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Abstract Weed detection is considered the gold standard in smart agriculture field. An automated detection of
weed procedure is a complicated task, specifically detection of Rumex weed due to different real-world environ-
mental conditions, including illumination, occlusion, overlapped, growth stage, and colours. Few works have done
to classify Rumex weed using machine learning. However, the performance is still not at the level required for
agriculture communities and challenges have not been solved. This work proposes Region-Convolutional Neural
Networks (R-CNNs) and VGG16 model based on colour space information to classify Rumex weed from grass-
land. The first step of the proposed method is to convert the images from RGB colour to HSV space colour due
to robustness to lighting changes and removing shadows. Then, the images is divided into regions and we used
selective search to select regions based on colour information. After that, the selective regions is entered into
CNNs based imagenet weight and VGG16 model to extract features and the SVM classifier is used to classify
these features into two classes (Rumex or Grass). This paper is investigated the effectiveness of our proposed
method over real-world images under different conditions. The findings have shown that the proposed method
superior comparing with other Al existing techniques. The results demonstrate that the proposed method has an
excellent adaptability over real-world images in grassland environment. The findings provide valuable insight of
using artificial intelligence in the agriculture field.

Keywords: Classification; Rumex weed; Grassland; Region Convolution Neural Networks; Colour space informa-
tion.

1. Introduction

In modern agriculture techniques, weed detection and classification processes are considered one of
the most useful tools in recognizing and identifying plants in agricultural fields . There are many ways
that improve the performance of farming and the production of the farm [28]. Previously, the manual
hand-removal technique has been used to remove the weeds by testing every region of the farm to de-
tect the location of weeds and remove them manually. This technique has many challenges, including
cost constraints and time, negative effects on crop productivity, and labour-intensive detection work [2].
Another technique uses herbicides, and chemical treatments for large-scale agricultural regions, which
leads to many health-and environment-related problems. Weeds are the main problem that affects the
growing and production of the plant. It shares resources, such as water, vitamins, nutrients, sunlight,
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and space from the main plant [25]. It considers the holder of diseases. It leads to the loss of the perfor-
mance of the crop. Farmers can classify weeds based on different factors, including life span, ecological
affinities, soil type (Edaphic), place of occurrence, origin, monocots and morphology. In the last decade,
computer vision and image processing methods have been used to assist in site-specific weed management
procedures to apply herbicide on a per-weed basis within a field [5]. It processes the weed images and
extracts the features from them by using digital image processing, machine learning and (DL) techniques
in order to detect all types of weeds, specifically, grass Rumex weed because of the harmful effectiveness
of this weed on the crop and environment. Figure-1 shows real Rumex weed under different conditions.
However, Rumex weed detection considers a challenging task due to different factors: (i) Illumination
stated real-world images were taken under unreal lighting; (ii) Overlapping: The leaves of Rumex weed
and grass are overlapped over each other at late growth stages, making them unseen from each other; (iii)
Growth stages: Both Rumex weed and grass have similar colours (“green-on-green”); and (iv) Diseases:
some disease can change the colour and texture of Rumex weed and grass.

To authors’ best knowledge, few research have done for Rumex weed detection and classification from

Figura 1: Real Rumex weed cover grass under different condition.

grassland. Thus, in this paper, we focus on Rumex weed classification field for real word data. The issues
of detecting this type of weed include illumination, overlapped, occlusion, varying in colour distribution
, and growth stage. The primary objective is to investigate whether DL technique can provide a viable
solution to detect weed and aid in crop loss reduction, and lower chemical usage. A proposed model
architecture is developed in this work in order to improve Rumex weed classification performance and
to address the difficulties of Rumex weed classification in grassland under various conditions. The con-
tribution of this paper is to use R-CNNs technique based on HSV colour space information to classify
weed from grassland. It works by dividing the image into regions and uses CNN based on the imagenet
weight and VGG16 model to get colour features (HSV colour space), then uses SVM for classification.
This project will involve collecting and analysing data from a variety of sources of Rumex weed and other
relevant environmental data. It will also involve comparisons between other AI methods to determine the
effectiveness and practicality of the R-CNNs based colour information approach.

