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Abstract In particular, Rumex weed detection is regarded as a crucial step in real-world data under many
circumstances. The detection task suffers from several issues, such as overlapping weeds, occlusion, varying leaf
colour distributions, leaf size and shape, and growth stage. Many machine learning techniques have been proposed
to detect weeds in plants. These techniques suffer from locating weed with precise bounding boxes because
they may contain multiple bounding boxes in a certain region. Researchers have used the R-CNN based weed
identification system, but it continues to have a low detection rate because of the issues mentioned above. In
order to detect Rumex weeds under various conditions, particularly overlapping, occlusion, and size, as well as
containing multiple bounding boxes, this paper is developed the R-CNN model by using UNet instead of the
CNN model to become R-UNet. The proposed model is used due to its novelty of using a UNet classifier with
selective regions which boosts the detection capabilities by extracting the most helpful features more effectively
than the CNN network. The proposed method uses Intersection over Union (IoU) to assess the detection rate
using real-world data. We compare and benchmark the evaluation of the detection performance of this work with
different models, including Single-Shot Detector (SSD), hybrid CNNs, AlexNet, and adapted NMS methods. The
proposed model yields the highest IoU values compared with other methods.
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1. Introduction

Rumex weed detection is the most important step in smart agriculture. However, it remains a crucial
task in real-world data under various conditions in the context of occlusion leaves, different colour of
leaves, and overlapping. For dairy farms all across the world, Rumex is the most common immortal
weed of its kind [8]. It may spread quickly and yield about 60,000 seeds per year for mature plants. It
can be considered the reason for animal health issues [17], reduced dairy productivity and shared crop
resources , such as nutrients, area, sunlight, and water. Farmers have used traditional removal based on
human effort [17], which is considered laborious, costly, and time-consuming [13]. Various countries have
made illegal the use of herbicide treatments that are separated mechanically or manually [19]. Different
techniques have been proposed to detect and locate this type of weed from grass regions. For example,To
locate and identify weeds in an image with a bounding box, the research of |4] used Region Conventional
Neural Networks (R-CNN) and Non-Maximum Suppression (NMS) in conjunction with a number of
detectors. However, the occlusion and overlapped weeds utilizing multiple bounding boxes have reduced
the performance of the weed detection using the real-world images, making both techniques have poor
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detection performance. [3/21]. The problems with the majority of weed detection methods are that in
order to improve and reliably find object, they had reduced the number of FP and eliminated duplicate
detection of a single object [20]. The results of earlier research of Rumex weed detection models have
demonstrated that classification and detection have led to low performance measuring and ineffectiveness.
They can also be considered costly, time-consuming, and damaging to nature and crops. [17]. Classification
and detection processes are the main parts of computer vision. In the agriculture field, the classification
step finds the type or class of plants or diseases in an image and the detection step finds where that
plant is located in the image. Detection process is a more complex problem than classification because
it requires to find the coordinates of the plant in an image. The following points are presented as the
innovations of this paper:

1. This work develops a new model architecture to address the challenges of identifying and localising
Rumex weed in grassland under numerous circumstances, as well as to improve the performance
of Rumex weed identification. The current work is innovative in that it uses the UNET within the
R-CNN structure instead of CNN to extract the most valuable features from selected regions and
produce multiple bounding boxes after segmenting the image into regions and applying selected
features.

2. Compared to current methods, the proposed approach can improve scientific knowledge in the
context of agricultural computer vision by developing a real-time localization method and improving
detection performance. This model’s open resource can be used in combination with the existing
methodologies to test the researchers’ proposed approaches.

3. This research uses a challenging dataset by Kounalakis et al. (2019) [17]. This dataset is chosen
owing to the vast range of grassland conditions, including overlapping, variation in colours, sizes
and shapes, and occlusions, which provide significant challenges for CV-based detection.

This paper is oraganized as follows: The relevant work is detailed in Section-2, the proposed method
is presented in Section-3, and the evaluation findings are shown in Section-4. Sections-5 and Section-6
give the discussion and conclusion.

