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Abstract— Agriculture faces significant challenges due to the growth
of weeds, which compete with crops for essential resources such as
nutrients, water, and sunlight, thereby reducing overall yield. This
project presents a smart selective weeding machine that utilizes image
classification techniques to distinguish between crops and weeds in real
time. A camera captures live images, which are processed using a
trained machine learning model implemented with TensorFlow Lite.
Based on the classification results, the system controls a robot via
Arduino: the robot moves forward when crops are detected and stops
when weeds are identified. For demonstration reliability, a timed
control mechanism is also incorporated. This project demonstrates the
effective integration of computer vision, machine learning, and
embedded systems to provide a low-cost and efficient solution for
precision agriculture.
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I. INTRODUCTION
Agriculture is a fundamental sector that supports the livelihood of a
large portion of the global population. One of the major challenges
faced by farmers is the uncontrolled growth of weeds, which
compete with crops for nutrients, water, sunlight, and space. This
competition significantly reduces crop yield and increases the need
for manual workforce and chemical herbicides, both of which are
costly and can have negative environmental impacts.
Traditional weeding methods are workforce-intensive, time-
consuming, and often inefficient, especially in large-scale farming.
With advancements in technology, there is a growing need for
intelligent and automated solutions that can assist farmers in
managing weeds more effectively.
This project introduces a smart selective weeding machine that uses
image classification to identify weeds and crops in real time. A
camera captures images of plants, and a machine learning model
processes these images to classify them. Based on the classification
result, the system controls a robot that moves forward when crops
are detected and stops when weeds are identified. The system
integrates computer vision, machine learning, and embedded
hardware to provide an efficient and low-cost solution.
This approach not only reduces manual effort but also demonstrates
the potential of artificial intelligence and robotics in modern
agriculture, paving the way for more advanced precision farming

techniques.

1. OBJECTIVES
a) To develop a system that can accurately distinguish between
crops and weeds using image classification techniques
b) To implement real-time plant detection using a camera and
machine learning model
c) To control the movement of a robot based on detection
results (move for crops and stop for weeds)
d) To reduce manual workforce involved in traditional
weeding methods
e) To demonstrate the integration of artificial intelligence with
embedded systems
f) To provide a low-cost and efficient solution for smart
agriculture applications

I1l. RELATED WORK
In recent years, several research efforts have focused on
applying artificial intelligence and robotics in agriculture,
particularly for weed detection and management. Traditional
approaches relied on manual weeding or chemical herbicides,
which are workforce-intensive and can negatively impact the
environment. To overcome these challenges, researchers have
explored automated and intelligent solutions.
Image processing techniques have been widely used for plant
classification, where features such as color, texture, and shape
are analyzed to differentiate between crops and weeds.
However, these methods often lack accuracy under varying
lighting and environmental conditions.
With the advancement of machine learning, especially deep
learning, Convolutional Neural Networks (CNNs) have shown
significant improvement in image classification tasks. Several
studies have used CNN-based models to identify weeds in
crop fields with higher accuracy and robustness. Platforms
like TensorFlow and TensorFlow Lite have enabled the
deployment of such models in real-time systems.
Robotic systems for precision agriculture have also been
developed, where autonomous vehicles are used for tasks such
as planting, monitoring, and weeding. Some systems integrate
cameras and sensors to detect weeds and perform actions like
spraying herbicides or mechanical removal.
This project builds upon these advancements by combining
image classification with a simple robotic platform. Unlike
complex and expensive systems, it provides a low-cost and
practical solution using a laptop-based model and an Arduino-
controlled robot. The integration of real-time detection and
hardware control demonstrates an effective approach toward
smart and automated agriculture.
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IV. HARDWARE COMPONENTS
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V. SOFTWARE COMPONENTS