The organisation of paper follows as: Related work is presented in Section 2; the proposed method is
described in Section 3 with details; material and methods are discussed in Section 4; Section 5 presents
result and discussion; and the Conclusion is summarized in Section 6.

2. Related Work

Recently, weed and crop detection have attracted many researchers to propose and develop methods
using different machine learning and Deep Learning (DL) techniques, for example, automated classifica-
tion of crop and weed [23, 20, 30, 18, 3], segmentation of weed-crop [31]. In [22], Convolutional Neural
Networks (CNNs) was proposed to classify the plants into dock, clover and grass and to solve formidable
challenges due to the images complexity. A technique has been proposed in [17] to detect eight weed
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species of national significance types in Australia using DeepWeeds dataset. They used deep learning
architectures, such as Inception-V3 and ResNet-50 for evaluating the performance of the dataset. The
accuracy result of some species using ResNet model of 95 % which is better than the Inception-v3 model.
The result showed high accuracy of 94.9 %, but they failed in classifying dock due lower percentage of
dock in dataset. The research of [7] of proposed crop/weed identification system using a combination of
fine-tuning pre-trained convolutional networks (Mobilenet, VGNets, DensenetXception, and Inception-
Resnet) and (SVMs, Logistic Regression, and XGBoost). This approach aimed to solve overfitting of
features problems and to get high performance. They yielded high performance on crop detection while
very low performance on weed detection. The result showed that it produced the best classification and
localization of all classes of weeds and a negative class for one Chinee apple weed while other dataset
did get the best result of performance. Models,including (VGG-16) and (ResNet-50) have been used to
overcome complex real-world issues such illumination issue. Faster Region-based Convolutional Neural
Network with ResNet-101 was proposed in [21] to detect eight classes of weeds and a negative (non-weed)
class and to achieve a high performance. A hybrid of three CNN extractor networks has proposed in
[1] to detect Rumex. It used real-world data different challenges acquired from nature. For weed detec-
tion on the new dataset called (CottoWeedDet12) of weeds, a comprehensive benchmark of 25 advanced
YOLO object detectors of seven versions, including YOLOv3, YOLOv4, Scaled-YOLOv4, YOLOR and
YOLOv5, YOLOv6 and YOLOvV7, has been established to detect 12 classes of weed in [6]. They used five
replications and the Monte-Carlo cross validation for evaluation. The finding had shown that YOLOvbHn
and YOLOv5s have superior results for real-time weed detection without using data augmentation. In
[15], a method had been proposed by merging CNN with a powerful Particle Swarm Optimization (PSO)
technique to automatically enhance classification accuracy. The proposed method had been compared and
tested with pre-trained transfer learning models, including GoogLeNet, AlexNet, Residual neural Net-
work (ResNet), and Visual Geometry Group Network (VGGNet) for classifying the weeds into 40 classes
of weeds by using Tamil Nadu Agricultural University (TNAU) dataset. In agriculture field, it is difficult
to differentiate between a crop and a weed due of how similar their physical features normally appear.
A method was proposed in [16] to address this issue that was built around a convolutional W-shaped
network with two different-sized encoder-decoder structures. In contrast to the first encoder-decoder
structure, which separated background and plant (crop and weed), the second encoder-decoder structure
learnt distinctive characteristics to accurately classify crop and weed classes. The proposed method used
two crop datasets: a tobacco dataset and a sesame dataset. The proposed network’s outcome showed
the effectiveness on those datasets. Classification performance can be influenced by both segmentation
and feature extraction processes. Popular classification methods, discussed previously, include machine
learning and DL algorithms, such as SVMs, as well as DL methods, such as (CNNs),YOLO detectors
and hybird CNNs, have been used to detect weed species based on different features and bounding box.
However, the accuracy of these methods still requires improving because none of these methods have been
dealt with all challenges at same time. The most popular type in morphology weed’s grasses is (Rumex).
Therefore, it is crucial to implement detection system on a real-world dataset, as different labs may use
different equipment and, therefore; will produce dissimilar images.

