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Abstract: Smart agricultural drones for crop spraying are becoming popular worldwide. Research
institutions, commercial companies, and government agencies are investigating and promoting the
use of technologies in the agricultural industry. This study presents a smart agriculture drone inte-
grated with Internet of Things technologies that use machine learning techniques such as TensorFlow
Lite with an EfficientDetLite1 model to identify objects from a custom dataset trained on three crop
classes, namely, pineapple, papaya, and cabbage species, achieving an inference time of 91 ms. The
system’s operation is characterised by its adaptability, offering two spray modes, with spray modes
A and B corresponding to a 100% spray capacity and a 50% spray capacity based on real-time data,
embodying the potential of Internet of Things for real-time monitoring and autonomous decision-
making. The drone is operated with an X500 development kit and has a payload of 1.5 kg with a
flight time of 25 min, travelling at a velocity of 7.5 m/s at a height of 2.5 m. The drone system aims
to improve sustainable farming practices by optimising pesticide application and improving crop
health monitoring.

Keywords: autonomous navigation; crop spraying; IoT; object detection; Raspberry Pi;
TensorFlow Lite

1. Introduction

Agriculture today not only faces the challenge of feeding a rapidly growing global
population but also faces the compounded pressures of climate change, environmental
sustainability, and the need for technological integration. In Pacific Island Countries (PICs),
where between 50% and 70% of the population relies on agriculture and fishing for their
livelihoods, these challenges are particularly acute [1]. The region’s vulnerability to climate-
induced disasters such as rising sea levels and increased cyclone activity, compounded by
economic shocks such as the COVID-19 pandemic and global trade disruptions, underscores
the urgent need for resilient food systems.

Recent disruptions have highlighted the fragility of PICs’ food systems, heavily re-
liant on imports due to limited arable land and the high cost of food imports, which
strains already-limited resources. The pandemic and subsequent global crises have exacer-
bated these vulnerabilities, making the stable, reliable food supply a critical concern for
these nations [2].

To counter these threats, there is a growing recognition of the potential of smart agri-
cultural technologies. The integration of Internet of Things (IoT) devices into agriculture
offers promising solutions to enhance food security by enabling more precise farming
practices that optimise resource use and reduce environmental impacts [3]. For instance,
smart agricultural drones equipped with advanced sensors can help monitor crop health,
optimise pesticide use, and reduce dependence on imported chemical inputs, which is
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crucial for maintaining the economic and environmental health of the region. The appli-
cation of drone-captured attendance has been observed not only on land but also in fish
water agriculture [4].

Thus, this research aims to explore the application of a low-cost, autonomous UAV
system tailored to the agricultural context in the Pacific region. It is important to note that
the terms “drone”, “UAV”, and “quadrotor” are used interchangeably in this article and
refer to the same category of aircraft. Firstly, the areas integrating IoT, object detection,
edge computing, autonomous drones, and agricultural technology were studied to gain a
comprehensive understanding of the work carried out in these domains. Based on these
reviewed works, a gap analysis was performed, and the methodology was developed.
The autonomous UAV is designed to perform multiple functions: crop detection through
image processing, targeted crop spraying, and autonomous navigation. These functions
are intended to operate under the constraints of limited technical resources and the need
for high adaptability in varied geographical and climatic conditions.

2. Literature Review

In precision agriculture (PA), real-time data processing is crucial for efficient decision-
making. This is facilitated by technologies such as edge computing and image processing,
which have applications beyond their initial domains. Edge computing optimises deep
learning model deployment and execution to maximise the limited resources on edge de-
vices. This technique improves object recognition and analytics data handling by reducing
the need to send data to data centres and cloud transfers [5]. TensorFlow (TF) Lite is a
deep learning framework developed by Google to deploy ML models on edge and mobile
devices. TF Lite reduces the size of the model and speeds up processing through model
quantisation, operation fusion, and pruning [6]. EfficientDet is a family of object detection
models that prioritise scalability and efficiency. It has a compound scaling method that
makes the network’s resolution, depth, and width the same size and a bi-directional feature
pyramid network (BiFPN) for accurate multi-scale feature union. EfficientDetLite is a
type of EfficientDet model that works best with TF Lite and is aimed at mobile and edge
devices. TF Lite provides the structure and tools to run these models on devices with
limited resources.

A smart multipurpose agricultural robot with simple image processing was developed
to handle pesticides and water sprinkling on the ground surface [7]. This direct application
of proven methods to agriculture illustrates how technologies across domains can improve
agricultural productivity by enabling timely interventions.

