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Abstract
The shift toward precision agriculture has made it clear that the re 
is a need for smart and automated systems that can detect crop 
diseases promptly and with high precision. A research project is 
being discussed here, which presents a comprehensive drone-
based solution for detecting cotton leaf disease, combining the 
latest advances in deep learning with the gradual training of the 
machine for rapid decision-making in agriculture. In the beginning, 
the system implements adaptive median filtering (AMF), followed 
by the contrast-limited adaptive histogram equalization (CLAHE) 
process, which removes noise and enhances the image’s contrast. 
The Swin Transformer is used to identify spatial and spectral features 
at different levels, while the combination of ConvNeXt-V2 and the 
squeeze-and-excitation blocks with bidirectional long short-term 
memory (SE-BiLSTM) classifier refines spatial cues and learns 
sequential dependencies for precise disease classification. Moreover, 
the framework includes a Deep Q-Learning (DQL) recommendation 
module that supplies contextually aware crop management activities, 
like the optimized use of pesticides and scheduling of irrigation. The 
experimental results, derived from the SAR-CLD-2024 dataset, 
indicate a remarkable performance with an accuracy of 99.30%, 
thereby surpassing existing convolutional neural network (CNN)-
based and hybrid models in terms of precision, recall, and F1-score. 
The combination of deep learning with reinforcement learning in 
Unmanned Aerial Vehicle (UAV)-based systems indicates a future of 
sustainable, adaptable, and data-driven precision agriculture.
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I.  Introduction
Precision agriculture operates as a modern farming 
method that employs contemporary technologies for 
data processing and sensing, automation to boost 
productivity, and improve crop production [1], [2], [3]. 
Drone technology is one of the most advanced mon-
itoring methods, enabling coverage of large agricul-
tural areas and capturing high-quality, multi-tempo-
ral images. Aerial photographs and satellite images 
reveal the health of the plants, moisture, and nutri-
ents in the soil, which aids decision making based 
on data [4], [5]. However, the precise and quick 
recognition of cotton diseases in yields still remains 
a challenge in terms of yield and quality control to 
date. The combination of UAV-based imaging and 
deep learning has been acknowledged as a great 
improvement in disease monitoring and a remarka-
ble decrease in the need for human support during 
field inspections [6].

The main reason for crop diseases is attributed 
to the interaction of various biological, environmen-
tal, and management factors, which are quite com-
plex [7], [8]. Pathogenic microorganisms are one of 
the primary causes of crop infections and are com-
posed of fungi, bacteria, and viruses. Climate is also 
a significant factor, influencing its components, such 
as temperature, humidity, and precipitation [9], [10]. 
Additionally, cotton plants undergo a lot of stress due 
to improper watering, lack of nutrients, and insect 
problems, which in turn make them more susceptible 
to diseases. These factors vary not only between dif-
ferent locations but also change rapidly in response 
to the climate. Consequently, traditional disease mon-
itoring methods in cotton plants become unreliable, 
slow, and often ineffective in large or mixed-crop 
areas [11].

In recent years, a number of methods have been 
investigated to use machine learning and deep learn-
ing techniques to automatically detect cotton crop 
illnesses [12], [13]. The first methods were based on 
the use of conventional imaging processing tech-
niques that included color thresholding, texture anal-
ysis, and specialized feature extraction. After that, 

the convolutional neural networks (CNN), ResNet, 
VGGNet, and DenseNet architectures proved that 
they were much better at automated feature learn-
ing compared to earlier models [14], [15]. Additionally, 
UAV-based imaging, combined with UNet and 
DeepLabv3+ models, enabled the achievement of 
very precise disease segmentation in aerial photo-
graphs [16]. Nevertheless, these solutions still have 
drawbacks, including being highly dependent on 
lighting conditions, a limited ability to generalize 
across diverse crops or seasons, and, lastly, being 
costly in terms of computing power, which altogether 
limits their application in the field [17].

To address these difficulties, the researchers 
propose a UAV-based crop disease detection sys-
tem utilizing deep learning techniques, which are 
the most advanced for achieving high precision in 
agriculture. The suggested approach consists of 
a sequence of steps that first applies noise filter-
ing and contrast enhancement to the image in the 
pre-processing phase to increase the clarity of the 
image, then utilizes UNet++ to perform highly accu-
rate disease segmentation. The Swin Transformer 
captures features at different levels, while the 
ConvNeXt-V2 classifier ensures strong and precise 
disease classification. After that, the development 
of a Deep Q-Learning (DQL)-based recommenda-
tion module is carried out to supply adaptive and 
optimized farm management decisions, such as 
pesticide application and irrigation scheduling. The 
integrated framework aims to facilitate the precise 
and instantaneous disease monitoring, while also 
supporting informed decision making. It thereby 
directly links AI innovations to agricultural activities 
in the field. The contributions of the paper are sum-
marized in the following points:

•	 Uses adaptive median filtering (AMF) and con-
trast-limited adaptive histogram equalization 
(CLAHE) for enhancing UAV-acquired images, 
leading to higher visibility and more accurate dis-
ease diagnosis regardless of the outdoor field 
conditions.

Disease 2024 dataset; SE-BiLSTM: Squeeze-
and-Excitation Bidirectional Long Short-Term 
Memory; t-SNE: t-distributed Stochastic 
Neighbor Embedding; UAV: Unmanned Aerial 
Vehicle. VGGNet: Visual Geometry Group 
Network
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•	 Employs a hierarchical attention mechanism 
grounded on Swin Transformer to proficiently cap-
ture both localized and global disease traits from 
aerial images.

•	 The proposed model is a combination of  
ConvNeXt-V2 and squeeze-and-excitation (SE) 
blocks with bidirectional long short-term memory 
(SE-BiLSTM), which is capable not only of filtering 
out disease-relevant channels but also of learning 
different patterns of sequential texture to achieve 
maximum accuracy in classification.

