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Abstract

Improving wheat productivity is essential for maintaining food security in the coming years. A major
challenge to wheat production is the presence of weeds, which can greatly reduce its yield. In this context,
precision weed management based on weed-crop classification can be a key factor for achieving sustainable
wheat production. To accomplish this goal, in the present study, we utilised colour images and deep learning
techniques to distinguish winter wheat from four prevalent weeds, creating five distinct classes. Four deep
learning networks—Xception, EfficientNetB0O, VGG19, and InceptionResNetV2-were evaluated to serve as
backbone networks to fulfil the classification requirements. These networks were pre-trained on ImageNet using
transfer learning, then enhanced with additional layers to improve performance on our dataset. The improved
InceptionResNetV2 model demonstrated the highest performance among the four models, achieving an accuracy
of 98.17% and a loss of 3.19% on the test data. Nevertheless, all models demonstrated excellent performance in
distinguishing plant classes, achieving weighted average F1-scores of 97%, 86%, 94%, and 98% for the
improved models based on Xception, EfficientNetBO, VGG19, and InceptionResNetV2, respectively.
Additionally, we analysed fifteen scenarios of weed presence in winter wheat fields, focusing on various weed
types studied, to propose effective weed management strategies utilising the four models. The research findings
provide a foundation for developing mobile apps or robotic weeders that facilitate site-specific weed
management. This approach aims to reduce herbicide use and environmental impact while also improving wheat

yield and quality.
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Introduction

As the global population continues to grow,
wheat emerges as a vital crop in addressing the
world's increasing nutritional  demands
(Sadeghi, Saedi, Peters, & Stockle, 2022;
Saedi, Alimardani, Mousazadeh, & Salehi,
2019; Shewry & Hey, 2015). Wheat plays a
key role in global food security, supplying
roughly 20% of the essential carbohydrates
and proteins needed for human consumption
(Langridge et al., 2022). It occupies about
30% of the world's cereal cropland,
underscoring its critical importance in
agricultural systems (FAO, 2021). In light of
the increasing challenges posed by climate
change and a rapidly growing global
population, enhancing wheat productivity has
emerged as a crucial strategy to uphold food
security in the years ahead. One significant
obstacle to wheat production is weeds, which
reduce the growth and yield of wheat by

competing for water, nutrients, and light
(Singh, Kukal, Irmak, & Jhala, 2021). Weeds
can significantly affect wheat productivity,
with estimated yield losses of up to 30%,
largely influenced by varying climatic
conditions and differences in agricultural
management practices (Gyawali, Bhandari,
Budhathoki, & Bhattarai 2022). In many of
Iran's key wheat-producing areas, broadleaved
weeds have emerged as a prominent concern,
accounting for a staggering 84% of the weed
species infesting wheat fields and posing a
significant threat to crop yields (Montazeri,
Zand, & Baghestani, 2005). Manual removal
of weeds in wheat fields is not a viable option
due to the risk of crop damage and the high
labour costs involved. Precise identification
and differentiation of weeds from crop plants
is a crucial component of effective site-
specific weed management. By accurately
distinguishing weeds from wheat, farmers can
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target herbicide applications to specific areas
where weeds are present, thereby optimising
weed control.

By harnessing the power of advanced
technologies such as computer vision and
image processing, researchers can achieve
high precision in weed detection, enabling the
development of targeted management
strategies that accurately distinguish between
crops and weeds, ultimately optimising the
effectiveness of site-specific weed control
techniques (Juwono et al., 2023). Through
providing two-dimensional information, colour
images have been widely utilised in this
domain, laying the groundwork for further
advancements. Studies have shown that unique
morphological characteristics, including leaf
form, colour, and dimension, can serve as
valuable features for object recognition and
classification tasks (Susetyarini, Wahyono,
Latifa, & Nurrohman, 2020). Specifically,
features like leaf area, length, perimeter,
width, and colour can be employed to
differentiate between plants and inform plant
management strategies (Speck & Speck 2021).
Despite these challenges, significant progress
has been made in developing object
recognition  algorithms  for  precision
agriculture, with varying degrees of accuracy
achieved in different applications. The
application of deep learning techniques has
demonstrated  considerable  potential in
achieving these objectives. Over the past
decade, deep learning has transformed the
field of image processing, achieved
unprecedented success, and found numerous
practical applications in precision agriculture.
While large datasets are essential for training
and validating deep learning algorithms,
advances in computational power and data
availability have made them increasingly
popular. As a subset of machine learning, deep
learning leverages hierarchical representations
of data through sequential layers, typically
employing convolutional neural networks
(CNNs) to extract complex, non-linear image
features. This approach has been shown to
exhibit exceptional generalisation capabilities,
making it well-suited for classification tasks

(Saedi & Rezaei, 2024). This task begins with
the input of an image, which can vary in size,
and undergoes pre-processing before entering
the feature extraction stage. This phase
involves a series of layers that progressively
extract features from the image, with the
complexity of the features increasing with
each additional layer. Following feature
extraction, the classification process begins,
employing traditional fully connected layers
commonly found in neural networks. The
arrangement and configuration of these layers
give rise to a diverse range of networks with
distinct  characteristics and  capabilities
(Chollet, 2017).

