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Abstract: The integration of Machine Learning (ML) into autonomous spraying systems (1) is one of 

the major developments in digital precision agriculture (2) that is significantly improving resource 

efficiency, sustainability, and production. This study looks at current advancements in machine 

learning applications for automated spraying in agricultural mechanization (3), emphasising new 

innovations, difficulties, and prospects. The study provides an in-depth analysis of the three main 

categories of autonomous sprayers—drones, ground-based robots, and tractor-mounted systems—

that incorporate machine learning techniques. A comprehensive review of research published 

between 2014 and 2024 was conducted using Web of Science and Scopus, selecting relevant studies 

on agricultural robotics (4), sensor integration, and ML-based spraying automation. The results 

indicate that supervised, unsupervised and deep learning models increasingly contribute to 

improved real-time decision making, performance in pest and disease detection (5) as well as accurate 

application of plant protection products. By utilising cutting-edge technology like multispectral 

sensors, LiDAR, and sophisticated neural networks, these systems significantly increase spraying 

operations' efficiency while cutting waste and significantly minimising their negative effects on the 

environment. Notwithstanding significant advancements, issues still exist, such as the requirement 

for high-quality datasets, system calibration, and flexibility in a range of field circumstances. This 

study highlights important gaps in the literature and suggests future areas of inquiry to develop ML-

driven autonomous spraying even more, assisting in the shift to more intelligent and 

environmentally friendly farming methods. 

Keywords: autonomous spraying systems; digital precision agriculture; agricultural mechanization; 

agricultural robotics; pest and disease detection 

 

1. Introduction 

Climate change, sometimes shown in extreme weather or prolonged droughts, and the 

increasing complexity of weed and disease management can have a negative impact on crop output 

[1]. Consumers are becoming increasingly aware of the significant issues with excessive fertiliser and 

pesticide use in relation to agricultural sustainability [2-3]. 
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Over the decades, a series of technical and technological innovations have radically transformed 

modern agriculture [4]. Agricultural mechanization, in particular, has enabled a dramatic increase in 

the productivity efficiency of agroecosystems. Mechanized systems have reduced manual labour and 

improved the precision of agricultural operations [5]. Modern mechanization challenges are related 

to operational efficiency, precision, and the implementation of technologically innovative equipment 

[6]. A major limitation of mechanization is the inability of these machines to dynamically adapt to 

variable field conditions and the specific needs of crops [7]. In this context, the implementation of 

artificial intelligence systems plays a decisive role in shaping the research and development lines in 

the sector. Specifically, machine learning (ML) represents one of the most promising and cutting-

edge technologies for overcoming the typical limitations of traditional mechanized systems [8]. ML 

algorithms enable agricultural machines to dynamically learn new operational modes through data 

analysis, adapting with high precision to field variables and thus optimizing agricultural operations 

in real time [9]. In agriculture, ML is proving essential for optimizing crop management, reducing 

waste, and increasing sustainability. Due to its ability to analyse large amounts of heterogeneous 

data, ML can enhance the effective-ness of mechanized systems and elevate them to a higher level. 

Among the main lines of development and implementation of these innovative systems, the 

following can certainly be found: 

a. Detection of weeds, diseases, and crop stress: through computer vision algorithms, images or 

data collected by drones, onboard sensors, satellites, etc., can be analysed to proactively identify and 

assess the presence of weeds, diseases, or stress conditions (e.g., water stress) [10]; 

b. Optimization in the application of agronomic resources [11]; 

c. Automation of guidance systems [12]; 

d. Predictive analysis for strategic crop management [13]. 

The combination of agricultural mechanization and machine learning has led to the 

development of intelligent, integrated systems, representing the future of crop management. This 

synergy offers unprecedented advantages, making agriculture more resilient, sustainable, and 

productive. Among the main practical examples of fruitful integration, we find: autonomous robots 

with computer vision [14], intelligent tractors [15], drones for monitoring and spraying [16], 

intelligent sprayers with multispectral sensors [17], automated harvesting [18], digital precision 

irrigation [19-20], intelligent automated planning of management operations [21], predictive 

diagnostics for machinery maintenance [22], etc. 

In this highly dynamic scenario, technological innovations driving Digital Precision Agriculture 

(DPA) are called upon to play a central and significant role, optimizing strategic resource 

management and improving production sustainability [23]. These technologies are particularly 

useful for effectively managing the main operational and management issues of various crops (e.g., 

fungal diseases, fertilizer management, phytosanitary product management, etc.). 

The purpose of this study is to present an organised overview of the latest advancements and 

potential directions in the use of ML in agricultural mechanised systems for autonomous spraying. 

This strategy is appropriate given the increasing need to improve agricultural methods in order to 

solve issues with food security, environmental sustainability, and production efficiency. 

The paper also seeks to contribute to the understanding of the transformative potential of 

machine learning in agricultural mechanization related to spraying systems in agriculture. In this 

landscape of practical applications, autonomous spraying [24] represents one of the most advanced 

and promising areas in precision agriculture, combining mechanical technologies and artificial 

intelligence to optimize the application of phytosanitary products, fertilizers, and other agronomic 

resources. In an autonomous sprayer operation, it is essential to define an accurate knowledge 

representation (KR) so that the state function is referenced in real time through data from sensors and 

communication systems so that artificial intelligence methods can make decisions [25]. 