2. Related Work

Many methods based DL have been used in weed detection, such as the research of [30] has been
proposed DetectNet which based-Deep Convolutional Neural Network (DCNN) model and the GoogLeNet
structure. In detecting occluded leaves, the method demonstrated that the outcomes had been improved.
The method had trouble finding crops, overlapping leaves, and small weeds. Additionally, it is unable to
produce a precise bounding box that fits a plant in its advanced growth stage. Five different approaches
have been applied in [12]: Hand-Crafted Features (HCF) with DCNNs; Histogram of Curvature over
Scale (HoCS) and HCF-Scale Robust. Compared to the HCF-based DCNN approach, HoCS offered more
reliable performance. The findings indicated that those approaches performed poorly even after including a
few more occluded images. Graph Convolutional Network (GCN)-ResNet-101 method has been proposed
in [15] to identify 6000 mixed of weeds and crops images. The authors first extracted features from
ResNet-101 before using semi-supervised GCN to identify crops and weeds. The method’s goal was to
identify associations between the CNN model’s few, labeled features before utilizing Euclidean distances
to calculate the separation between each entity. According to the results, the GCN-ResNet-101 technique
has outperformed other CNN models. It received high accuracy. However, overfitting and underfitting have
happened and resulted in convolutional networks performing poorly on training data. The researchers also
noticed that overfitting occurs when there is a small amount of training data. Two CNN-based models,
ResNet-50 and Inception-v3, have been proposed by the research of [22] for categorizing weed species
from eight distinct regions. Overall, the outcome has shown that ResNet-50’s accuracy was marginally
superior to Inception-v3’s. ResNet-50 obtained high performance because it was made possible by its
complicated architecture, which featured a large number of parameters compared to Inception-V3. To
recognize the sepium weed in the farm of sugar beet, the CNN-based YOLO-v3 model was combined with
real data in [11]. The findings of this method showed that this combination enhanced performance by
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7%. An overlapping case cannot be included in the technique. To extract several plants from an image,
the Mask R-CNN model has been utilized in [23]. Each recognized object was given useful information
by Mask R-CNN. In [2§], the data set which included 14,035 images of 25 various weed species called
Weed25. They used the YOLOv3, Faster R-CNN, and YOLOv5 models, and the average accuracy was
91.8%, 92.15% , and 92.4 % respectively. The difference in results between the YOLOv3, Faster R-CNN
and YOLOv5 models was very small. The CNN algorithm with three models ResNet50, VGG16, and
VGG19 was used in [32] with two traditional goal detection algorithms, YOLOv4, and SSD by using to
recognize weeds and soybean in the farm under the natural environment. The result showed that VGG19
had effectively identified soybeans and weeds in complex backgrounds comparing to other models. The
accuracy of VGG19, which was 5.61 % higher than before optimization, and was 2.24 % higher than the
SSD algorithm.

All the methods of weed identification and classification that have been addressed have limitations
that must be overcome. These methods have difficulties detecting weed with accurate bounding boxes
since they could have several bounding boxes in one area. Also, these are impacted by overlapping, growth
stage, illumination and occlusion. Furthermore, some of these methods suffer from insufficient datasets,
are time-consuming, and have low precision. To some extent, these methods’ problems are discussed in
detail in [3].

3. Proposed Model
3.1. Background of R-CNN

CNNs are typically used for image classification, however R-CNN is thought of as an extension of a
CNN that i sused for object detection.
Convolutional Neural Network (CNN)

1. CNN is a class of deep neural networks primarily used for feature learning in images.

2. It takes an entire image as input and passes it through layers of convolutional and pooling operations
to automatically learn and extract hierarchical features.

3. They are efficient for recognizing patterns, but they do not directly locate objects or regions in
images.

Region-based Convolutional Neural Network (R-CNN)
1. R-CNN is designed for object detection and localization in images.
2. It first identifies potential regions of interest in an image using selective search or a similar method.