Convolutional neural networks have been
extensively explored for identification and
classification tasks in agriculture. Research has
demonstrated the effectiveness of these
networks in various applications. For instance,
Saedi and Khosravi (2020) developed an
image-based CNN model to recognise six
different types of on-branch fruits in orchards,
achieving an impressive accuracy of 99.8%.
Additionally, Khosravi, Saedi, and Rezaei
(2021) developed a CNN model to classify
olive fruit at different cultivars and
developmental  phases, attaining  91%
classification. Furthermore, researchers have
used deep neural networks such as Xception
(Salim, Saeed, Basurra, Qasem, & Al-
Hadhrami, 2023) and lightweight CNNs
(Saedi, Rezaei, & Khosravi, 2024), to
recognise and classify fruits with high
accuracy, demonstrating the potential of these
models in image classification tasks.

Deep learning algorithms have been
successfully applied to weed detection and
classification, demonstrating superior
performance in distinguishing between crop
plants and weeds (Li et al., 2024). For
instance, Quan et al. (2019) employed the
Faster R-CNN model to detect corn seedlings
and weeds in complex environments, while
Fan, Chai, Zhou, and Sun (2023) improved
this model to achieve an accuracy of over
98.43% in identifying weeds in cotton fields.
Other studies have utilised deep learning-
based models to identify common weeds in
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sugar beet cultivation (Nasiri, Omid, Taheri-
Garavand, & Jafari 2022), discriminate pepper
from weeds (Subeesh et al., 2022), and detect
weeds in sugar beet fields (Gao et al., 2020).
Additionally, researchers have evaluated the
performance of deep learning models such as
Yolov8, Yolov9, and customised Yolov9
under real-field conditions for eight crop
species (GC, Zhang, Howatt, Schumacher, &
Sun, 2024). Similarly, a modified Xception
deep learning approach was successfully
utilised to distinguish saffron from its
broadleaf weeds, yielding promising results
with F1 scores ranging from 91% to 96%
(Makarian & Saedi, 2024). In a practical study,
Rai and Sun (2024) designed a single-stage
deep learning architecture that accomplishes
two tasks simultaneously: detecting weed
presence through bounding boxes and
achieving pixel-wise instance segmentation on
unmanned aerial systems (UAS) acquired
remote sensing images. The model achieved
the best detection and segmentation scores of
85.4% and 82.1%, respectively.

The aforementioned studies illustrate the
potential of deep learning algorithms for plant
identification and emphasise the necessity for
further research, particularly in the area of
weed-plant discrimination. In this context, this
study employs advanced deep learning models
with colour images to accurately distinguish
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winter wheat from four common weed species,
providing a foundation for developing precise
and automated weed management systems in
winter wheat fields. To find a suitable deep
learning model for our study, we considered
four advanced deep neural network models-
Xception, EfficientNetBO, VGG19, and
InceptionResNetV2—among the state-of-the-
art structures as backbone networks to develop
improved models. The research findings
provide the groundwork for developing mobile
apps or robotic weeders that facilitate site-
specific weed management, aiming to reduce
herbicide use and environmental impact while
enhancing wheat yield and quality.

Materials and Methods

Image Preparation

To address the requirements of the study,
542 images were collected from five classes:
Winter Wheat (Triticum aestivum L.), Annual
Bugloss (Anchusa arvensis L.), Bastard
Cabbage (Rapistrum rugosum L.), Hoary
Cress (Cardaria draba (L.) Desv.), and
Flixweed (Descurainia sophia L.). Figure 1
illustrates a selection of these images. The
photos were taken with the 48-megapixel
camera of an Al12 Samsung Galaxy phone
(SM-A125F/DS).

Flixweed

o P,

Fig. 1. Images of winter wheat and four weeds showcasing the five classes studied under natural conditions within a

field
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In the pie chart shown in Figure 2, the
quantity and proportion of samples for each
class are shown. The illustration highlights the
balanced distribution of data used in this study.
Having a balanced dataset is crucial to prevent
bias, improve generalisation, enhance

115, 21%

105, 19%

107,20%

performance, promote stability, and avoid
misinterpretation. This balance ensures that the
model receives sufficient examples from each
class, enabling effective learning and accurate
predictions across all classes.

= Winter Wheat
Annual Bugloss
Bastard Cabbage
Hoary Cress

= Flixweed

Fig. 2. The pie chart for the number and proportion of samples showcases a balanced distribution of data used in this

The images captured underwent a review
process in which inappropriate samples were
excluded. An agronomist with expertise in
weed and crop properties contributed to this
selection process. Ultimately, 542 images were
chosen to develop the model and train the
network. The selected images were divided
into three datasets: training, validation, and
testing. Eighty percent of the data was
allocated for training, while the remaining
20% was used for testing. Within the training
data, 15% was set aside for validation
purposes. It is worth emphasising that the test
set is reserved exclusively for evaluating the
final model's performance and testing its
accuracy on unseen data. This separation
ensures a reliable assessment of the model's
generalisation capabilities.

Image Pre-processing

Pre-processing input images is essential for
improving the model's accuracy, mitigating
overfitting, and enhancing its generalisation
ability.

Resize and Normalisation
Initially, we standardised the image sizes to

299 x 299 pixels to ensure uniform resolution
across all images. Subsequently, we
normalised the resolutions to fall within the
range [0,1] by utilising Equation 1:
' Xi = Xmin
XN= 1)
max min

where x; symbolises the normalised value
within the dataset, x; represents the i" value
in the dataset, and x,,;, and x,,, denote the
minimum and maximum values in the dataset,
respectively. This formula guarantees that after
normalisation, the normalised value for the
dataset's minimum value will consistently be
0, and the normalised value for the dataset's
maximum value will invariably be 1.