Three main types of autonomous spraying systems are available: drones [26], ground robots [27], 

and tractor-mounted sprayers [28]. Drones are a cutting-edge autonomous spraying device that 

works especially well in challenging terrain. They provide remote sensing via multispectral or 
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thermal cameras, quick coverage, and accurate application using GPS and sophisticated sensors. 

They optimise application techniques, cutting waste and enhancing sustainability when combined 

with machine learning algorithms. Ground robots are self-driving vehicles with sophisticated sensors 

(thermal, lidar, and multispectral), self-navigating systems, and nozzles that can be adjusted to 

precisely manage crops. They may administer tailored treatments and cut down on waste by using 

computer vision to analyse real-time photos and identify illnesses or pests. Sprayers mounted on 

tractors, finally, represent a traditional and widely used solution in precision mechanization, yet in 

recent years, they have been significantly improved through the integration of advanced 

technologies, such as field harvesters [29]. Equipped with multispectral sensors, assisted or 

autonomous guidance systems, and variable control nozzles, these sprayers optimize the application 

of products, reducing waste and ensuring precise operation even on uneven terrain." 

2. Materials and Methods 

In this brief review, the state of the art regarding the integration of ML in mechanized 

autonomous spraying systems for durum wheat was analysed. The review was conducted through a 

systematic examination of recent progress in the field. A comprehensive literature review was carried 

out, with particular emphasis to the last 10 years (2014–2024), in order to locate the most relevant 

studies that had been published. The two main databases used for the search were Web of Science 

and Scopus. The search terms included combinations of keywords such as "machine learning", 

"autonomous spraying", "mechanized systems", "precision agriculture", "robotic sprayers", "sensor integration" 

and "agricultural robotics". Scientific articles, conference papers, and book chapters were considered, 

and the findings of the latest available reviews in the literature were also analysed. 

Following the identification of pertinent contributions, an examination was conducted of the 

technological elements (sensors, machine learning algorithms, and mechanised systems), the 

effectiveness, precision, and environmental impact of autonomous spraying systems, as well as 

particular machine learning applications like disease prediction, pest detection, and resource 

optimisation. 

Qualitative analysis was used to evaluate the research:  

a. Technological Trends: The most widely utilised machine learning algorithms, sensors, and 

technology in autonomous spraying systems were determined. The integration of sensors (such 

as LiDAR and multispectral cameras) with machine learning models for real-time decision-

making processes received particular attention. 

b. Progress in Automation: Recent developments in autonomous systems, such as enhanced robot 

navigation, precise spraying, and the systems' capacity to adjust to changing field circumstances, 

were the main emphasis of the review. 

c. Effectiveness and Impact: These systems' performance was assessed in terms of environmental 

sustainability, resource conservation, agricultural production enhancement, and operating 

efficiency. 

d. Challenges and Limitations: The limitations and challenges highlighted in the studies, such as 

the need for high-quality data, system calibration, or field-specific adaptations, were critically 

analysed. 

This scientific review's main goal was to comprehend and precisely characterise the ways in 

which machine learning is combined with sensor technologies in autonomous spraying systems.  

Various machine learning model types that fall into three groups were examined and explored 

in this context:  

a. Supervised Learning: Algorithms trained on labelled datasets to identify patterns and make 

predictions on crop health, pest infestations, or diseases. 

b. Unsupervised Learning: Algorithms for detecting anomalies and grouping in sensor data, 

especially to find unanticipated occurrences like fungal infections or water stress. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 March 2025 doi:10.20944/preprints202503.0225.v1

https://doi.org/10.20944/preprints202503.0225.v1


 4 of 19 

 

c. Deep Learning: High-resolution photographs taken by drones or ground robots can be utilised 

to diagnose illnesses or infestations using sophisticated neural networks for image identification 

and analysis. 

To provide a structured overview of the key aspects covered in this study, Figure 1 presents a 

conceptual map outlining the main themes explored, including machine learning approaches, 

technological trends, and existing challenges in autonomous spraying systems. 

 

Figure 1. Conceptual map outlining the key aspects of this study, including an overview of the review, machine 

learning approaches, technological trends, and challenges in autonomous spraying systems. 

It should be mentioned that although the study offered a thorough examination of the most 

recent advancements in the field, its focus was restricted to research conducted in the context of 

autonomous spraying. Developing control architectures for sprayers based on behaviours adapted 

to the unstructured agricultural environment directly leads to the need to develop machine learning 

methods with a 'decomposition' of behaviour into small sub-behaviours that can be modelled in 

supervised or unsupervised networks [25]. Crop management techniques other than mechanised 

spraying and general uses of machine learning in agriculture were excluded. The review's 

methodological approach is to provide a systematic and comprehensive overview of the present 

research situation, pointing out gaps in the literature and offering suggestions for future 

advancements in the incorporation of machine learning into autonomous spraying systems. 