Beyond infrastructure development, technology is also finding applications in PA,
where Unmanned Aerial Vehicles (UAVs) and drones are transforming traditional farming
practices. For example, a smart multipurpose agricultural robot has been developed with
simple image-processing capabilities to handle tasks such as pesticide application and water
sprinkling on the ground surface [7]. In another study, Bouguettaya et al. [8] used UAV-
based convolutional neural networks (CNNs) for crop categorisation to advance precision
agriculture. The Faster R-CNN network demonstrated a 97.1% accuracy in recognising
apple trees, while U-Net architectures could classify fully mature trees with 98.8% accuracy.
However, the accuracy dropped to 56.6% for seedling detection due to challenges associated
with high-altitude imaging. The research evaluated CNN models and datasets, including
the VOAI dataset, containing images of 12 tree species, and the Weedmap dataset, with
more than 10,000 multispectral (MS) images. While demonstrating the promising potential
of UAVs and deep learning for agricultural surveillance and high categorisation accuracy,
the authors acknowledged several challenges, such as the computational demands of
CNNs, the need for large datasets, and the performance variability depending on crop and
UAV attributes.

Building on the theme of precision and efficiency, the study by Renella et al. [9]
focused mainly on using the TF Lite Model Maker to find and separate strawberry plants
and weeds. The models were trained on 96 pictures that had been labelled and had more
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than 1000 annotations. The EfficientDetLite1 to Lite4 architectures were used. After training,
the models were tested on ten sets of images that had not been seen before. The results
showed that the models had different true positive rates for finding strawberries and weeds,
with EfficientDetLite4 having the highest level of precision. Strawberry true positive rates
of up to 78%, small-weed true positive rates of up to 94%, and precision scores of up to
0.9873 for strawberry identification are some of the most important numbers.

Furthermore, Yallappa et al. [10] developed a pesticide sprayer that could be attached
to a drone. The sprayer had a hexacopter frame, six BLDC motors, and two 8000 mAh
LiPo batteries that could lift a 5 L pesticide tank. At a forward speed of 3.6 km h−1 and a
spray height of 1 m, this drone was able to cover an average of 1.15 ha h−1 of groundnuts
and 1.08 ha h−1 of wheat crops. This made it much more efficient. The cost-effectiveness of
the processes was found to be 345 Rs/ha for groundnuts and 367 Rs/ha for wheat crops.
The spray was more even when the working pressure and spray height were increased.
The volume median diameter (VMD) and the number median diameter (NMD) of the
spray drops were measured in the laboratory to be 345 µm and 270 µm, respectively. This
drone sprayer can reach places that are difficult to reach and reduces pesticide costs and
environmental damage.

Reflecting these advancements, the study by Abdul Hafeez et al. [11] took a thorough
look at the development and usefulness of drone technology in farming. The authors made
some significant discoveries, such as the use of ML methods that were 99.97% accurate in
the detection of diseases and the testing of pesticides. A Crop Water Stress Index (CWSI)
between 0.28 and 0.69 can be used to check the health of crops, and there should be less than
20% error in droplet formation when pesticides are applied. Using drones requires 20% to
90% less chemical use, water, and work. A 6-litre-capacity octocopter had been developed
to improve the efficiency of farm tracks. This shows how UAV technology can significantly
simplify farming processes. A pumping range of 0.10 to 0.22 litres per minute was put in
place to spray pesticides, saving approximately 9 USD per hectare in costs.

In addition to making great strides in agriculture, UAVs have also come a long
way in improving operational efficiency and tracking. A case in point is the research
by Jubair et al. [12], which describes a drone that can carry 2 kg of seeds and fly at 2 m
above ground at 15 km h−1 for up to 20 min on a single charge but can reach a maximum
altitude of 500 m and a maximum flying speed of 14.76 km h−1. The efficiency is at least
seven times higher than when sowing by hand. Its usefulness is affected by the maximum
15 min flight time with a payload. This leads to multiple battery changes for large farms
and a set operational altitude, which could make it difficult to use on uneven ground or
near tall plants.

In addition to emphasising the importance of operational efficiency, Piriyasupakij et al. [13]
shed light on how a drone’s detection accuracy is affected in various testing situations.
When tested by manual flights, the flight path accuracy was 97.50% in Stabiliser mode
and 95.00% in Loiter mode. Stabiliser mode was chosen because it was faster and more
responsive. The accuracy levels for the flight mode changed with altitude in automatic
flight tests, going from 98.50% at 3 m to 90.00% at 200 m. The accuracy for human detection
was best at 3 m (97.00%) and lowest at 5 m (90.25%). The drone’s ability to detect intruders
varies depending on its altitude and flight mode, showing how important it is to fine-tune
operating factors for monitoring purposes.

