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ABSTRACT

Weeds are a common issue in agriculture. Image-based weed identification has regained popularity in recent
years as computing power increases. Researchers have successfully applied weed detection in the crop field and
have combined the sensor (e.g.camera) and mechanical such as robotic weeders to get the location of the weeds.
Meanwhile, many studies also have been conducted on the two classifications between grass and weed. However,
there is no excellent and comprehensive weed dataset in reality because weeds are always similar and difficult to
obtain by non-specialists. Moreover, it is challenging to identify weeds from grasslands for their similar colors,
sizes, and shapes. In this paper, our goal is to build a natural and effective dataset to train the classifier by
extracting features of weeds so that weeds can be accurately identified and quickly located. We investigate three
weeds (Bitter Gentian, Hawk’s Beard, Pedunculate) relatively common in grasslands. Then, we select the typical
grassland dominated by the above weeds for data collection. A natural and effective dataset is built and has
generality in the scene of actual grassland. Secondly, we extract image features, including Color, Histogram,
and orientation gradient histogram(HOG), and make various combinations to accurately and comprehensively
reflect the actual characteristics of weeds. Thirdly, we propose a ”core zone” algorithm to locate the weeds.
The algorithm mainly adopts technology in image processing, such as threshold segmentation and morphological
transformations. Experiments show that our binary classifier is more accurate than the comparison method, and
the accuracy of the multi-classifier is also high. In addition, the algorithm for weeds location is more efficient
than the comparative method.
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1. INTRODUCTION
Weeds are a common issue in agriculture. Weeds compete for environmental resources such as nutrients, sunlight,
and soil, which affect crop fields’ production and grassland integrity. Weeds are similar to crops and grasses,
appearing as individuals or patches among crop fields and grassland. To prevent the problems caused by weeds,
people usually remove them manually, which encounters the problem of labor shortage. The application of
herbicides proves the utility in removing weeds, but it also leads to environmental pollution, human health, and
herbicide resistance issues.1
The combination of the sensor(e.g.camera) and mechanical applied in precision agriculture (PA) for Yield Prediction, Disease Detection, Weed Detection, Crop Quality efficiently improves the production.2 Robotic weeders
play an essential role in intelligent weeds management which have two major components: weeds detection and
weeds removal.3
However, the latest commercial robotic weeders widely depend on traditional technology to differentiate weeds
and vegetations by color, size, the ratio of infrared to red light reflectance, and crop row planting pattern.11
Automatic detection relying on non-visual spectral sensors such as infra-red and full hyper-spectra is more
expensive than simple visual cameras. At the same time, weed detection based on simple image processing
methods can work perfectly in typical situations with noticeable color, size, and texture differences but is not
perfect for severe visual occlusions.
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Commercial robotic weeders and studies distinguish between crops and weeds that grow in flat, row-crop
environments, unlike weeds in grasslands, where everything is green8 , which brings more difficulties to the task
of weed identification. Researchers have successfully applied weed detection in food and vegetable crops (such as
soybean, lettuce, tomato, and rice).4, 5 In less-favored area grassland weed recognition, Jialin Yu et al.6 and T.
Kounalakis et al.7 have studied on identifying weeds from their surrounding environment (grassland). A. Binch
and C.W. Fox8 classified two major weeds (Rumex and Urtica) and grass with the background of grassland as