3. Results 

The integration of ML in mechanized autonomous spraying systems has made significant 

progress in recent years, with a growing focus on the use of advanced sensors and machine learning 

algorithms. The fusion of data from multiple sensors is crucial for enhancing the accuracy of 

autonomous spraying systems. The integration of RGB (Red, Green and Blue) cameras, LiDAR, and 

multispectral sensors provides a more comprehensive understanding of the agricultural 

environment. For example, Ban et al. [30] developed a method based on the fusion of data from a 

monocular RGB camera, a 3D LiDAR, and an inertial measurement unit (IMU) for real-time extraction 

of navigation lines between corn rows (Figure 2). Using an advanced algorithm for creating maps of 

green features and filtering LiDAR data, the system achieved a 90% accuracy rate and an average 

angular error of 1.84°, significantly improving the navigation of agricultural robots in complex 

environments. 
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Figure 2. Multiple sensor device developed by Ban et al. Adapted from [29], © 2024, licensed under CC BY-NC-

ND. 

An advanced system based on Fully Convolutional Networks (FCN) was designed by Lottes et 

al. [31] for stem detection and pixel-wise classification of crops and weeds. By using RGB and NIR 

(Near Infrared) images, the model demonstrated a high level of generalization, even on fields not 

included in the training phase. Additionally, Shi et al. [32] analysed advanced techniques for crop 

row detection, utilizing sensors such as monocular, stereo cameras, and LiDAR, combined with deep 

learning algorithms like Faster R-CNN and YOLO. The multi-sensor fusion enhanced the robustness 

and accuracy of autonomous navigation in agricultural fields. In their paper, Arsalan et al. [33] 

compared the YOLOv5 and YOLOv6 models for tobacco plant detection and segmentation, using the 

TobSet dataset (Figure 3). 

 

Figure 3. Comparison of tobacco plant detection using YOLOv5s and YOLOv6s. Reproduced from [33], © 2024 

Elsevier. 

Aerial photos taken with a Mavic Mini drone were used to assess the models. While YOLOv5-

seg fared better with smaller and overlapping plants, YOLOv6 showed higher accuracy and quicker 
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recognition than YOLOv5. Later, Khan et al. [34] used sophisticated methods such dilated 

convolutions and the adaptive gradient algorithm to enhance the YOLOv8 algorithm for real-time 

segmentation of fruit tree canopies (Figure 4). 

 

Figure 4. Schematic representation of the improved YOLOv8 model structure diagram. Reproduced from [34], 

© 2024 Elsevier. 

The study's average accuracy of 93.3% and the 40% reduction in spraying waste demonstrated 

the model's effectiveness in precision spraying for complex agricultural environments. In the study 

conducted by Jin et al. [35], the efficacy of deep convolutional neural networks (DCNN) in 

recognizing and distinguishing turfgrass weeds based on their herbicide sensitivity was 

demonstrated. The study looked at models like VGG-Net, ShuffleNet-v2, MobileNet-v3, and 

GoogLeNet. Similarly, a deep (CNN)-based method for weed identification and classification in 

agricultural environments was developed and assessed by Pattanik et al. [36]. The work focusses on 

using sophisticated deep learning methods, including CNNs, rectified linear units (ReLU), and the 

SoftMax classifier, to analyse images and differentiate between weeds and crops. To improve crop-

weed classification accuracy, the proposed approach makes use of machine learning techniques 

including SIFT (Scale-Invariant Feature Transform) and SURF (Speeded-Up Robust Features) as well 

as artificial visual analysis systems. When these technologies were combined with neural networks 

and ensemble learning techniques, it was shown that crop photos could be accurately classified. As 

an alternative, Huynh and Nguyen [37] provide a real-time droplet identification system for 

agricultural spraying systems that uses a CNN for video input (Figure 5). 

 

Figure 5. The framework of the droplet detector. Reproduced from [37], © 2024, licensed under CC BY 4.0. 

The technology, which is intended for embedded devices with constrained resources, provides 

excellent droplet detection precision even in the presence of fast movement or low light levels. The 

system's capacity to maximise fertiliser and pesticide use, improving spraying operations' 
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sustainability and efficiency, is highlighted in the results. Modi et al. [38] created a deep learning-

based system for the autonomous identification of weeds in sugarcane fields (Figure 6) using a 

dataset of more than 5,600 photos and testing models like DarkNet53 and ResNet50. The system 

achieved an accuracy of 96.6% and an F1 score higher than 99%, demonstrating the potential of deep 

learning in precise weed management. 

 

Figure 6. Synoptical deep learning map for autonomous weed identification in sugar cane fields. Reproduced 

from [38], © 2023 Elsevier. 

Furthermore, Gao et al. [39] used a machine learning approach based on the mutual subspace 

method (MSM) to create a recognition system to detect spraying locations utilising unmanned aerial 

vehicles (UAVs). By efficiently differentiating between areas that need to be sprayed and those that 

do not, this system seeks to improve precision pesticide spraying while providing high computing 

speed and accuracy. 

The automation of spraying systems has benefited from the use of autonomous vehicles, drones, 

and agricultural robots. Today, real-time agricultural monitoring systems based on deep learning 

and wireless sensors are available [40]. An autonomous unit detects weeds through a camera, 

transmits the images to a deep learning model, and activates targeted herbicide spraying. In their 

article "The Deployment of Machine Learning and On-Board Vision Systems for an Unmanned Aerial 

Sprayer for Pesticides," Karrar S. Mohsin et al. [41] present the development of an autonomous 

pesticide spraying system integrating machine learning and computer vision technologies. The drone 

can recognise and find target regions thanks to computer vision technologies, and the system uses 

machine learning algorithms to evaluate environmental data and optimise spraying parameters. By 

enhancing pesticide application efficiency and accuracy, this technology combination seeks to 

minimise environmental effect and chemical consumption. The suggested strategy provides a novel 

approach to agricultural management, encouraging more focused and sustainable methods.  