Advancing these operational efficiencies, in their research, Naufal et al. [14] presented a
vision-based automated landing system for quadcopter drones that uses OpenMV cameras
to track AprilTags and achieved a landing accuracy of up to 11.7 cm indoors and 8.94 cm
outdoors. It combines Pixhawk and Mission Planner (MP), showing that it can work in a
range of conditions, with a detection range of 20 cm to 450 cm, depending on the tag size.
A mere 4.35% error rate in the distance measurement further proves how reliable the system
is. The planned improvements involve increasing camera quality and adding a gimbal
for better detection and picture stability. This shows that drone landing technologies are
moving in the right direction towards improving accuracy and reliability [14].
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Lastly, by using CNN with transfer learning from the Inception V3 design,
Ukaegbu et al. [15] created a system for detecting plants and applying herbicides that
was 89.6% accurate for training and 90.6% accurate for validation. Using this Raspberry
Pi-based device, less pesticide is needed. The researchers showed how resilient the model
was by using a collection of 15,336 pictures and dropout and data augmentation methods
to prevent overfitting. Beyond how accurate and valuable it is, the study suggests that
it could be improved to improve detection and make farming more efficient. Improved
features include adding to the dataset, using a better-quality camera, and adding deep
learning engines.

Using UAVs and machine learning (ML) methods to monitor saffron plantations,
Kiropoulos et al. [16] demonstrate significant success. The research emphasises RF and
MLP models along with RGB and MS cameras. Remarkably, the RF model achieves
100% accuracy in recognising saffron flowers and vegetation, and the MLP model
scores 95%, illustrating the potential of ML algorithms and UAV technology in improving
agricultural monitoring and management.

A crop-monitoring system designed to enhance agricultural output was developed
by Vijayalakshmi et al. [17], integrating a CNN, data fusion, UAVs, and IoT. This system
focuses on improving conditions in low-yield locations and achieves 93% accuracy in data
fusion, 84% in CMS, 87% in FANET, and 91% in the CNN. By distinguishing between
weeds and crops under various weather conditions, this research by Vijayalakshmi et al.
underscores the transformative potential of ML, IoT, and UAV technology to advance
agricultural practices.

The application of UAVs for bridge inspection was explored in a study by Aliyari et al. [18],
using data from a spectroradiometer and multispectral (MS) camera data alongside deep
learning models such as VGG16, ResNet50, ResNet152v2, Xception, InceptionV3, and
DenseNet201. Focusing on the Skodsberg Bridge in Norway with 19,023 photos, the study
found that CNN models must balance trainable and non-trainable features for optimal
performance, achieving 83% accuracy in identifying fractured and undamaged components
through image cropping.

Focusing on disaster management, specifically flood detection, Munawar et al. [19]
examined the use of CNNs and UAVs. Analysing a segment of the Pakistani Indus River,
the study used UAV footage, spectroradiometers, and multispectral (MS) cameras and
trained a CNN model to identify flood-affected areas with 91% accuracy. This demonstrates
the model’s capability to assess infrastructure damage and enhance flood response efforts,
highlighting the importance of CNN models in disaster management.

Investigating the detection of diseases in various crops using sensors in UAVs analysed
by ML and deep learning (DL) methods, including CNNs, Tej Bahadur Shahi et al. [20]
found that ML methods categorised agricultural diseases with 72–98% accuracy, and DL
methods achieved 85–100%. This highlights the potential of UAVs in early disease detection
to mitigate crop loss, despite challenges related to high-resolution image usage and UAV
imaging variability.

The evolution of remote sensing in sugarcane cultivation from 1981 to 2020 was re-
viewed by Som-ard et al. [21], who showcased the effectiveness of Landsat and Sentinel-2
MSI data. With satellite sensors offering 10-metre spatial resolution for precision moni-
toring, machine learning methods such as Random Forest (RF) and convolutional neural
networks (CNNs) have significantly enhanced sugarcane growth, health, and yield analysis.
This review identified data preprocessing and environmental variability as challenges
affecting monitoring precision.

In a comprehensive review of more than 70 articles, Imran Zualkernan et al. [22]
assessed the use of machine learning and UAV images in addressing agricultural challenges
such as crop classification, vegetation identification, and disease diagnosis. The evaluation
of SVM and CNN machine learning models highlights CNNs’ ability to classify diseases
with 99.04% accuracy, showcasing the effectiveness of using various sensors for identifying
crops and weeds.
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A study on the hyperspectral response of soybean cultivars to target spot disease
conducted by Otone et al. [23] used machine learning for severity classification. Using data
collected with fungicides for various diseases during the 2022–2023 agricultural season,
the research found that SVM and RF were effective in classifying disease severity with
85% and 76% accuracy, respectively. This underscores the potential of hyperspectral scan-
ning and machine learning in the early detection and monitoring of soybean target spots.

Research by Mohidem et al. [24] on the integration of machine learning algorithms
with UAVs equipped with RGB, multispectral, hyperspectral, and thermal cameras for
weed detection in agricultural fields highlights the critical role of UAV technology and
machine learning in minimising crop loss. With SVM achieving 94% accuracy and CNNs
reaching 99.8%, the study underscores the importance of improving UAV-based remote
sensing in agricultural settings.