3. Each region is then passed through a CNN for feature extraction and classification for detection
the object

4. R-CNN is more computationally intensive than traditional CNNs due to region proposal generation.

The proposed model is worked on the R-CNN structure it uses the Unet , instead of CNN, to extract the
most valuable features from selected regions and produce multiple bounding boxes after segmenting the
image into regions and applying selected features. There are three modules in R-CNN detection. The first
one is capable of producing region proposals independent of category.These ideas can be used to define
the detector’s candidate detection set. The second one employs a sizable CNN to extract a fixed-length of
feature vectors for each region. The third module employs linear SVMs to classify particular classes [29],
as shown in Figura{l]

1. Region proposals. Category-independent object proposals [10], |7], selective search [25], and other
techniques are some of the numerous ways to create categories or regions. R-CNN is independent of
the specific region proposal technique, whereas selective search allows for a controlled comparison
with previous detection work.
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Figura 1: R-CNN:Regions with CNN features

2. Feature extraction.Using the Caffe implementation of the CNN as outlined by Krizhevsky et
al. , R-CNN’s task is used to extract a 4096-feature vector for every proposal region. On a
227 x 227 RGB image, features are calculated by forward propagating In order to calculate features
for a given region, it must convert the picture data in that area into the format that CNN requires.

3. Classifier: A linear SVM model is trained for classification once the features are extracted. We need
to classify the objects inside each region.

3.2. Using R-UNet

The novelty of this paper is that it used UNet instead of CNNs to extract features and classification.
In the proposed method instead of running UNet model classification on a large number of regions, we
can pass the image through a selective search procedure. Then, 2000 proposal regions are first selected
from the result, the model is trained, and the classification process is run using the UNet model, as shown

Figura {2|
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Figura 2: The adapted model R-UNet

3.3. Adapted R-UNet
There proposed method is divided into 4 steps:-

1. Passing the image through selective search and creating proposal regions. The selective search
consists of four types of similarity: Fill Similarity; Texture Similarity; Colour Similarity; and Size
Similarity. Fill similarity selective search, which evaluates how well two regions fit together, is used
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Figura 3: UNet encoder and decoder |24].

in this work. It is not good to merge two areas r; and r; that hardly touch one another since they
may create an odd region. To keep the measure fast, we can only use the regions’ and the containing
boxes’ sizes. In particular, the small bounding box around r; and r; is represented by BB;;. The
portion of the image contained in BB;; that is not covered by the areas of r; and r; is represented
by the fill(r;,r;) [25], as written

1 — size(BB;j) — size(r;) — size(r;)

Fill(rs,ry) = (1)

size(im)

2. Calculate IoU (Intersection over Union): The final score is obtained by dividing the overlapping
area by the union area. The area of union, or the region that is included by both the predicated
and the ground-truth bounding boxes, is the denominator.

3. We need to classify and localize all the weed in the image based on the concept of bounding box.
Thus, UNet transfer learning is used based on proposed regions for extracting features and detection
. There are two paths in UNet’s architecture: 1) The contraction path, sometimes referred to as the
encoder, is utilized to record the context of an image.The decoder, additionally referred to as the
symmetric expanding path, is used to provide precise localisation using transposed convolutions,
whereas the encoder is only a standard stack of convolutional and max pooling layers. Convolutional
layers are presented in FCN .

The Figura 43| shows two adding Convolution layers that mean two consecutive Convolution Layers
are applied. The output tensors of Convolutional Layers are “cl,c2,...c9” parameters, the output
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tensors of Max Pooling Layers are “ pl, p2, p3 and p4”, and the output tensors of up-sampling
(transposed convolutional) layers are “ u6, u7, u8 and u9”. The left side of Figura {3|is the con-
traction path (Encoder). The image size is gradually decreased while the depth is steadily increased
in the encoder, starting from 128 x 128 x 3 to 8 x 8 x 256. The expansion path (Decoder) is shown
in the right side of Figura <3| In the decoder, the size of the image is gradually increased, the depth
is gradually decreased and the decoder starts from 8 x 8 x 256 to 128 x 128 x 1.

The Decoder gradually applies up-sampling to retrieve “WHERE” the information is located (pre-
cise localization). For accurate locations, we can avoid connections at every stage of the decoder by
doing concatenation the transposed convolution layers output with the encoder’s feature maps at
the same level, as shown below:

ub = ub + c4 (2)
u? =u’7+c3 (3)
u8 = u8 + 2 (4)
u9 = u9 + cl (5)

The concept of weight updates in the context of gradient descent. Let us say that the output of one neural
network given it’s parameters is

f s w) (6)
Let us define the loss function as the squared L2 loss (in this case).
1 n
i=0

In this case the batch size will be denoted as n.Essentially what this means is that we iterate over a
finite subset of samples with the size of the subset being equal to your batch-size, and use the gradient
normalized under this batch. We do this until we have exhausted every data-point in the dataset. Then
the epoch is over. The gradient in this case:

0w ﬁZ[f(Xi;w)—yﬂT (8)
i=0
Using batch gradient descent normalizes the gradient, so the updates are not as sporadic as if we have
used stochastic gradient descent.