well as the early work identified weeds (Rumex) from lawns.9
Machine learning is a technology that gives the computer the ability to learn without being strictly programmed.12 Machine learning widely applied in agriculture such as yield prediction,13 disease detection,14 weed
detection citepantazi2016active. There are three main machine learning, including Supervised Learning, Unsupervised Learning, and Reinforcement Learning. Supervised learning is widely used in image classification,
which uses labeled images to predict another one. The most famous algorithms in supervised learning are Support
vector machine(SVM), Convolutional Neural Network(CNN).
Support vector machine(SVM) was proposed by Cortes and Vapnik20 that the vectors in the low-dimensional
space are transformed by the kernel function mapped to a very high-dimension feature space to find a hyperplane
to solve the classification problem. Unlike CNN, which directly uses the image as the input and needs strong
computing power, SVM is very time-saving, especially in poor computing power laptops such as Raspberry Pi
which are necessary as part of the machine. Specifically, SVM is more suitable for mobile devices, which can
be applied in commercial robotic weeders. With its fast and efficient algorithm, SVM is widely used for image
classification in weed identification.8, 16–19
The Histogram of Oriented Gradients (HOG) can portray the outline of the main object in the image through
gradient data. Navneet Dalal and Bill Triggs21 proposed HOG for image feature extraction, which has achieved
better results in pedestrian detection with linear SVM than SIFT descriptors22 and the Haar wavelet.23 Kavir
Osorio et al.19 first combined SVM classifier and HOG feature extraction technology for weed detection in lettuce
crops, and the result showed that accuracy is 79%.
However, it is not enough to only obtain the classification in grassland. It is crucial to identify the individual
target to use the most appropriate management tools to achieve effective weed control. Thus, weed species
identification is the fundamental of choosing a suitable weeds removal mechanism and dosage for spraying.10 It
is difficult for non-experts to construct a standard weed dataset because weeds are similar and vary from place
to place. This paper selects three common weeds and grass in grassland to build datasets and test the feasibility
of the multi-classification task of weeds and compares the results with two (weeds and grass) classification task.
Meanwhile, real-time calculation of weed coordinate information is significant for weed detection technology
transformation to application. Raspberry Pi is very small and can be easily used with a touchscreen to form
an all-in-one machine, making it very suitable as the core processor for a robot. Instead of scanning the entire
grassland first, then delivering the information to the computer for analysis, Raspberry Pi with an RGB camera
can do the real-time automatic weed detection. Furthermore, this paper proposed a new method to obtain weeds
coordinates for weeds removal operations.
The contributions of this paper can be summarized as follows:
• We collect images of three weed species (Bitter Gentian, Hawk’s Beard, Pedunculate) and grass in natural
scenes to construct two factual datasets without invalid or redundant data and has generality in the scene
of actual grassland. The datasets are used to train a binary classifier and a multi-classifier for weed and
grass classification.
• We extract features combined with actual scenes, including pixel colors such as RGB(Red, Green, Blue)
and HSV(Hue, Saturation, Value), Histogram and Histogram of Oriented Gradients (HOG) in each dataset.
We take different feature combinations, allowing these features to reflect the differences between weeds and
grasses more effectively and comprehensively.
• We propose a novel algorithm called ’Core zone’ to obtain weeds’ coordinates, which can be used on mobile
devices (such as Raspberry Pi) in real scenarios for weed identification in real time. Experiments show
that our algorithm is more efficient than the comparison method.