Hardware - Software -
S.no | Component Specification S.no | Component Specification
1. Arduino Uno | ATmega328P microcontroller, operates at 1 Python High-level programming language
5V with 16 MHz clock; used as the main used for implementing image
controller to receive signals from the laptop classification and controlling the
and control robot movement system logic
2. Motor Driver / | L293D driver, operates at 4.5V-12V with 2. TensorFlow Lightweight machine learning
Motor Shield | up to 600 mA per channel; used to drive Lite framework used to run the trained
DC motors and control their direction image classification model in real
time
3. DC Motors Geared motors operating at 6V-12V with L
100-300 RPM: used for forward 3. OpenCV Computer vision library used for
movement of the robot image capture, processing, and
display
4. Robot Chassis | Two-wheel drive base (plastic/metal); . . .
provides structural support for all 4, Arduino IDE Software used to write, comp!le,
components an_d upload code to the Arduino
microcontroller
5. Battery Pack 6V-12V supply (Li-ion or AA batteries); 5. Teachable Web-based tool used to train the
used to power motors and motor driver Machine image classification model with
crop and weed images
6. Ultrasonic HC-SR04 sensor with 2-400 cm range, . . .
Sensor operates at 5V; used for obstacle detection 6. PySerial Python _I|br_ary used for serial
(Optional) communication between laptop and
Arduino
7. Servo Motor | SG90 micro servo, operates at 4.8V-6V
(Optional) with 0°-180° rotation; used to rotate the
sensor VI. METHODOLOGY
The proposed system is designed to perform real-time weed
detection and control a robotic platform using image
classification techniques. The overall methodology involves
. I multiple stages, including image acquisition, preprocessing,
8. USB Cable tJe?\?erﬁaB t(;abger; dusAer(LLci)rr]gommunlcatlon model inference, decision-making, and hardware control.
ptop Initially, a camera connected to the laptop continuously
captures real-time images of plants in the field. These images
are then processed using image processing techniques, where
each frame is resized and converted into a format suitable for
. . - ] the machine learning model. This preprocessing step ensures
9. Laptop  with | System with built-in Webca_m, u_sed to run that the input matches the dimensions and data type required
Camera Al model and capture real-time images
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by the trained model, thereby improving prediction accuracy.
The system uses a machine learning model developed using
Teachable Machine and deployed through TensorFlow Lite.
The model is trained on labeled datasets containing images
of crops and weeds.
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During execution, each captured image is passed to the model,
which performs classification and outputs probability scores for
both crop and weed classes. Based on these probabilities, the
system determines the most likely class using a predefined
threshold, enabling more reliable and controlled predictions.
Once the classification is completed, the Python program
performs decision-making. If the detected class is crop, the
system generates a command to move the robot forward. If the
detected class is weed, the system generates a command to stop
the robot. These commands are transmitted from the laptop to the
Arduino microcontroller using serial communication via a USB
connection.

On the hardware side, the Arduino continuously listens for
incoming serial data. Upon receiving the command, it interprets
the signal and controls the motor driver accordingly. The motor
driver then regulates the movement of the DC motors, enabling
the robot to either move forward or stop based on the received
instruction.

This integrated approach effectively combines computer vision,
machine learning, and embedded systems to create a smart and
automated solution for weed detection in agriculture.
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Fig. 1. Block Diagram
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The block diagram illustrates the working of the smart
selective weeding system, which integrates image processing,
machine learning, and hardware control. Initially, a camera
connected to the laptop captures real-time images of plants in
the field. These images are then processed using OpenCV to
resize and prepare them for classification. The processed
images are passed to a machine learning model implemented
using TensorFlow Lite, which classifies them as either crop or
weed. Based on the classification result, a decision is made in
the Python program, where crop detection results in a
command to move the robot forward, while weed detection
results in a command to stop the robot. This decision is
transmitted to the Arduino through serial communication
using the PySerial library. The Arduino receives the command
and controls the motor driver accordingly. The motor driver
(L293D) powers the DC motors and regulates their movement.
As a result, the robot performs the required action by moving
forward when crops are detected and stopping when weeds are
identified. This complete process enables real-time automated
weed detection and robot control.

