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Abstract

Agriculture crop demand is increasing day by day because of population.
Crop production can be increased by removing weeds in the agriculture
field. However, weed detection is a complicated problem in the agricul-
ture field. The main objective of this paper is to improve the accuracy of
weed detection by combining generative adversarial networks and convolu-
tional neural networks. We have implemented deep learning models, namely
Generative Adversarial Network and Deep Convolutional Neural Network
(GAN-DCNN), AlexNet, VGG16, ResNet50, and Google Net perform the
detection of the weed. A generative Adversarial Network generates the
weed image, and Deep Convolutional Neural Network detects the weed
in the image. GAN-DCNN method outperforms than existing weed detec-
tion method. Simulation results confirm that the proposed GAN-DCNN has
improved performance with a maximum weed detection rate of 87.12 and
96.34 accuracies.
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1 Introduction

A deep learning model requires a massive data set to train the model and
expected output in the image classification problem. Weed detection is a chal-
lenging issue in the farming field that needs help from deep neural networks
to recognize weeds with different plants. When the farmers cultivate the crop
in the field, weed will also grow because of the soil nature and seed. So
weed detection discovers the space of weeds. The population in the world are
increasing day by day, and existing agricultural land is used for constructing
building because of the less revenue in the agriculture business [1, 2].

The researcher uses deep CNN to detect weeds and few strategies to group
the weeds from crop plants dependent on various highlights of harvest plants
and weeds like tone, ghostly reflectance, shape, vein designs, size, and so
forth, Be that as it may, these strategies cannot dependably and precisely
play out the separation task in the complex task in agriculture farm field
[3, 4].

Recently many deep learning techniques have been investigated for crop-
weed classification. For example, Sa et al. [5] applied deep neural network
for crop row detection in Unmanned Aerial Vehicle (UAV) Images on multi-
classification datasets for grouping sugar beet crop from weed. Developed
six models on various unearthly channels and accomplished excellent perfor-
mances in weed detections. A few other deep learning CNN were applied for
weed detection with pictures taken from UAVs and ground-based vehicles.
However, much pre-processing of the information is required for getting
expected accuracy. To address this issue, this paper uses a semi-directed
adaptation of the GAN. In the introduced GAN based semi-directed grouping
strategy, a generator makes huge practical pictures, thus, constraining a
discriminator to learn better highlights for more exact pixel grouping. To
the best of our insight, utilizing GAN strategies for multispectral picture
characterization will provide good performances [6].

This research work takes advantage of the generative adversarial network
(GAN) and Deep CNN to detect the weed. Firstly, all weed features are
extracted by different sizes of filters; The filters are essential in the deep
learning model, which is used to extract the features from the given input
image and later is used for classifying the images. The filters can be designed
in two different ways. One is small size filters used to detect fine-grained



Weed Detection Model Using the Generative Adversarial Network 277

image features in the input image, and the second one is large size filters,
which are used to extract coarse-grained image features in the input images.
Finally, weed image generated using GAN. The GAN method performs
feature propagation between convolution layers [7, 8].

The significant work of the paper is presented as follows.

1. Generative Adversarial Network and Deep Convolutional Neural Net-
work (GAN-DCNN) weed detection are developed to detect weed.

2. The proposed model parameters are optimized in order to improve the
weed detection rate.

3. The proposed model performances are compared with the AlexNet,
VGG16, ResNet50 and Google Net.

The paper is organized as follows: Section 1 outlines weed detection
in the agriculture field using a deep convolutional neural network and the
challenges present. Section 2 discuss the eight literary works for detecting
weed in the agriculture field. Section 3 presents the proposed GAN-DCNN
model for detecting weed. The experimental setup and result analysis are
discussed in Section 4. Finally concluded the paper in Section 5 with possible
future directions.

2 Literature Survey

The related work of recent weed detection models on agriculture using the
deep CNN neural network method is discussed.

Jiang et al. developed a convolutional graph network & residual neural
network (GCN&ResNet) for weed detection accuracy. The proposed method
combines the advantage of CNN feature extractions and GCN for weed
detections. The proposed method is compared with three different methods
(Alex Net, Visual Geometry Group-16 and ResNet-101) and four datasets,
and it provides superior accuracy. However, the proposed method will not
provide good accuracy if different crop locations, soils and image acquisition
heights [9].