Kameswari et al. [42] presented an autonomous pesticide spraying robot based on machine 

learning techniques in the field of agricultural robotics with the goal of increasing crop output while 

lowering labour needs. The system employs an SVM (Support Vector Machine) image classifier to 

automatically detect the path, operating with a supervised learning approach. As the robot moves, it 

captures images with a Pi-Camera, analyses them to identify the path, and sprays water or pesticides 

based on the needs. Additionally, it uses the Plantix app to monitor plant health by analysing real-

time photographs. The Raspberry Pi 3 CPU controls the complete system and gives the motor driver 

instructions to manoeuvre the robot. This project is an innovative example of agricultural automation, 

utilising machine learning and robotics to boost the productivity of agricultural operations. Also 

Wijesundara et al. [43] describe the development of an autonomous agricultural robot designed for 

precise pesticide application. The system uses state-of-the-art computer vision technologies for 
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accurate plant identification and RTK-GPS technology for navigation along present paths. Positive 

outcomes from tests carried out in a field of potted plants demonstrated how well the robot works to 

increase agricultural productivity and encourage more environmentally friendly methods. Similar to 

this, Khan et al. [44] demonstrated a GPS-guided autonomous agricultural robot equipped with an 

automatic weeding and fertilisation system. This gadget selectively applies pesticides and detects 

weeds using machine learning techniques. The system combines Raspberry Pi, Arduino, and RTK 

GPS for precise navigation. Although weed recognition and the addition of more sophisticated 

sensors might be improved, experimental testing validated the robot's capacity to function 

independently in fields. Huynh et al. [45] describe an autonomous agricultural robot that combines 

a deep learning algorithm for targeted plant spraying with a sophisticated navigation system. With 

the use of sophisticated sensors to identify impediments and optimise routes, the robot can move 

around the field at a steady pace and on its own. By identifying plants with high accuracy, the deep 

learning system increased spraying efficiency and decreased the usage of pesticides. Results from 

experiments support the system's efficacy and suggest that it might improve agricultural 

productivity and sustainability. Faikal et al. [46], on the other hand, have already created autonomous 

UAVs for pesticide spraying by combining artificial neural networks (PSO-ANN) and optimisation 

approaches (Particle Swarm Optimisation). The technology provided an efficient and long-lasting 

solution for autonomous crop management by increasing spraying accuracy and minimising 

environmental impact. GöktogÌan and Sukkarieh [47] investigated UAV systems further and used 

unmanned aerial vehicles (UAVs) to monitor and control weeds in challenging regions. They tested 

using UAVs with multispectral sensors to create maps of infestations and automatically administer 

herbicides in different parts of Australia. The solution reduced costs and operational risks, 

demonstrating the effectiveness of UAVs in precision agriculture management. Significant gains in 

sustainability and operating efficiency have been demonstrated by autonomous spraying systems. 

Using a 2D LiDAR system to identify tree trunks and move between rows, Jiang et al. [48] created an 

autonomous robot for orchard spraying (Figure 7). 

 

Figure 7. Two-dimensional LiDAR-based navigation system design for facilitated orchards using a converted 

electrical vehicle as a spraying robot. Reproduced from [48], © 2023, licensed under CC BY 4.0. 

The system processes point clouds and plans the robot's itinerary using clustering techniques 

including DBSCAN, K-means, and RANSAC. With mean positioning errors varying from 11.4 cm to 

15.5 cm depending on the terrain and turning orientation, field testing has shown that the robot can 
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safely and efficiently perform spraying duties while calculating its path in real time. Researchers have 

studied the development of vision-based autonomous vehicles for agricultural applications in great 

detail. The use of machine learning algorithms including regressions, SVM, and KNN was studied 

by Thakur et al. [49]. The use of ensemble methods and hybrid algorithms, which integrate many 

base estimators to improve accuracy and resilience, is growing in popularity. These methods, which 

are mostly used with Python and R, increase processing speed for big datasets and optimise farming 

operations like harvesting and spraying. When Balasingham et al. [50] created SPARROW, an 

autonomous agricultural robot for weed elimination, they integrated a targeted spraying algorithm 

to autonomously recognise weeds and arrange the direction of the nozzle, confirming the 

effectiveness of robot spraying. The robot can accurately follow crop rows by using a vision-based 

navigation system that synchronises with the spraying algorithm. This inexpensive approach seeks 

to minimise environmental effect, increase efficiency, and decrease the usage of herbicides. 

Additionally, Ji et al. [51] created an autonomous indoor irrigation robot by combining cutting-edge 

sensors and navigation algorithms to guarantee accurate and consistent watering. While the frame 

stays still, the robot may spray a large variety of walls since it travels along the Y-axis. Its 

sophisticated sensors enable accurate and autonomous navigation by tracking position and 

monitoring ambient variables. Effective irrigation is ensured by the spraying system's ability to 

distribute liquid uniformly across target surfaces. The robot's mechanical design increases its 

adaptability in interior areas by allowing it to adjust to different ambient conditions. The robot's 

autonomy has led to more efficient irrigation management, reducing the time and resources required 

for operation. This system guarantees precise and uniform irrigation, reducing human intervention 

and increasing process efficiency. Despite progress, a number of obstacles still stand in the way of 

these technologies' widespread deployment. As noted in 2020 by Danton et al. [52], one of the main 

challenges in the creation of an autonomous agricultural robot intended for the accurate delivery of 

fertiliser is the requirement for high-quality data to train machine learning algorithms. The device 

incorporates sensors to track soil conditions, actuators to distribute fertiliser precisely, and GPS for 

self-navigating. Robot control is made simpler by the user interface and navigation algorithms. 