4. Results

4.1. Dataset Description

The study of Kounalakis et al. [16] presented the Rumex weed dataset. In the open field of an organic
dairy farm in Ancenis, France, the dataset was gathered using a robotic platform. This data set was
recorded in a variety of conditions, including occlusion, growth stage, illumination, and overlapping. In
addition to 408 XML files for labelling, there are 408 photos with RGB colour JPG images, 256 widths,
and 256 heights. In the bounding box, the label of the weed is given as points [16]. Additionally, a file
with bounding box information is included in the dataset. Figura{d] provides a selection of real images in
different circumstances.

4.2. Image Resizing

To prepare the dataset, image resizing process is used. To train the proposed model, several image
sizes are introduced by proceeding with the scaling process using 224 x 224, 299 x 299, and 336 x 336.
The optimum results of the proposed model are yielded when the size of the input image is 128 x 128.
As a result, we found that increasing the image size over 128 x 128 results in high computation.
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Figura 4: Sample images from the dataset under different conditions.

Cuadro 1: Programming environment for implementation of the proposed model.

Component Parameter

Processor 13th Gen Intel(R) Core(TM) i7-1355U 1.70 GHz
RAM RAM 16.0 GB

Framework PyCharm Community Edition 2023.3
Library Keras and TensorFlow model

Windows OS 11 64-bit operating system, x64-based processor
Programming Language Python 3.9

4.3. Data Augmentation

To enhance the quantity of training samples and reduce overfitting, data augmentation is performed.
The training data size has been increased by a number of transformations. Each training and validation
are augmented for each epoch randomly. Using ImageDataGenerator class, these transformations have
been implemented in Python. For implementation, each image is augmented using these parameters:
“horizontal-flip = True,
vertical-flip=True,
rescale=1./255,
rotation-range = 90,
width-shift-range = 0.1,
height-shift-range = 0.1”

4.4. Experimental Results

Cuadro{l] presents an empirical environment and consists of the objects and the particular hardware
and software needed to carry out the experiment.
The procedure of the proposed model is shown in Figura{5} The data is first split into 75 : 25 for training
and testing, respectively. Prior to the training process starting, the image size is scaled to 128 x 128
pixels using image scaling. The training images have been segmented into regions, and 2000 regions have
been selected using selective search. In order to increase the training data and create different image
conditions, data augmentation is also used. The model is implemented using the Adam optimizer and the
binary cross entropy loss function due to the two classes. In an appropriate period of time, the highest
accuracy is achieved by the Adam optimizer. RMSprop requires more computation time than Adam
optimizer, but it produces the same accuracy. The SGD algorithm yielded the best outcomes with the
least amount of training time. SGD will require additional iterations in order to reach the accuracy of
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the Adam optimizer, which will increase the computation time. Keras callbacks are used to implement:
If the validation loss does not improve after 100 continuous epochs, it is ended early; nonetheless, it is
stopped after 54 epochs, as shown in Figura |5| (a) and (b). The weights are only saved if the validation
loss is improved. We use a batch size of 32.The input size to the model is 128,128,3 and IoU default
value is 0.7. Multiple hyperparameter values are used to train the proposed model. RELU activation is a
component of the suggested model’s architecture. The outcomes have demonstrated the model’s capacity
to accurately learns the correlations in a training set, which has improved prediction outcomes. As can
be shown in Figure 5| (a), the model learns the problem and achieved zero error. Additionally, a line plot
is made that illustrates the mean squared error loss for the train (orange) and validation test (blue) sets
over the training epochs. The Figura (a) presents the Rumex weed dataset, which also demonstrate that
the model converged in fact quickly and that the performance of the train and validation tests remains
consistent. For this task, the model’s performance and convergence behaviour indicate that mean squared
error provides an appropriate fit for neural network learning.

model loss

700 - —— Train
—— Validation
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100 -

model accuracy

—— Train
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< © °
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Figura 5: (a)Loss of training and validation with ephocs=50; and (b) Accuracy of training and validation
with ephocs=50.
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4.5. FEvaluation Results