•	 A DQL-powered recommendation module is 
developed, which communicates the suggestions 
of adaptive and data-derived crop management 
practices. Hence, the system becomes more than 
just a detector and is a practical decision support 
tool.

The organization of the paper is as follows:  
A literature review is given in Section 2, which also 
mentions the most recent developments. Section 
3 explains the suggested method with the steps of 
UAV image pre-processing, feature extraction using 
Swin Transformer, classifying through ConvNeXt-V2 
with SE-BiLSTM, and the recommendation module of 
DQL. Section 4 shows the experimental results and 
provides a discussion on them. Last but not least, 
Section 5 wraps up the research and proposes some 
future research paths.

II.  Literature Review

Drones in agriculture and agricultural monitoring have 
revolutionized precision agriculture, enabling the col-
lection of superior-quality data in a matter of sec-
onds. Drones carrying multispectral, hyperspectral, 
and RGB sensors have brought about an improved 
level of precision in disease detection, trustworthy 
yield determination, and in-depth research of plant 
characterizations. As per the recent article by Casas 
et al. [18], the use of UAVs to provide the multispec-
tral images has made machine learning algorithms 
so powerful that they can accurately identify the 
diseases in Phoenix canariensis palm groves. Aerial 
imaging has shown its remarkable benefits for exten-
sive crop monitoring in this manner. Similarly, Fei et 
al. [19] proposed the application of multi-sensor data 
fusion along with machine learning techniques as a 
more accurate way of predicting wheat yields, thus 
pointing out the necessity of mixing sources for bet-
ter agricultural decision making. Zhu et al. [20] like-
wise reported such results for oilseed rape, where 

the integration of spatial and spectral data not only 
enhanced the accuracy of predictions but also the 
robustness of the model.

Deep learning frameworks have been developed 
in a manner that has indeed changed the process 
of detecting and diagnosing diseases using UAVs, 
making it significantly faster and more accurate. Das 
and Raghuvanshi [21] introduced a deep Radial Basis 
Function Network (RBFN) with multidisciplinary mixed 
attention employed to the problem of leaf disease 
classification from UAV images. The performance 
of their model was excellent in detecting very small 
disease symptoms, even under varying lighting and 
background conditions. Linero-Using UAV-based 
multispectral photos and deep learning methods, 
Ramos et al. [22] studied the scalability dataset for 
black Sigatoka disease classification in banana plan-
tations. The outcomes of their research showed that 
the factors affecting the performance of neural net-
works are primarily the diversity and quality of the 
dataset; thus, the necessity of well-annotated and 
scalable UAV datasets for trustworthy agricultural AI 
systems has been highlighted.

The application of UAVs in agriculture has expanded 
beyond disease detection to include crop maturity 
analysis and pest management. A UAV-mounted deep 
learning framework for strawberry maturity detection 
was created by Singh et al. [23], which provided very 
high real-time classification accuracy in natural field 
settings. Gokeda and Yalavarthi [24] presented a deep 
hybrid IoT-UAV model for pest detection that com-
bined real-time image analytics with communication 
networks, consequently offering a scalable and effec-
tive method for precise pest surveillance. The research 
not only underscores the importance of disease diag-
nosis but also highlights the ever-growing role of UAVs 
in automating critical agricultural tasks.

Recent research has focused on intelligent UAV 
navigation and decision-making frameworks aimed 
at enhancing operational efficiency. A one-tiered UAV 
path-planning system introduced by Fu et al. [25] 
combined the use of an augmented Double Deep 
Q-Network (D3QN) algorithm with remote sensing 
data, resulting in a significant increase in path cov-
erage and a considerable reduction in energy con-
sumption during field operations. Conversely, live-
stock movements in UAV monitoring networks were 
forecasted using the LSTM-H model, a hybrid deep 
learning system introduced by Bokani et al. [26], which 
highlighted the significance of temporal sequence 
modelling in agricultural monitoring. In addition, 
Raptis et al. [27] demonstrated the development of a 
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comprehensive precision agriculture system that lev-
erages UAV-based functionalities for resource appli-
cation and mapping activities tailored to the specific 
characteristics of individual fields.

Alavilli et al. [28] proposed an integrated AI frame-
work combining transformer-guided graph learning, 
3D-CNN, BiLSTM, and neuro-symbolic fuzzy reason-
ing for accurate and interpretable cancer prediction. 
This multi-modal fusion strategy inspired the pro-
posed architecture’s hybrid feature learning and deci-
sion support design.

The studies investigated together demonstrate the 
increasing use of UAVs and deep learning algorithms 
in precision agriculture, which in turn has paved the 
way for applications in disease detection, yield pre-
diction, pest management, and field automation. 
Nevertheless, most of the approaches that are cur-
rently in place are prone to noise interference in aerial 
imagery, vary in segmentation accuracy, and are not 
very adaptable to different crop species. To address 
these challenges, a UAV-based crop disease detec-
tion system is proposed in this paper, equipped with 
both deep learning and reinforcement learning com-
ponents. The system utilizes noise filtering and con-
trast enhancement for pre-processing, UNet++ for 
segmentation, Swin Transformer for feature extrac-
tion, and ConvNeXt-V2 for disease classification, with 
a DQL-based recommendation module added last. 
The integrated design is expected to provide real-
time, accurate, and intelligent decision support for 
sustainable precision agriculture.