Augmentation

Data augmentation is a widely recognised
method in computer vision. It seeks to create
extra training data from existing samples by
applying random transformations. This is
crucial when datasets are small, as limited data
can lead to overfitting and poor
generalisations. Augmentation addresses this
scarcity by creating variations, allowing
models to learn invariant features, ultimately
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improving performance on unseen data despite
the original dataset's size limitations. This
technique ensures that the generated images
are realistic and that each specific image is
unique (Chollet, 2017). Consequently, image
augmentation can alleviate the challenges
encountered by deep neural networks
regarding their reliance on a substantial
quantity of annotated data, leading to
improved accuracy. The extensive dataset

enhances the training procedure by allowing
the network to acquire all essential parameters
while reducing the likelihood of overfitting. In
the present study, an automated data
augmentation  technique  was  utilised,
incorporating random height and width shifts,
random flipping, random contrast adjustments,
and random rotations. Table 1 represents the
specific data augmentation arguments for our
task.

Table 1- Augmentation parameters and values

Image augmentation parameters  Values

Random height translation 0.1
Random width translation 0.1
Random flip True
Random contrast 0.15
Random rotation 0.15

Candidate Models

Backbone Networks

The initial step in reaching our goal is to
select a backbone network from several
choices through transfer learning, which
entails loading weights from the ImageNet
dataset. To this end, we tested four innovative
standard deep learning networks, including
Xception, EfficientNetB0, VGG19, and
InceptionResNetV2.

Fine-Tuning

The objective of this fine-tuning process
was to customise the candidate backbone
networks for the dataset and task at hand,
leveraging the previously learned features
while adapting to the new data. This technique
prevents overfitting in pre-trained layers while
facilitating the adaptation of the newly added
layers to the new data. During the fine-tuning
process, our goal was to selectively freeze
certain layers (the earlier ones) while enabling
the training of others (the later ones) when
incorporating a pre-trained model into transfer
learning within a deep learning framework.
Initially, we disabled the trainable attribute for
the first 20 layers, locking them during
training to prevent their weights from being
altered and preserving the valuable features
they had already acquired from the original

training data. Subsequently, we proceeded to
fine-tune the later layers of the backbone
model. We then iterated through the layers
starting from the 20th position and activated
the trainable attribute for each of these layers.
This adjustment allows these layers to undergo
training and updates throughout the training
phase.

Modifying Block

To develop a robust CNN model, we added
a modifying block to the last layer of the
proposed backbone networks. We tested
various layer configurations for the modifying
block, exploring different types, placements,
and parameters to find the most efficient setup.
This included examining combinations of 2D
Convolution, Batch Normalisation, Dropout,
and Global Average Pooling layers.
Parameters were selected through
experimentation testing, though the specifics
are not detailed here for the sake of brevity.
Consequently, the optimised modifying block
involved three sets of layers, including
Convolution, Batch Normalisation, Max
Pooling, and Dropout, followed by the Fully
Connected and Global Average Pooling layers.
The final layer of the candidate networks was
supplemented with these additional layers to
develop the proposed architectures in this
study (Fig. 3).



Last layer of the fine-tuned base network ]

\
/ Conv. 128, 55, Batch Max Pooling, 22
" Ry, B, B, By >—| ‘-
Conv. 64, 55, Batch Max Pooling, 22, X
stride= 1 H == X Normalization H stride=1 Dropout (0.5)
Conv. 32, 5%5, Batch Max Pooling, 22, H
Ll stride=1 H Relu H jzati ) stride—1 L)
LI By ST } Rela } REIEET=EEE ReLu } Fully Connected, 64 >—|
Global Average 5
T e
N
Modifying block

Fig. 3. Modifying block appended to the final layer of the backbone networks

By following the steps outlined earlier, we
developed four distinct models—improved
Xception, improved EfficientNetBO, improved
VGG19, and improved InceptionResNetV2—
that were labelled Model 1 through Model 4,
respectively. Subsequently, we evaluated these
models, using images resized to 299x299
pixels, the SGD optimiser, a batch size of 32,
and 200 epochs to identify the optimal model.
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During this process, we employed selection
criteria that included assessing the model's
stability during training, as well as analysing
test accuracy and test loss.

The detailed outcomes of this step,
including a comparison of the models'
performance, are presented in Section 3.2.
Figure 4 summarises the proposed model for
our study.

-
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Fig. 4. Deep learning structure for the classification of five plant species under study

Following the evaluation of the candidate
standard networks, the Inception-ResNetV2
stood out as the top performer based on the
specified selection criteria (see Results and
Discussion, Evaluation of Models section).
Therefore, we focus on the detailed structure
of this network.

