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ABSTRACT

Weed infestation is one of the major challenges affecting agricultural productivity because weeds
compete with crops for nutrients, water, sunlight, and space. Conventional weed management
techniques generally depend on manual labour, mechanical operations, or indiscriminate application of
herbicides, which can be expensive, labour-intensive, environmentally harmful, and ineffective under
varying field conditions. This paper proposes a Smart Vision-Based Robotic System for Automated
Weed Management that combines computer vision, artificial intelligence, embedded control, and
mobile robotics to identify and manage weeds with minimal human intervention. The proposed system
uses a camera mounted on a mobile robotic platform to continuously capture crop-field images. Image-
processing and machine-learning techniques are applied to distinguish crops from unwanted vegetation
based on visual characteristics such as colour, shape, texture, and spatial distribution. Once a weed is
detected, its location is estimated and transmitted to the robotic control unit, which navigates the
actuator toward the identified weed and performs targeted removal. The system architecture integrates
an image-acquisition module, weed-detection algorithm, localization module, microcontroller, motor
driver, navigation mechanism, and weed-removal actuator. The proposed approach aims to reduce
chemical herbicide consumption, labour requirements, crop damage, and operational costs while
improving precision in agricultural weed management. The system provides a scalable foundation for
autonomous precision-agriculture applications and can be further enhanced using deep-learning models,
multispectral imaging, GPS/RTK positioning, and edge computing.
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1. INTRODUCTION
Agriculture plays an essential role in food production and economic development. However, modern
agricultural practices face several challenges, including increasing labour costs, shortage of skilled

agricultural workers, environmental concerns, and the need to improve crop productivity. Among these
challenges, weed infestation is particularly significant because weeds grow alongside crops and
compete for essential resources.

Traditional weed-control methods include manual removal, mechanical cultivation, and chemical
herbicide application. Manual weed removal requires substantial labour and time, while mechanical
methods can unintentionally damage crops. Chemical weed control provides rapid treatment but
excessive or non-selective herbicide usage can contribute to soil and water contamination, herbicide
resistance, and ecological damage.

Recent developments in artificial intelligence, computer vision, embedded systems, and robotics have
created opportunities for automated agricultural operations. A robotic weed-management system can
identify weeds individually and perform targeted treatment instead of treating the entire field. Such an
approach supports the principles of precision agriculture by applying resources only where required.
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The proposed Smart Vision-Based Robotic System for Automated Weed Management is designed
to detect weeds using a camera-based vision system and automatically control a mobile robotic
platform. The robot moves through crop rows, acquires images of the field, processes the captured
images, determines whether vegetation corresponds to a crop or weed, estimates the weed position, and
activates an appropriate weed-removal mechanism.
The major objective is to develop an intelligent robotic platform capable of performing weed detection
and targeted management with limited human intervention.
2. PROBLEM STATEMENT
Conventional weed-management techniques suffer from several limitations:

e High dependency on manual labour.

e Increased operational cost.

e Time-consuming field operations.

e Non-selective herbicide application.

e Potential damage to crops during mechanical removal.

e Environmental pollution caused by excessive chemical usage.

e Difficulty in detecting weeds at early growth stages.

e Lack of real-time weed localization.

e Limited automation in small and medium-scale agricultural fields.
Therefore, there is a need for an intelligent system capable of detecting weeds automatically,
distinguishing them from crops, locating their position, and performing targeted weed
management.
3. OBJECTIVES
The primary objectives of the proposed system are:

1. To develop a mobile robotic platform for autonomous agricultural field operation.
To capture crop-field images using an onboard camera.
To identify weeds using computer-vision and machine-learning techniques.
To distinguish weeds from crops based on their visual characteristics.
To estimate the location of detected weeds.
To navigate the robotic platform through crop rows.
To activate a targeted weed-removal mechanism.
To minimize unnecessary herbicide usage and crop damage.
To reduce human labour requirements.