2. METHODOLOGY
This paper aims to apply the SVM classifier to weeds classification both in binary and multi-class classification.
The feasibility of classification for more than two weed species in grassland and a novel method to detect the
location of the weed for the vision system will be presented.

2.1 Procedure
Training a classifier for classification is the first step, and the location of the weed is the second step to building
a weed detection system in machine learning. The main process is as follows:
(1) We collect weed images and divide them into training and test datasets. The training dataset is used to
train the classifier, and the test dataset is used to judge the model’s accuracy.
(2) Extracting image features: We use image processing methods to obtain the required color, contour, and
orientation gradient histogram (HOG) and other feature information from the image.
(3) We select SVM as a classifier and train it to be a weed-grass classifier.
(4) We evaluate the SVM model with the test dataset.
(5) Weed coordinates can be predicted and located.

2.2 Image Acquisition
The test field of weeds in the grass is located on the campus of Zhejiang Gongshang University. It is a typical
urban grassland dominated by three main weeds: Bitter Gentian, Hawk’s Beard, Pedunculate in Figure1(a)(b)(c).
Figure1(d) shows the image of grass. Real grass guarantees maximum realism and avoids the problems of
artificially growing weeds or transplanting weeds from other places that can cause weeds to wilt and be destroyed.
The Pi camera in Raspberry Pi is mounted in the weeding robot under development, perpendicular to the
ground at the height of 210mm to capture images. The collection is carried out in two times, at 2 pm on
November 2, 2021, and at 4 pm on December 5, 2021, taking into account the impact of the illumination angle
on the image and the complexity of lawn weeds. After some simple adjustments, 428 images with the size of
128*256 and JPG format are collected, including 115 images of Bitter Gentian, 88 images of Hawk’s Beard,
78 pictures of Pedunculate, and 147 pictures of grass. Two datasets are built based on the collected images
containing training and test datasets with a ratio of 30%. One dataset for both (weed and grass) classification
tasks, including 147 grass images and 281 weed images (Bitter Gentian, Hawk’s Beard, Pedunculate), as shown
in Table 1. Another dataset for multi-classification tasks, including 115 images of Bitter Gentian, 88 images of
Hawk’s Beard, 78 images of Pedunculate, and 147 images of grass, as shown in Table 2.
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Figure 1. Image acquisition. (a)The image of weed Bitter Gentian. (b)The image of weed Pedunculate. (c)The image of
weed Hawk’s Beard.(d) The image of Grass.

Table 1. Weed-grass classification dataset.

Dataset

Training dataset

Test dataset

Total

Grass
Weeds
Total

56
243
299

91
38
129

147
281
428

Table 2. Multi-classification dataset.

Dataset

Training dataset

Test dataset

Total

Bitter Gentian
Hawk’s Beard
Pedunculate
Grass
Total

78
59
54
108
299

37
29
24
39
129

115
88
78
147
428

2.3 Feature Extraction
The feature extraction is vital for training a classifier for image classification. Combining past research methods
and future applications, Color features, Histogram feature, and HOG feature are selected.
Color is the most primitive feature of an image. Common color spaces in the digital image field are RGB(Red,
Green, Blue), HSV(Hue, Saturation, Value), YCbCr, and Lab. HSV describes color through hue, saturation,
and value as Figure2(a) shown. For many scenes, HSV’s color description is more intuitive. The RGB color
space obtains various colors by superimposing red, green, and blue color channels as Figure2(b) shown. Both
RGB and HSV are tested in the experiment to train a better classifier.
A histogram graph or plot shows the image’s intensity distribution as Figure2(c) shown.
The HOG feature can describe the outline of the main object in the picture through gradient information.
The steps are as follows. First, it divides the image into many small rectangular regions (called Cells) and
calculates their gradient histograms. Then, the cells are formed into large overlapping blocks, normalized, and
combined sequentially to obtain the HOG features of the image. Therefore, the HOG feature is not sensitive to
changes in brightness and shapes, as Figure2(d) shown.
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Figure 2. Feature Visualization. (a) Color of HSV (b)Color of RGB (c) Histogram plot (d) HOG

2.4 ’Core zone’ Method
Traditional object detection algorithms usually use sliding windows to obtain the coordinates of objects in the
picture. The part of the image which overlaps with the window is taken and fed into the trained weed classifier
to determine whether a weed is in it or not. Next, slide the window and repeat this process until the window

crosses the entire area in the image. When the sliding window detects weeds, the center position of the window
is regarded as the coordinates of the weeds. This method is very time-consuming, so a new method based on
image processing called ’Core zone’ is proposed in this paper.
The flow chart of the Core zone method is shown in Figure3(a). The specific process is as follows: first,
convert the picture to the super green channel,26 and then select Otsu’s binarization method27 to remove the
background. Use Morphological transformations31 to process ornamental grass pixels. After 2 Erosion and
2 Dilation operations, the weeds are separated from the grass. Next, use the functions in OpenCV (like the
cv.findContours()) to keep and crop the contour with the largest area as Figure3(b) shown. Then the trained
weed classifier predicts the presence of weeds in the area. If there is weed, output the center mass of the biggest
area as coordinates.