a.  Research gap

The majority of the literature on UAV-automated mon-
itoring in agriculture has built upon existing research 
[29]; however, the literature still lacks an in-depth 
examination of some important issues. The primary 
focus of earlier research has been on detecting dis-
eases or estimating yield. Furthermore, no single 
method exists that offers pre-processing of images, 
segmentation, classification, and support for deci-
sion-making all at once [30]. Powerful conventional 
convolutional neural networks (CNNs) that are the 
most frequently used in models, in spite of their 
power, often fail to give a high accuracy due to chang-
ing lighting conditions, highly complex backgrounds, 
and varying drone altitudes [31]. In addition to this, 
the prevailing UAV-based deep learning systems 
often rely on limited or crop-specific datasets, which 
results in poor generalization to the different field con-
ditions. One of the main disadvantages of the pres-
ent situation is that it is void of intelligent optimization 

and reinforcement learning methods [32], which are 
very good at adaptive decision-making. Static meth-
ods prevail, and they are unable to adjust not only to 
different environmental conditions but also to vary-
ing health conditions of the crop. Moreover, the ear-
lier models fell short of the necessary segmentation 
accuracy, primarily due to the use of simple architec-
tures that could not effectively capture the multi-scale 
contextual information from UAV images [33]. The 
specific research puts forward an innovative cohesive 
and intelligent system for UAV-assisted crop disease 
identification whose components are denoising and 
contrast improving for sophisticated pre-processing, 
UNet++ for reliable segmenting, Swin Transformer 
for feature extracting, and ConvNeXt-V2 for clas-
sifying, and then the entire setup being rounded off 
with a DQL-based recommendation module for farm 
management that is dynamic thus permitting to make 
exact and data-driven choices for the efficient and 
environmental friendly precision agriculture.

III.  Proposed Methodology

The proposed UAV-based cotton leaf disease 
detection framework integrates advanced deep 
learning and attention-driven mechanisms to 
enhance precision agriculture decision-making. 
Initially, UAV-acquired images of the field undergo 
a comprehensive pre-processing process, where 
the AMF removes high-frequency noise while 
the CLAHE enhances local contrast, resulting in 
a noise-free and visually improved dataset.  The 
 pre - processed  images  are  then  passed  to  the  Swin 
 Transformer  for  feature  extraction ,  where  hierar-
chical  shifted - window  self - attention  captures  both 
 local  and  global  dependencies ,  enabling  effective 
 representation  of  spatial  textures  and  disease - spe-
cific  patterns . Subsequently, the multi-scale fea-
tures extracted are adjusted and categorized using 
a hybrid ConvNeXt-V2 with SE-BiLSTM framework. 
The block of ConvNeXt-V2 amplifies the ability to 
differentiate between various spatial cues. The SE 
mechanism highlights the channels most perti-
nent to the disease in a dynamic manner, and the 
BiLSTM monitors the temporal correlations that 
exist in the feature maps of the different patches 
throughout its process. The disease classifications 
are linked to practical measures through a precision 
agriculture recommendation layer, which simultane-
ously provides field-level instructions, such as pesti-
cide spraying, irrigation control, and nutrient adjust-
ment. This entire process ensures high diagnostic 
accuracy, robustness that is continually improved, 
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and the capacity to handle various UAV imaging 
conditions, thereby facilitating direct integration 
with future smart farming systems. The workflow 
diagram for the cotton leaf disease detection model 
is illustrated in Figure 1.

a.  Pre-processing stage

UAVs frequently capture images of crops that reveal 
differences due to lighting, atmospheric disturbances, 
and high-frequency noise generated by the camera. 
These differences are mainly caused by the flight alti-
tude, the movement of the UAV, and the prevailing 
environmental conditions. Thus, image preprocess-
ing becomes a necessary step to ensure the stabil-
ity and precision of the next classification model. The 
proposed system incorporates two main processes 
in the preprocessing step: (1) noise removal through 
AMF and (2) contrast boost by CLAHE. The output 
of this phase is images that have had their noise 
reduced and contrast increased, while retaining the 
texture and color information important for crop dis-
ease recognition.

a.i  AMF

The AMF regulates the window size according to 
the local intensity features of the image, effectively 

suppressing impulse noise. If we denote the gray-
level intensity of the image at point ( ),x y  as ( ),I x y  
and the square window of size ×  s sas sW , then the 
minimum, maximum, and median intensities in this 
window are determined according to the equations 
provided in Eq. (1).

( ) ( ) ( )= = = ,  ,  min s max s med sI min W I max W I median W � (1)

To check if the median pixel is a non-noisy value 
or not, the following calculations are made according 
to Eq. (2):

= − = −1 2, med min med maxA I I A I I � (2)

In case >1 0A  and <2 0A , then  medI  is taken as a 
valid intensity value; otherwise, the size of the win-
dow  s is increased till the maximum allowed  maxs  is 
reached. In the second phase, the pixel ( ),I x y  is 
evaluated with the help of Eq. (3):

( ) ( )= − = −1 2, , ,min maxB I x y I B I x y I � (3)

In the case where >1 0B  and <2 0B , the pixel can 
be considered as noise-free; in any other case, it is 
substituted with the median value  medI . The filtering 
step to get the final pixel intensity is done according 
to Eq. (4):

Figure 1: Proposed cotton leaf disease detection framework. AMF, adaptive median filtering; 
CLAHE, contrast-limited adaptive histogram equalization; DQL, Deep Q-Learning.
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( ) ( )= > <1 2  , { , ,  0   0 ,  f medI x y I x y if B and B I otherwise
	

� (4)

The two-phase operation of AMF removes salt-
and-pepper noise completely, while simultaneously 
preserving important textural boundaries and lesion 
details necessary for disease region analysis.

a.ii  Contrast enhancement using CLAHE

After reducing noise, CLAHE is used to enhance local 
contrast and highlight disease patterns. The image 
that has been filtered ( ),fI x y  is sliced into context 
areas or tiles , ,i jT  and the histogram of every tile is cal-
culated as explained in Eq. (5):

( ) ( ) ( )( )δ
∈

= −∑
,

, ,
,

i j
i j fx y T

h k I x y k � (5)

Where ( )δ ⋅  illustrates the Kronecker delta func-
tion, and k stands for gray levels. The cumulative 
distribution function (CDF) for each tile is acquired by 
using Eq. (6):

( ) ( )
=

= ∑
,

,
, 0

i j

k i j
i j t

T

h t
CDF k

N
� (6)

