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Abstract: Grass weeds are considered one of the major pests that pose a challenge to
agricultural activity as they consume nutrients, space, and water. With advancements in
technology, these pests can be identified and removed. Using computer vision techniques,
we developed a grass weed management and control method. Identifying the species of
grass weeds enables the correct selection of weed control measures and decreases the use of
herbicides and weedicides. The YOLOV5 algorithm was used in this study. It was trained
using training images that were also captured as part of this study. These images were then
augmented, and Raspberry Pi was adopted to create a portable system. By successfully
training the YOLOV5 algorithm on four different types of grass weeds, the system achieved
an overall accuracy rate of 95.31% in detecting and identifying the target objects. The
developed system detects and identifies the four main types of weeds, contributing to the
improvement of weed control management.

Keywords: grass weed identification; YOLOS5; image processing; Raspberry PI; confusion
matrix

1. Introduction

Any plant unwanted in a particular area is called a weed. At present, administrators
are paying a lot of attention to maintaining the beauty of parks, gardens, city streets,
and agriculture fields. However, weeds are uncontrollable, attract insects, and cause
diseases and infestation. Weeds are competing with crops for nutrients, space, and water.
Consequently, they threaten landscape management. To manage and eliminate these
invasive weed species, computer vision techniques have been widely used and are often
employed alongside robotic arms and spraying mechanisms [1].

Currently, spraying chemical herbicides over an entire agricultural landscape is the
main method used for weed control management, which is costly. Apart from the finan-
cial costs, severe concerns arise due to the effect of chemical herbicides on biodiversity,
ecosystems, humans, and the health of the desired plants. Thus, it is important to remove
undesired weed species without the use of chemical herbicides [2].

Manually detecting and classifying weeds is exhausting and repetitive work. In
addition, there is a high possibility of miscalculating the amount of herbicide that should
be used due to human error. With the advancement of technology, particularly digital
image identification [3], image processing can be used for the direct recognition of objects,
the feasible utilization of target objects, and decreasing the probability of human mistakes.
Many studies have adopted object detection algorithms for the recognition of plants, weeds,
and plant diseases. Buenconsejo et al. [4] and Bacus et al. [5] developed models that use

Eng. Proc. 2025, 92, 86

https://doi.org/10.3390/engproc2025092086


https://doi.org/10.3390/engproc2025092086
https://doi.org/10.3390/engproc2025092086
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://doi.org/10.3390/engproc2025092086
https://www.mdpi.com/article/10.3390/engproc2025092086?type=check_update&version=1

Eng. Proc. 2025, 92, 86

20f7

convolutional neural network (CNN) algorithms for the identification of different leaf
diseases in Abacca and Carica Papaya. They used machine learning and deep learning for
the detection of all possible variations in the targeted environment. Ignacio et al. [6] and
Legaspi et al. [7] implemented detection methods for assessing the maturity of mangos
and tomatoes using a target detection network connected to Raspberry Pi. Their devices
successfully classified and identified the different crops. The images in the datasets were
extracted and labeled to generate annotation files and were used to construct a training
model based on the YOLOv3 model [8]. However, in the images with a significant amount
of non-target areas, the composite content of the background might be mistaken for a fruit,
resulting in inaccurate predictions. The advancement of image identification [9,10] and
deep learning [11,12] also significantly minimizes the human effort required.

However, there are few studies on grass weed identification systems that use Yolov5.
Furthermore, datasets related to weeds that exist on an online platform are required [13].
Therefore, we developed a system for detecting and identifying grass weeds using a pre-
trained model and transfer learning techniques. We used the You Only Look Once (Yolov5)
detection model to develop a device that uses a Raspberry PI microcontroller and its camera
module [14-17]. We trained the YOLOvV5 model for detection and identification, and the
accuracy of the system was validated using a confusion matrix. The system identified
four different types of grass weed species: Euphorbia Maculata, Eleusine Indica (L.) Gaertn,
Euphorbia Hirta L. and Tridax Procumbens. The system comprises a Raspberry Pi 4 [15-17],
a camera module v2, a screen display, and a power supply [18-20]. The output was the
common English name of the specific grass weed.

Lastly, the Philippines contains rainfed lowlands and is located in an agro-ecological
zone. Therefore, it is valuable to implement an effective weed management system to remove
invasive grass weed species from this area. By distinguishing between different species of
weeds using the developed system, appropriate weed control measures can be formulated.

2. Methodology
2.1. Research Methodology

Grass weeds harm the environment because they decrease the nutrients available for
crops and block seedlings from seeing sufficient light. To develop a solution to the problem,
we created a system for detecting and classifying grass weeds in real time, with a Raspberry
Pi camera and YOLOV5 algorithm used to identify weeds conveniently. We selected the
appropriate software and hardware. The performance of the system was evaluated using a
confusion matrix, and its accuracy in correctly identifying types of weeds was determined.

Figure 1 shows the research framework of this study. The captured image was pro-
cessed by the algorithm and displayed in a grass-bounding box for identification. The
YOLOVS5 algorithm was trained using a large dataset for object detection and identification.
This algorithm underwent transfer learning. The dataset consisted of images of the four
different types of grass weeds. The output of the system showed that the identification
labels and bounding boxes of the region of interest (ROI) were based on the real images
captured by the camera.