Inception-ResNetV2, a cutting-edge deep
learning architecture developed by Google,
combines the Inception and ResNet modules to
enhance performance in image recognition
tasks. Renowned for its exceptional accuracy

and efficiency in handling intricate visual data,
this architecture integrates key elements, such
as the Inception module (GooglLeNet) for
capturing multi-scale features and the ResNet-
inspired residual connections that aid gradient
flow during training. Additionally, Inception-

ResNetV2 introduces Inception-ResNet
blocks, merging Inception and ResNet
principles, to create powerful feature

extraction mechanisms using convolutional
layers of varying sizes and depths. By
incorporating parallel paths within each
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module, the network explores diverse ways to
represent input data, achieving a richer feature
set and boosting overall recognition
capabilities while maintaining efficient
computation without compromising accuracy.
This network consists of various types of
layers, including Average Pooling, Dropout,
Inception-ResNet-v2-A, Inception-ResNet-v2-
B, Inception-ResNet-v2-C, Inception-ResNet-

v2 Reduction-B, Reduction-A, and Softmax
(Fig. 5). These layers serve different functions
within the network, such as pooling
operations, regularisation, image model
blocks, and output functions. It has a total of
467 layers. This extensive depth in the
network contributes to its ability to handle
complex image classification tasks effectively.

[ 5 % Inception-ResNet -A H

Reduction-A ]

2

[ 10 % Inception-ResNet -B ]—’[

Reduction-B

H 5 x Inception-ResNet -C ]

2

[ Average Pooling

H Dropout (keep 0.8) ]
L 7

[

Softmax ]

- Inception-ResNet-A\

_Inception-ResNet-B Inceptlon ResNet- C

3 x 3 Conv.
(32 Stride 2 V)

-——{ Relu Activation ]

-[ Relu Activation ] Relu Activation

(32)

3 x 3 Conv.
(96 Stride 2 V)

1x1 Conv.
(64)

1x1 Conv.

3 x 3 Conv. 3 x 3 Conv.
(96 V)

Filter Concatenate

3 x 3 Conv.
(96 V)

—————————————————————— Reduction -B - == === -------------o-mommm oo oo
Filter Concatenate B K —— v

1
1

1

1

1

3x3MaxPool. !
i 1

1

1

1

1

1

1

1

3x 3 Conv.
(320 stride 2 V)

3 x 3 Conv.
(288 stride 2 V)

[

1

H 3x 3 Conv.
i (384 stride 2 V)
1 3 x 3 Conv.

| (288)

H 1x 1 Conv.

1 (256)

1

1

|

Previous Layer

1x1Conv.

1x1 Conv.
(384 Linear)

-
=

7x1Conv.
(192)

1x1 Conv.
(192)

1x1Conv.
(1154 Linear)

1x1 Conv.
(2048 Linear)

3 x 3 MaxPool.
(stride 2 V)

3 x 3 Conv.
(n stride 2 V)

1x1Conv.
(K) Filter Concatenate

(stride 2 V)

Fig. 5. The architecture of the Inception- ResNet V2 deep learning network



Figure 6 offers a comprehensive overview
of the layers comprising the best model
(Inception-ResNet-V2 — based network),
including the output shapes and parameter
count. The model includes approximately
24,000 (0.42%) non-trainable parameters,

from a total exceeding 59 million. Specific
layers, such as Dropout, Max Pooling, and
Global Average Pooling, do not add to the
number of trainable parameters. This is
because these layers do not include any
trainable parameters themselves.

Input Layer
Output Shape: (None, 299, 299, 3)
Number of Parameters = 0

Convolution 2D

— Output Shape: (None, 4, 4, 64)

Number of Parameters = 204,864
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Output Shape: (None, 1, 1, 32)
Number of Parameters = 0
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Output Shape: (None, 299, 299, 3)
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Fig. 6. Layer configuration of the improved InceptionResNetV2 deep learning model

Network Training

The training of the CNNs involves two
main stages: Feed-Forward and Back
Propagation. In the feed-forward phase, the
network evaluates its output against the
labelled output to assess errors. During
backpropagation, gradients are calculated from
this error, updating the weight matrices. The
input is processed through layers, and the
resulting output is compared to the desired
output to determine and minimise errors
through iterative adjustments over multiple

epochs. The error calculation involves various
formulas and functions, and the optimisation
process consists of incremental adjustments to
the weights to minimise errors. To achieve this
goal, we chose the appropriate optimiser from
options such as SGD, RMSprop, Nadam, and
Adam. The performance of the model was
evaluated using test accuracy and test loss. We
additionally utilised the categorical cross-
entropy loss function for the image data in this
research. Table 2 represents the detailed
properties of the optimisers.

Table 2- The properties of the optimisers used in this study

Optimiser

Properties

RMSprop

Ir=0.001

SGD Ir =0.001, momentum = 0.5, nesterov = FALSE

Adam
Nadam

Ir =0.001, beta_1=0.9, beta_2 = 0.999
Ir=0.001, beta 1=0.9, beta 2 =0.999

The training of the model entailed a
systematic exploration of hyperparameters and

components to determine the optimal
configuration. During the training process, we
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carefully monitored the loss and accuracy
trends for both the training and validation
datasets at each epoch. This rigorous method
enabled us to comprehensively evaluate the
performance of the models and decide on their
efficiency for our goal.

The process of selecting the best model is
depicted in the results and discussion section.
To evaluate the potential models, we analysed
several performance metrics, including
accuracy, loss, and model stability. Accuracy
measures the proportion of correct predictions
made by the model, while loss indicates the
average error for each instance. Generally,
lower loss values suggest better model
performance. However, it is essential to
recognise that a model exhibiting high
accuracy but significant loss may be at risk of
overfitting, which can adversely affect its
ability to generalise to unseen test data. So, we
meticulously assessed the possibility of
overfitting during our comparative analysis of
the four candidate models.