Adoption of such technology can encourage more sustainable farming practices, since field testing 

have shown effective waste reduction and increased agricultural efficiency. Moreover, in 2024, 

Alshbatat et al. [53] emphasised the difficulties in adapting these systems to variable environmental 

conditions, especially for early disease detection in medicinal herb plants. However, the authors 

succeeded in developing an intelligent autonomous agricultural robot to detect and treat diseases in 

medicinal herb plants. With the use of artificial intelligence and Internet of Things technology, the 

robot can identify problems like leaf yellowing early and halt movement to administer preventative 

therapies. The system's deep learning algorithms and Pixy camera allow producers to make quick 

judgements, increasing greenhouse plant disease management effectiveness. Lastly, Singh et al. [54] 

describe the creation and experimental verification of an agricultural intelligent drone that uses 

machine learning and image processing methods to spray crops. By using machine learning 

algorithms to evaluate photos taken by onboard drone sensors, the suggested solution makes it 

possible to precisely identify regions that require treatment and apply fertiliser or pesticide where it 

is needed. By reducing excessive chemical use, this system seeks to minimise environmental damage 

and encourage more sustainable agriculture practices. The drone's ability to increase spraying 

efficiency, guarantee consistent treatment distribution, and lower operating costs has been shown 

through experimental validation.  

4. Discussion 

Mechanised autonomous spraying systems that use ML have shown notable improvements in 

accuracy, productivity, and environmental sustainability. Nevertheless, in order to facilitate 

widespread adoption, a number of issues still need to be looked at and resolved. Large amounts of 

high-quality labelled data are required for ML-based technological solutions in order to guarantee 

correct generalisation and reduce mistakes throughout the spraying process. In this regard, obtaining 
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good performance in machine learning models depends critically on the calibre and volume of data 

utilised for training. 

A fundamental aspect concerns the fusion of data from heterogeneous sensors, such as 

monocular cameras, LiDAR, and multispectral sensors. 

The integration of advanced technologies into autonomous spraying systems is revolutionizing 

precision agriculture by enhancing monitoring capabilities and enabling targeted interventions. 

Recent studies have highlighted the key role of unmanned aerial vehicles (UAVs) equipped with 

hyperspectral and multispectral sensors in supporting more accurate agronomic decisions. Sousa et 

al. [55] demonstrated how push-broom and snapshot sensors mounted on UAVs can optimize 

targeted spraying in viticulture applications, allowing for more precise pesticide distribution and 

reduced environmental impact. Similarly, Pádua et al. [56] showed the effectiveness of multi-

temporal vegetation monitoring using UAV-based RGB imagery to improve vineyard spraying 

management, enabling timely and localized interventions. Furthermore, the adoption of machine 

learning algorithms for data analysis has opened new avenues for intelligent pest control. Guimarães 

et al. [57] developed a system based on multispectral UAV data and ML classifiers to detect aphids 

in vineyards, allowing for a more precise application of biological or chemical control agents. These 

findings confirm that the fusion of machine learning, advanced sensor technology, and UAV systems 

is one of the most promising strategies for optimizing autonomous spraying, ensuring more efficient 

resource use and greater sustainability in agricultural practices. 

The integration of sensors that operate at different frequencies and provide information with 

varying levels of detail presents challenges that are still being optimised, despite the fact that data 

fusion approaches, like the one suggested by Ban et al. [30], have produced notable results in terms 

of accuracy and navigation. For instance, using RGB and LiDAR sensors together is beneficial for 

autonomous navigation management; nevertheless, it necessitates sophisticated data processing to 

synchronise and align data from various devices without sacrificing navigation system accuracy. 

Another area of discussion involves the ability of ML models to adapt to variable conditions, 

such as terrain diversity, lighting variations, and weather conditions. According to Pattanik et al. [36], 

deep learning methods and models like CNNs have been created for weed identification; however, 

further testing and optimisation are needed to determine how well ML models function in dynamic 

agricultural situations. In particular, the resilience of the model has to be strengthened to manage 

situations in which environmental factors, such the presence of clouds or variations in sunshine, 

might impact the quality of pictures obtained by sensors. Thus, it is crucial to create deep learning 

algorithms that can adjust to changes in the environment in real time without sacrificing the precision 

of plant and weed identification. 

The combination of computer vision and ML algorithms has shown promising results in the 

automation of targeted spraying. However, interoperability issues between different systems remain. 

For instance, the deployment of drones and autonomous robots for spraying requires 

synchronization between visual sensors, GPS units, and navigation algorithms, as highlighted in the 

studies by Jiang et al. [48] and Thakur et al. [49] The real-time management of these complex systems, 

especially in agricultural environments characterised by uneven surfaces and growing plants, 

necessitates continuous improvements in localization and mapping models to minimize positioning 

errors and ensure precise and effective spraying operations. 