Almasoud et al. [25] present a novel approach to identifying maize, banana, forest,
legumes, and structural crops using remote sensing imagery from UAVs using the RSMPA-
DLFCC method. Incorporating deep learning with the Marine Predators Algorithm, this
method achieved a high accuracy rate of 98.22% on a UAV dataset, marking a significant
improvement over previous crop classification models.

Phenotyping citrus production with UAV-based multispectral imaging and deep
learning convolutional neural networks is addressed by Ampatzidis et al. [26]. The success
of this method in tree detection, gap identification, and health assessment demonstrates
significant accuracy improvements, achieving an overall accuracy of 99.8%, highlighting
the application of CNNs and multispectral cameras in agriculture.

RF-OBIA, an approach to early weed mapping in crop rows developed by Ana I.
de Castro et al. [27], utilises high-resolution UAV data to differentiate crops and weeds
using the Random Forest (RF) classifier. Achieving 81% and 84% accuracy in sunflower
and cotton agriculture, respectively, this method emphasises the critical role of precision
imaging in agriculture.

Investigating tea plant cold stress, Mao et al. [28] used UAVs equipped with MS, TIR,
and RGB sensors, employing the CNN-GRU model in conjunction with the GRU, PLSR,
SVR, and RFR models. This method, which incorporates MS and RGB data, significantly
exceeds traditional models in predictive accuracy, highlighting the application of machine
learning and UAV technology in precision agriculture to assess cold stress in tea plantations.

Another study [29] presents the development of a UAV-based automated aerial spray-
ing system in China that is designed to improve plant protection operations. Utilising a
highly integrated MSP430 single-chip microcomputer, the system features independent
functional modules for route planning and GPS navigation, ensuring precise spray area
targeting. The test results demonstrate low route deviations in crosswinds and low varia-
tions in spray uniformity tests. Table 1 provides a comprehensive summary of UAV-based
developments in various areas.

The literature reviewed encompasses works from diverse focus areas within the do-
main of agricultural technology. This review aimed to underscore the limitations of existing
prototypes, which are often costly or lack the versatility to be easily repurposed for other
agricultural applications. Furthermore, a significant portion of the developed UAV systems
prioritise PA, with a primary emphasis on the accuracy of crop identification. Consequently,
the focus on detection and monitoring overshadows the development of prototypes that
could potentially minimise human labour in pesticide application. Therefore, there is a
pressing need for cost-effective solutions that enable the development of real-time, adapt-
able, UAV-based crop-spraying applications.
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Table 1. Summary of UAV-based ML applications in agriculture.

Ref. Focus Area ML Method Equipment Performance

[16] Saffron RF, MLP RGB, MS cameras Accuracy: RF 100%, MLP 95%
[17] Agricultural weed, soil,

and crop analysis
CMS, FANET, CNN,
data fusion

Electrochemical sensors,
DJI Inspire 2

Accuracy: CMS 84%, FANET 87%, CNN 91%, data fusion 94%

[18] Bridge inspection
(non-agricultural)

VGG16, ResNet50,
ResNet152v2, Xception,
InceptionV3,
DenseNet201

Spectroradiometer,
MS camera

Accuracy: up to 83%

[19] Flood detection
(environmental
monitoring)

CNN Spectroradiometer,
MS camera

Accuracy: 91%

[20] Multiple crops
(wheat, maize, potato,
grape, banana, coffee,
radish, sugar, cotton,
soybean, tea)

RF, SVM, ANN, CNN RGB, MS, hyperspectral,
thermal

Accuracy: ML 72–98%, DL 85–100%

[21] Sugarcane cultivation
analysis

RF, CNN Landsat, Sentinel-2 MSI Accuracy: RF 80–98%, CNN 95%

[22] General crop and weed
detection

SVM, CNN Imaging sensors, RGB,
MS, hyperspectral,
thermal

Accuracy: SVM 88.01%, CNN 96.3%

[23] Soybean cultivation and
health analysis

LR, SVM Spectroradiometer,
MS camera

Accuracy: RF 76%, SVM 85%

[24] Weed identification AlexNet, CNN, SVM RGB, MS, hyperspectral,
thermal

Accuracy: AlexNet 99.8%, CNN 98.8%, SVM 94%

[25] Various crops (maize,
banana, forest, legume,
structural, others)
Analysis

RSMPA-DLFCC, SBODL-
FCC, DNN, AlexNet,
VGG-16, ResNet, SVM

UAV dataset
Accuracy: RSMPA-DLFCC 98.22%, SBODL-FCC 97.43%,
DNN 86.23%, AlexNet 90.49%, VGG-16 90.35%,
ResNet 87.7%, SVM 86.69%