To guarantee the dependability and
reproducibility of our findings, we conducted
the training, validation, and testing phases
using Python version 3.10.12 on the Google
Collaboratory platform. The computational
environment features an NVIDIA K80 GPU
with 12 GB of memory, and we utilised Keras
with TensorFlow as the backend (version
2.15.0), alongside libraries such as OpenCV,
to conduct the experiments.

Results and Discussion

The results of developing deep learning
models for distinguishing between winter
wheat and its four prevalent weeds, namely
annual bugloss, bastard cabbage, hoary cress,
and flixweed, using colour images, are
presented in this section. These models can be
suitable for precision wheat weed management

in various scenarios where any of these weeds
are present.

Evaluation of Models

The first stage in developing an appropriate
deep learning model entails the selection of a
backbone network from a variety of standard
options via transfer learning, where the initial
weights are imported from the ImageNet
dataset. We assessed four cutting-edge
standard deep learning networks: Xception,
EfficientNetBO, VGG19, and
InceptionResNetV2. Following fine-tuning,
these networks underwent a modification
phase by incorporating three blocks of CNN
layers into the ultimate layer of the fine-tuned
standard candidate models to establish four
candidate architectures (Model 1 to Model 4).
The models were trained using images resized
to 299 x 299 pixels, with the SGD optimiser, a
batch size of 32, and 200 epochs to determine
the optimal network. During this process, we
employed selection criteria that assessed
model stability during training and analysed
test accuracy and test loss.

The results comparing the four candidate
models based on maximum and minimum
accuracy on the training, validation, and test
datasets are presented in Table 3. As observed
in this table, Models 1 and 4 achieved 100%
accuracy on the training dataset, while Model
3 attained 100% accuracy on the validation
dataset. Notably, Model 3 produced the lowest
loss values among all models on the training,
validation, and test datasets. However, Model
4 achieved the highest accuracy on the test
dataset, followed by Models 1 and 3,
respectively. Model 2 yielded the lowest test
accuracy. The accuracy and loss values of
Models 1 and 4 are relatively close, which
could be attributed to the presence of the
Inception module in both models.

Table 3- Comparison of the four deep learning models on training, validation, and test datasets

Model 1

Model 2 Model 3 Model 4

Maximum accuracy on train dataset 1.0000

Minimum loss on 3.1821

train dataset

0.9837 1.0000

(epoch: 161) (epoch: 179) 0.9810 (epoch: 190) (epoch: 179)

3.2169 3.1642

(epoch: 200) (epoch: 200) 2.9758 (epoch: 200) (epoch: 199)
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. I 0.9846 0.9077 ) 0.9846
Maximum accuracy on validation dataset (epoch: 187)  (epoch: 194) 1.0000 (epoch: 161) (epoch: 188)

- I 3.2592 3.4446 . 3.2194
Minimum loss on validation dataset (epoch: 198)  (epoch: 194) 2.9286 (epoch: 200) (epoch:197)

Accuracy on test dataset 0.9725 0.8532 0.9358 0.9817

Loss on test dataset 3.2550 3.4555 2.9868 3.1933

To gain deeper insights into the training
process of the four candidate models, we
analysed the trends of accuracy and loss
concerning the number of epochs during the
training phase for both the training and
validation datasets. The graphical
representation of these trends for all models is
depicted in Figure 7. The learning curves
indicate consistent convergence behaviour and
comparable training—validation trends under
the reported experimental setup. Model 2
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exhibits slightly more pronounced fluctuations
compared to the other three models, indicating
a less stable training pattern. In contrast,
Models 1, 3, and 4 display a consistent
downward trend in losses and a steady
increase in accuracy, with only minor
variations. This behaviour indicates that
Models 1, 3, and 4 exhibit greater resistance to
instability and are likely to generalise more
effectively to new, unseen data, rendering
them more dependable options.
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Fig. 7. Accuracy and loss trends on train and validation datasets for the four-candidate model during training

Figure 8 compares the total parameters,
trainable  parameters, and non-trainable
parameters for the four candidate models. This
comparison provides valuable insights into the
response time of the models. According to this
figure, Model 1 and Model 4 exhibit
comparable values for these parameters, which

can be attributed to their Inception-based
architectures. Model 2 offers the minimum
number of trainable parameters, making it
advantageous in terms of response time for
real-time applications. However, it achieves
the lowest accuracy and the highest loss on test
datasets among all four models. Model 3, on
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the other hand, provides promising results in
terms of accuracy and loss while maintaining a
reasonable number of trainable parameters
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(Figure 8), making it a compelling choice for
our purposes.
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Fig. 8. Evaluation of the number of parameters (total, trainable, and non-trainable) for the four candidate models

After carefully considering the evaluation
criteria, we proposed Model 4 as the optimal
choice for our specific purpose. This model
utilises a modified and fine-tuned
InceptionResNetV2 architecture with the
SGD optimiser. Model 4 exhibited minimal
fluctuations during the training process,
indicating a high level of stability. Moreover,
it achieved impressive accuracy and loss
values on the test dataset (98.17% accuracy
and a loss of 3.19, respectively), along with a
reasonably fast response time. These factors
suggest that Model 4 would perform
exceptionally well in real-world scenarios,
making it our preferred selection.