Input Process Output
|| - Processing training > Detc’jction_ and
Image of the images for labals and Identification of
Grass Weed bounding boxes the Grass Weed
- Utilization of Species in
YOLOw3 Alzorithm Real-Time

Figure 1. Research framework.
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2.2. Hardware Development

The system consisted of a Raspberry Pi microcontroller, a 7-inch touchscreen, an
uninterruptible power supply, a 32 GB Samsung MicroSD Card, and a camera module v2.
The system was designed to be portable. The MicroSD card was used to load the operating
system (OS), while the power supply provided a constant power source. The power supply
module was equipped with a recharging function, and its output power was 5V and 3 A.
Two 3.7 V 18650 Li-ion rechargeable batteries were added. The camera module was used to
capture real-time images. The images were processed by the Raspberry Pi 4 microcontroller.
An LCD was used to display the result output by the system in real time.

2.3. Software Development

When an image was captured by the camera, the system’s algorithm processed and
displayed the weed’s bounding box and identification. The YOLOVS5 algorithm was used
to identify the green weed species.

The YOLOVS algorithm was trained with an image dataset that was created using a
collection of images captured during this study and ones collected from an online database,
GBIF. All images were augmented to increase the number of images in the training dataset.
Each different weed category contained 500 training images. The images were annotated
with labels and bounding boxes using Roboflow. Their features were extracted by rotating,
flipping, and zooming in on the images. Afterward, the training dataset was exported
in the YOLO format and used for training the algorithm. Next, YOLOv5 was modified
to allow it to classify images into the four weed categories using transfer learning. The
YOLOV5 algorithm performed object detection and was trained with the training dataset
using Google Colab. Once the training was finished, the algorithm displayed an output
that detected and identified the target object (Figure 2).

Utilization of
YOLOv5 Algorithm

Predicts the Bounding
Box of the target object

|

Predicts the label of the
target object

Is the
target object
detected?

Yes

Qutputs bounding box ‘
/ and label / Display nothing
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i

Figure 2. YOLOVS5 algorithm.

3. Experimental Set-Up

After ensuring that there were no hardware defects, an experiment was conducted in
real-world settings. The system was used to capture an image at a distance of 10 inches
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from the object (Figure 3). Table 1 shows the number of images that were taken at the

testing site.

Raspberry Pi 4 Microcontroller

Raspberry Pi 7-inch

Raspberry Pi Touchscreen Display

Camera Module v2 g

Target Grass
Weed Sample

PiPower Module
(Battery Mount)

< Ground

Figure 3. Device set-up and method used for capturing images.

Table 1. Data collected during prototype testing.

v

Grass Weed Species Data Collected
(A) Euphorbia maculata (Spotted Spurge) 69
(B) Eleusina indica (L.) Gaertn (Goosegrass) 30
(C) Euphorbia hirta (Asthma Plant) 20
(D) Tridax procumbens (Coat Buttons) 73
Total 192

4. Results and Discussion

Figure 4 shows how the system was used. The algorithm was run on the Thonny

software of the Raspberry Pi 4 system, and the graphical user interface (GUI) was displayed

on the screen. The grass weed was identified as Tridax procumbens (Coat Buttons), which

was correct.

Figure 4. Testing of developed system.
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Figure 5 shows the GUI that displayed the Raspberry Pi camera’s feed when the
system was used to identify the target grass weed.

# s Weed Detacicn &

YOLOV5 Grass Weed Detection Tool

1B S

S

Figure 5. System’s GUIL

The confusion matrix (Table 2) below shows the identification results generated by
the system. The confusion matrix shows that Weed D (Tridax procumbens) had the largest
number of data points collected, whereas Weed C (Euphorbia hirta) had the smallest number.
Accurate identifications were made by the algorithm, as were several incorrect identifica-
tions. We computed the accuracy of the system using (1).

4
_1 A
Accuracy = anfﬁ * 100 1)
LA
i=1+4%]
=1
Table 2. Confusion matrix.
Identification
N =192
Weed A Weed B Weed C Weed D
Weed A 68 1
Weed B 29 1
Ground truth
Weed C 6 14
Weed D 1 72

There were 183 correct predictions out of a total of 192 grass weed samples. The overall
accuracy of the YOLOVS5 algorithm was 95.31%. Table 2 displays the confusion matrix of
the system.

5. Conclusions and Recommendations

We developed a system for identifying weed species, specifically four types of weed,
using the YOLOVS5 algorithm and Raspberry Pi. The developed algorithm showed an
overall accuracy of 95.31%. The YOLOVS5 algorithm performed effectively when compared
with previous YOLO models. It is necessary to include more data in the dataset used to
train the algorithm. Future research is essential to increase the algorithm’s accuracy rate. A
different algorithm needs to be developed for the identification of other grass weed types.
An improved microcontroller is required for better processing power than that granted by
Raspberry Pi 4. An improved camera module with a higher resolution would improve the
object detection ability of the system.
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