Choosing the right ML techniques and sensors to maximise detection and navigation is a critical 

step in the creation of autonomous spraying systems. The advantages, limitations, and primary uses 

of some of the most popular machine learning techniques and sensors are contrasted in the following 

Table 1. This comparison aids in understanding how various technical combinations might be used 

to optimise autonomous systems' efficiency in agricultural settings. 
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Table 1. Summary of Machine Learning Methods and Sensors for Autonomous Spraying in Precision 

Agriculture. 

Machine 

Learning 

Method 

Sensor 

Type 

Advantages 

(ML) 

Advantages 

(Sensor) 

Disadvantages 

(ML) 

Disadvantages 

(Sensor) 

Main 

Applications 
References 

Fusion of RGB, 

LiDAR, and 

IMU 

RGB 

Camera, 

3D 

LiDAR, 

IMU 

High accuracy 

in navigation 

line detection 

Comprehensive 

environmental 

perception 

Computationally 

intensive 

LiDAR data 

filtering 

challenges 

Autonomous 

navigation in 

crop fields 

Ban et al. 

(2024) [30] 

Fully 

Convolutional 

Networks (FCN) 

RGB 

Camera, 

NIR 

Camera 

High 

generalization 

for plant 

classification 

Improved plant 

segmentation 

Requires large 

training dataset 

NIR camera cost 

and complexity 

Weed and crop 

classification 

Lottes et al. 

(2019) [31] 

YOLOv5, 

YOLOv6 

RGB 

Camera, 

UAV 

Fast object 

detection and 

segmentation 

Aerial 

monitoring of 

crops 

Inference time in 

real-time 

applications 

Limitations in 

detecting 

overlapping 

plants 

Crop monitoring 

and weed 

detection 

Arsalan et al. 

(2024) [33] 

Dilated 

Convolutions, 

Adaptive 

Gradient 

RGB 

Camera 

Enhanced 

feature 

extraction 

Detailed canopy 

structure 

detection 

Requires more 

computational 

power 

Limited field 

adaptability 

Precision 

spraying of fruit 

trees 

Khan et al. 

(2024) [34] 

DCNN (VGG-

Net, ShuffleNet-

v2, MobileNet-

v3, GoogLeNet) 

RGB 

Camera 

High accuracy 

(>99%) in weed 

recognition 

Reduced 

herbicide use 

High 

dependency on 

training data 

Variability in 

lighting 

conditions 

Weed 

classification 

and herbicide 

optimization 

Jin et al. 

(2022) [35] 

CNN + ReLU + 

SoftMax 

RGB 

Camera 

Effective 

weed-crop 

differentiation 

Artificial visual 

analysis support 

Computationally 

expensive 

Errors in 

complex field 

scenarios 

Crop-weed 

classification 

Pattanik et al. 

(2023) [36] 

CNN-based 

Droplet 

Detection 

Video 

Camera 

High precision 

in droplet 

detection 

Adaptability to 

real-time 

processing 

Limited to 

embedded 

systems 

Performance 

affected by 

motion blur 

Optimized 

pesticide 

application 

Huynh and 

Nguyen 

(2024) [37] 

DarkNet53, 

ResNet50 

RGB 

Camera 

High accuracy 

(96.6%) in 

weed detection 

Robust deep 

learning features 

High 

computational 

demand 

Large dataset 

requirement 

Weed 

identification in 

sugarcane fields 

Modi et al. 

(2023) [38] 

Mutual 

Subspace 

Method (MSM) 

RGB 

Camera, 

UAV 

Fast 

recognition of 

spraying areas 

Efficient field 

coverage 

Lower accuracy 

compared to 

deep learning 

Weather 

dependency 

Precision 

pesticide 

spraying 

Gao et al. 

(2019) [39] 

SVM (Support 

Vector Machine) 

RGB 

Camera, 

Pi-

Camera 

Effective path 

detection 

Real-time image 

analysis 

Limited 

scalability 

Low image 

resolution 

challenges 

Autonomous 

pesticide 

spraying robot 

Kameswari 

et al. (2022) 

[42] 

Reducing the usage of pesticides and fertilisers is one of these technologies' main advantages, 

which has important sustainability ramifications.  

Autonomous spraying systems, such those developed by Khan et al. [34], are more accurate in 

identifying and delivering chemicals, reducing spraying waste by 40%. In addition to lowering 

farmers' operational costs, this promotes more environmentally friendly farming practices and helps 

to conserve the environment.  

Significant investments in infrastructure, technology, and training are needed to deploy 

autonomous agricultural drones and robots. Managing real-time data and the computing capacity 

required for image analysis provide additional difficulties, especially for small and medium-sized 

farms. However, due to ongoing developments in machine learning technologies, sensor 
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miniaturisation, and production cost reduction, these challenges ought to be overcome in the years 

to come. 

In evaluating the state-of-the-art swarm robotics technologies, thirty-four agricultural swarm 

robotics technologies were assessed from seven key aspects: 

1. Technology Readiness Level (TRL): ranging from the basic principles of technology (TRL 1) to 

fully proven systems in operating environments (TRL 9). 

2. Configurability (Config): the robot's ability to be configured for specific tasks. 

3. Adaptability (Adapt): how well the system adjusts to different working scenarios. 

4. Perception Ability (Perc): the robot’s capacity to perceive its environment using various sensors. 

5. Decision Autonomy (Decis): the ability of the robot to act autonomously, based on its 

environment and task requirements. 