3. Proposed Method

One deep learning approach is Regions with Convolutional Neural Networks (R-CNNs) and is used for
object detection. It combines rectangular region proposals with CNNs features. R-CNN has two stages
detection algorithm. It identifies a subset of regions in an image that might contain an object. The
second stage classifies the object in each region. The R-CNN detector generates region proposals using
an algorithm such as Edge Boxes[32]. The proposal regions are cropped out of the image and resized.
The selective search algorithm [26] works by generating sub-segmentation of the image that could belong
to one object-based on colour, texture, size and shape and iteratively combining similar regions to form
objects. This gives object proposals of different scales. Then, the CNN classifies the cropped and resized
regions. Finally, the region proposal bounding boxes are refined by a Support Vector Machine (SVM)
that is trained using CNN features. The proposed method is shown in Figure-2. This includes the below
steps:
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Figura 2: The proposed method procedures.

3.1. Convert RGB to HSV

First step of proposed method is to convert RGB image to HSV image because HSV or Hue Satu-
ration Value is used to separate image luminance from colour information. We want to separate colour
components from intensity due to robustness to lighting changes and removing shadows.

3.2. Feature extraction from Region Proposal

A feature vector is obtained from each region of the 2000 region proposals for every image using a
CNN. The details of training this CNN are as given below:

1. Supervised Pre-training: The CNN described by Krizhevsky et al. [13], now popularly known as the
” AlexNet” has 5 convolutional and 2 fully connected layers.

2. Domain-Specific Fine-Tuning: the network needs to be fine-tuned to learn: a) the visual features of
the new types of images- distorted region proposals, and b) Specific target classes of the smaller
dataset for the detection task. The fine-tune is used to identify the classes belonging to the detection
task from the region proposals.

3. The final way classification layer of the CNN from pre-training is replaced with a randomly initialized
(N + 1) way Softmax classification layer for the N object classes and a general background class of
the detection task.

4. Inputs : Each of the 2000 region proposals generated from every image (using the selective search
algorithm) are converted into fixed inputs of size 224 by a simple warping, irrespective of the size or
aspect ratio to enable their use in fine-tuning the CNN. This needs fixed-sized inputs irrespective
of the actual dimensions to feed to the CNN. An additional parameter, pis used to indicate the
amount of possible dilation of the original bounding box to include some context from the area
around it.

5. Labels for training: Each object proposal is mapped to the ground truth instance with which it has
maximum IoU overlap and label it as a positive for matching ground truth class. If the IoU is at
least (0.5). The rest of the boxes are treated as the background class (negative for all classes).

6. Training pipeline: The network is trained using SGD with (1/10)th of the initial pre-training learning
rate. In each iteration, the sample is 32 windows that are positive over all the classes and 96 windows
that belong to the background class to form a mini-batch of 128, to ensure that there is enough
representation from the positive classes during training.

The final output of Stage 1: After training, the final classification layer is removed and a 4096 di-
mensional feature vector is obtained from the penultimate layer of the CNN for each of the 2000 region
proposals (for every image), as shown in Figure-3.



248 Inteligencia Artificial 72(2023)

Train time
conv
I)Um‘J i o Y
A i oy -ony, o A
! pool, cony, B0V, conyy | Classification i
paol, pool,, pool X 1 Loss |
T |
o

darss danse 1
\ 5 : donse :
Detection |
pe class labels
24 £ i :
Max \ 4

pooling 4096 4086 ’

=
/" Training batch
composed of

32 positive and 96
backeground patches

Figura 3: The CNN training pipeline taking in a batch of region proposals and giving a classification
label (at train time).
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3.3. SVM for Object Classification

This stage consists of learning an individual linear SVMs classifier for each class, that detects the
presence or absence of an plant belonging to a particular class. Inputs: The feature vector for each region
proposal. Labels for training: The features of all region proposals that have an ToU overlap of less than 0,3
with the ground truth bounding box are considered negatives for that class during training. The positives
for that class are simply the features from the ground truth bounding boxes itself. All other proposals
(IoU overlap greater than 0,3, but not a ground truth bounding box) are ignored for the purpose of
training the SVM. Test time inference for a single image: The class-specific dot products between the
features and SVM weights are consolidated into a single matrix-matrix product for an image. That is,
for every image, a 2000 x No. of feature vector is generated. The SVM weight matrix is feature vectors
x N where N is the number of classes.