VII. CONSTRUCTION
The construction of the smart selective weeding robot involves
assembling both hardware and software components into a
functional system. The robot is built on a two-wheel drive
chassis, where DC motors are mounted and connected to a
motor driver (L293D). The motor driver is interfaced with the
Arduino Uno, which acts as the main control unit. A battery
pack is connected to the motor driver to provide sufficient
power for motor operation, while the Arduino is powered
through a USB connection from the laptop.
All components are securely mounted on the chassis to ensure
stability during movement. Proper wiring is done between the
Arduino, motor driver, motors, and power supply. A camera
(laptop webcam) is used to capture real-time images of plants,
eliminating the need for an external camera module.
On the software side, the system is developed using Python,
where image processing and classification are performed
using OpenCV and TensorFlow Lite. The Python program
communicates  with  the  Arduino  through  serial
communication using the PySerial library. Based on the
commands received, the Arduino controls the movement of
the robot.
Thus, the construction combines mechanical assembly,
electronic interfacing, and software integration to create a
complete working system for weed detection and robot
control.

VIIl. MACHINE LEARNING MODEL

The machine learning model used in this project is based on
image classification using a Convolutional Neural Network
(CNN). The model is trained using labeled images of crops
and weeds collected from different angles and lighting
conditions. The training process is carried out using Teachable
Machine, which provides an easy-to-use platform for building
and exporting models.

After training, the model is exported in TensorFlow Lite
format, which is lightweight and suitable for real-time
applications.
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During execution, the captured images are pre-processed and fed
into the model, which outputs probability scores for each class
(crop and weed). Based on these probabilities, the system
determines whether the input image corresponds to a crop or a
weed.

The use of TensorFlow Lite ensures faster inference and
efficient performance, making it suitable for integration with
embedded systems. This model plays a crucial role in enabling
intelligent decision-making in the proposed system.

IX. RESULTS AND DISCUSSION
The developed smart weed detection system was tested using
real-time camera input with coriander as crop and mint as weed.
The trained machine learning model successfully classified the
plants and displayed the corresponding results, including label,
accuracy, coordinates, and robot action.
During testing, the system achieved high prediction accuracy,
with values reaching above 95% for both crop and weed classes
under controlled conditions. As shown in the results, when
coriander was presented to the camera, the system correctly
identified it as CROP, highlighted it with a green bounding box,
and indicated the robot action as MOVE. Similarly, when mint
was shown, it was accurately classified as WEED, marked with
a red bounding box, and the robot action was displayed as
STOP.
The use of colored bounding boxes improved visual
interpretation, making it easier to distinguish between crop and
weed in real time. The coordinates displayed on the screen
represent the center of the detected region, demonstrating basic
localization capability. The system response was fast and
consistent, indicating efficient integration of image processing
and classification.
However, it was observed that the accuracy of the system
depends on factors such as lighting conditions, background
variation, and similarity between plant features. Since coriander
and mint have relatively similar visual characteristics, the model
requires a well-balanced and diverse dataset to maintain
reliability in different environments.
Overall, the results demonstrate that the proposed system is
capable of performing real-time plant classification and
decision-making. The integration of computer vision with
robotic control provides a practical and low-cost solution for
automated weed detection, with potential for further
improvement using more advanced models and larger datasets.

Plant Classification Accuracy
Coriander Crop 96.7 %
Mint Weed 98.2 %

Table. 1. ML Results
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Accuracy: 96.7%

Robot: MOVE

Fig. 2. Crop Detection

Accuracy: 98.2%

Robot: STOP

Fig. 3. Weed Detection

X. CONCLUSION
The proposed smart weed detection system demonstrates the
successful integration of machine learning, computer vision,
and robotic control for agricultural applications. The system is
capable of identifying plants in real time using a camera and
classifying them as crop (coriander) or weed (mint) with high
accuracy. Based on the classification result, appropriate
actions are determined, where the robot moves forward for
crops and stops for weeds.
The implementation shows that even a simple image
classification model can effectively perform plant recognition
when trained with a suitable dataset. The addition of visual
outputs such as bounding boxes, accuracy, and coordinates
enhances the interpretability and usability of the system. The
results confirm that the system performs reliably under
controlled conditions, with quick response time and consistent
predictions.
However, the performance of the model is influenced by
environmental factors such as lighting, background, and
similarity between plant species. This highlights the
importance of using a diverse and well-structured dataset for
improving real-world accuracy.
In conclusion, the project provides a cost-effective and
efficient approach to automated weed detection,
demonstrating the potential of artificial intelligence in smart
agriculture. The system can be further enhanced by
incorporating advanced object detection models, larger
datasets, and full hardware integration for real-field
deployment.
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