In this case, 
,i jTN  stands for the sum of pixels in the 

tile ,i jT . To curb noise amplification, the histogram is 
cut off at a certain level LC  which is given in Eq. (7):

( ) ( )( )= ,, ,i j Li j k min h kh C' � (7)

Subsequently, the pixel intensity of the enhanced 
image for each location is estimated by enlarging the 
clipped CDF as per Eq. (8):

( ) ( )( ) ( )( )= × −,, , 1  c i j fI x y round CDF I x y L � (8)

Where  L denotes the number of gray levels (usu-
ally L = 256). Bilinear interpolation in neighboring 
tiles guarantees seamless transitions and avoids the 
emergence of block artifacts.

a.iii  Final pre-processed image

Mathematically, the total transformation that was exe-
cuted on the UAV image is represented as a series of 
the AMF and CLAHE operators, together with Eq. (9):

( ) ( )( )( )=, ,pI x y CLAHE AMF I x y � (9)

The image that was finally pre-processed ( ),pI x y  
It is characterized by very high local contrast and 

very little noise, which in turn allows the details of the 
affected areas to be seen clearly. The improved image 
quality enhances the reliability and discrimination 
power of the following deep learning modules, which 
are aimed at disease feature extraction and classifi-
cation. Sample pre-processed images are shown in 
Figure 2.

b. � Feature extraction using Swin 
Transformer

The improved UAV images ( ),pI x y  are sent to a 
Swin Transformer backbone after pre-processing 
for extracting the spatial-spectral features that are 
most discriminative, hence showing the condition 
of the crops. The Swin Transformer, a hierarchical 
vision transformer architecture, successfully cap-
tures both local and global dependencies through 
the use of shifted window multi-head self-attention 
(SW-MSA), thereby eliminating the drawbacks of 
traditional CNN models in terms of computational 
inefficiency and limited receptive field. The net-
work can, therefore, distinguish between the differ-
ent scales of disease symptoms-leaf spots, blight 
patches, and color distortions-throughout a sin-
gle attention framework. The hierarchical feature 
extraction yields multi-level semantic representa-
tions, which are crucial for robust disease classifi-
cation, as shown in Figure 3.

The Swin Transformer in Figure 3 consists of four 
hierarchical stages that operate according to their 
fundamental design by using shifted window self-at-
tention and feed-forward networks (FFNs) and nor-
malization. The stages operate through the same 
transformer blocks which they combine with patch 
merging layers to create their functionality. The four-
layer design enables progressive feature abstraction 
which allows the model to capture low-level textures 
in early stages and high-level disease patterns in 
deeper stages. The hierarchical structure improves 
multi-scale feature learning which results in better 
classification accuracy.

b.i  Patch partition and linear embedding

Initially, the image was pre-processed ( ) × ×∈ 3, H W
pI x y R  

is divided into non-overlapping segments of size 
×P P. Then, each segment is flattened and embed-

ded in a D-dimensional space according to the equa-
tion in Eq. (10).

( )⋅ × = … ∈ 
2 31 2

0 ; ; ; , 
P DN

p p pz x E x E x E E R � (10)
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Figure 2: Sample pre-processed images for different disease types. CLAHE, contrast-limited 
adaptive histogram equalization.
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Here, 
×

=
2

H W
N

P
 indicates the sum of patches, 

and E is the learnable embedding matrix. The 
sequence 0z  The input that is created is then put 
through the first Swin Transformer block.

b.ii  SW-MSA

The Swin Transformer differs from conventional Vision 
Transformers in that it does not compute attention 
globally, but rather limits self-attention computation to 
non-overlapping local windows. For the specific win-
dow w, the self-attention computed for every head is 
as shown in Eq. (11):

( )
 
 = +
 
 

, ,
T

k

QK
Attention Q K V Softmax B V

d
	 (11)

Where = =,Q KQ XW K XW , and = VV XW  represent 
the projections for query, key, and value, respectively; 

kd  is the size of the key vectors, and B denotes the 
relative position bias. To enlarge the receptive field, 
the window configuration is alternately shifted by 
half the window size in each layer. This shift enables 
information flow across windows, thereby enhancing 
global context understanding without incurring any 
additional computational cost. The final result of the 
shifted window attention is determined as shown in 
Eq. (12):

Figure 3: Architecture of the Swin Transformer model.
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( )( ) +′ = −z SW MSA LN z z � (12)

Where LN( ⋅ ) denotes Layer Normalization, and 
this residual connection aids gradient stability during 
training.

b.iii  FFN and patch merging

The result ′z  is fed to a two-layer FFN for the purpose 
of extracting features by adding a non-linearity. The 
FFN transformation is specified as in Eq. (13):

( )( ) +′ ′=′ ′z FFN LN z z � (13)

The FFN consists of two linear layers and a GELU 
activation function. To obtain the hierarchical informa-
tion, the Swin blocks are linked by a patch merging layer 
that combines the features of adjacent patches, reduc-
ing the spatial resolution by applying a linear projection 
while increasing the channel dimension. This merging 
process is represented mathematically in Eq. (14):

( )+ + + + +=1 2 ,2 2 1,2 2 ,2 1 2 1,2 1, , ,l i j i j i j i j mz Concat z z z z W 	 (14)

In this equation, mW  stands for the learnable linear 
projection matrix, and l is the layer index. The hierar-
chical representation enables a gradual transition from 
low-level texture signals to high-level semantic pat-
terns relevant to crop diseases.

b.iv  Final feature map generation

Following through numerous hierarchical stages, the 
globally averaged output of the last Swin Transformer 

layer is deemed to be the final feature descriptor F , 
which is represented as in Eq. (15):

( )
=

= ∑ 1

1 N L
ii

F z
N

� (15)

Where ( )L
iz  is used to refer to the token representa-

tion of the thi  position in the last layer L. The resulting 
feature vector ∈ LDF R  is able to encode, in an effec-
tive manner, the entire range of multi-scale spatial 
dependencies, leaf color gradients, and shape defor-
mations that are characteristic of healthy and dis-
eased crop conditions.