3.4. Bounding Box Regression

We include a bounding-box regression step to learn corrections in the predicted bounding box location
and size to improve localization performance.

The Softmax function has been applied at the end for giving the probability of a type of the image to
the outputs of the fully connected layers.

1. Equation 1: the aim of this task is to learn a target transformation between our predicted proposal
P and the target proposal( ground truth) G . The variables z, y, w, andh represent the coordinates
of the center (z,y) and the width w and height h of the proposal.

2. Equation 2: represents the ground truth transformations that need to be learnt. The first two
transformations specify a scale-invariant translation of the center of P — zandy, and the second two
specify log space transformations of the w and h.

3. Equation 3: di(P) where k can belong to (z,y, horw) is the predicted transformation. G signi-
fies the corrected predicted box calculated using the original predicted box P and the predicted
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transformation dy(P).

4. Equation 4: The predicted transformation dy(P) is modeled as a linear function of the pools features
pools. Hence, di(P) = w} pools(P) where wy is the vector of learnable model parameters. Note
that pools is dependent on the actual image features. wy is learnt by optimizing the regularized
least-squares objective function. The algorithm only learns from a predicted box P if it is near at
least one ground truth box. Each predicted box P is mapped to its ground truth by choosing the
ground truth box with which it has a maximum overlap (provided it has an IoU overlap of at least
0.6).

The R-CNN firstly extracts 2000 region proposals from the input image boxes can also be considered
as (region proposals), labeling their classes and bounding boxes. The procedure is Performed selective
search to extract multiple high-quality region proposals on the input image based on image luminance from
colour information. These proposed regions are usually selected at multiple scales with different shapes
and size. Each region proposal will be labeled with a class and a ground-truth bounding box. Then, it is
Chosen a pretrained CNN and truncated it before the output layer. Resize each region proposal to the
input size required by the network, and output the extracted features for the region proposal through
forward propagation. After feature extraction, it is labeled class of each region proposal as an example.
Multiple SVMs are trained to classify objects, where each SVM individually determines whether the
example contains a specific class. It is labeled bounding box of each region proposal as an example.
Finally, a linear regression model is used to predict the ground-truth bounding box.

4. Material and methods

4.1. Description of Dataset

Rumex Ancenis dataset, introduced by the authors of the work in Kounalakis et al. [10]. The dataset
was collected using the robotic platform in an open field of an organic dairy farm in Ancenis, France.This
data set is captured under various circumstances, such as illumination, overlapping, and occlusion. The
number of images is 408, RGB color is JPG images, and the width is 256 and height is 256 in addition
to 408 XML files for labeling. The label of of weed is provided as points of bounding box [10]. Figure-4
shows sample of real images under different conditions.

Figura 4: Sample images from dataset under different condition.

4.2. Image Resizing

Image resizing considers as process to prepare the dataset. Several image sizes were introduced to
train our proposed model by proceeding with the rescaling process using 224 x 224, 299 x 299, 336 x 336
until 350 x 350, it is observed that the model yields optimum results in network performance when the
size of the input image is 224 x 224. Finally, we investigated that increasing the scale over 224 x 224
yields the same performance but with high computation.
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4.3. Data Augmentation

After image resizing, data augmentation is used to increase the number of training samples [14] and
mitigate overfitting [8]. Several transformations can be implemented to enlarge the training data size and
introduce various shapes of Rumex, such as flip, mirror, and rotate. These transformations are randomly
augmented for each epoch of training and validation. To implement these transformations in Python,
ImageDataGenerator class has been used. For implementation, each image is rotated using horizontal
flip, vertical flip operation at 90 degree. The generated data of transformations is merely used during
batch training.

