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ABSTRACT

Accurate weed identification is essential for precision cotton farming, as early-stage weed infestation sig-
nificantly affects crop yield and resource efficiency. This study proposes LeafNet (L-Net), a lightweight and
stable convolutional neural network (CNN) designed for cotton-weed image classification under real-field
conditions. L-Net integrates depth wise separable convolutions with Convolutional Block Attention Module
(CBAM) and residual connections to enhance discriminative feature learning while maintaining low com-
putational complexity. A cotton field image dataset was collected under varying illumination and back-
ground conditions and augmented to improve robustness. Experimental results demonstrate that L-Net
outperforms EfficientNet-B0, ResNet-50, and MobileNet, achieving an accuracy of 98.99%, a recall of 99.17%,
and an Fl-score of 99.00%, with minimal false classifications. Ablation and confusion matrix analyses con-
firm the effectiveness of attention and residual learning in improving model stability and generalization.
The proposed L-Net architecture offers a reliable and efficient solution for real-time and edge-based weed
detection in precision agriculture.
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INTRODUCTION

Weed infestation severely limits cotton pro-
ductivity, especially during early growth stages,
where competition for nutrients, water, and light
leads to yield loss and higher production costs
(Adhinata et al., 2024; Bharathi et al., 2024). Manual
weed control and herbicide application methods
are less environmentally friendly and more ex-
pensive, besides causing the emergence of herbi-
cide resistance, soil degradation, and air pollu-
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tion. Visually similar weeds add more difficulty
to the already challenging problem of weed con-
trol. Cotton weed management through tradi-
tional methods was largely dependent on either
manual weeding or the use of broad-spectrum
herbicides that both adversely affected the envi-
ronment. The overuse of pesticides causes dam-
age to the soil, diminishes the variety of species,
and creates new weed species resistant to herbi-
cides (Abdelhak, 2024). The vast advances in deep
learning (DL) and computer vision (CV) technolo-
gies have made the use of automated weed de-
tection in precision agriculture possible(Ashraf
and Khan, 2020; Adhinata et al., 2024). However,
precision agriculture can make the process of
weed control easier and more accurate due to the
crop-weed identification from field images
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(Visentin et al., 2023; Chouhan et al., 2024). DL and
CNN made the detection of weeds by images
more precise; however, many approaches use
large and complex architectures. These large mod-
els usually lead to over fitting when dealing with
small datasets of cotton weeds and perform in-
consistently (Mesias-Ruiz et al., 2024).

The variability in cotton field images is high
due to changes in the lighting, the clutter of the
background, and the overlapping of the plant
structures, while the visual similarity between the
weeds and the cotton plants adds to the problem
of classification (Gate et al., 2024). These challenges
require light weight, stable, and well-generaliz-
ing models. To address this, L-Net, a lightweight
CNN designed for cotton weed classification, is
proposed. L-Net utilizes depth wise separable
convolutions, a mixed activation function, and
intense regularization to provide an efficient,
stable, and accurate classification on small
datasets.

The main contributions of this research are
outlined below:

1. A CNN architecture, L-Net, which is less
heavy and stable, is presented for the classi-
fication of cotton weed images in real-field
conditions.

2. An advanced activation mechanism CBAM,
which combines GELU and Leaky ReLU is
used to enhance the convergence and robust-
ness of the model(Santeramo and Jelliffe,
2024).

3. The exhaustive evaluations done on the cot-
ton weed dataset reveal that the model yields
high accuracy, precision, recall, and F1-score
with a reduced number of parameters.

4. The architecture proposed is applicable for
real-time and edge-based deployment in pre-
cision cotton agriculture considering its low
memory requirement.

MATERIALS AND METHODS

The experiment was conduced during the
year 2025 of cotton and weed data set collected
from the agricultural farm located in Berli Khurd
village, Rewari, Haryana (longitude -
76°32'34.8”E and latitude — 28°10"35.4”N). A com-
monly cultivated cotton variety was grown fol-

lowing the standard package of agricultural prac-
tices. Images were captured using an iPhone 15
mobile device equipped with a rear dual-camera
system along with a 12 MP ultra-wide camera (f/
2.4, 13 mm, 120° field of view), maintaining a 4:3
aspect ratio. The field collection included an ag-
gregate of 1,872 images of the cotton crop and
weed images. Representative samples of cotton
and weed images are illustrated in Figure 1.

Fig. 1. Cotton and weed images

The dataset is divided into two part soriginal
dataset and augmented dataset. The original
dataset consisted of 1,872 high-resolution images
of cotton and weeds. Among these, 931 images
capture cotton plants, while the remaining 941
images represent various weed species present in
the field. Each image was uniformly maintained
at a resolution of 800 x 600 px. The primary objec-
tive of the cottonweed dataset is to facilitate real-
time weed detection by effectively capturing dis-
criminative visual attributes such as shape, size,
texture, and fine structural patterns. The aug-
mented dataset is indeed a larger one, containing
around 4885 images exhibiting cotton and variet-
ies of weeds.

