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Abstract—Weed control remains a significant challenge 

in modern agriculture, often addressed through labor-

intensive manual methods or the excessive use of 

chemical herbicides, both of which possess severe 

environmental and economic drawbacks. This review 

paper presents a comprehensive analysis of an innovative 

solution: an AI-powered autonomous robot designed to 

detect and remove weeds with high precision. Utilizing 

localized and cloud-integrated embedded systems, such 

as the ESP32-CAM module for real-time image capture 

and Convolutional Neural Networks (CNNs) alongside 

YOLO architectures for classification, the proposed 

systems identify weeds and actuate precise mechanical 

arms or micro-sprayers for targeted elimination.  The 

system paradigm emphasizes low-cost hardware, 

modular design, and sustainable farming practices, 

rendering it exceptionally viable for small to medium-

sized agricultural holdings. By integrating artificial 

intelligence, advanced robotics, and wireless 

communication protocols, this survey explores how 

modern intelligent automation minimizes chemical 

runtime, optimizes agricultural yield, and eliminates 

human labor dependency, paving the multi-disciplinary 

path toward sustainable precision agriculture. 

 

Index Terms—Weed Control, Precision Agriculture, AI-

Powered Autonomous Robot, ESP32-CAM Module, 

Convolutional Neural Networks (CNNs), YOLO, Micro-

Actuators, Automation, Sustainable Farming. 

 

I. INTRODUCTION 

 

A. General Overview 

Agriculture plays a foundational role in sustaining the 

global population. With exponential population 

growth trends expanding across the globe, there is a 

vital need to drastically improve crop productivity 

metrics while maintaining rigid environmental 

sustainability framework constraints. One of the most 

long-standing and severe challenges faced by farmers 

globally is the systemic management of invasive weed 

species. Weeds aggressively compete with primary 

crops for critical subterranean and atmospheric 

resources—specifically macro-nutrients, moisture 

parameters, direct sunlight access, and geographical 

growth space. This uncontrolled biological 

competition directly restricts primary crop maturation 

cycles, severely reducing global crop yield index 

numbers and final harvest quality standards.  

Traditional weed management frameworks are 

predominantly categorized into manual hand-weeding 

or broad-scale chemical herbicide spraying 

applications. Manual extraction procedures are deeply 

inefficient, being exceptionally labour-intensive, slow, 

and non-viable for large-scale operations due to 

widening labour shortages. Conversely, the chemical 

alternative introduces massive environmental 

problems. Bulk chemical distribution leads to 

localized soil degradation, chemical contamination of 

local water aquifers through topsoil runoff, and the 

accidental eradication of non-target beneficial soil 

microorganisms. Furthermore, sustained human 

contact with strong chemical compounds poses acute 

and chronic occupational health hazards to agricultural 

labourers.  

To overcome these fundamental system constraints, 

modern precision agriculture leverages advanced 

Artificial Intelligence (AI), deep learning, and 

intelligent robotic platforms. These high-tech 

automated architectures offer a pathway to execute 

complex vision tasks seamlessly, mitigating manual 
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labour costs and chemical application dependencies 

simultaneously. This review outlines the hardware-

software design matrix of an AI-driven autonomous 

agricultural machine configured with an ESP32-CAM 

optical sensor module. Real-time image streams 

captured across field boundaries are processed through 

high-performance Convolutional Neural Networks 

(CNNs) to accurately classify crops from weed 

configurations. Once identified, mechanical end-

effectors or precision micro-dosage sprayers 

neutralize the weed matrix. This low-cost, 

decentralized, and scalable platform makes modern 

automated machinery practical for small and mid-tier 

agricultural fields. 

 

B. Motivation 

The core drive behind developing an AI-driven 

autonomous weed-removal system lies in correcting 

the structural inefficiencies inherent to current farming 

workflows. As field weeds continuously consume vital 

minerals and block out light channels, final crop yields 

suffer. Farmers find themselves in an unsustainable 

cycle. Relying purely on manual field labourer’s 

induces high variable costs and introduces significant 

scheduling delays due to seasonal labour shortages.  

Furthermore, the environmental fallout caused by 

excessive agrochemical deployment is reaching a 

breaking point. Bulk-sprayed fields experience notable 

soil health declines, and toxic chemicals eventually 

seep into regional ecosystems. This ecological damage 

underscores the need for localized, targeted weeding 

solutions that treat weeds at an individual level rather 

than flooding entire crop zones with chemicals. 