Abdalla et al. assessed three transfer learning models using a VGG19-
based encoder with and without data augmentation, and performances were
analyzed. First, the VGG19-based encoder net in which the adjusted model
was utilized for extraction and the division was performed utilizing shallow
Al classifiers (MLCs). Second, move learning exhibited proficiency and
introduced a strong execution in fragmenting plants among high-thickness
weeds [10].
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Raja et al. discussed crop signalling for a fully automated weed-spraying
control system. The framework used PC vision procedures to effectively
decide the spatial area of every lettuce plant and weed. The proposed method
beat many current techniques regarding weed-crop identification and group-
ing exactness in primary in-field conditions, including high weed densities.
In addition, different components may influence the characterization of yields
and weeds in the indigenous habitat, like impediment of the painted leaf [11].

Gao et al. developed a deep convolutional neural network for image-
based Convolvulus sepium detection in sugar beet fields. The developed
method attained a better trade-off between speed and accuracy. Furthermore,
the additional manufactured pictures in the preparation cycle improved the
presentation of the created network in C. The trained model is deployed on
uncrewed aerial vehicles and autonomous field robots for weed detection and
management [12].

You et al. discussed deep neural network-based semantic segmentation
for detecting weed and crop. The proposed model has combined the convolu-
tional layer and Drop Block to enlarge the receptive field and learn robustness
features. It provides excellent performance compared to the traditional deep
learning model, and every part can help the division exactness. However,
the proposed method has neglected to further build the precision because
of the boisterous or equivocal commented on names among weed and yield
limits [13].

Asad et al. designed a weed detection model for canola fields using max-
imum likelihood classification and a deep convolutional neural network. The
prepared method map the weed dataset and crop pixels alongside foundation
pixels. In the wake of securing high-goal RGB pictures from the canola field,
the foundation is divided as a first naming advance. Afterwards, the minority
class pixel is physically marked. The technique has better outcomes when we
contrast it with the conventional weed detection model [14].

Dos Santos Ferreira et al. reported deep unsupervised and semi-automatic
data labelling in weed detections. The proposed method uses the semi-
automatic labelling in weed discrimination, accomplished unbelievable exe-
cution in Grass-Broadleaf and presented as a choice to the significant test
of Deep Learning in agriculture. Unsupervised deep clustering predicts
semi-automatic labelling results like the Grass-Broadleaf dataset in more
unpredictable farming datasets like Deep Weeds. Besides, this procedure is
basic and clear to be recreated in subjective datasets, anyhow the farming
degree, with basically no change [15].
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Hu et al. discussed the novel deep neural network and Graph-based
weeds Net(GWN), which plans to identify weed species using RGB pic-
tures gathered from rangelands. GWN design incorporates convolution layers
and the pooling layers, which can build fine-grained level portrayal and is
required to improve the presentation of weed recognizable proof assignments.
Furthermore, GWN gives the capacity to find the critical areas of the whole
picture, which demonstrates the from head to foot likelihood of containing
the objective weeds instead of the foundation or different plants. Critically,
earlier information on weed limitation thorough explanation is not needed.
Accordingly, GWN can be seen as a semi-managed learning approach that
eases the troublesome comment errands [16].

3 Generative Adversarial Network and Deep Convolutional
Neural Network model (GAN-DCNN)

A generative adversarial network contains two core components (i) generator
and (ii) discriminator. The generator generates an enormous amount of fake
images using the weed data set, and the purpose of the discriminator is
to classify whether the given input image is an actual image or not. Weed
identification in the agriculture farm field, first we need to identify the weed
location and size. It differs from phase to phase. Traditional item-based
arrangement approaches are prone to failure because of cloudy yield weed
limits. The architecture of the proposed GAN-CNN for weed detections is
shown in Figure 1.
The operational flow of the proposed work is summarized as follows.

i. Weed data set with noise given to the generator will generate the fake
weed image. Then, the generated image is passed to the discriminator,
which uses a deep CNN model to classify the images.

ii. Deep CNN uses convolutional layers and filters to extract the fine-
grained features and coarse-grained features in the input images.

iii. Fine-grained features and coarse-grained features are forwarded to
pooling layers which will reduce the dimension of the feature.

iv. The reduced feature is forwarded to the fully connected layer to catego-
rize whether the given image contains weed or not. If the image contains
weed first neuron will fire and give the output in fully connected layers.
Otherwise, the second neuron will fire, and it will inform that image
does not contain weed.
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Figure 1 The architecture of the GAN-DCNN for weed detections in agriculture.

v. Compute accuracy if the accuracy is not acceptable tune network struc-
ture and hyperparameters. Repeat this process until we get the expected
accuracy.