Conventional CNN architectures such as
EfficientNet-B0, ResNet-50, and MobileNet are
widely used for image classification due to their
strong hierarchical feature learning capabilities
(Bhardwaj and Gupta, 2025). EfficientNet-B0 is a
compound model that scales depth, width, and
resolution through the use of MB Conv blocks
with the squeeze-and-excitation approach,
thereby reaching great accuracy with fewer pa-
rameters (Adhinata ef al., 2024). ResNet-50 im-
proves learning of deep spatial and semantic fea-
tures and thus is effective for the separation of
crops and weeds that look alike, adopting residual
skip connections to overcome the problem of van-
ishing gradients (Ahmed ef al., 2023). MobileNet
uses depth wise separable convolutions as a
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means of making its computational load very
light, and consequently allows for deployment in
real-time and on edge-device environments.

The prposed L-Net model is designed for ef-
ficient multi-scale feature extraction with low
parameter complexity. Its encoder-inspired archi-
tecture with skip connections allows the effective
capture of low-level as well as high-level features,
which provides the improvement in the discrimi-
nation of crop-weeds classification tasks. The com-
pactness of L-Net design gives more strength
against the changing of light conditions, the mix-
ing up of the background and the different growth
stages. The main architectural differences among
L-Net, EfficientNet-B0O, ResNet-50, and Mobile
Net are summarised in Table 1.

L-Net presents an innovative DL architecture
that leverages attention mechanisms for cotton—
weed discrimination with a convolutional back-
bone of CBAM. While traditional CNN depend
on the hierarchical convolutional features, L-Net
applies efficient multi-scale feature fusion and the
attention-driven refinement to accentuate the
crop-weed regions of interest. The integration of
the channel and spatial attention mechanisms al-
lows the network to get both high-resolution lo-
cal details and wider contextual cues,required for
successfully separating cotton seedlings and
weeds in difficult field conditions.

L-Net was trained simultaneously with
EfficientNet-B0, ResNet-50, and MobileNet, all us-
ing the same 224x224 normalized input images,

Table 1. Architectural differences between models

and the overall experiment setup is shown in Fig.
2.

Data Preprocessing ‘
LeafNet
Data Augmentation | "

CBAM
Outlier Detection ‘
Stancardzation |
Normalization

Stages of LealNet

i ! i

| g

Validation ‘ ‘ Testing < New Image

1

Make Predictions

"\

Fig. 2. Methodology for cotton-weed detection

The model was loaded with pre-trained
weights, initially restricting some of the early lay-
ers of the neural network to only a bit of freezing
and retaining the generic features, while allow-
ing the rest of the layers and the CBAM modules
to communicate the task-specific patterns to the
model by learning from the data. The size of the
input images was changed to 224 x 224, with the
Adam optimiser, at a learning rate of 1x10{t as
the starting point and gradually down via a learn-
ing rate scheduler, categorical cross-entropy was
used as the loss function for the training process.
To target over fitting, batch normalisation and
dropout were applied. A batch size of 16, early
stopping based on validation loss, and a maxi-
mum of 50 epochs were used for training to en-

Feature L-Net EfficientNet-BO ResNet-50 MobileNet
Layers ~15-20 (lightweight CNN) ~82 50 53
Key Concept Leaf-oriented feature Compound scaling Deep residual Depthwise
extraction using compact of depth, width, learning with separable
convolutional blocks and resolution identity skip convolutions with
connections inverted residuals
Computational ~ Very High (low High Moderate-Low Very High
Efficiency parameters and
FLOPs)
Accuracy in Moderate-High(effective High Very High Moderate-High
Weed Detection  for leaf-based patterns)
Robustness to Moderate (sensitive to scale Strong Very Strong Moderate
Variability and illumination changes)
Transfer Limited (often trained from Strong Strong Strong
Learning scratch or shallow

pre-training)
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sure stable convergence. The fine-tuned L-Net
managed to be computationally efficient while
generalising well across different growth stages,
soil textures, and lighting conditions.

The dataset was split in a stratified manner to
preserve the class distribution into training (70%),
validation (15%), and testing (15%) sets. Data aug-
mentation was performed only on the training set
that was intended to make the model more ca-
pable of generalising in various field situations.
The performance on the unseen test set was fi-
nally evaluated using accuracy, precision, recall,
F1-scoreand confusion matrices. Such a scenario
allowed for an unbiased comparison between the
performance of L-Net and that of the baseline
CNN models while still being able to claim very
strong generalization performance.