[26] Citrus tree health and
growth monitoring

CNNs MS camera (RedEdge-M) Accuracy: overall 99.8%, tree gaps 94.2%, canopy 85.5%

[27] Sunflower and cotton
cultivation analysis

RF RGB camera (Sony
ILCE-6000)

Accuracy: sunflower 81%, cotton 84%

[28] Tea plant cold
injury assessment

CNN-GRU, GRU, PLSR,
SVR, RFR

MS, TIR, RGB Accuracy: R2 = 0.862; RMSEP = 0.138; RPD = 2.220

[29] Automatic aerial
spraying system

MSP430 single-chip
microcomputer

GPS, spray
uniformity tests

Route deviation: 0.2 m; coefficient of variation: 25%

[30] Vineyard management NDVI-based classification Six-rotor UAV, pitch-
and-roll-compensated
multispectral camera

Good agreement with ground-based observations

3. Methodology

Stemming from the gap identified in the literature, the methodology for developing
an autonomous UAV system for real-time crop detection and crop spraying was divided
into three main components, as shown in Figure 1. The image-processing component
(Figure 1a) and the crop-spraying component (Figure 1b) are interdependent; the object
detection algorithm determines the amount of pesticide to spray on each crop and then
automatically activates the sprayer. On the other hand, the autonomous flight-mapping
and navigation component (Figure 1c) operates independently of the other two functions.
This approach distributes the processing power, enabling the drone to function in real time
without overburdening the involved microprocessors and microcontrollers.
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Figure 1. Methodology showing (a) image-processing system, (b) crop-spraying system, (c) drone
flight system.

3.1. Image-Processing System

The steps involved in developing the image-processing system are described in
Figure 1a). These steps are further elaborated on in the following subsections.

3.1.1. Image Capture and Preprocessing

The quality, diversity, and volume of the dataset directly influence the model’s ability
to learn, generalise, and accurately detect objects under varied conditions. Due to logistical
constraints and lack of access to a traditional farm, the dataset was compiled using images
of crops planted in pots at the University of the South Pacific (USP) Engineering Block,
located at 18°08′57.1′′ S 178°26′52.3′′ E. This controlled premises was chosen to ensure a
variety of lighting conditions, backgrounds, and angles, which is essential for improving
model performance and preventing overfitting. Overfitting occurs when a model trained
on a dataset with limited variability learns to memorise specific patterns rather than
generalising to new data.

All images were RGB images that were resized to 800 × 600 pixels and converted to
JPEG format. Preprocessing was conducted using Python scripts with OpenCV libraries in
Google Colab, demonstrating an IoT-enabled approach, which is essential for maintaining
training efficiency and managing dataset storage demands.

Machine learning models are trained to learn from any dataset provided during
the training phase. Although the initial dataset comprised pot-planted crops to begin
development and testing, the models are adaptable and can learn from datasets that
include crops planted in typical farm conditions. Future work will expand the dataset
with images from actual agricultural fields to ensure that the models are well adapted to
real-world farming environments. Figure 2 shows sample images from the custom dataset,
highlighting the diverse conditions under which the data were collected.
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Figure 2. Sample images from custom dataset.

3.1.2. Annotation and Data Setup

For the annotation task of the dataset, the project utilised makesense.ai, a web-based
tool that utilises IoT’s cloud connectivity, designed to facilitate the remote annotation of
images. This tool allows users to outline objects within images by drawing bounding boxes,
making it an ideal platform for labelling specific crop classes, namely, pineapple, papaya,
and cabbage, within the dataset. Through this platform, 531 annotations were made in
177 images, ensuring a comprehensive description of each crop type for model training.
The precision of the crafted bounding boxes for annotations directly influences the ability
to recognise and classify the targeted crops.

3.1.3. Model Training and Evaluation

Google Colab was utilised for training the EfficientDetLite models; it was selected for
its cloud-based capabilities, which meet the computational demands of machine learning
without the need for local hardware. This choice was specifically due to Google Colab’s
compatibility with TensorFlow Lite, facilitating the training of lightweight models that are
efficient for deployment on edge devices.

The project employed transfer learning techniques utilising pre-trained models on
TensorFlow Lite, which were further fine-tuned to suit the specific requirements of precision
agriculture. This approach leveraged existing neural networks trained on extensive datasets,
thus enabling improved model performance on a specialised, smaller dataset, which is
characteristic of the agricultural domain. The training involved adjusting model parameters
like the learning rate and batch size to optimise detection accuracy for various types of
crops under diverse environmental conditions.