Figure 3. (a) The flow chart of ’Core zone’ method (b) Find the largest area in OpenCV

3. EXPERIMENT
3.1 Experimental Environment
Experiments on the datasets are based on the operating platform Google Colab and the Machine learning library
Sklearn. In this experiment, the kernel of radial basis function (RBF) is selected to train the SVM classifier
according to the complexity of the weed image. We set the variable C to 1 and the other variables to default
values. Moreover, we test six different combinations of features in the experiment. The parameters of HOG
feature are set to: blockSize(8,8), cellSize(2,2), orient = 9.
In this experiment, Accuracy, Precision, Recall, F1 score, and Confusion matrix are chosen as evaluation
indicators in both classifiers. Receiver Operating Characteristic (ROC) Curve is a visualization tool for evaluating
classification models. AUC (Area Under Curve) is the area under the ROC curve that can quantitatively reflect
the model performance. ROC and AUC are both used for multi-classifier evaluation.

3.2 Compared Methods
Many scholars have researched the SVM classifier combined with different features in weed classification.
(1) Binch.8 They used SVM classifer and extracted the features of texture, frequency spectra to train the
classifier between Grass and Weed (including Rumex or Urtica).
(2) Kavir.19 They combined SVM classifier and HOG feature extraction technology for weed detection in
lettuce crops.

3.3 Results of the Experiment
This experiment results demonstrate the superiority of the binary classifier in weed-grass classification and ensure
the feasibility of a multi-classifier for individual weeds detection in grassland.
Table 3 shows the different results of feature combinations. The binary classifier based on features of RGB
color, Histogram, and HOG feature achieves the highest accuracy of 96.12%. The most likely reason for such
high accuracy is that the dataset is clearly classified, and there is no erroneous, redundant information. The
table also shows that the HOG feature overlay color feature works better than only using HOG.
Table 3. Results of weed-grass classification with different feature combinations.

Feature Combination

Accuracy

Grass
F1-score

Weed
F1-score

HSV+Histogram+HOG
RGB+Histogram+HOG
Histogram +HOG
HSV+HOG
HSV+Histogram
HOG

0.9457
0.9612
0.9380
0.9457
0.9225
0.9380

0.96
0.97
0.95
0.96
0.94
0.95

0.92
0.94
0.91
0.92
0.88
0.91

Table 4 shows the details of the binary classifier with the feature of RGB, Histogram, and HOG in weed and
grass classification. The precision and recall of grass are 95% and 99%, and the precision and recall of weeds are
98% and 91%, and the average accuracy is 96.12%. The reason for the high accuracy is that weeds and grasses
are two diametrically opposite shapes and are easy to distinguish.
Table 4. Detailed results with the feature of RGB+Histogram+HOG.

Target

Precision

Recall

F1-score

Grass
Weeds
Average

0.95
0.98

0.99
0.91

0.97
0.94

Accuracy

0.9612

Table 5 shows the binary classifier achieves better performance than Binch’s work8 based on SVM and features
of texture and frequency spectra as well as Kavir’s work only combined SVM and HOG.19
Table 5. The comparison of different method.

Method

Target

Classifier

Feature

Accuracy

Precision

Binch’s

Grass and Weed

SVM

Texture, Frequency spectra

82.88%

Kavir’s

Lettuce and Weed

SVM

HOG

79%

Our’s

Grass and Weed

SVM

RGB+Histogram+HOG

96.12%

87.1% of grass
78.7% of weed
95% of grass
98% of weed

Table 6 shows the different results of feature combinations in multi-classification. The multi-classifier based
on features of HSV color, Histogram, and HOG feature achieves the highest accuracy of 78%. The selection of
feature combinations plays an important role in model performance. The feature of HSV color is better than
RGB color in multi-classification of weeds and grass, which got 12% higher than RBG color space. Extraction
of color is essential since the model’s accuracy without the color feature gets 16% lower than the model with the
HSV color feature.
Table 6. Multi-classification of different feature combination result.