Each of these aspects was evaluated using a three-level scoring system (3 = fully addressed, 2 = 

partially addressed, 1 = not addressed), and this helped in drawing comparisons across technologies. 

This evaluation framework can be integrated with the analysis of machine learning approaches for 

autonomous spraying systems, as both domains share a focus on improving task execution efficiency 

and environmental adaptation in agricultural robotics (Table 2). 

Table 2. Evaluation of ML-Based Autonomous Spraying Technologies. Technologies assessed on TRL, 

Configurability, Adaptability, Perception, and Decision Autonomy. 

Name Technology Author TRL Config Adapt Perc Decis 

Camera-LiDAR-IMU Fusion 

Method 

Chao Ban et al. (2024) 

[30] 
7 3 2 3 2 

Robust Joint Stem Detection Lottes et al. (2019) [31] 6 2 1 1 2 

Row Detection-Based Navigation Shi et al. (2023) [32] 7 3 2 2 3 

Real-Time Precision Spraying for 

Tobacco 

Arsalan et al. (2024) 

[33] 
7 3 2 3 2 

YOLOv8 Instance Segmentation 

for Orchard Canopies 
Khan et al. (2024) [34] 7 3 2 3 2 

Deep Learning-Based Weed 

Detection in Turf 
Jin et al. (2022)[35] 7 3 1 3 2 

CNN Algorithm for Farm Weed 

Detection 

Pattanaik et al. (2023) 

[36] 
7 3 2 3 2 

Real-Time Droplet Detection 
Huynh & Nguyen 

(2024) [37] 
6 2 1 1 2 

Automated Weed Identification 

Framework for Sugarcane 
Modi et al. (2023) [38] 6 3 3 3 2 

UAV-Based Spraying Area 

Recognition 
Gao et al. (2019) [39] 7 3 2 3 1 

Real-Time Agricultural 

Monitoring 

Mukherjee et al. (2023) 

[40] 
7 3 2 3 2 

Machine Learning for UAV 

Sprayers 
Mohsin et al. (2025) [41] 6 2 2 1 2 

Autonomous Pesticide Spraying 

Robot Using SVM 

Kameswari et al. (2022) 

[42] 
7 3 1 3 2 

RTK and ML for Autonomous 

Field Robots 

Wijesundara et al. 

(2023) [43] 
6 2 1 3 1 

GPS Guided Autonomous 

Navigation 
Khan et al. (2018) [44] 7 3 1 3 1 

Droplet Tracking in Crop-

Spraying 
Huynh et al. (2024) [45] 6 3 1 3 2 
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Autonomous UAVs for Pesticide 

Application 
Faical et al. (2016) [46] 6 2 1 3 3 

Remote Sensing of Invasive 

Species with UAVs 

Göktogan & Sukkarieh 

(2015) [47] 
8 3 3 3 2 

Navigation of an Autonomous 

Spraying Robot 

Jiang & Ahamed (2023) 

[48] 
5 1 1 3 2 

Vision-Based Control for Agri-

Robots 
Thakur et al. (2024) [49] 6 1 2 3 3 

SPARROW: Smart Precision 

Agriculture Robot 

Balasingham et al. 

(2024) [50] 
5 1 2 1 2 

Fully Autonomous Indoor Spray 

Robot 
Ji et al. (2023) [51] 5 1 2 1 1 

Spraying Robot with Edge 

Following 
Danton et al. (2020) [52] 6 1 2 1 1 

Intelligent Autonomous 

Agricultural Robot 

Alshbatat & Awawdeh 

(2024) [53] 
6 2 1 2 2 

Smart Agriculture Drone for 

Crop Spraying 
Singh et al. (2024) [54] 4 1 2 1 1 

Total by evaluation criteria   54/72 39/72 56/72 45/72 

The assessment of autonomous spraying technologies [58-59] based on machine learning reveals 

significant variations in technological preparedness, adaptability, configurability, perceptual 

capacity, and decision autonomy. These elements provide information on the actual implementation 

and possible enhancement of these systems in precision farming. The majority of the evaluated 

systems are at advanced stages of development in terms of technological readiness, with several of 

them reaching TRL 6 or 7. This suggests successful demonstration in relevant or operational 

environments but indicates the need for further refinement before large-scale commercial adoption.  

High technological maturity, for instance, positions the Camera-LiDAR-IMU Fusion Method 

(Ban et al. [30]) and YOLOv8 Instance Segmentation for Orchard Canopies (Khan et al. [34]) for 

integration into precision spraying applications. For autonomous spraying systems to be adapted to 

a variety of agricultural environments, configuration is crucial. Technologies with great 

configurability, such as deep learning-based weed identification [35] and row detection-based 

navigation [32], may adapt to different crop varieties and field circumstances. The intricacy of 

combining several sensors and machine learning models, however, is the main reason why certain 

systems still present customisation challenges. When it comes to optimising autonomous spraying 

systems, adaptability is still crucial. While many ML-based approaches show moderate adaptability, 

enabling them to cope with changes in environmental conditions such as lighting and crop growth 

stages, further improvements are necessary for optimal performance in dynamic settings [60]. 