b.v  �Significance in UAV-based  
disease detection

The hierarchical Swin Transformer (as defined via 
Eqs. (10)–(15)) is characterized by its ability to fuse 
local and global interactions throughout the UAV-
obtained images, resulting in better discrimination 
power than CNN-based models. Its window-shift-
ing technique guarantees that even the tiniest lesion 
patterns or uneven textures from fungal or bacterial 
infections are completely and accurately captured. As 
a result, the feature vectors F thus extracted are fed 
into the classification module that follows for distin-
guishing particular crop diseases. Figure 4 shows the 
visualization of features.

c.  Disease classification stage

The Swin Transformer encoder provided the 
extracted feature vector F that represented the 

Figure 4: t-SNE visualization of Swin Transformer features.
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spatial and texture information of crop leaves. 
Yet, the proposed framework accepts a hybrid 
ConvNeXt-V2 and Squeeze-and-Excite Bi-LSTM 
(SE-BiLSTM) model to capture not only the sequen-
tial dependencies among patch-level features but 
also to highlight the discriminative regions. The 
hybrid design has successfully integrated convolu-
tional refinement and temporal correlation learning, 
making it proficient and accurate in identifying crop 
diseases, even under varying illumination and imag-
ing conditions.

c.i  ConvNeXt-V2 feature refinement

The ConvNeXt-V2 block functions as an extremely 
lightweight spatial refiner, retaining both hierarchical 
spatial information and enhancing deep seman-
tic representations. ConvNeXtV2 operates depth-
wise convolution over the Swin Transformer features 

×∈ LN DF R  as input, followed by normalization and acti-
vation afterward. The resultant output features cF  are 
then formed as in Eq. (16).

( )( )σ= +*c d dF LN W F b � (16)

Where dW  denotes the kernel for the depth-
wise convolution; * is the symbol for convolution; 

db  is used for the bias term; ( )⋅LN  represents Layer 
Normalization; and ( )σ ⋅  denotes the GELU activa-
tion function. The process makes the local spatial 
smoothness better, but at the same time preserves 
the discriminative boundaries of lesions that are cru-
cial for the recognition of the patterns of infection 
spread.

c.ii � Squeeze-and-Excite attention  
mechanism

In order to enhance the network’s representational 
capability, a Squeeze-and-Excite (SE) module is uti-
lized at the output of ConvNeXt-V2. This technique, as 
explained in Eqs (17) and (18), dynamically reweights 
feature channels depending on the global context:

( )
= =

=
× ∑ ∑1 1

1
,

H W

ci j
s F i j

H W
� (17)

( )( )σ δ= 2 1w W W s � (18)

Where s is the global descriptor for each channel 
computed through global average pooling, 1W  and 2  W
are the matrices of weights that are subject to learn-
ing, ( )δ ⋅  is the ReLU activation function, and ( )σ ⋅  is 

the Sigmoid function. The feature map sF  which has 
been recalibrated, is obtained through scaling the 
channels as per Eq. (19):

= s cF w F � (19)

Where  denotes the operation of element-wise 
multiplication. This type of adaptive weighting assigns 
greater importance to disease-specific features (for 
instance, regions that are discolored or have spots) 
while simultaneously reducing the background infor-
mation that is not relevant.

c.iii � Bi-LSTM for temporal dependency 
modeling

Due to sequential scanning or progressive leaf pat-
terns, the features derived from UAV imagery show 
inter-patch dependencies; thus, the SE block is fol-
lowed by a BiLSTM network. The BiLSTM captures 
both forward and backward contextual correlations 
over the spatial sequences. As an illustration, the 
sequence { }…1 2, , , T

s s sF F F  is used for computing the 
forward and backward hidden states in the following 
manner:

( ) ( )− += ←= ←
 

1 1, , ,t t
t f s t t b s th LSTM F h h LSTM F h � (20)

The concatenated hidden representation th  is 
obtained using Eq. (21):

 = ← 


;t t th h h � (21)

The bidirectional flow of information between the 
two directions helps the model identify the relations 
between changes in lesion and color, and thus clas-
sify with higher reliability.

c.iv  Classification layer

The prediction of probabilities over K  disease classes 
is identified by passing the BiLSTM output through 
a fully connected (FC) classification layer and then 
applying the Softmax function. The output probability 
vector P is calculated according to Eq. (22)

( )

( )

+

+

=

= = …
∑ 1

, 1,2, ,
k k

j j

W h b

k K W h b

j

e
P k K

e
� (22)

Where kW  and kb  represent the weights and biases 
of the classification layer, respectively. The class label 
∧

y  predicted is found as in Eq. (23):
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( )
∧

= kk
y arg max P � (23)

c.v  Loss function and optimization

The categorical cross-entropy loss function, which 
gauges the discrepancy between the expected and 
actual disease labels, is used to optimize the model. 
The loss L is defined as in Eq. (24).