Classification Performance
To evaluate the efficacy of the models in

distinguishing the five classes, various
parameters ~ were  considered. These
parameters include True Positive (TP),

representing the count of instances correctly
identified as positive; True Negative (TN),
denoting instances correctly identified as
negative; False Positive (FP), indicating
instances incorrectly identified as positive;
and False Negative (FN), signifying instances
incorrectly identified as negative. These
parameters are utilised in the development of
two classification metrics: the classification

report and the confusion matrix. The
classification report provides insights into the
model's performance based on precision,
recall, and F1-score, as outlined in Equations
2-4. Precision quantifies the model's accuracy
in predicting positive cases. A high precision
value suggests a lower ratio of incorrect to
correct predictions, and conversely. Recall
quantifies the ratio of accurately predicted
positive instances to the total number of
actual positive instances, highlighting the
model's capability to correctly identify all
positive  instances.  Furthermore, recall
provides information on the model's capacity
to minimise false negatives. The F1-score,
calculated as the geometric mean of precision
and recall, serves as a metric that balances
these two parameters to achieve an optimal
trade-off between precision and recall.

TP

Precision (TP " FP) (2)
TP
= (——— 3
Recall (TP " FN) (3)
f1—score

Precision X Recall

(4)

= (2x% —
Precision + Recall

The classification report describing the
categorisation of winter wheat, annual
bugloss, bastard cabbage, hoary cress, and
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flixweed classes by colour images through the

four models is outlined in Table 4.

Table 4- The classification report detailing the recognition performance of the five classes by the four candidate models
[72] . -

— (<) kel ] 2 S 9 1)
52 £§ 8 5 g I < £5 %o
£E3 %gs X 2 £s § § g1 E<
<a o T ] 2= L & % 38
T = =
= Model 1 0.95 095 100 095 1.00 097 097 0.97 0.96
2 Model 2 0.74 1.00 1.00 100 0.83 0.88 0.92 0.91 0.84
'S Model 3 1.00 0.80 100 1.00 1.00 0.95 0.96 0.96 0.93
& Model 4 0.95 095 100 1.00 1.00 0.98 0.98 0.98 0.97
Model 1 0.91 095 100 100 0.95 096 0.96 0.96 0.96
= Model 2 1.00 052 09 071 1.00 084 084 084 0.84
é Model 3 0.70 095 100 100 1.00 093 093 0.93 0.93
Model 4 0.91 1.00 1.00 100 0.95 0.97 0.97 0.97 0.97
o Model 1 0.93 095 100 098 0.97 0.97 0.97 0.97 0.96
8 Model 2 0.85 0.69 098 083 091 0.86 0.85 0.86 0.84
i’ Model 3 0.82 0.87 100 1.00 1.00 0.94 0.94 0.94 0.93
Y- Model 4 0.93 098 100 1.00 0.97 0.98 0.98 0.98 0.97
Supports 23 21 24 21 20 109 109 109 109

Based on Table 4, the precision parameter
analysis reveals that Model 1 was able to
identify the flixweed and winter wheat classes
with 100% accuracy. Using Model 2, three
classes namely bastard cabbage, flixweed, and
hoary cress, were identified with 100%
accuracy. Moreover, Model 3 successfully
identified four classes including annual
bugloss, flixweed, hoary cress, and winter
wheat, with 100% accuracy, while Model 4
detected three classes i.e. flixweed, hoary
cress, and winter wheat, with 100% precision.
On the other hand, if the objective is to
identify a specific class (e.g. for selective
treatment), it is observed that annual bugloss
can be accurately identified using Model 3 and
bastard cabbage using Model 2, both with
100% accuracy. Furthermore, Models 2, 3, and
4 can be utilised to identify hoary cress with
100% accuracy. It is worth noting that
flixweed can be identified accurately with
100% precision by all four models.
Conversely, if the goal is to differentiate weed
species from winter wheat for herbicidal
purposes, Models 1, 3, and 4 can be employed
to identify winter wheat with 100% precision.
Lastly, based on the aforementioned table, the
lowest precision value was related to

identifying annual bugloss with Model 2
(0.74). To evaluate the models' capacity to
minimise false negatives, we can compare
their recall values. The recall values in the
table indicate that this parameter achieved
100% for the annual bugloss class using
Model 2; for the bastard cabbage class using
Model 4; for the flixweed and hoary cress
classes using Models 1, 3, and 4; and for the
winter wheat class using Models 2 and 3.
Conversely, the lowest recall value was
observed for Model 2 in relation to the bastard
cabbage class (0.52). Furthermore, the F1-
score parameter reached 100% for the
flixweed class using Models 1, 3, and 4; for
the hoary cress class using Models 3 and 4;
and for the winter wheat class using Model 3.
The lowest F1-score value was observed for
the bastard cabbage class using Model 2
(0.69). Consequently, Model 4 demonstrated
the best performance with the highest average
precision, recall, and F1-score values.