4.4. Proposed Method Implementation

The proposed method is implemented using python and keras. Images are organised is divided into
70 % for training and validation, and 25 % for testing. The training and validation set is further divided
into 70 % for training and 25 % for validation. Set each image from dataset one by one as the base for
selective search. Initialising fast selective search and getting proposed regions. Then, iterating over all the
first 2000 results passed by selective search and calculating IOU of the proposed region and annotated
region. One image can many negative sample (i.e. grass) and some positive sample (i.e. Rumex weed). We
require that we have good proportion of both positive and negative sample to train our model. Therefore,
we set collection maximum of 30 negative sample (i.e. grass) and positive sample (i.e. Rumex) from one
image. We will pass the datatset to the model and do transfer learning on the imagenet weight and
VGG16 model. The first 15 layers of the model is used. After that, we are taking out the second last
layer of the model and then adding a 2 unit Softmax dense layer as 2 classes should predict ( foreground
or background). After that, training is used Adaptive Moment Estimation (ADAM) with a mini-batch
size of 32. Training is conducted for a total of 100 epochs, with an initial learning rate of 1 x 10 2. The
epoch is equal 100.

The model has been created and prediction on that model has been done by passing the image from
selective search based on colour similarity. If the output of the model predict the region to be a foreground
image (Rumex weed) and if the confidence is above the defined threshold, the bounding box is created on
the original image on the coordinate of the proposed region. Figure-5 and Figure-6 illustrate the analysis
of the training accuracy and loss error rate of proposed model. It is observed that the performance of
this network increases slowly.
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Figura 5: The accuracy of model with X-axis is number of epoch and Y-axis is accuracy value.
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Figura 6: The loss of model with X-axis is number of epoch and Y-axis is loss value.

5. Results and Discussion

5.1. Evaluation Results

For performance, the proposed method is compared with the previous works. The effectiveness of the
ML and DL methods is tested to measure the validity of methods on a designated test problem. The
aim of the proposed method is to improve classification accuracy. It requires ample time to be trained
due to its dense layers. In this paper, quantitative measurement is used to quantify the robustness of the
proposed model. This works by comparing the predicted label with the ground truth label in context of
measurement, including accuracy , precision, recall, and Fl-score [27, 29]. The standard formula of these
measurement, is shown in the following Equations:

N B TP +TN @
Y = TP TN + FP+ FN
TP TP
Prescision = ————— - 2
rescision = FPRecall TP L FN (2)
Fl— Seore — 2Prescision X Recall (3)

Prescision + Recall

where: TP: is represented the total number of Rumex weeds classified in both ground truth and the
proposed model. FP: is represented the total number of non-Rumex weeds (grass) that are not classified
as ground truth images while classified as Rumex in the model. FN: is represented the total number of
Rumex weeds that are identified through the ground truth image and not identified through the proposed
model. TN: is represented the total number of non-Rumex that are not classified in both the ground truth
and the proposed model. We have compute the True-Positive Rate (TPR), and True-Negative Rate (TNR)
using the confusion matrix to make a fair comparison.

The R-CNN firstly extracts 2000 region proposals from the input image boxes can also be considered as
region proposals, labeling their classes and bounding boxes. The procedure is performed selective search
to extract multiple high-quality region proposals on the input image based on image luminance from
colour information. It uses selective search to identify a number of bounding box object region candidates
('regions of interest’), and then extracts colour information features from each region independently
for classification. The Selective Search works as:(a) Generate initial sub-segmentation by creating many
candidate regions; (b) Use greedy algorithm to recursively combine similar colour regions into large region;
(c) Use the generated regions to produce the final candidate region proposals. Region-based luminance
features is employed in this paper because they can produce more detailed colour information than
pixels. Firstly, we create the initial regions. Then, we iteratively group regions together using a greedy
algorithm: we calculate the similarities between all the adjacent regions. The two regions that share
the most luminance similarities are combined, and new similarities between the resulting region and its
neighbors are then identified. The most comparable regions are grouped repeatedly until the whole image
is reduced to a single region.
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The proposed model has achieved accuracy, precision, recall and Fl-score of 97.5%, 98.3 %, 97.3 %,
and 97.8 %. respectively based on parameters in confusion matrix, as shown on Figure-7.
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Figura 7: Confusion Matrix with parameters.