TP

Precision = ;7 . (1)
TE
Recall = TE4+FN . (2)
TP+TN
Accuracy = TP+TN+FP+FN . (3)
2+Precizsions=Recall
F1 score = Precizion+Recall - (4)

REsuLTs AND DiscussioN

Overall Performance of Models

According to the experimental results, L-Net
in cotton-weed classification shows an accuracy
0f 98.99%, a precision of 98.82%, a recall of 99.17%,
and an F1-score of 99.00%. The main reason for
this superiority is the model’s lightweight struc-
ture in combination with multi-scale feature fu-
sion and attention-based refinement, which makes
it possible to differentiate visually similar plant
and weed species effectively. Among the baseline
models, EfficientNet-B0 demonstrated strong per-
formance with an accuracy of 97.68%, followed

Table 2. Performance of models for cotton-weed classificati
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Fig. 3. Accuracy achieved by models

by MobileNet at 94.54%, while ResNet-50
achieved a lower validation accuracy of 92.63%,
suggesting over fitting due to the lack of atten-
tion mechanisms. Overall, L-Net outperformed all
comparative models across evaluation metrics, as
illustrated in Figure 3.

The performance results from the models are
clearly demonstrated by the summary in Table 2.

The training and validation performance
metrics (Table 3) were used to provide a compara-
tive assessment of the proposed and baseline ar-
chitectures. L-Net was the model with the high-
estaccuracy and the lowest loss. The Efficient Net-
B0 model also showed strong performance, with
its benefits attributed to compound scaling and
effective feature extraction. The MobileNet gave
moderate accuracy along with higher loss caused
by the small model capacity, which made it per-
fect for real-time use but less resistant in hard field
conditions. The ResNet-50 model reached a flaw-
less training accuracy, with amigo validation
lossfalling, and consequently, the validation ac-
curacy dropped, caused by over fitting, indicat-
ing the limitations of attention-free deep archi-
tectures in the agricultural image classification
task.

The comparative performance of MobileNet,
ResNet-50, EfficientNet-B0, and L-Net across vali-

on

Model Validation Accuracy (%) Precision (%) Recall (%) F1-Score (%)
MobileNet 94.54 95.14 94.54 94.56
ResNet-50 92.63 93.45 92.63 92.65
EfficientNet-B0 97.68 97.72 97.68 97.68
L-Net 98.99 98.82 99.17 99.00
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Model Training Accuracy

Training Loss

Validation Accuracy Validation Loss

MobileNet 0.9621 0.1847
VGG16 0.9863 0.0289
EfficientNet-B0 0.9856 0.0674
L-Net 0.9938 0.0412

0.9454 0.2316
0.9263 0.4128
0.9768 0.1043
0.9899 0.0198

dation accuracy, precision, recall, and F1-score is
illustrated in Figure 4. L-Net consistently achieves
the highest values across all evaluation metrics,
demonstrating superior classification accuracy,
robustness, and generalisation capability com-
pared to both lightweight and deep CNN baseline
models.

The analysis of the effectiveness of various
architectural on the robustness of models when
applying L-Net variants to the cotton-weed
dataset outlined numerous significant points
(Table 4). The comparison of the entire L-Net ar-
chitecture and its reduced forms showed that the
addition of attention mechanisms and residual
connections had a crucial role in the improvement
of classification accuracy. The L-Net configuration,
which integrates CBAM with residual pathways,
consistently outperformed the simpler versions
in terms of accuracy and recall, indicating better
feature separation and training reinforcement. On
the other side, the removal of attention modules,
residual connections, or network depth caused a
significant drop in performance especially dur-
ing difficult background and occlusion tests. Thus,
the ablation results of L-Net suggest that the use

of architectural improvements such as the com-
bination of attention mechanisms and residual
learning is still necessary for reliable and accu-
rate cotton seedling classification even with low
resource consuming network frameworks oper-
ating in challenging agricultural environments.

The complete L-Net achieve the performance
of 98.99% accuracy and 99.17% recall, due to the
powerful combination of the CBAM attention
mechanism and residual connections that allowed
for the extraction of both fine-grained and con-
textual features at the same time. The removal of
CBAM, however, drew the accuracy down to
97.35%, thus proving the necessity of the atten-
tion mechanisms, while shallow and lower-reso-
lution variants showed even less performance,
highlighting the importance of network depth and
input resolution. The abolishment of residual con-
nections resulted in an additional drop to 96.60%,
and the baseline L-Net without attention or re-
sidual learning reached the lowest accuracy of
95.90% confirming the impact of the proposed
architectural improvements. The results are pre-
sented in Figure 5.