Figure 9 presents the confusion matrices for
classifying five categories with four candidate
models. The rows represent the true classes,
while the columns show the predicted classes.
Through these matrices, we can see that there
were only two annual bugloss instances
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mistakenly classified as bastard cabbage or
hoary cress using Model 1. Additionally,
Models 3 and 4 misclassified seven and one
annual bugloss instances as bastard cabbage,
respectively, whereas Model 2 accurately
identified this class with no errors. For the
bastard cabbage class, one instance was
misclassified as annual bugloss using Model 1;
eight instances were misclassified as annual
bugloss using Model 2; and one instance was
misclassified as winter wheat, also using
Model 2. In contrast, Models 3 and 4
accurately classified this class with 100%
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precision. The flixweed class was accurately
classified without error using Models 1, 3, and
4; however, Model 2 misclassified one
instance as winter wheat. For the hoary cress
class, Models 1, 3, and 4 accurately classified
it without error; whereas Model 2
misclassified two instances as annual bugloss
and four instances as winter wheat. Finally, for
the winter wheat class, Models 1, 2, and 3
accurately classified it without error; whereas
Model 4 misclassified only one instance as
annual bugloss.
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Fig. 9. Confusion matrices illustrating the classification performance of the five classes using the four developed
models

Winter Wheat Weed Management Scenarios

It is essential to emphasise that the findings
of this study can be effectively generalised to
encompass various scenarios in winter wheat
fields with respect to weed appearance. Given
that four distinct weed species have been
investigated, we can conclude that the
proposed model(s) can be utilised as a tool for

efficient weed management in 15 different
weed appearance scenarios that may arise in
winter wheat fields. These scenarios are
detailed in Table 5, which accounts for one to
four weeds that can coexist alongside winter
wheat. Notably, scenario 15 represents the
general condition that we have studied in this
investigation.



Table 5- Fifteen scenarios for different weed appearances in winter wheat fields

Scenario Weed(s) alongside winter wheat No. of

classes
Scenario 1 Flixweed 2
Scenario 2 Hoary Cress 2
Scenario 3 Annual Bugloss 2
Scenario 4 Bastard Cabbage 2
Scenario 5 Flixweed + Hoary Cress 3
Scenario 6 Annual Bugloss + Flixweed 3
Scenario 7 Bastard Cabbage + Flixweed 3
Scenario 8 Annual Bugloss + Hoary Cress 3
Scenario 9 Bastard Cabbage + Hoary Cress 3
Scenario 10 Annual Bugloss + Bastard Cabbage 3
Scenario 11 Annual Bugloss + Flixweed + Hoary Cress 4
Scenario 12 Bastard Cabbage + Flixweed + Hoary Cress 4
Scenario 13 Annual Bugloss + Bastard Cabbage + Flixweed 4
Scenario 14 Annual Bugloss + Bastard Cabbage + Hoary Cress 4
Scenario 15 Annual Bugloss + Bastard Cabbage + Flixweed + Hoary Cress 5

For this analysis, we used confusion
matrices (Figure 9), and for each scenario, we
extracted a separate subset that must include
winter wheat for each model. This analysis
will involve creating 60 subsets of the
confusion matrices (15 subsets for each
model). The results of this analysis are
presented in Table 7 and Figure 10.
Accordingly, it was concluded that Models 1,
3, and 4 are usable with 100% accuracy for
scenarios 1, 2, 4, 5, 7, 9, and 12. Scenario 3
can be treated with 100% accuracy using
Models 1, 2, and 3. Additionally, for scenario
6, Models 1 and 3 are suggested with 100%
accuracy. For scenario 8, Model 3 will
perform best with 100% accuracy. For
scenario 11, Model 3 showed the best
performance (100%). For scenarios 10, 13, and
14, while 100% accuracy was not achieved,

Models 1 and 4 provided the highest accuracy
of around 97% for scenario 10. The same two
models can be used for scenario 13, with an
accuracy of about 98%. Model 4 can be
employed for scenario 14 with an accuracy of
98%. If we were to choose a comprehensive
model for wvarious scenarios, we would
consider the average accuracy across different
models and scenarios. Accordingly, based on
Table 6, Model 4 has the highest average
accuracy (98.92%) and the lowest standard
deviation (0.0110), making it the most suitable
model. Although Model 3 is noteworthy for
achieving 100% accuracy in 11 different
scenarios. It is important to reiterate that
scenario 15 is the initial and overall scenario
considered in this research, based on which the
deep learning models have been designed.

Table 6- Average and standard deviation of accuracies for the four models in all scenarios

Model 1 Model 2 Model 3 Model 4
Average accuracy in all scenarios 0.9890 0.9191 0.9776 0.9892
STD of accuracy in all scenarios 0.0161 0.0504 0.0380 0.0110
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Fig. 10. The accuracy of the four model candidates in different winter wheat weed appearance scenarios.

The present study demonstrated the
effectiveness of deep learning models in
distinguishing  winter wheat from four
prevalent weed species: annual bugloss,
bastard cabbage, hoary cress, and flixweed,
using RGB colour images. Among the four
candidate architectures developed through
transfer learning and fine-tuning, the modified
InceptionResNetV2 (Model 4) achieved the
best overall performance, with a test accuracy
of 98.17%, minimal loss, and stable training
behaviour. Importantly, the evaluation of the
models across 15 different weed appearance
scenarios further emphasised the robustness of
Model 4, which exhibited the highest mean
accuracy (98.92%) and the lowest standard
deviation (0.0110). These findings suggest that
this model is particularly well-suited for
precision weed management in winter wheat
fields under diverse and dynamic conditions.
Our approach aligns with established practices
for small-dataset plant classification, where
transfer learning from ImageNet-pretrained
models  combined  with  augmentation
effectively mitigates overfitting (Batchuluun,
Nam, & Park, 2022; Sultan, Chowdhury,
Jahan, & Dunren, 2025; Richter & Kim,
2025).