S N R SR

10 To develop a scalable architecture suitable for precision-agriculture applications.
4. EXISTING SYSTEM
Existing weed-management systems can generally be categorized into three major approaches.
4.1 Manual Weed Removal
Farm workers visually identify and remove weeds manually.
Advantages:
e Simple implementation.
e No sophisticated equipment required.
e Suitable for small farms.
Limitations:
e Labour-intensive.
e Slow operation.
e High recurring labour cost.
o Difficult to scale to large agricultural fields.
4.2 Chemical Weed Control
Herbicides are applied to agricultural fields to eliminate weeds.
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Advantages:

e Fast operation.

e Suitable for large areas.

e Requires comparatively less manual labour.
Limitations:

o Non-target chemical exposure.

e Environmental contamination.

e Potential crop damage.

e Herbicide resistance.

e Increased chemical dependency.
4.3 Conventional Mechanical Weed Control
Mechanical tools remove weeds through cutting, uprooting, or soil cultivation.
Limitations:

e Requires accurate alignment.
Can damage crops.
e Limited ability to distinguish crops from weeds.

e Requires human supervision in many implementations.
5. PROPOSED SYSTEM
The proposed system integrates computer vision, artificial intelligence, robotics, navigation, and
targeted weed removal into a single autonomous platform.
The robot consists of a camera-based image-acquisition unit mounted on a mobile chassis. Images
captured while the robot moves through the field are processed by an embedded computing platform.
The vision algorithm identifies vegetation and classifies it as either crop or weed.
When a weed is detected, the system determines its approximate location relative to the robot. The
control unit then coordinates robot positioning and activates the weed-removal actuator.
The proposed system can support different weed-removal techniques depending on application
requirements:
e Mechanical cutting.
e Mechanical uprooting.
e Targeted spraying.
e Laser-based treatment.
e Electromechanical removal.
For a prototype implementation, a mechanical actuator can be used to demonstrate targeted weed
removal without requiring chemical treatment.
6. SYSTEM ARCHITECTURE
The overall system consists of the following modules:
1. Camera/Image Acquisition Module
Image Preprocessing Module
Weed Detection Module
Crop—Weed Classification Module
Weed Localization Module
Navigation and Motion-Control Module
Microcontroller/Embedded Controller
Motor Driver

© 0 N L AW

. Robotic Drive System

10. Weed-Removal Actuator

11. Power Supply

12. Monitoring/Display Interface
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System Flow
Camera — Image Acquisition — Preprocessing — Weed Detection — Crop/Weed Classification
— Weed Localization — Decision Unit — Navigation — Actuator Control — Weed Removal
7. METHODOLOGY
7.1 Image Acquisition
A camera is mounted at an appropriate height on the robotic platform. As the robot moves through the
agricultural field, images or video frames are continuously acquired.
The camera should provide sufficient resolution to identify small weeds while maintaining an
appropriate field of view.
7.2 Image Preprocessing
Raw images may contain variations caused by illumination, shadows, soil background, camera noise,
and environmental conditions.
Preprocessing is therefore performed to improve image quality.
Typical preprocessing operations include:

e Image resizing.

e Noise removal.

e Colour-space conversion.

e Contrast enhancement.

e Image normalization.

e Background segmentation.
RGB, HSV, or other colour spaces can be used depending on the selected detection technique.
7.3 Vegetation Segmentation
Vegetation is separated from the soil background using colour or learned visual features.
A vegetation mask can be generated to identify pixels corresponding to green vegetation.
A simple vegetation index can be represented as:

G—R

Vli=————
G+R+e€

where:
e (= green-channel intensity,
e R=red-channel intensity,
e = small constant preventing division by zero.
This approach can provide an initial vegetation segmentation before applying more sophisticated
classification techniques.
8. WEED DETECTION AND CLASSIFICATION
The core component of the proposed system is the weed-detection module.
A machine-learning or deep-learning model can be trained using images containing:
e Crop plants.
e Different weed species.
e Soil/background.
e Mixed crop—weed scenes.
A convolutional neural network or object-detection architecture can be used to identify weeds and
provide their bounding boxes.
For an object-detection implementation, the output can be represented as:

D = {(x;, yi, wi, hyi, ci, pi)}

where:
e x;,y;= detected object coordinates,
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e w;, h;=bounding-box dimensions,
e ;=predicted class,
e p;= confidence score.
If the confidence exceeds a predefined threshold, the detected object is considered a valid weed
candidate.
9. WEED LOCALIZATION
After identifying the weed, its position relative to the robotic platform must be estimated.
The centre point of the detected weed can be calculated as:

