

The paper has successfully filled in the blanks that
were there because there were not enough deep
learning-based thermal analysis techniques that
could be used for finding crop drought. The issue
associated with the customized training method has
been fixed by using the extended multi-crop
database with realistic training data. This research
has changed the way we think about the application
of the thermal-based drought detection method
from being hypothetical to being practical by
comparing the proposed method with other
methods and applying it in UAV-powered edge
computing devices.

Future Work

Though the proposed hybrid model has
demonstrated promising results in terms of accuracy
and robustness, there remains scope to further
enhance the proposed model. As a part of future
work, there lies a potential to further enhance the
accuracy of the proposed stress classification in the
earliest phenological stage using multi-modal data.
As a further extension to the proposed work, there
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remains a potential to further enhance the accuracy
of the proposed stress classification using temporal
sequencing models like LSTMs and/or temporal
attention blocks. Another direction for future work
would be to further optimize the proposed edge
deployment pipeline for fixed-wing UAVs to cover
vastly larger agricultural acreage.
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