Improving adaptability would make the systems more successful overall by allowing them to 

respond more quickly to changes in the agricultural environment. The perceptual ability of a system 

has a significant impact on its capacity to observe its surroundings and make precise spraying 

judgements. Because they increase the accuracy of object detection and segmentation, multi-sensor 

integration technologies, such as LiDAR and multispectral cameras, are typically linked to high 

perception scores. However, systems that just use RGB cameras could not work as effectively in 

inclement weather or when they are hidden by dense foliage. 

Lastly, the ability of completely autonomous systems to make decisions on their own is referred 

to as decision autonomy. Even if a number of the technologies under evaluation have excellent 

decision-making skills, modifying spraying actions in response to real-time data, some still need to 

be optimised in order to reach full autonomy. In practical agricultural applications, system 

independence and accuracy might be further increased by refining decision-making algorithms and 

including reinforcement learning. Considering these developments, there are still obstacles to the 
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broad use of these technologies. The high price of sophisticated technologies and the requirement for 

suitable infrastructure are two of the primary challenges.  

In conclusion, integrating machine learning into autonomous spraying systems is one of the 

most promising approaches to addressing the problems brought up by precision agriculture. Even if 

operational and technological issues still need to be resolved, these systems have the potential to 

revolutionise agriculture through increased production, less environmental impact, and the 

encouragement of more sustainable agricultural methods with more research and refinement. 

5. Conclusions 

Significant gains in accuracy, productivity, and environmental sustainability have been 

demonstrated by the application of ML in automated spraying systems.  Precision agriculture has 

significantly improved with the use of advanced machine learning models and multi-sensor fusion 

techniques. This has made it possible to identify plants in real time, apply pesticides precisely, and 

optimise navigation for autonomous agricultural robots. By improving weed detection, crop row 

identification, and disease recognition, the examined papers highlight the effectiveness of deep 

learning architectures, such as CNNs, YOLO, and FCNs. This promotes more sustainable agricultural 

practices by reducing the use of pesticides and herbicides. Notwithstanding these advances, several 

challenges remain in the possibility of widespread adoption of ML-based autonomous spraying 

systems. Indeed, major obstacles include the need for high-quality labelled data sets to train robust 

models that can generalise across different field conditions and crop varieties. The scalability of such 

systems is limited by the significant resources needed for data collecting and annotation. Combining 

ML-driven autonomous spraying systems with IoT-based agricultural monitoring networks offers 

promising practical opportunities for precision farming. These technologies can ultimately boost 

output and sustainability by improving real-time field monitoring, providing farmers with pertinent 

data, and optimising resource usage. To ensure that these technologies are used appropriately, 

attention must also be paid to ethical and legal considerations, in particular those related to data 

privacy, environmental impact, and acceptance by farmers (especially in settings with strong cultural 

traditions). On the other hand, interesting technological innovations such as IoT leaves good 

prospects for development in this area. Moreover, the fusion of heterogeneous sensor data, including 

RGB cameras, LiDAR and multispectral imagery, presents complexities of synchronisation and 

alignment that still require continuous refinement to ensure accurate real-time decision-making. The 

capacity of these systems to adjust to changing environmental factors, such as variations in sunlight, 

weather, and soil characteristics, is another crucial component. One of the primary areas of study 

continues to be ensuring dependable performance in various agricultural environments. 

Furthermore, real-time applications face difficulties due to the computational needs of deep learning 

methods, especially for embedded devices with constrained processing capacity. Optimising 

lightweight machine learning models that preserve high accuracy while cutting down on inference 

times should be the key goal of future research. In conclusion, even though ML has transformed 

autonomous spraying systems by increasing productivity and decreasing reliance on agrochemicals, 

more developments are needed to address operational and technological issues. To enable the smooth 

integration of these technologies into contemporary agriculture, future research should focus on 

enhancing sensor fusion techniques, creating adaptable machine learning models, and investigating 

energy-efficient computer options. By tackling these issues, ML-driven autonomous spraying 

systems may significantly contribute to the advancement of precision farming, environmental 

sustainability, and food security worldwide. 
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The following abbreviations are used in this manuscript: 

ML Machine Learning 

DPA Digital Precision Agriculture 

RGB Red, Green, Blue 

CPU Central Processing Unit 

GPS Global Positioning System 

LiDAR Light Detection and Ranging 

IMU Inertial Measurement Unit 

FCN Fully Convolutional Network 

VGG Visual Geometry Group 

NIR Near-Infrared 

YOLO You Only Look Once 

DCNN Deep Convolutional Neural Network 

CNN Convolutional Neural Network 

ReLU Rectified Linear Unit 

F1 score Indicator of classification accuracy 

SIFT Scale-Invariant Feature Transform 

SURF Speeded-Up Robust Features 

SVM Support Vector Machine 

MSM Mutual Subspace Method 

UAV Unmanned Aerial Vehicle 

RTK-GPS Real-Time Kinematic - Global Positioning System 

PSO-ANN Particle Swarm Optimization-Artificial Neural Network 

DBSCAN Density-Based Spatial Clustering of Applications with Noise 

K-means A clustering algorithm 

RANSAC Random Sample Consensus 

K-NN K-Nearest Neighbors 

TRL Technology Readiness Level 

Config Configuration 

Adapt Adaptability 

Perc Perception Ability 

Decis Decision-making 
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