The proposed model has produced an accuracy when on RGB images 85.41 % and positive false
parameters is 14.59 %.

5.2. Comparing to Other Methods and Discussion

The proposed method is compared to several classification methods. These methods have been applied
to classify the Rumex weed plants from grass using real-world data.

The classification results of these methods using the standard evaluation metrics are illustrated in
Table-1. These metrics are applied to verify that each true positive pixel in the Domain of Interest (Dol)
has been precisely classified. The results in this table show that the Scale Invariant Feature Transform
(SIFT) feature-based system [11] has the lowest accuracy, precision, and F1l-score rates of all the tested
techniques due to the high FPR. That means it is inefficient to determine the non-Rumex weeds correctly.
In [12] the SURF feature-based system was proposed to overcome the issue of previous method by lowering
the FPR and False-Negative Rate (FNR), but it remains suffering from FPR sensitivity. The problem
is using vectors to extract features, which are inefficient in identifying the negative objects due to the
occlusion issue with Rumex weeds. The research of [24] proposed Overfeat CNN for feature extraction
with Extreme RF for classification. Such a method improves the classification capability by reducing
the FPR at a low rate. However, that method registered the highest FNR of all competing methods,
classifying the true positive (TP) plant. [19] used fine-tuned AlexNet for weed recognition. The method
did not produce sufficient results to recognize the true positive pixels due to overfitting. It was shown
that there were unbalanced results in the evaluation metrics of the same method. The accuracy of most
compared methods is high, while the F1l-score metric reported low-rate values. The proposed model
has also implemented based RGB colour information and the results have shown low performance in
comparison to using HSV colour information as input to the proposed model. As a result, our proposed
method achieves stable performance using the same standard metrics. The results of the proposed model
on precision and F1l-score are higher than other recent methods. In addition, our method achieved high
accuracy (97.5 %), which is higher than the individual methods to classify Rumex in different conditions.
However, it does not concentrate on a single issue such illumination, as used in [24] work. In comparison
in term of computational complexity and training time, R-CNN uses selective search algorithm to find
out the region proposals based colour information. Selective search is a slow and time-consuming process
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affecting the performance of the network. The time used to compute region proposals and features depends
on number of epoch (50 epochs require 3 hours of computation time, and 100 epochs require 6 hours).
We could not compare our model with other models in term of computational complexity due to using
different implementation environment.

Cuadro 1: Comparing proposed method with state-of-the-art methods using the same dataset

Methods F1-score | Accuracy | Precision | Recall
SIFT features-DL[11] 16.832 86.5 4.5 64.9
SURF feature [12] 19.29 88.2 5.2 66.4
overfeat CNN [24] 23.328 98.93 36.02 17.25
Alexnet+LogReg[19] 39.896 96.02 12.32 52.38
VGG-VD16+LogReg [1] 37.366 93.89 10.71 73.11
proposed model based RGB | 77.5 86.2 80.3 82.1
proposed model based HSV | 97.5 98.3 97.3 97.8

6. Conclusion

This work use R-CNN based color space for classification of Rumex weed in grassland. The R-CNNs
are designed to use features of HSV colour space information of Rumex images to produce classification
method with improved accuracy over current methods under various conditions of overlapping, occlusion,
varying in colour, and non-illumination. We have achieved higher performance than recent methods.
The results of the research have shown that colour of Rumex weed and data augmentation significantly
affects the accuracy of detection. However, some weed are not classified as Rumex weed and matched
the bounding well due to suffering from some diseases and maturity growing which affect the colour of
weed leading to deformation of the weed. Future works may consider focusing on using MASK R-CNN
deep learning techniques on big dataset to detect and classify these images employing improved feature
extraction based on works that have done in [4, 9] and consider the deformation of weed issue.
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