( )
=

= −∑ 1

K

k kk
L y log P � (24)

Where ky  signifies the correct one-hot encoded 
label for class k. The AdamW optimizer has been 
applied in the optimization process to benefit from 
its properties of stable convergence and overfitting 
alleviation. The combination of ConvNeXt-V2 and 
SE-BiLSTM (Eqs. (16)–(24)) offers a supporting mech-
anism for both local feature enhancement and global 
temporal dependency modeling. The ConvNeXt-V2 
enhances the spatial hints received from the Swin 
Transformer, while the SE module dynamically ampli-
fies the significant channels. The BiLSTM operates 
on this enriched representation to identify disease 
progression patterns across different regions of the 
image. Consequently, the hybrid classifier outper-
forms the separate CNN and Transformer architec-
tures in terms of performance metrics, making it very 
effective for UAV-based crop disease diagnosis. The 
pseudocode for the classification stage is shown in 
Algorithm 1.

d. � Recommendation using the DRL model
The last component of the suggested disease detec-
tion framework utilizing UAV technology is to produce 
practical suggestions for precision farming, consid-
ering the results of disease classification and con-
textual environmental data. As soon as the disease 

iD  is recognized with a severity grade iS  and confi-
dence percentage iC , the system takes into account 
environmental conditions, for example, temperature  
(T ) and humidity (H), in order to calculate an urgency 
factor iU , which ranks the need for corrective actions. 
The urgency is formulated with mathematics as given 
in Eq. (25) as follows,

α β γ δ
 − = ⋅ + ⋅ + ⋅ + ⋅        100

opt
i i i

opt

T TH
U S C

T
� (25)

Where α β γ δ, , ,  are partially determined through 
empirical methods and  optT  refers to the specific 
temperature preferred for that crop. A larger iU  sig-
nifies a priority for immediate intervention. The rec-
ommendation module for each diagnosed disease 
applies a rule-based decision matrix (RDM) that ties 
together disease type, degree, and environmental 
stressors to the best management measures. The 
Recommendation Score ( jR ) associated with each 
possible action jA  is calculated using Eq. (26) as,

( )= ⋅ + ⋅ − + ⋅1 2 31j j j iR w E w Cost w C � (26)

Where jE  stands for the action’s expected effi-
ciency (like reducing fertilizer, increasing irrigation, 
or spraying the leaves),  jCost  is the cost of imple-
mentation normalized, and 1 2 3, ,w w w  are importance 
weights. The actions that have the highest  jR  and iU  
which is the urgency factor that surpasses a certain 

Algorithm 1: Classification Stage of the Proposed 
Framework

Inputs:
  F ← �Feature sequence extracted from Swin 

Transformer (dimension: T × D)
  C ← Number of disease classes
Output:
  p ← Predicted class probability distribution
  1: function CLASSIFICATION(F )
  2: �# Step 1: Spatial Feature Refinement 

(ConvNeXt-V2 Block)
  3: �Z1 ← DepthwiseConv(F, kernel size = 7, padding 

= same)
  4: Z1 ← LayerNormalization(Z1)
  5: Z1 ← GELU(Z1)
  6: �# Step 2: Channel Attention 

(Squeeze-and-Excitation)
7: s ← GlobalAveragePooling(Z1)

  8: z ← FullyConnected(s, D ← D/r); z ← ReLU(z)
  9: a ← FullyConnected(z, D/r ← D); a → Sigmoid(a)
10: �Z2 ← ElementWiseMultiplication(Z1, a) # Channel 

reweighting
11: �# Step 3: Sequential Dependency Learning 

(BiLSTM)
12: (H_fwd, H_bwd) ← BiLSTM(Z2)
13: �h_cls ← Concatenate(H_fwd[T ], H_bwd[1]) # Final 

feature representation
14: # Step 4: Final Classification
15: logits ← FullyConnected(h_cls, 2H → C)
16: p ← Softmax(logits)
17: return p
18: end function
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limit ( >i thrU U ) are marked as “Immediate Action 
Required,” The pseudocode for the recommendation 
model is given in Algorithm 2.

Algorithm 2: Recommendation Stage Model

The recommendation system dynamically updates 
its suggestions by combining knowledge of disease 
physiology and environmental analytics. For exam-
ple, if bacterial blight is found in a humid environ-
ment, the solution is to remove the infected parts of 
the plant and apply foliar micronutrients to delay the 
growth of the fungus. Moreover, the same operation 
is conducted for leaf discoloration caused by a nutri-
ent imbalance; the system recommends soil amend-
ments, including a reduction in slow-release nitrogen 
fertilizer, plus adjustments to the irrigation schedule 
to aid the plant’s recovery. This versatile recommen-
dation system enables the model to not only recog-
nize and categorize agricultural diseases with utmost 
accuracy but also to break down the findings into 
data-informed, economical, and context-sensitive 
agronomic measures, thereby making precision agri-
culture more effective in real-life applications.

d.i  �Validation of the DQL 
recommendation module

The research used a simulated decision-validation 
strategy to assess how well the DQL recommen-
dation module performs its tasks. The research-
ers tracked the agent’s reward patterns and action 
selection patterns during training sessions, which 
showed that the system learned its intended behav-
ior across different disease levels and environmental 
factors. The recommendation outputs showed con-
sistent alignment with agronomic rules encoded in 
the decision matrix, particularly in high-severity dis-
ease scenarios where urgent intervention actions 
were prioritized. The DQL module demonstrated its 
ability to create effective management recommen-
dations, which maintain contextual awareness even 
though the study did not include actual field testing. 
The research team will conduct future studies that 
use field testing to obtain quantitative data about yield 
responses and cost-benefit analysis.

Inputs:
  ŷ ← Predicted disease class
  s ← Disease severity score (0–1)
  c ← Model confidence score (0–1)
  E ← �Environmental parameters (e.g., temperature, 

humidity)
  A ← Set of possible treatment actions { }…, , , Ma a a₁ ₂

  Eff(a) ← �Estimated treatment effectiveness for  
action a

  Cost(a) ← Normalized cost of action a
  θ   R ← Minimum recommendation score threshold
  τU ← Urgency threshold value

Output:
  Π  ← Ranked list of recommended actions

1: function URGENCY 
∧ 

 
 

, , , y s c E

2: α α α
∧ ← + +  

 
   ·   ·   · , U s c EnvironmentImpact E y₁ ₂ ₃

3: return U
  4: end function

  5: function 
∧ 

 
 

, , , SCORE a y s E

  6: � ( ) ( )
∧ ← − +  

 
  ·   ·   · , , R w Eff a w Cost a w ContextSuitability a y E₁ ₂ ₃

( ) ( )
∧ ← − +  

 
  ·   ·   · , , R w Eff a w Cost a w ContextSuitability a y E₁ ₂ ₃

  7: return R
  8: end function

  9: function 
∧ 

 
 