B +W
Xe =X+
Ye=YVT35

where x, y, w, hrepresent the bounding-box coordinates and dimensions.
The estimated position can then be mapped to the robot's coordinate system.
For a more advanced implementation, depth cameras, stereo vision, LIDAR, or calibrated monocular
vision can be incorporated to estimate the three-dimensional location of weeds.
10. ROBOT NAVIGATION
The robotic platform uses DC motors or geared motors for movement.
A motor driver receives control signals from the embedded controller and controls:
e Forward motion.
e Reverse motion.
e Left movement.
¢ Right movement.
e Turning.
e Stopping.
The navigation system attempts to maintain the robot within the crop-row corridor while avoiding
obstacles.
A simplified navigation decision can be represented as:
IF weed detected:
Estimate weed position
Navigate toward weed
Stop at target position
Activate removal mechanism
Verify removal
ELSE:
Continue field navigation
11. WEED REMOVAL MECHANISM
The proposed system can use a targeted actuator positioned beneath or beside the robotic platform.
When the weed reaches the actuator's operating region, the controller activates the mechanism.
Possible mechanisms include:
Mechanical Removal
A rotating cutter or mechanical arm removes the weed.
Targeted Spraying
A nozzle applies a controlled quantity of herbicide only to the detected weed.
Uprooting Mechanism
A mechanical tool physically extracts the weed from the soil.
Laser-Based Removal

871 | Page



Journal of Science Engineering Technology and Management Science ISSN:3049-0952
Volume 03, Issue 08, August 2026 WWW.jsetms.com

A focused laser can be used for precision weed treatment in advanced implementations, subject to
appropriate safety controls.

The prototype can initially use mechanical removal because it demonstrates selective weed management
without chemical application.

12. HARDWARE REQUIREMENTS

Component Function
Camera Captures crop-field images

Raspberry Pi / Embedded Computer Image processing and Al inference

Microcontroller Motor and actuator control
DC/Geared Motors Robot movement

Motor Driver Controls motor direction and speed
Robotic Chassis Mechanical platform
Ultrasonic/Distance Sensors Obstacle detection

Weed Removal Actuator Targeted weed removal

Battery System power supply

Display/Communication Module =~ Monitoring and status reporting

The actual hardware configuration can be modified depending on the required computational
performance and deployment environment.

13. SOFTWARE REQUIREMENTS

The software architecture can include:

e Python.
e  OpenCV.
e NumPy.

e Machine-learning/deep-learning framework.

e Embedded controller firmware.

e Seria/lUART communication.

e  GPIO control.

¢ Optional web/mobile monitoring interface.
The image-processing pipeline can be represented as:
Input Image — Preprocessing — Vegetation Detection — Object Detection — Classification —
Localization — Robot Decision — Actuator Control
14. ALGORITHM
Algorithm: Automated Weed Detection and Management
Step 1: Initialize camera, embedded processor, motors, sensors, and actuator.
Step 2: Start robotic movement.
Step 3: Capture an image frame.
Step 4: Preprocess the image.
Step 5: Detect vegetation regions.
Step 6: Apply the trained detection/classification model.
Step 7: Determine whether weeds are present.
Step 8: If no weed is detected, continue robot movement.
Step 9: If a weed is detected, calculate its position.
Step 10: Navigate toward the target.
Step 11: Stop when the weed reaches the actuator region.
Step 12: Activate the weed-removal mechanism.
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Step 13: Verify the target area.

Step 14: Resume navigation.

Step 15: Repeat until the assigned field area is completed.

15. PERFORMANCE EVALUATION

The proposed system can be evaluated using standard computer-vision and robotic-performance
metrics.

15.1 Detection Accuracy

B TP+ TN
Accuracy = o T TN + FP + FN
where:
e TP =True Positive
e TN = True Negative
e FP = False Positive
e FN =False Negative
15.2 Precision
... TP
Precision = TP+ FP

Precision indicates how many detected weeds are actually weeds.
15.3 Recall
TP

Recall = ——
AT TPYFN
Recall measures the ability of the system to identify actual weeds.