The models’ performance was evaluated using a range of metrics from the COCO
dataset, a standard benchmark in the field of object detection. These metrics include Av-
erage Precision (AP) at various Intersection over Union (IoU) thresholds (AP50, AP75),
providing insight into the models’ accuracy at different levels of detection precision. Addi-
tionally, Average Recall (AR) metrics (AR1, ARm, ARmax1, ARmax10, ARmax100, ARs)
offer a comprehensive view of the models’ ability to detect all relevant objects within the
images. Average Precision (AP) was identified as the primary metric for how well each
model identifies and sorts the three types of crops, guiding the selection of the best model
for use by looking at its overall performance.
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3.1.4. Deployment and Testing

For deployment, the project used a Raspberry Pi 4B with 4 GB RAM, which is a
compact single-board computer capable of performing real-time image-processing tasks
and operating on approximately 15 W of power. The widespread use of the Raspberry Pi in
DIY projects and research, combined with its affordability, made it an ideal choice for the
deployment of the trained model. This setup enabled the system to process images directly
in the field, testing the model’s detection abilities at different heights, ranging from 0.5 to
2.5 m. However, for intensive tasks such as image processing, Raspberry Pi hardware can be
quite limiting. To further enhance the processing speed and ensure real-time performance,
the Coral USB Accelerator was integrated into the system. This portable device offloads
the TF Lite model inference from the Raspberry Pi, demonstrating the practical application
of IoT technologies to reduce the computational load on the Raspberry Pi and enable faster
image processing. The overall image processing system with components is shown in
Figure 3.

Figure 3. Image processing system.

3.2. Crop-Spraying System

The steps involved in developing the crop-spraying system are outlined as follows.

3.2.1. Hardware Setup and Calibration

The development of the crop-spraying system focused on minimising weight to meet
the unique needs of the drone. The system features a variable 5 V to 12 V rated self-priming
pump with a 1/4-inch outlet, a compact 220 mL tank, and 360-degree nozzles, all connected
by lightweight 1/4-inch flexible PVC piping. To control the pump motor, an L298N motor
driver was utilised and interfaced with the Raspberry Pi. Calibration efforts focused on
determining the optimal operating voltage of the pump and then assessing how various
parameters, such as the spray width, spray flow rate, and coefficient of variation (CV) of
different spray modes (mode A being 100% and mode B being 50%), operate at different
heights, ranging from 0.5 m to 2.5 m.

3.2.2. Spray Integration

The crop-spraying system was then integrated with the image-processing system
with each of the crop classes assigned to a spray mode. The block diagram of the crop-
spraying system is shown in Figure 4. The pineapple was assigned to spray mode A
at 100% full capacity for the pump, while the papaya was assigned to spray mode B
at 50% of the pump capacity for a gentler spray. Cabbage was assigned to 0% of the pump
capacity, resulting in no spraying action. A threshold confidence of 98% was added to
avoid incorrect activation, and each time there was an activation, the system would spray
for a 3 s duration.
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Figure 4. Crop-spraying system.

3.3. Drone Flight System

The steps involved in developing the drone flight system are outlined as follows:

3.3.1. Hardware Setup and Flight Control System

The drone system utilised the PX4 X500 development kit (see Figure 5) and was as-
sembled according to its documentation. The parameters of the quadrotor are presented
in Table 2. As suggested earlier, a PID controller is used to stabilise and manoeuvre the
quadrotor precisely to the desired trajectory, and the quadrotor mathematical model is
taken from [31]. The aircraft position information is measured via onboard GPS sensors,
which are (x, y, z) from the centre of the axis of the aircraft. The orientations are obtained
from an Inertial Measurement Unit, which consists of a gyroscope and accelerometer; these
angular poses are given as (ϕ, θ, ψ), which are also known as roll, pitch, and yaw, respec-
tively. Hence, the final state vector of the quadrotor consists of the following 12 variables:
(x, y, z, ϕ, θ, ψ) positions and their respective velocities (u, v, w, p, q, r). The onboard system
architecture is presented in Figure 6. Since the quadrotor has four rotor speeds that aid
in manoeuvring, to ensure a fully controllable system, the ϕ and θ angles are maintained
close to zero. This allows the quadrotor to achieve the four desired outputs: (x, y, z, ψ).
Additionally, maintaining ϕ and θ close to zero during spraying ensures that the centre of
gravity remains in position. It is also ensured that the spraying mechanism is attached in
such a way that the centre of gravity of the entire system does not change.

Moreover, the four rotors of the quadrotor are designed to generate thrust through their
spin, supporting the weight and payload of the aircraft while also producing additional
acceleration. The relationship between each rotor’s rotation and the resulting thrust force Fi
is roughly quadratic and is given by Fi = kFω2, where ω represents the speed of the rotor,
kF is the force constant, and i = 1, 2, 3, 4 corresponds to the four rotors. To be able to spin at
a desired velocity, each rotor has to overcome a drag moment, which is also quadratic with
the velocity itself, that is, Mi = kMω2, where kM is the torque constant.

Figure 5. Hardware setup of X500 development kit.
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Figure 6. Closed-loop control system.

Table 2. Drone parameters.