The confusion matrix analysis (Figure 6) re-

Model-wise Performance Comparison
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Fig. 4. The comparative performance of MobileNetV2, ResNet-50, EfficientNet-B0, and L-Net
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Table 4. Ablation study on L-Net

Model Attention Type Accuracy (%) Recall (%) Observations

L-Net CBAM + Residual 98.99 99.17 Full L-Net architecture, best balance
Connections between lightweight design and feature

enhancement

L-Net w/o Residual Connections 97.35 97.30 Removal of attention slightly degrades

CBAM only feature refinement

Shallow L-Net = CBAM + Fewer 96.80 96.75 Reduced depth limits hierarchical
Layers feature extraction

L-Net small CBAM + Residual, 97.05 97.00 Lower input resolution causes minor

input smaller input performance drop

L-Net w/o CBAM only 96.60 96.55 Absence of residual paths reduces

Residual training stability

L-Net baseline  No Attention, No 95.90 95.85 Simplest configuration, fastest but

Residual weakest feature learning
55 Performance Comparison of L-Net Variants and Baseline Models
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Fig. 5. Accuracy and recall performance of I-net variants under different architectural configurations.

veals the great performance of the proposed L-
Net integrated CBAM method in classification as
compared to Efficient Net, ResNet-50, and Mo-
bile Net. L-Net achieves uniform results, identi-
tying correctly 404 cotton and 322 weed samples
with slight misclassification, which eventually
resulted in the highest accuracy of 98.99%. Effi-
cient Net was quite close in performance with fur-
ther false negatives, while ResNet-50 faced huge
misclassification of cotton samples which ulti-
mately led to lower accuracy. MobileNet was able
to perform at a moderate level. However, L-Net
still had the lowest rates of false positives and false
negatives, verifying its superior reliability for cot-
ton-weed classification in difficult field environ-
ments.

Effectiveness of L-Net Architecture and Atten-
tion Mechanisms

The prposed L-Net model exhibits remarkable
efficiency in cotton-weed classification due to the
combination of a compact structure with CBAM
attention and residual connections. Thus, accu-
rate extraction of local as well as contextual fea-
tures is achieved, which leads to the impressive
performance in terms of accuracy (98.99%) and
recall (99.17%). The ablation study verifies that
the attention mechanisms play a decisive role in
feature discrimination, whereas the residual learn-
ing provides the stability and generalization un-
der complex field conditions that help in train-
ing.

A comparative study with conventional CNN
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Fig. 6. Confusion matrices of L-Net+CBAM, EfficientNet, ResNet-50, and Mobile Net

networks indicates that L-Net is superior to both
heavy and lightweight baseline models in a sig-
nificant, impressive way. In comparison to
baseline models, L-Net is ahead of the mentioned
architectures all the time, that is, EfficientNet-B0,
ResNet-50, and MobileNet. In spite of the fact that
EfficientNet-B0 gets appealing accuracy; it is still
a little bit under L-Net. ResNet-50 suffers from
over fitting and a decline in generalization, while
MobileNet experiences more misclassification as
a result of its small feature capacity. These find-
ings emphasize the merit of attention-augmented
lightweight architectures over the deeper or iba
purely efficiency-driven CNNs in the context of
agricultural image classification.

The confusion matrix analysis reveals that L-
Net exhibits the minimum number of false posi-
tives and false negatives, which is synonymous
with maximum crop safety in computer-assisted
weed management systems. Moreover, the light-
weight structure of the system facilitates its easy

movement to edge devices like drones and agri-
cultural robots, thus making it suitable for real-
time precision farming. Overall, L-Net is a fea-
sible option for cotton-weed discrimination be-
cause of its excellent mix of accuracy, stability, and
computational efficiency.

CONCLUSION

This study presented Leaf Net (L-Net), a light-
weight and stable deep learning architecture de-
signed for accurate cotton-weed image classifi-
cation under real-field conditions. By integrating
depth wise separable convolutions, the combina-
tion of CBAM attention mechanisms and residual
connections in L-Net facilitated the extraction of
both detailed local features and global context at
the same time while keeping the computational
complexity low. A comprehensive performance of
L-Net was superior to EfficientNet-B0, ResNet-50,
and MobileNet, reaching 98.99% accuracy, 99.17%
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recall, and 99.00% F1-score, with very few false
positives and negatives.

The role of attention and residual learning in
feature discrimination enhancement, training sta-
bility, and generalisation capability was confirmed
by the ablation studies to be critical ones, espe-
cially when working with limited and highly vari-
able agricultural datasets. The confusion matrix
analysis further corroborated the reliability of L-
Net, emphasising its potency in crop safety by
minimising misclassification in the tasks of cot-
ton-weed discrimination. Overall, the proposed

L-Net architecture provides a robust and
computationally efficient solution for precision
agriculture applications. Its lightweight design
and high accuracy make it suited for deployment
on edge devices, unmanned aerial vehicles, and
automated weed management systems. Future
work will focus on extending L-Net to multi-class
weed recognition, integrating temporal and spec-
tral information, and validating its performance
across diverse crops and field conditions to fur-
ther enhance its applicability in real-world smart
farming environments.
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