The proposed model’s classification results show a high level of accuracy in detecting Rumex weed,
at around 94 %. The UNet classifier network based regions and the ideal selective search hold the key
achieving high accuracy and an increased the detection rate. In this paper, the IoU metric is employed [1]
to compare detection model with other models. Rumex weeds that were captured in challenging real-
world scenarios are included in the dataset. The accuracy with which this model can identify an object
in an image is calculated by the IoU. Over their union, the predicted and corresponding ground-truth
bounding boxes’ connection point is calculated [33], as written in Equation—@

ToU = —— (9)

Where the target is represented by (T) and the predicted category is represented by (P). When the
ToU threshold value is high, the number of the proposed bounding boxes that represents the target object
becoming low [33]. Examples of the proposed model’s detection results are shown in Figura«@ The red
colour box represents the ground truth, while the green colour box refers to the predicted boxes obtained
from the proposed model. The proposed model demonstrates its capacity to locate overlapping, occluding,
tiny weed, and diseased weed leaves. The majority of techniques are effective against these weeds, although
it might be difficult to pinpoint convergence weeds because their leaves overlap and obstruct one another.

This might reduce the True Positive Rate (TPR), which would negatively impact the effectiveness
of the detection. The proposed model is demonstrated an outstanding performance on the investigated
problems, but it can potentially suffer further problems in some areas that can be taken into account
in future research. The proposed model, for instance, is unable to identify some cases of disease because
the affected leaves have colours other than green or are tiny. Figura{7] shows some samples that were
detected incorrectly. These issues reduce the classification accuracy due to increasing the FPR. This can
be resolved by by learning more distinctive features by increasing the training samples.

5. Discussion

In order to address the tiny leaf, overlapping, and occlusion concerns that other approaches have, this
research extends R-CNN by employing UNet rather of CNN to create R-UNet. By using the same dataset,
the proposed model is compared to recent techniques. It is demonstrated that the proposed model can
forecast the amount of weed in grassland and create “better-fitting bounding boxes”. The comparison
phase compares the proposed model’s detection performance to that of other models: AlexNet [26],R-CNN
[21] DetectNet, [31], SSD [27], the Hybird CNN model [2], and adaptive non-maximum suppression [4].
Overall, certain techniques are unable to deal with the overlapping or occluded leaves. As the leaf location
is close to the edge of image, other techniques performed poorly. In addition, the Hybird CNN model
requires training more features to increase its performance. DetectNet has been implemented using the
same dataset and has achieved acceptable performance in finding various Rumex over images. However,
DetectNet’s architecture included a bounding box with a fixed size. As a result of this, Rumex no longer
appeared in the scene as full weed. The SSD made many predictions for each object and used IoU to
choose the best convergence that matched the target. An adaptive NMS reduced low-confidence proposals
and removed duplicate bounding boxes. The SSD completed the entire process using a single network and
avoided creating proposal regions, making it computationally faster than competing models. The results
of several models are summarized in Cuadro{2] It is demonstrated that the proposed approach performs
better than the other compared methods.

6. Conclusion
To enhance the detection performance of weed in the real world, we modify a region-based and selective

search model for detecting Rumex weed in grassland environments using R-UNet. The proposed model
makes a novel contribution by producing an R-UNet network to identify weeds. The dataset consists of
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Figura 6: IoU outcome of the proposed model for Rumex weed’s tiny, overlapping, occlusion leaves. The
green box is the predicated bounding box, whereas the red box is the ground-truth box.

weed images with real-world conditions. In order to overcome the limitations of the previous work, we
alter the R-CNN technique in this paper by employing UNet rather than CNN to obtain useful features.
This proposed model’s key contribution is that it divides an image into regions and uses selective search
to store the bounding boxes with the highest scores. Then, we use UNet model to get features and detect
the weed. The findings demonstrate that, in contrast to existing models, such as AlexNet and SSD Hybird
CNNs model, the proposed model achieves a high detection rate in demanding real-world situations. To
increase the robustness of the model, future studies can incorporate datasets on diverse weed species
captured in the grassland under varied environmental conditions. Also, ensemble feature fusion from @ﬂ,
with JSEG , and MLP @ will be used for investigating weed species classification and detection.
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