The main structure block of Deep CNN is the convolution layer. The
convolution layer learns the main features in the image. Therefore, it is cus-
tomary to attempt to improve this part of deep convolutional neural network
engineering. Here we present the inspirations driving a portion of the key
developments.

GAN uses two-loss functions, one used on the generator side, and it can
be written using Equation (1).

Ly = Epnp, [Ds(X)] = Ez—p, [Ds(x)] + Bar (1)

where p, refers to the actual data and p, is the model distribution indirectly
well-defined by x = G(Z, Y).
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Similarly, discriminator loss can be computed the Equation (2)

Lp =FEzp, |— Z y; log DCi(x)

i€Nc

+ Ezp, Z Y; log DC;(x)

i€ENc

2

where N¢ refers to the number of classes in the weed data set. The generator
is trained to minimize the generator loss, and the discriminator is trained to
minimize the discriminator loss.

Classification in weed detection is done using linear filters. Linear filters
are suitable for the linear separable data set. In addition, we have introduced a
nonlinear filter for the weed detection image classifications. Nonlinear filters
are expressed mathematically in Equation (3).

£ = max(wp? f77 + by, 0) 3)

Where i, j refer to the index of the tiny features and the x; ; refers to the
input locations. k refers to the feature map channel. n refers to the number of
layers in the deep neural network.

The primary purpose of the pooling layers is to reduce the image size
of the input image so that that model will give an immediate response to
the given input images. Although the max-pooling will give a better result
than other pooling, one of the main disadvantages of the max-pooling is that
it will overfit the training data. Therefore, it will give good accuracy in the
training data set and not in the testing data set. To solve this problem, we
have introduced the mixing of average pooling and max pooling. Then, based
on Equation (2), we can compute the average and max pooling of the given
region r;.

1/p

AMj= |} q @)
1ET;

Here, the p = 1denote the average pooling and p = « refers to the max
pooling.

The figure shows the proposed system workflow. The discriminative
method attempts to order input information; given the highlights of a case of
information, they anticipate a name or classification to which that information
has a place. For instance, given weed and crop image, a discriminative model
could anticipate whether the message is a weed or not weed. Weed is one
of the marks. When this issue is communicated numerically, the name is
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Figure 2 Proposed system workflow.

called y, and the highlights are called x. The plan p(y|x) is utilized to signify
“the likelihood of y given x”, which for this situation would mean “the
likelihood that an image is a weed or not”. So, the discriminative model map
highlights names. They are concerned exclusively with that relationship. One
approach to consider generative models is that they do the inverse. Rather
than foreseeing a mark given specific highlights, they endeavour to anticipate
highlights given a specific name.
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4 Results and Discussion

This section presents the experimental setup and results in discussing the
GAN-DCNN weed detection in the agriculture field.

4.1 Comparative Techniques

The proposed weed detection method compares well-known image classifi-
cation methods such as AlexNet, VGG16, ResNet50 and Google Net.

Alex Net: Alex Net is classical convolutional neural network image classifi-
cation. It used the non-saturating ReLLU activation function [17].

VGG16: 1t makes the development over AlexNet by replacing large kernel-
sized filters (11 and 5 in the first and second convolutional layer, respectively)
with multiple 3 x 3 kernel-sized filters one after another [18].

ResNet50: ResNet50 is different from the ResNet model, which has 48
Convolution layers and 1 MaxPool and 1 Average Pool layer [19].

GoogleNet: Googl.eNet is a type of CNN based on the Inception archi-
tecture. It uses convolutional layers, and filters are used for classifying the
images [20].

4.2 Data Set

Performances of the proposed GAN-DCNN method is evaluated using the
DeepWeeds dataset.

DeepWeeds dataset: The DeepWeeds dataset contains 17,509 images for
deep learning-based weed detections. Each image has a height size of 256
and width size 256, and weed species has more than 1000 pictures. Since
this dataset gives class names for each picture, it is customized for the weed
grouping undertakings. DeepWeeds was officially added to the TensorFlow
Datasets catalogue in August 2019 [21].

4.3 Experimental Setup

The proposed GAN-DCNN weed detection is implemented by python. We
have used a single computer node with 16 GB Random Access memory,
Ubuntu operating system, and Intel 17.
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Table 1 Comparative analysis

Method Detection Rate  Accuracy Recall Precision
AlexNet 83.79 92.77 93.30 84.62
VGG16 84.41 91.53 92.56 79.34
ResNet50 85.82 94.12 91.22 80.90
Google Net 84.89 91.90 89.23 81.22
Propose GAN-DCNN 87.12 96.34 94.78 87.23

Proposed GAN-DCNN

Google Net

ResNet50

VGG16

AlexNet

0 20 40 60 80
Detection rate

Figure 3 Comparative analysis of detection rate for the different model.