Parameter Value Unit

Drone mass 1 kg
Arm length 0.25 m

Inertial moment about x 0.063 kg/m2

Inertial moment about y 0.063 kg/m2

Inertial moment about z 0.063 kg/m2

Motor thrust (at 100% throttle) 1293 kV
Motor torque (at 100% throttle) 0.18 Nm

Gravitational acceleration 9.8 m/s2

Furthermore, with the speed–torque characteristic, the motor’s size can be computed
relative to the payload or vice versa. During vertical takeoff or hovering, each rotor must
support a quarter of the vehicle’s weight plus the payload, represented as Wo =

1
4 mg + p,

where g is gravity, and p is the payload weight in N. Therefore, the nominal speed of the
rotors during hovering or vertical takeoff is calculated as follows:

ω0 =

√
mg + p

4KF
(1)

3.3.2. Software Setup and Flight Control

The ground station setup involved installing the mission planner (MP) software, Ver.
1.3.80 on the ground control station laptop. MP is an application to configure and control
the drone through the ArduPilot platform. This stage included flashing the drone’s flight
controller with the latest firmware to ensure that certain flight modes and autonomous
mission operations were fully supported. Utilising MP software at the ground station to
manage and set up the drones shows how IoT can be used to directly control and monitor
the drone, making operations more flexible and effective.

3.3.3. Calibration and Pre-Flight Testing

This process involved calibrating onboard sensors such as the compass, accelerometer,
gyroscope, and GPS. This ensured that the drone could accurately sense its orientation
and position during flight. The LiPo batteries used to power the system (4 s, 14.8 V,
5500 mAh) were recommended by the development kit. Furthermore, a TX-12 radio
controller, operating at a 2.4 GHz frequency, and radio telemetry at 433 MHz were also
set up, ensuring communication within the acceptable band ranges for the Fiji Islands.
This setup was to allow the manual control and remote monitoring of the drone from the
ground station. The drone flight system can be easily understood from Figure 7.
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Figure 7. Drone system and ground station.

3.3.4. Flight and Mission Testing

The drone began flight tests with manual control in three primary modes: Stabilise,
Alt Hold, and Loiter. These were to observe the stability of basic manoeuvres. Stabilise
mode allowed the full manual control of the drone parameters. Alt Hold mode allowed the
pilot to control the horizontal movement while the drone maintained a constant altitude.
Loiter mode allowed the drone to hover in its current position in space. Following manual
flight tests, the focus was on autonomous mission execution. Using MP, a mission was
designed with specific waypoints that detail the path, altitude, and speed of the drone to
follow. Once the drone was in Auto mode, it navigated the predefined waypoints without
manual input. Post-flight, an analysis of flight log data was performed, focusing on GPS
accuracy, to evaluate drone adherence to planned missions.

3.4. Overall System

The steps involved in developing the overall system are outlined as follows.

3.4.1. System Integration Process

The final stage was integrating the image-processing, crop-spraying, and drone flight
systems into a cohesive unit. Due to the additional weight, the drone’s flight dynamics
were altered. To address this and ensure stable and responsive flight behaviour, the drone’s
PID (Proportional, Integral, Derivative) parameters for the positions and attitudes had
to be tuned as presented in [31]. Ref. [31] also shows the decoupling of the states of the
quadrotor into individual transfer functions that can be easily stabilised using PID or even
a Fraction PI-D controller.
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3.4.2. System Testing

After tuning the PID parameters of the drone, manual flight tests were performed
to test the stability and responsiveness of the system in different flight modes. This was
followed by autonomous flight tests in a 3 × 3 plant matrix setup, which included three
specimens from each crop class organised in random order. These tests were conducted
on USP grounds on controlled premises with natural weather conditions at coordinates
18°08′57.1′′ S 178°26′52.3′′ E, 18°09′05.8′′ S 178°26′26.6′′ E, and 18°09′17.5′′ S 178°26′40.8′′ E.
Waypoints in MP were created to match the plant matrix setup, and tests for any potential
deviations or drifts during flight were conducted. Once the flight path was nailed down,
the spraying system was activated.

3.4.3. Evaluation and Optimisation

Following the testing phases, the system was evaluated, and after iterative trials,
the flight logs were also analysed to ensure that the drone kept its course even in strong
winds. The system was optimised and tweaked to give a satisfactory output.

4. Results and Discussion

In pursuit of deploying AI for drone-based PA, the evaluation of model architectures is
a step towards ensuring the effective real-time monitoring of crop health. Table 3 provides a
comparative look at the Average Precision scores of the EfficientDetLite models in three key
crop classes: pineapple, papaya, and cabbage. These data are essential for understanding
each model’s ability to accurately detect and classify crop types from aerial images. The data
indicate that the EfficientDetLite3 model achieves the highest precision across all crops,
with an AP score of 92.30% for cabbage, while the EfficientDetLite0 model had the lowest
AP score of 88.53% for cabbage. The models were each trained for 300 epochs on a batch size
of 8, with the practical limitation of available computational resources dictating this value.