Simultaneously, while advanced commercial weeding 

machinery exists, it remains locked behind high-cost 

barriers, excluding small-scale family operations. 

Harnessing low-cost IoT boards, open-source 

computer vision algorithms, and simple mechanical 

platforms bridges this gap, delivering high-efficiency 

technology directly to resource-constrained 

agricultural settings.  

 

C. Significance of Study 

This comprehensive survey highlights the practical 

convergence of AI algorithms and mechanical 

hardware inside unpredictable, real-world field 

settings. By providing a structured overview of real-

time computer vision networks, automated navigation 

models, and micro-actuation systems, this work 

establishes a clear benchmark for low-cost agricultural 

technology.  

From an ecological standpoint, the insights compiled 

here outline a clear path toward sustainable crop 

management by substituting broad-field chemical 

spraying with smart target positioning. From a 

socioeconomic perspective, detailing modular and 

inexpensive hardware platforms lowers the financial 

entry point for advanced technology. This enables 

small and mid-scale farmers to adopt modern precision 

agriculture methods, reducing overhead costs, 

lowering labour dependencies, and enhancing crop 

production yields across global agricultural 

communities.  

 

D. Need of Study 

The critical importance of conducting this study stems 

from the lack of unified hardware-software 

deployment strategies for low-cost embedded devices 

in agricultural settings. While edge-computing neural 

networks have progressed significantly in lab 

environments, deploying these heavy networks on 

low-power, inexpensive microcontrollers remains an 

active challenge. Manual fieldwork is increasingly 

unviable due to rising labour costs, while 

indiscriminate herbicide spraying causes long-term 

soil damage. Compounding this issue, most premium 

automated weed systems require expensive on-board 

processing units, leaving them financially out of reach 

for average farmers. This study fills that gap by 

analysing how cloud-connected frameworks and edge 

optimization techniques (like pruning and 

quantization) allow affordable boards like the ESP32-

CAM to perform advanced real-time weed detection 

and mechanical removal reliably.  

 

E. Problem Statement 

The primary challenge addressed in this study is 

formulated as follows: 

"Weed infestation reduces crop yield and increases 

costs by competing for essential resources. Traditional 

methods like manual weeding are time-consuming, 

and chemical herbicides harm the environment. 

Hence, there is a need for a low-cost, intelligent system 

for accurate and automated weed detection and 

removal." 
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II. LITERATURE REVIEW 

 

The academic and practical landscape surrounding 

autonomous weeding infrastructure has observed an 

exponential increase in publication volume between 

2013 and 2026. Early research was heavily 

fragmented, focusing purely on isolated aspects of 

computer vision or basic mechanical weeding 

implements. However, the emergence of Industry 4.0 

principles, combined with cheap edge 

microcontrollers and advanced deep learning 

frameworks, has forced a tight coupling of agricultural 

perception, logic control, and precise mechatronic 

actuation. 

As noted by bibliometric analyses in smart farming 

trends, research focus has steadily shifted away from 

wide-area, delayed remote sensing maps toward 

highly localized, real-time ground operations that can 

actively run on resource-constrained hardware within 

small to medium-scale agricultural holdings. 

 

2.1 Summary of Papers 

Peña et al. (2013): This study established a baseline for 

early remote-sensing weed detection by deploying 

Unmanned Aerial Vehicles (UAVs) over early-season 

maize fields. The authors utilized multispectral 

imagery combined with object-based image analysis 

(OBIA) to categorize vegetation based on shape, size, 

and canopy position. While the system successfully 

created highly precise weed infestation maps over 

large fields, the primary drawback was its reliance on 

offline post-processing, which completely decoupled 

target mapping from real-time field elimination.   

Hall et al. (2017): To tackle the critical issue of data 

scarcity and model rigidity in agricultural deep 

learning, this research pioneered a transfer learning 

approach for weed classification. By taking large, pre-

trained convolutional neural networks (such as ResNet 

architectures) and fine-tuning them on specific 

agricultural image sets, they drastically reduced model 

training times and data size requirements. Their 

network achieved strong classification generalizability 

when shifting across completely different crop types 

and geographical regions, providing a foundational 

blueprint for scalable vision platforms.   