Feature Combination

Accuracy

Bitter Gentian
F1-score

Hawk’s Beard
F1-score

Pedunculate
F1-score

Grass
F1-score

HSV+Histogram+HOG
RGB+Histogram+HOG
Histogram +HOG
HSV+HOG
HSV+Histogram
HOG

0.78
0.67
0.67
0.62
0.73
0.67

0.82
0.77
0.72
0.69
0.76
0.64

0.72
0.48
0.48
0.51
0.52
0.17

0.62
0.50
0.57
0.40
0.49
0.68

0.86
0.78
0.80
0.69
0.89
0.90

Table 7 shows the details of the muti-classifier with the feature of HSV, Histogram, and HOG. The model
achieves an average accuracy of 78.29%. Grass and Bitter Gentian perform very well for their clear and distinct
outline, in that the Bitter Gentian achieves the precision and recall of 74% and 92%, and Grass achieves the
precision and recall of 79% and 95%. The precision and recall of Hawk’s Beard are 86% and 62%, respectively.
The precision and recall of Pedunculate are 80% and 50%, respectively.
Table 7. Detailed results of multi-classifier with the feature of HSV+Histogram+HOG.

Target

Precision

Recall

F1-score

Bitter Gentian
Hawk’s Beard
Pedunculate
Grass
Average

0.74
0.86
0.80
0.79

0.92
0.62
0.50
0.95

0.82
0.72
0.62
0.86

Accuracy

0.7829

Figure 4. The confusion matrix of multi-classifier. Class 0 represents Bitter Gentian. Class 1 represents Hawk’s Beard.
Class 2 represents Pedunculate. Class 3 represents Grass.

Figure4 shows the confusion matrix of the multi-classifier. The samples labeled Hawk’s Beard and Pedunculate are misclassified the most in the confusion matrix. Among them, 7 Pedunculate samples are misclassified as
Bitter Gentian and 5 of Hawk’s Beard samples are misclassified as Grass. Grass and Bitter Gentian’s samples
have fewer false positives and perform well.

Figure5 shows the ROC curve, the multi-classifier performs well. The AUC of the micro-average is 0.92, and
the macro-average is 0.91. The class of Grass achieves the highest AUC of 0.98.

Figure 5. ROC curve of multi-classifier. Class 0 represents Bitter Gentian. Class 1 represents Hawk’s Beard. Class 2
represents Pedunculate. Class 3 represents Grass.

3.4 Speed test in Raspberry Pi
Using a multi-classifier trained previously to test the speed of the sliding window and core zone methods in the
Raspberry Pi, the results are shown in Table 8. The detection speed of the core zone on the Raspberry Pi is 0.6
seconds which is nine times faster than the sliding window.
A real-time object detection application is achieved by combining a novel algorithm ’Core zone’ and a multiclassifier. The algorithm has a short training time and can be directly trained on the Raspberry Pi, reducing
the pre-training model’s moving from one end to the other.
Table 8. The speed of the trained classifier on the Raspberry Pi.

Method

Time (seconds/each)

Core zone
Slide window

0.6
5.3

4. CONCLUSION
In this paper, we build two datasets to train a binary classifier and a multi-classifier for weed and grass classification. Compared to previous work, the binary classifier achieves better performance. Meanwhile, it is feasible
to identify multiple species of weeds individually from the evaluation data of the multi-classifier. This work
paves the way for subsequent selection of treatment options based on weed species. The performance of different
combinations of features, including pixel color (such as RGB and HSV), Histogram, and HOG are evaluated in
each classifier. The results showed that combining the three types of features can achieve better performance
of classifiers than only one or two features. The Core zone algorithm is proposed to obtain the coordinates of
weeds which is nine times faster than the traditional method in Raspberry Pi. This work lays the foundation for
subsequent weed identification systems.
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