Furthermore, our results are consistent with
and extend previous work in the field. Shao et
al. (2023) applied a lightweight YOLOV5s-
based framework for weed recognition in
paddy fields and reported robust but lower

Model 3 Model 4

accuracy under natural conditions compared
with our findings. Similarly, GC et al. (2024)
tested five deep learning frameworks to
classify 14 weed and crop species in
greenhouse environments, but their reported
performance was relatively limited due to high
inter-class similarity. Makarian and Saedi
(2024) achieved near-perfect accuracy for
weed discrimination under natural conditions;
however, their model was constrained by a
small  number of classes, limiting
generalisability. In contrast, our study
addressed a greater number of weed species
and multiple coexistence scenarios, thereby
providing a more comprehensive framework
for real-world applications. The scenario-
based analysis is of particular importance. By
evaluating model performance across 15
distinct  weed-crop  combinations,  we
demonstrated that deep learning models can be
adapted for various field conditions, including
cases with one to four competing weed
species.  This  scenario-driven  approach
strengthens the practical applicability of the
models, as farmers and agronomists are often
faced with heterogeneous weed infestations.
Notably, while Model 3 achieved 100%
accuracy in 11 scenarios, Model 4 combined
superior stability, high average accuracy, and
low variance, making it the most reliable
model overall.

From a broader perspective, these results
confirm that deep learning methods can



?  Journal of Agricultural Machinery Vol. ?, No. 2, ?, ?

effectively support precision agriculture by
enabling selective and automated weed
management. Nevertheless, several challenges
remain, including the need for larger and more
diverse datasets, validation under varying
geographical and environmental conditions,
and computational efficiency for deployment
on edge devices. Recent studies have
highlighted the potential of multimodal
imaging (e.g. RGB combined with depth or
hyperspectral data) to further improve weed-
crop discrimination accuracy (Li et al., 2024;
Xu, Zhao, Wang, & Zhang 2021).
Incorporating such modalities, as well as
model compression techniques for real-time
applications, could be valuable directions for
future research. In recent studies, multi-modal
imaging approaches, combining RGB and
depth information, have been proposed to
improve weed detection in wheat fields under
natural conditions. For instance, depth images
were recoded into three-channel PHA images
to enable CNN-based feature extraction, and
multi-scale object detection with feature- and
decision-level fusion was applied. Such
methods achieved a mean average precision
(mAP) of 36.1% for grass weeds, 42.9% for
broadleaf weeds, and an overall detection
accuracy (IoG) of 89.3% (a = 0.4 for RGB and
B = 0.3 for depth) (Xu et al., 2021). While
these results demonstrate the potential of
multi-modal  information for addressing
limitations of single-modality data, several
challenges remain regarding data acquisition
complexity, cost, and practical applicability in
real field scenarios.

In contrast, the present study demonstrates
that high-performance weed detection can be
achieved using only RGB images, without the
need for additional depth sensors. By
leveraging a modified InceptionResNetV2
architecture and carefully fine-tuned CNN
layers, our proposed Model 4 achieved a test
accuracy of 98.17% and demonstrated stable
training behaviour with minimal fluctuations.
Moreover, our approach considered four
dominant weed species including annual
bugloss, bastard cabbage, hoary cress, and
flixweed, and evaluated performance across 15

realistic weed-crop coexistence scenarios,
reflecting the diverse conditions commonly
observed in wheat fields. This scenario-based
evaluation highlights the generalisability and
robustness of our model, which can reliably
detect multiple weed species under varying
field conditions. Another advantage of our
study is precision at the species level. While
multi-modal approaches in previous studies
focused primarily on broad categories such as
grass versus broadleaf weeds, our model
achieved 97-100% precision and recall for
individual weed species. This capability

enables selective and targeted weed
management, a critical requirement for
precision agriculture. In addition, the

streamlined use of RGB images alone reduces
data acquisition costs and simplifies
deployment in real-world applications, making
our method more practical and scalable
compared to multi-modal systems. A
limitation of this study was that each model
was trained once under a fixed random seed
due to computational constraints. Future work
should assess variance across multiple
independent runs or cross-validation folds to
further quantify robustness. Although the
dataset size (N=542) is moderate for deep
learning applications, careful validation on
unseen data, detailed class-wise evaluation,
and regularisation techniques were employed
to  mitigate  overfitting.  Nevertheless,
additional validation through k-fold cross-
validation and expansion of real-world
annotated samples would further strengthen
statistical robustness and generalisability.

Conclusion

In this study, four advanced deep neural
network  models were developed to
differentiate winter wheat from four common
weeds. Using colour images for training and
testing, all models accurately identified the
five plant species, with InceptionResNetV2
achieving the highest accuracy. Fifteen
scenarios of weed presence in wheat fields
were also evaluated to determine optimal weed
management strategies. The models performed
reliably across all scenarios, enabling targeted
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control of weeds without affecting wheat. The
research findings provide the groundwork for
developing mobile apps or robotic weeders
that facilitate site-specific weed management,
aiming to reduce herbicide use and
environmental impact while enhancing wheat
yield and quality. This approach provides a
foundation for precision weed management
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