Di Cicco et al. (2017): Recognizing that training 

robust deep neural networks requires massive 

quantities of labeled images, the authors engineered an 

automatic, model-based dataset generation 

framework. The system mathematically rendered 

highly realistic synthetic crop and weed environments, 

simulating varying weed shapes, leaf structures, and 

growth patterns. When combined with small portions 

of real-world datasets, this synthetic data strategy 

allowed researchers to rapidly train high-accuracy 

pixel segmentations while bypassing months of 

tedious, manual field-labeling work.   

Wu et al. (2018 & 2019): These sequential studies 

focused on building land-based mobile robots that 

could actively remove weeds between narrow crop 

rows. The authors linked multi-camera visual tracking 

arrays to physical toolbars, using deep neural networks 

to distinguish weed stems from crop boundaries in 

real-time. A predictive control loop was integrated to 

calculate and absorb processing latencies, ensuring the 

mechanical actuators or spot-dosage sprayers 

triggered at the exact millisecond the tool passed over 

a targeted weed.   

Lottes et al. (2018): This research advanced precision 

agricultural mechatronics by designing joint stem 

detection and pixel-level classification pipeline. 

Instead of evaluating whole plants, the model 

pinpointed the exact coordinate where a weed stem 

met the topsoil layer. This micro-targeting capability 

allowed land-based robots to execute precise physical 

pulling or micro-spraying treatments, completely 

neutralizing the weed root zone while avoiding contact 

with nearby primary crops.  Gutiérrez et al. (2021): 

Providing a thorough methodological benchmark, this 

study evaluated the structural performance of YOLO, 

Faster R-CNN, and U-Net architectures under volatile 

outdoor conditions. The authors proved that while 

real-time object detection models like YOLO excelled 

at keeping up with moving robotic bases, semantic 

segmentation networks like U-Net delivered the pixel 

precision needed to isolate overlapping weeds. The 

paper also highlighted major field issues, such as leaf 

occlusion and severe class imbalances, and advocated 

for lightweight model designs to fit low-power 

agricultural hardware.   

Aggarwal (2023): This work focused entirely on the 

challenges of edge deployment, investigating 

optimization methods to compress deep learning 

models for compact field hardware. By subjecting an 

object-detection model (YOLOv4) to network 

pruning, quantization, and TensorRT optimization 

layers, the author successfully accelerated execution 

speeds up to 27.8 frames per second on low-power 
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devices. This research carefully mapped the trade-offs 

between model size and data accuracy, providing a 

guide for making real-time AI reliable without relying 

on internet access.  

Kolase et al. (2023): This study targeted the financial 

limitations of small-scale farming by developing a 

highly affordable, embedded weed detection system. 

The hardware layout relied on a budget-friendly 

ESP32 microcontroller and a Wi-Fi-enabled camera 

module, keeping the cost of electronics remarkably 

low. By optimizing lightweight convolutional neural 

networks with pruning techniques, they enabled local 

edge processing that eliminated any baseline 

dependence on cloud servers or continuous internet 

connectivity.   

Wang et al. (2023): To handle the visual chaos of 

complex wheat fields, this paper introduced an 

enhanced hybrid AI network known as CSCW-

YOLOv7. The architecture integrated advanced 

modules, including CARAFE layers, contextual 

transformers, and Squeeze-and-Excitation blocks, to 

sharply boost feature extraction from messy 

backdrops. Testing across dense fields with heavily 

obscured plants showed that the model achieved a 

remarkable weed detection accuracy of $97.7\%$, 

proving that hybrid AI models can maintain extreme 

accuracy despite severe field shadows and crop 

crowding.   

Lin et al. (2023): Aiming to maximize processing 

efficiency on mobile field hardware, these researchers 

developed a multi-task deep convolutional network. 

The system utilized a single, shared feature-extraction 

backbone to compute two separate outputs at the exact 

same time: weed target identification and autonomous 

navigation row path extraction. This integrated 

software layout significantly cut system processing 

latency, allowing ground robots to guide themselves 

through crop rows and target weeds simultaneously 

without needing to run separate neural networks. 