15.4 F1-Score

Precision X Recall
F1=2

Precision + Recall

15.5 Weed Removal Efficiency

N,
WRE = — X% 100
Ny

where:
e N,=number of weeds successfully removed.
e N,=number of detected weeds.

15.6 Crop-Safety Rate

N.—N
CSR = ——% % 100
N,

where:
e N.=number of crop plants encountered.
e N_4=number of crops damaged.
16. EXPECTED RESULTS
The proposed system is expected to provide:
¢ Automated weed identification.
e Real-time or near-real-time image processing.
e Improved weed-detection accuracy compared with simple colour thresholding.
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e Targeted weed removal.

e Reduced crop damage.

e Reduced dependence on manual labour.

e Reduced unnecessary herbicide usage when mechanical or spot-treatment methods are

employed.

¢ Improved operational efficiency.

e Reduced overall weed-management cost.
The final quantitative performance values should be reported from actual experimental
measurements rather than assumed or fabricated values.

17. ADVANTAGES OF THE PROPOSED SYSTEM
The major advantages include:
1. Selective Weed Management: The system targets individual weeds rather than treating the
entire field.
2. Reduced Labour: Autonomous operation reduces dependence on manual weed identification
and removal.
3. Precision Agriculture: Computer vision enables site-specific agricultural operations.
4. Reduced Chemical Usage: Targeted spraying can substantially reduce unnecessary herbicide
application.
5. Crop Protection: Accurate localization can reduce accidental crop removal.
6. Scalability: The system architecture can be extended to larger agricultural environments.
7. Real-Time Operation: Vision-based processing allows decisions to be made during robot
movement.
8. Data Collection: Images and detection information can be stored for future analysis.
9. Adaptability: The detection model can be retrained for different crops and weed species.
18. LIMITATIONS
Despite its advantages, the proposed system may face several challenges:
e  Variation in illumination.
e Shadows and reflections.
¢ Similar visual characteristics between crops and weeds.
¢ Occlusion of weeds by crop leaves.
e Different weed species.
e Uneven agricultural terrain.
e Dust and environmental conditions.
e Limited processing capability of edge devices.
e Battery limitations.
e Accurate robot localization requirements.
These limitations can be addressed through improved datasets, sensor fusion, better model architectures,
and robust navigation algorithms.
19. FUTURE ENHANCEMENTS
Future versions of the system can incorporate:
19.1 Advanced Deep Learning
Modern object-detection and segmentation models can improve weed identification under complex
field conditions.
19.2 Multispectral Imaging
Multispectral or hyperspectral cameras can provide additional information for distinguishing crops and
weeds that have similar visible colours.
19.3 GPS/RTK Navigation
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High-precision positioning can improve autonomous navigation and enable field-level weed-location
mapping.

19.4 LiDAR Integration
LiDAR can provide accurate obstacle detection and three-dimensional environmental information.
19.5 Edge Al
Al inference can be performed directly on an embedded edge-computing platform, reducing
dependence on cloud connectivity.

19.6 Multi-Robot Coordination
Multiple robots could work collaboratively to cover larger agricultural areas.

19.7 Weed Mapping
Detected weeds can be geotagged to generate a digital weed-density map for precision farming.

19.8 Adaptive Weed Management
Historical weed-density data can be used to optimize future treatment strategies.

20. CONCLUSION

This paper presented a Smart Vision-Based Robotic System for Automated Weed Management that
integrates computer vision, artificial intelligence, embedded computing, autonomous navigation, and
targeted actuation. The proposed system addresses important limitations of conventional weed-
management techniques by enabling automatic weed detection and selective intervention.

The camera-based vision system provides information about vegetation within the robot's operating
area, while the intelligent detection module distinguishes weeds from crops. The localization and
robotic-control modules subsequently position the robot or actuator to perform targeted weed
management.

The proposed architecture has the potential to reduce labour requirements, minimize unnecessary
chemical usage, improve crop safety, and increase the efficiency of agricultural weed-management
operations. With further improvements in deep-learning models, sensor fusion, localization, and robotic
navigation, the proposed system can evolve into a practical autonomous precision-agriculture platform.
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