, , , , RECOMMEND y s c E A

10: 
∧ ←  

 
  , , , U URGENCY y s c E

11: Π   ← empty list
13: for each action a in A do

14: 
∧ ←  

 
 , , , aR SCORE a y s E

15: if θ≥ a RR  then
16: if τ≥  UU  then
17: Label(a) ← “Immediate”
18: else
19: Label(a) ← “Recommended”

20: end if
21: Add ( )( ), , aa R Label a  to Π
22: end if
23: end for
25: if Π  is empty then
26: return (“Monitor and Reassess”)
27: end if
29: Sort Π  by aR  in descending order
30: return Π
31:  end function
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IV.  Result and Discussion 

The present research employed a model implemented 
in Python, utilizing two of the most popular machine 
learning libraries: TensorFlow and Scikit-learn.  The 
 model  was  trained ,  evaluated ,  and optimized  using 
 this  approach ,  resulting  in  strong  performance  across 
 multiple  evaluation  metrics . The dataset was divided 
into two parts: a training set and a testing set. The 
former consisted of 80% of the data for training, and 
the latter 20% was reserved for testing. During train-
ing, the model’s accuracy, loss, and other metrics 
were improved iteratively with different epochs. After 
training, the model was tested on the test set to eval-
uate its generalization ability, thus guaranteeing relia-
ble performance on unseen data. The Python toolset 
enabled the computation of key performance indica-
tors, such as precision, recall, F1-score, and ROC-
AUC, providing a different perspective on the model’s 
performance and efficiency.

The designed framework requires multiple deep 
learning components, which creates challenges for 
both computing and system implementation. The 
Swin Transformer achieves decreased processing 
requirements through its shifted window attention 
system, which performs better than standard global 
self-attention systems. ConvNeXt-V2 functions as 
a basic lightweight enhancement system, while 
SE-BiLSTM processes short feature streams instead 
of working with complete image data, which ena-
bles better management of inference expenditure. 
The system operates as an edge-based solution, 
which enables UAVs to send their captured images 
to nearby ground stations or edge GPUs for imme-
diate processing. The framework achieves practical 
agricultural use because its implementation enables 
almost real-time processing capabilities.

a.  Dataset description

Researchers and practitioners can greatly benefit 
from the cotton leaf disease identification dataset, 
as well as the entire agricultural industry, providing 
them with the necessary tools and insights to tackle 
issues linked to cotton leaf diseases effectively. One 
of the key benefits of the dataset is early detection, 
which is ensured by the precise detection and clas-
sification of diseases in the cotton leaves, thereby 
interlinking farmers and crop management, allowing 
for timely actions and more efficient application of 
crop management measures. Furthermore, it sup-
ports innovation in agricultural research through the 
machine learning algorithms and disease detection 

techniques that it has been developing. The collec-
tion consists of pictures taken at the National Cotton 
Research Institute field in Gazipur during various 
stages of the cotton leaf disease, following a careful 
selection process. The Redmi Note 11s smartphone 
was used to take the pictures, which show the dis-
ease manifestations in different sizes. The field 
surveys conducted from October 2023 to January 
2024, with the assistance of local specialists, yielded 
excellent images even in challenging situations, 
such as varying lighting conditions. A total of 2,137 
images were taken, classified into seven categories, 
and these showed different states of cotton leaves, 
including those infected with the curl virus, bacterial 
blight, and those with healthy leaves. The different 
classes correspond to various issues that threaten 
the growth of cotton plants, including insects, dis-
eases, and drought. The dataset undergoes a 
lengthy sequence of processing and enhancement 
operations, which include tagging, data purification, 
and the application of enhancement methods such 
as lighting and rotation. Thus, the dataset comprises 
7,000 enhanced images in addition to 2,137 original 
ones, demonstrating the reliability of deep learning 
methods in accurately diagnosing and classifying 
cotton leaf diseases [34].

The SAR-CLD-2024 dataset focuses on cot-
ton leaf diseases, while the framework learns visual 
representations that include common texture irregu-
larities, lesion patterns, and color distortions, which 
appear in multiple crop diseases. The model enables 
transfer learning to other crops through its crop-spe-
cific dataset fine-tuning process. The hierarchical 
Swin Transformer and hybrid classification architec-
ture enable the framework to detect cross-crop dis-
eases through its ability to capture multi-scale spatial 
features which extend beyond cotton leaf detection.

b.  Performance comparison

The graphical representation of the model’s perfor-
mance metrics shows the four main evaluation met-
rics: Accuracy, Precision, Recall, and F1-Score. The 
score of each metric is indicated by a vertical bar, 
which can be read from Figure 5.

The optimal score for Accuracy is 0.9930, whereas 
the precision score is 0.9929, which is almost equal. 
Recall and F1 scores are a bit lower, with scores of 
0.9928 each. All metrics show almost the same per-
formance, which means that the model is very pre-
cise and works very well with all the measures. The 
colors of the bars are distinctly different, making it 
very easy to distinguish the metrics apart.
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The comparison of FPR and FNR in error rates is 
shown in Figure 6. The FPR is represented by a tiny 
green bar, indicating a value of 0.00117, which rep-
resents a relatively low occurrence of false positives. 
The FNR, on the other hand, is represented by a large 
purple bar, which is valued at 0.00702, hence a much 
higher rate of false negatives. Therefore, it can be 
concluded that the model has a very low false posi-
tive rate; however, the problem with the higher rate of 
false negatives remains, which may negatively affect 
the model’s performance in certain cases.