Chen et al. (2023): This study introduced an advanced 

data augmentation technique that used diffusion 

probabilistic models to synthesize highly realistic, 

diverse images of invasive weeds. Unlike older 

generative networks, these diffusion models produced 

high-fidelity variations in plant textures, lighting 

angles, and leaf shapes. When combined with real field 

datasets, models trained on $90\%$ synthetic and only 

$10\%$ real data achieved over $94\%$ classification 

accuracy, offering a highly scalable solution to fix the 

chronic shortage of labeled data in agriculture.   

Punithavathi et al. (2023): This paper detailed a hybrid 

computer vision framework that merged a Faster R-

CNN feature extractor with an Extreme Learning 

Machine (ELM) classifier. The deep neural network 

handled the complex task of locating regions of 

interest, while the ELM layer executed high-speed 

target classification. This architectural combination 

maintained top-tier detection accuracy under tough 

conditions, like overlapping leaves and cluttered soil, 

while reducing the processing burden to keep pace 

with continuous mechatronic weeding.   

Yeshmukhametov et al. (2023): Shifting from 

software to structural field deployment, the authors 

built an autonomous mobile ground robot tailored for 

physical mechanical weeding. The platform integrated 

lightweight convolutional neural networks directly 

onto embedded field hardware, driving a custom 

mechatronic pulling tool based on target coordinate 

feeds. Guided by onboard navigation sensors and GPS 

tracking loops, the robot traveled smoothly across 

variable soils, utilizing fail-safe stop overrides to 

guarantee zero accidental damage to adjacent primary 

crop rows.  

Jothilakshmi et al. (2025): This contemporary research 

focused on building an ultra-low-cost, fully 

autonomous weeding robot designed specifically for 

small-scale operations. The physical structure 

combined a modular chassis driven by standard DC 

gear motors, an affordable web camera, and a 

Raspberry Pi control core running an optimized 

YOLOv3 network. Field testing confirmed that the 

system accurately tracked field lines, spot-sprayed 

weeds on the move, and dropped chemical herbicide 

usage significantly, demonstrating the power of 

pairing open-source AI with inexpensive hardware. 

 

2.2 Research Gap Analysis 

A. The Macro-Mapping Era (2013–2017) 

The foundational stage of automated weed mapping 

relied heavily on Unmanned Aerial Vehicles (UAVs) 

and high-altitude remote sensing. Peña et al. (2013) 

pioneered wide-area weed mapping inside early-

season maize fields utilizing object-based image 

analysis (OBIA) on imagery captured by UAV 

platforms. While their spatial analysis achieved a 

strong correlation with physical field baseline metrics, 

the workflow was strictly limited to offline, 
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retrospective data processing. The system lacked 

immediate ground-level actuation, meaning physical 

weed removal remained completely detached from the 

initial detection phase. 

Concurrently, researchers faced severe data scarcity 

constraints when trying to train deep learning 

architecture. To solve this, Di Cicco et al. (2017) 

introduced automatic, model-based dataset generation 

frameworks to create synthetic crops and weed 

images. This synthetic data strategy drastically 

accelerated model training speeds, while Hall et al. 

(2017) introduced transferable convolutional neural 

networks (such as pre-trained ResNet profiles) to 

improve classification generalizability across 

unfamiliar crop domains. However, across this entire 

era, real-time robotics integration remained absent, 

leaving systems limited to broad-scale mapping rather 

than precision spot removal. 

 

B. Integrated Robotic Perception and Localization 

(2018–2020) 

During this development window, research shifted 

from high-altitude imaging to active land-based 

mobile robot platforms. Researchers began connecting 

deep learning classifiers directly to mechanical 

toolbars and multi-camera physical tracking arrays. 

Wu et al. (2018, 2019) designed and evaluated vision-

guided, in-row weeding systems that combined deep 

neural networks with predictive control loops to 

mitigate camera-to-actuator processing latencies. 

Simultaneously, Lottes et al. (2018) advanced 

precision farming logic by creating a joint stem 

detection and pixel-level classification pipeline. This 

allowed ground robots to target weeds precisely at 

their primary growth points, reducing crop damage. 

Despite these breakthroughs, the mechatronic 

frameworks of this era suffered from heavy 

computational burdens and expensive hardware 

setups, keeping them out of reach for small-scale 

farmers. 