4.4 Comparative Result Discussion

The comparative result discussion of the GAN-DCNN weed detection is
discussed here. The conventional weed detection model and proposed GAN-
DCNN weed detection model are analyzed by changing the percentage
training, and testing data set percentage.

The comparative analysis of the AlexNet, VGG16, ResNet50, Google
Net against the performance of GAN-DCNN while using the deep weed net
dataset is presented in Table 1.

Figure 3 shows the detection rate of AlexNet, VGG16, Google Net,
ResNet50 and GAN-DCNN. The X-axis refers to the detection rate, and
Y-axis refers to different image detection models. The existing AlexNet,
VGG16, ResNet50, Google Net have the detection rate of 83.79, 84.41, 85.82
and 84.89. The GAN-DCNN has improved the detection rate to 87.12 because
GAN is a model specially used for enriching datasets. Alex net uses sigmoid
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Proposed GAN-DCNN

Google Net

ResNet50

VGG16

AlexNet

0 20 40 60 80 100
Accuracy

Figure 4 Comparative analysis of accuracy for the different model.

and tanh activation functions because this vanishing gradient problem will
arise, so training the deep network is complicated. Therefore, AlexNet is not
performing in terms of detection rate than our proposed model. AlexNet also
addresses the overfitting problem by using the dropout layer techniques.VGG
16 net takes a tremendous amount of training parameters than GAN-DCNN,
Google net, and ResNet50.VGG 16 net also not performing in terms of
detection rate because of this considerable number of training parameters.

Figure 4 shows the accuracy of AlexNet, VGG16, Google Net, ResNet50
and GAN-DCNN. The existing AlexNet, VGG16, ResNet50, Google Net
have the accuracy of 92.77, 91.53, 94.12 and 91.90. The GAN-DCNN has
improved the accuracy to 96.34. There are two different types of filters used
in GAN-DCNN. One is small size filters used to detect fine-grained image
features in the input image, and the second one is large size filters, which
are used to extract coarse-grained image features in the input images. GAN-
DCNN detects both tiny and significant features present in the weed image,
so it provides good accuracy than our existing model.

Figure 5 shows the precision of AlexNet, VGG16, Google Net, ResNet50
and GAN-DCNN. The existing AlexNet, VGG16, ResNet50, Google Net
have the precision of 84.62, 79.34, 80.90 and 81.22. The GAN-DCNN has
improved the accuracy to 87.23. ResNet50 uses fast connection neurons
to solve vanishing gradient problems, so it provides good precision than
VGG16.VGG16 suffers from a vanishing gradient problem because of the



286 S. Anthoniraj et al.

Proposed GAN-DCNN

Google Net

ResNet50

VGG16

AlexNet

T
20 40 60 80
Precision

o -

Figure 5 Comparative analysis of precision for the different model.

Proposed GAN-DCNN

Google Net

ResNet50

VGG16

AlexNet

I
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Figure 6 Comparative analysis recall for the different model.

activation function used in that model. VGG 16 takes a tremendous amount
of training time because of the many parameters used in the model.

Figure 6 shows the comparative analysis of the recall for different weed
detection models. Although ReLU assists with the evaporating inclination



Weed Detection Model Using the Generative Adversarial Network 287

issue, the learned factors can turn out to be pointlessly high because of
its unbounded nature. To forestall this, AlexNet presented Local Response
Normalization (LRN). The thought behind LRN is to complete standardiza-
tion in a neighbourhood of pixels, intensifying the invigorated neuron while
hosing the encompassing neurons simultaneously. Alex Net perform better
than google net, ResNet50, and VGG16 in terms of recall.

5 Conclusion and Future Work

This paper presents a weed detection model using the generative adversarial
network and deep convolutional neural network. The proposed system com-
bines the advantage of GAN and DCNN to detect weeds in the agriculture
field. The generator model generates the new image using the weednet data
set, and the discriminator uses the deep CNN model to detect the image
contain weed or not. The implementation of the GAN-DCNN model is
accomplished by considering deep weednet datasets. The simulation results
confirm that our prosed model performs better than the exiting model
AlexNet, VGG16, ResNet50, Google Net with the values like 87.12, 96.34,
94.78 and 87.23 for detection rate accuracy, recall and precision. In the future,
this work can be extended by applying this model for weed detection in
different locations, soil, and field.
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