In Figure 7, a multi-class precision-recall (PR) 
curve is presented, with different plant conditions 

represented by individual curves. The horizontal axis 
signifies recall, while the vertical axis shows precision. 
The curves for the various conditions being analyzed 
are shown in different colors. The conditions that 
exhibit a perfect performance with an average preci-
sion (AP) of 1.00000, are “Curl Virus,” “Healthy Leaf,” 
“Herbicide Growth Damage,” and “Leaf Variegation,” 
which are represented by the straight lines in the 
upper right corner. On the other hand, “Bacterial 
Blight” (AP = 0.99743) and “Leaf Hopper Jassids” 
(AP = 0.99486) have slightly lower AP values but still 
yield high precision and recall. This implies that the 
model’s performance is not only excellent across 

Figure 5: Performance metrics comparison.

Figure 6: Comparison of FNR and FPR.
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most conditions but also with some that are slightly 
deviant.

A receiver operating characteristic (ROC) curve 
for several plant situations is shown in Figure 8; each 
curve represents the model’s capacity to make pre-
cise assessments for a given condition. Plotting the 
true positive rate (TPR) on the y-axis and the FPR 
on the x-axis. The diagonal dashed line represents 
a random classifier, where the performance would 
match that of random guessing. All the curves that 
are above this line are assumed to have a better per-
formance, and those that are close to the top-left 

corner have good precision and recall. The condi-
tions “Curl Virus,” “Healthy Leaf,” “Herbicide Growth 
Damage,” and “Leaf Variegation” show a perfect 
performance with the area under the curve (AUC) 
being 1.00000, whereas in the case of “Bacterial 
Blight” (AUC = 0.99967) and “Leaf Hopper Jassids” 
(AUC = 0.99922), the AUC is still very high, but the 
performance is slightly lower.

Figure 9 shows the model’s accuracy during 
training and validation for 55 epochs. The accu-
racy values are on the y-axis, while the epoch count 
is on the x-axis. The red line represents validation 

Figure 7: PR curve for plant conditions. PR, precision-recall; AP, average precision.

Figure 8: ROC curve for plant conditions. AUC, area under the curve.
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accuracy, whereas the blue line represents training 
accuracy. The training accuracy is typically higher 
than the validation accuracy, and both graphs 
demonstrate a steady increase in accuracy over 
the course of the epochs. The model’s successful 
learning process during training is indicated by this; 
nevertheless, overfitting is suggested by the slight 
discrepancy between the two lines, as the training 
accuracy continues to outperform the validation 
accuracy in the subsequent epochs. However, as 
the overall performance seems to be robust, it can 

still be said that the performance is satisfactory for 
both training and validation sets.

The model’s loss throughout 55 epochs of training 
and validation is shown in Figure 10. The x-axis repre-
sents the number of epochs, and the y-axis again dis-
plays the loss values. The training loss is shown by a 
red line, while the validation loss is shown by a green 
line. The two transitions in loss show a very similar 
pattern and time-frame, suggesting that the model is 
not only learning but doing it pretty fast. The training 
loss graph starts with a high value and after that, it 

Figure 9: Model accuracy over epochs.

Figure 10: Model loss over epochs.



17

INTERNATIONAL JOURNAL ON SMART SENSING AND INTELLIGENT SYSTEMS

goes down smoothly during the training. The same is 
true for the validation loss which is going down grad-
ually but not as fast as the training loss. This might 
lead to the conclusion that some overfitting is occur-
ring since the training loss is dropping faster. In this 
case, the losses of both training and validation are 
getting closer to the lowest values which imply that 
the model performs well.

Table 1 summarizes the performance of the pro-
posed model in comparison to three previous stud-
ies using the primary assessment metrics: Accuracy, 
Precision, Recall, and F1 Score. With an Accuracy of 
0.9930, a Precision of 0.9929, a Recall of 0.9928, and 
an F1 Score of 0.9928, the suggested model was out-
standing across the board. However, when compared 
to our model, the first quoted study [35] performs sig-
nificantly worse, with an accuracy of 0.87, a precision 
of 0.88, a recall of 0.85, and an F1 score of 0.87. With 
an Accuracy of 0.96, a Precision of 0.9745, a Recall of 
0.9689, and an F1 Score of 0.9845, the second study 
[33] shows a notable improvement, but the suggested 
model remains superior. The third study [34] focuses 
on detection and reports a Precision of 0.948 and a 
Recall of 0.931; however, it makes no mention of F1 
Score or Accuracy numbers.

V.  Conclusion

This research aimed to develop a drone-based detec-
tion framework for cotton leaf diseases, addressing 
the drawbacks of traditional plant monitoring tech-
niques in agricultural lands.  The  framework  inte-
grates  progressive  image  preprocessing ,  multi - level 
 feature  extraction  using  the  Swin  Transformer ,  and 
 a  hybrid  ConvNeXt - V2  with  SE - BiLSTM  architecture 
 for  classification ,  resulting  in  highly  accurate  detec-
tion  of  disease  patterns  in  aerial  images . A DQL rec-
ommendation module was also added, designed to 
convert disease detection results into practical and 
context-sensitive crop management choices, thereby 
making the process even easier. By unifying these 
components into a single process, the system is 

empowered to deliver more accurate disease diagno-
ses, consequently lessening the dependency on field 
inspections while allowing the development of intelli-
gent decision support in precision agriculture.

The results of the trials showed that the novel 
method excelled in all four measures: Accuracy, 
Precision, Recall, and F1-Score; moreover, it was evi-
dent that it outperformed the existing methods for cot-
ton leaf disease detection. The model maintained its 
ability to learn throughout the process, and at the same 
time, it was not affected by the changes in lighting in 
the field and the complexity of the background. To 
give an idea of the system’s outstanding performance 
in both classification and recommendation, it can be 
suggested that future research could be focused on 
collecting a bigger dataset with multi-season UAV 
imagery, real-time deployment on edge devices, and 
the recommendation module covering the areas of 
adaptive fertilizer and irrigation analytics. Furthermore, 
the coupling of weather forecasting and drone path 
optimization algorithms might bring about a great 
improvement in both the reliability and the efficiency of 
operations in large-scale crop monitoring scenarios.
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