 

C. Deep Learning Optimization and Edge Deployment 

(2021–2022) 

With land-based robotic structures validated, the 

research vector turned toward maximizing model 

detection accuracy under unpredictable field 

environments. Gutiérrez et al. (2021) conducted a 

comprehensive review of deep learning models like 

YOLO, Faster R-CNN, and semantic segmentation 

networks (U-Net), identifying that while YOLO 

architectures excelled at real-time robotic tracking, 

segmentation models provided superior boundary 

definition in dense weed layouts. The primary barrier 

shifted from basic accuracy to edged computing 

limitations. Guruswamy (2022) explored embedded 

system robotics to run optimized algorithms locally. 

This era highlighted a critical trade-off: premium 

processors could handle complex visual models but 

suffered from high power draw and steep costs, while 

cheap embedded microcontrollers lacked the memory 

to run large deep learning architectures. 

 

D. The Modern Era of Hybrid Edge-Cloud & Multi-

Task Systems (2023–2026) 

Modern research successfully bridges the gap between 

high algorithmic accuracy and low hardware costs. 

Wang et al. (2023) developed an improved YOLOv7 

architecture (CSCW-YOLOv7) that integrated 

contextual transformers and Squeeze-and-Excitation 

blocks, pushing weed detection accuracy to 

$97.7\%$ in complex, highly occluded wheat fields. 

To streamline computing efficiency, Lin et al. (2023) 

introduced a multi-task deep convolutional neural 

network that shares a feature-extraction backbone to 

execute weed detection and navigation path extraction 

simultaneously, significantly lowering system latency. 

Data generation also advanced; Chen et al. (2023) 

utilized diffusion probabilistic models to synthesize 

highly realistic, diverse training images, proving that 

networks trained on $90\%$ synthetic and $10\%$ real 

data could maintain an accuracy above $94\%$. For 

physical ground deployment, Yeshmukhametov et al. 

(2023) and Jothilakshmi et al. (2025) successfully 

demonstrated affordable, autonomous mobile weeding 

robots that utilize lightweight embedded nodes paired 

with micro-sprayers or mechanical tools to provide 

accessible precision agriculture for resource-

constrained environments. 

 

III. RESEARCH METHODOLOGY 

 

3.1 Aim of Study 

“The primary objective of this research is to design, 

develop, and evaluate a low-cost, AI-powered 

autonomous agricultural robotic system that automates 

real-time weed detection and precise mechanical or 

localized chemical removal. By shifting the 

computational burden from expensive onboard 
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hardware to hybrid edge-cloud systems, this study 

aims to deliver an accessible precision farming 

solution for small and medium-scale agricultural 

holdings, thereby minimizing manual labour 

dependencies and significantly reducing chemical 

herbicide overhead.” 

 

3.2 Research Objectives 

To achieve the comprehensive aim outlined above, the 

project is systematically subdivided into the following 

core research objectives: 

• To engineer a low-cost, modular autonomous 

ground robot chassis optimized for navigation 

through unstructured agricultural row 

environments. 

• To implement a low-latency image acquisition and 

streaming pipeline utilizing the ESP32-CAM 

microcontroller node over wireless communication 

protocols. 

• To deploy and evaluate deep convolutional neural 

networks (CNNs) and YOLO object-detection 

models optimized for distinguishing crop 

variations from weed profiles under volatile 

ambient lighting. 

• To interface a real-time logic control 

microcontroller with high-torque motor drivers 

and micro-actuators for target pulling or spot-

spraying execution. 

• To systematically analyse the operational trade-

offs regarding detection accuracy, network 

latency, system power consumption, and overall 

cost-effectiveness. 

 

3.3 Research Framework 

Phase 1: Requirement Analysis & Mechanical Chassis 

Design The initial framework layer focuses on the 

rigorous evaluation of operational constraints within 

target field environments. This involves calculating 

required chassis ground clearance, calculating high-

torque motor demands over uneven soil compositions, 

and designing a modular frame capable of supporting 

variable payloads, such as chemical fluid tanks or 

robotic pulling arms. 

 

Phase 2: Embedded Electronic and Perception 

Software Development 

This phase establishes the communication interface 

between the physical robotic node and the core 

intelligence engine. Work here encompasses writing 

low-level C++ firmware for wireless video packet 

transmission via HTTP or MQTT protocols and 

establishing server-side Python routines to run deep 

learning classification models on incoming raw image 

matrices.  

 

Phase 3: Mechatronic System Integration and Control 

Optimization 

Target coordinate blocks generated by the computer 

vision server are parsed into standard logic 

instructions. The control microcontroller translates 

these data blocks into pulse-width modulation 

($PWM$) commands to adjust locomotion speed via 

an H-bridge driver and accurately align mechatronic 

micro-actuators over weed targets. 

 

Phase 4: Simulated and Field-Level Experimental 

Validation 

The final phase subjects the completed robotic 

prototype to rigorous performance benchmarking. 

Testing is conducted under varying outdoor lighting 

setups, crop row configurations, and weed growth 

densities. System performance is measured using 

quantitative criteria, including mean average precision 

($mAP$), mechatronic actuation latency, herbicide 

conservation ratios, and overall crop safety margins.  

 

3.4 Multi-Layer System Architecture 

The autonomous agricultural robot is designed around 

a multi-layer system architecture that distributes 

processing tasks efficiently while keeping hardware 

costs down:  

1. Perception and Sensor Input Layer 

The localized perception layer captures real-time data 

from the surrounding crop rows. The primary sensor is 

the OV2640 camera mounted on an ESP32-CAM 

module, positioned face-down to provide a consistent 

visual field of the crop beds. Optional sensory 

hardware, including ultrasonic transceivers for 

collision avoidance and soil moisture probes, can be 

connected to the system edge to provide additional 

data points for smart field management.  

 

2. Hybrid Edge-Cloud Processing Layer 

This layer serves as the system's analytical engine. 

Raw JPEG image frames captured at the field edge are 

streamed wirelessly across local access points to a 

processing server running specialized deep learning 
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architectures (such as lightweight CNN or optimized 

YOLO layouts). This offloading approach bypasses 

the memory limits of low-cost microcontrollers, 

allowing the system to run complex multi-class image 

segmentations without requiring an expensive onboard 

computer.  

 

3. Real-Time Logic and Control Layer 

The core decision-making and control logic are 

managed by a localized microcontroller unit 

($MCU$). Once the server processes an image and 

detects a weed, it sends target data packets back to the 

$MCU$ via Wi-Fi. The microcontroller processes 

these inputs to manage row navigation adjustments, 

coordinate movement halts, and precisely time 

actuator responses to clear weeds while keeping 

nearby crops safe.  

 

4. Mechatronic Actuation and Locomotion Layer 

This layer transforms system commands into physical 

field actions. A high-efficiency H-bridge motor 

controller module (L298N) regulates a four-wheel-

drive system powered by high-torque DC geared 

motors. For weed eradication, the system triggers 

precise micro-actuators: either a high-torque, metal-

geared servo motor managing a mechanical weed 

extraction arm, or a localized micro-solenoid valve 

triggering a precision spot-dosage chemical spray tip.  

 

5. Decentralized Power Subsystem 

To ensure stable field operation, the robot features a 

split-bus power distribution network powered by a 

high-capacity Lithium-Ion 18650 cell matrix. Voltage 

regulators decouple the noisy, high-current 

mechanical motor lines from the sensitive, low-current 

microcontroller and camera components, preventing 

electrical noise interference from destabilizing visual 

data transmission or logic processing loops.  

 

3.5 Detailed Software Flow and Decision Framework 

The system uses a continuous closed-loop control 

sequence to manage navigation and coordinate tool 

triggers during field runs:  

 

 
 

1. System Initialization: The robot boots up, 

completes a hardware self-check, and verifies its 

connection to the local network access point.  

2. Locomotion Activation: The $MCU$ sends a 

signal to the L298N driver, starting forward 

movement down the designated crop row layout.  
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3. Image Acquisition: The ESP32-CAM captures a 

high-resolution frame of the ground directly ahead 

of the chassis.  

4. Wireless Data Transfer: The raw image data is 

converted into a compressed JPEG stream and 

transmitted via Wi-Fi to the central AI server.  

5. Neural Network Inference: The server runs the 

image through an optimized object-detection 

model to verify plant classifications and pinpoint 

target locations.  

6. Target Choice Tree: 

o If a weed is detected: The server calculates its 

offset coordinates and sends an automated trigger 

packet to the robot. The robot pauses forward 

movement, aligns its mechatronic tool, executes 

localized pulling or spot-spraying, and then 

resumes row navigation.  

o If only crops are detected: The robot skips the 

actuator cycle and continues moving forward 

without interruption.  

7. Boundary Check: The system scans for row end 

markers; it continues the tracking loop if the path 

is clear or safely shuts down locomotion once the 

row is complete.  

 

3.6 Advanced Analytical Specifications 

To maintain performance on low-cost hardware, the 

deep learning classification models are refined using 

two optimization techniques before deployment:  

A. Network Structural Pruning 

This process removes redundant weight vectors and 

inactive neuron channels from the neural network 

layers that do not contribute to classification accuracy. 

Streamlining the network architecture significantly 

lowers total floating-point operations ($FLOPs$), 

reducing the processing power needed for image 

analysis.  

 

B. Post-Training Quantization Matrix 

The model parameters are converted from standard 32-

bit floating-point values ($FP32$) down to compact 8-

bit integer formats ($INT8$). This compression steps 

down the model's memory footprint by nearly $75\%$, 

allowing the vision software to maintain real-time 

tracking speeds even when processing data on power-

efficient edge hardware units.  

 

 

 

IV. CONCLUSION 

 

This comprehensive review demonstrates how 

integrating artificial intelligence, advanced computer 

vision, and mobile robotics can transform modern 

agricultural weed management. By utilizing 

lightweight, low-cost microcontrollers like the ESP32-

CAM alongside optimized deep learning networks 

(such as CNNs and YOLO variants), these systems 

achieve reliable weed detection accuracy. This 

approach presents a practical alternative to traditional 

farming methods, addressing the high costs of manual 

labor and the ecological damage caused by over-

spraying chemical herbicides. The evolution of these 

technologies highlights a clear trend toward modular, 

affordable ground systems that make precision 

agriculture practical for small and medium-scale 

farms. While issues like unpredictable outdoor 

lighting and data connectivity limitations require 

careful setup, ongoing developments in edge AI 

acceleration, hybrid multi-task learning, and solar 

charging point toward a highly sustainable future. 

Furthermore, the transition of this autonomous 

platform into day-to-day operations underscores a 

critical shift within the framework of Industry 4.0 for 

agriculture (Agri 4.0). By shifting the computational 

burden from expensive, heavy on-board computer rigs 

to affordable, hybrid edge-cloud networks, this 

methodology effectively breaks down the steep 

financial barriers that typically lock smaller farms out 

of smart automation. The mechatronic synchronization 

of an inexpensive OV2640 camera module with real-

time H-bridge motor drivers and precision servo tools 

proves that advanced spatial perception does not 

require high-end industrial sensing rigs. As edge 

compression techniques like network structural 

pruning and post-training $INT8$ quantization 

continue to mature, the physical platform will grow 

increasingly resilient, executing high-speed target 

locking loops locally even during complete field 

network dropouts. 

Ultimately, deploying intelligent autonomous weeding 

systems serves as a vital step forward for globally 

sustainable food production and long-term ecosystem 

preservation. Subverting broadcast-style chemical 

herbicide applications in favor of localized, micro-

dosage spray tips or completely mechanical extraction 

loops delivers immediate benefits by reducing variable 

chemical overhead expenses and keeping toxic 
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synthetic runoffs out of downriver aquifers. This 

precision safeguarding of the top-soil layer actively 

preserves structural microbial biodiversity, preventing 

long-term soil degradation while maximizing final 

crop harvest outputs. As multi-robot swarm 

coordination and solar trickle-charging setups become 

standard integrations, these low-profile autonomous 

machines will provide an invaluable, round-the-clock 

foundation for smart farming, successfully balancing 

increased crop production demands with rigid 

ecological preservation goals. 
 

A. Future Scope 

The long-term development of AI-powered 

autonomous weed removal systems points toward a 

more self-sustaining, intelligent, and highly scalable 

ecosystem. As edge computing capabilities and 

renewable energy systems mature, future research can 

expand along several distinct pathways:  

• True Local Edge Inference and Advanced 

Hardware Optimization: As specialized, low-

power Edge-AI chips (such as newer variants of 

neural processing units) become widely available, 

running heavy convolutional neural networks 

completely locally will become feasible. This will 

eliminate the system's baseline dependence on 

stable internet connections, ensuring continuous 

field operations in remote regions. 

• Renewable Energy and Solar Power Integration: 

Integrating specialized photovoltaic panels on top 

of the robot chassis will enable continuous solar 

trickle-charging. This upgrade will significantly 

boost field runtime and energy independence, 

providing a truly zero-emission, clean-energy 

weeding mechanism. 

• Multi-Robot Swarm Coordination: Developing 

decentralized mesh communication protocols will 

allow groups of small ground robots to collaborate 

seamlessly across extensive agricultural sectors. 

Cooperative path planning and shared workload 

distribution will enable these scalable networks to 

cover large commercial fields efficiently. 

• Advanced Multi-Sensor Fusion Core: Future 

setups can combine the existing visual feed with 

complementary sensors like multi-layer LiDAR 

units, multispectral cameras, and depth sensors. 

This data fusion will greatly enhance spatial path 

navigation and increase plant classification 

accuracy within dense, heavily overlapping multi-

crop environments. 

• Smart Farming and Dynamic IoT Integration: 

Connecting the robot to broader IoT smart farming 

architectures such as stationary soil moisture 

arrays, automated weather monitoring tools, and 

localized drip irrigation grids will allow the vehicle 

to serve as a multi-purpose field inspector, logging 

data on crop health as it eliminates weeds.  
 

B. Limitations 

While the proposed system framework offers a cost-

effective alternative for precision farming, its practical 

operation remains bound by specific technical and 

environmental constraints:  

• Training Dataset Dependence: The accuracy of the 

vision engine depends heavily on the scale, 

diversity, and quality of the initial training data. 

Sudden weed mutations, changing leaf 

appearances, or regional weed varieties missing 

from the database can increase misclassification 

rates.  

• On-Board Processing and Memory Constraints: 

Affordable, entry-level microcontrollers have very 

restricted local RAM and flash storage capacities. 

This constraint limits their local performance, 

requiring the use of heavily compressed or 

simplified model structures.  

• Sensitivity to Unpredictable Weather Elements: 

Volatile outdoor environments introduce several 

disruptive variables. Drastic shifts in natural 

sunlight can create blinding highlights or deep 

shadows that confuse vision algorithms, while 

airborne dust, debris, and mud splatters can cloud 

the camera lens.  

• Connectivity and Latency Reliance: When 

configured to offload computational processing to 

a cloud or localized field server, the system 

requires a constant, stable wireless signal. High 

network latency or intermittent dropouts can cause 

delayed mechanical responses, risking accidental 

damage to crops.  

• Rigid Initial Setup and Row Tuning Requirements: 

The robot's mechanical tool tracking and vision 

calibration values are fixed based on specific field 

structures. Shifting the machine to fields with 

different crop types or variable row gaps requires 

manual calibration.  
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C. Applications 

The modular nature and low-cost profile of this AI-

powered autonomous robot enable versatile 

deployment across several domains in precision 

agriculture:  

• Small to Medium-Scale Farming Ecosystems: This 

platform is highly valuable for family-owned and 

mid-sized fields that lack the budget for heavy 

industrial agricultural machinery. It provides 

access to high-precision automation at an 

affordable price point.  

• Organic Agriculture and Herbicide-Free Fields: 

For certified organic farms where synthetic 

chemical herbicides are strictly banned, the robot's 

physical mechanical weeding arm offers an 

excellent alternative. It eliminates invasive weeds 

continuously without violating eco-certification 

guidelines.  

• High-Density Row Crop and Horticulture Sectors: 

The robot's narrow chassis is specifically designed 

to navigate narrow field alleys, such as those found 

in corn rows, wheat beds, and vegetable plots. It 

moves safely between delicate plants to spot-treat 

or extract weeds right at the root stem.  

• Targeted Chemical Herbicide Micro-Dosage 

Reduction: In commercial farming setups that still 

rely on chemical controls, the robot can swap broad 

field-spraying routines for micro-dosage spot-

spraying. By spraying only verified weed leaves, it 

cuts overall herbicide consumption drastically and 

protects the topsoil.  

• Agricultural Research and Field Phenotyping: 

Beyond active weed removal, the mobile camera 

system can serve as a data collector for agronomic 

research groups. It logs field images over time, 

helping scientists track crop growth stages, map 

weed distributions, and study plant health across 

various soil sectors.  
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