Table 3. Average Precision of models for different classes.

Model Architecture Pineapple Papaya Cabbage

Efficientdetlite0 70.74 76.39 88.53
Efficientdetlite1 75.34 79.11 89.71
Efficientdetlite2 76.89 83.13 91.86
Efficientdetlite3 78.07 84.95 92.30

To manage the power needs of the drone, which is portable and has four motors,
the Coral USB Accelerator, which features Google’s Edge TPU, was utilised to enable
quick, on-device processing, which then improves efficiency and reduces overall power
use. The Edge TPU is capable of processing in real time, as it allows the data feed from
the drone’s camera to be processed on the drone, reducing the need to send data to a
server for processing, which reduces latency and power consumption. Inference time is an
indicative metric of the response of the model. Without the Edge TPU, Table 4 indicates a
progressive increase in inference time with model complexity. EfficientDetLite0, as the least
complex model, processes images at 125 ms, which is suitable for its simplicity of design.
In contrast, EfficientDetLite3 registers the longest inference time of 1250 ms, potentially
introducing a delay in time-sensitive tasks. Moreover, with Edge TPU support, inference
times are notably reduced across all models. The most noticeable improvement is observed
in EfficientDetLite0, with a decrease to 56 ms, and EfficientDetLite1, with a reduction to
91 ms.
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Table 4. Comparison of model performance with and without Edge TPU.

Model Without Edge TPU With Edge TPU

Architecture Inference Time
(ms) File Size (MB) Inference Time

(ms) File Size (MB)

Efficientdetlite0 125 5.12 56 5.57
Efficientdetlite1 185 7.38 91 7.65
Efficientdetlite2 370 9.41 250 9.74
Efficientdetlite3 1250 11.95 500 12.32

The model storage requirement is an important factor for edge devices, where memory
is at a premium. Table 4 shows that models without the Edge TPU are inherently smaller,
but Edge TPU optimisation only slightly increases its size. For instance, the increase from
7.38 MB to 7.65 MB for EfficientDetLite1 is a minor trade-off for the benefit of accelerated
inference capabilities. In particular, there exists an inversely proportional relationship
between precision (accuracy) and speed (inference time), with higher accuracy often coming
at the cost of reduced processing speed. The EfficientDetLite1 model emerged as the
preferred choice, striking an optimal balance between these key factors. The use of the
Coral USB Accelerator reduces inference times across all models, as illustrated in Table 4.
This acceleration is particularly beneficial for our drone’s operational context, where four
motors significantly increase power consumption. By processing data on the edge, we
considerably reduce the power required for communication and data processing, which
directly contributes to extending the drone’s flight time. These enhancements are critical in
maintaining longer operational periods, which are essential for thorough crop-monitoring
and treatment applications. Moreover, while the performance and inference times of
Raspberry Pi have been improved by the Edge TPU, its limitations become apparent,
and future improvement could benefit from exploring the use of the Coral Dev Board or the
Nvidia Jetson Nano, which contain more powerful processors and are designed to handle
intense computational tasks.

Figure 8 of the object detection interface demonstrates the EfficientDetLite1 model’s
precision in identifying different crop types and labelling each within a bounding box.
At an altitude of 2.5 m, the model confidently detects and annotates pineapples, papayas,
and cabbages with a success rate of 100%. This singular detection focus is by design,
setting a high-accuracy detection by imposing a one-object-per-frame detection limit, which
reduces the chance of misclassification and ensures that the drone’s actions are based on
the most reliable data.

Figure 8. Object detection at an altitude of 2.5 m with Pi Camera.

As observed in Figure 9, there is a linear relationship between the spray width and
height. Spray mode A achieves a 25% wider spray than spray mode B across all heights.

Figure 10 shows the flow rate and depicts initial increases across the different heights.
At varying heights, Mode A’s flow rate fluctuates but generally increases, peaking at 2.5 m
with 1883 L/min, while Mode B exhibits a less consistent pattern with a peak flow rate of
915 L/min at 2.5 m.
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Figure 9. Comparing spray width in modes A and B.

Figure 10. Comparing spray flow rate in modes A and B.

The CV is a relative measure of the variability in relation to the mean of the dataset, as
shown in Figure 11. A lower CV value indicates a more uniform spray distribution. In this
dataset, in spray mode A, the most uniform spray distribution occurs at a 2.5 m height with
a CV of 0.61. In spray mode B, the most uniform distribution is at a 2.5 m height with a CV
of 0.74. This suggests that, of the scenarios tested, raising the drone to a height of 2.5 m
results in the most uniform spray distribution in both spray modes.

The MP waypoint interface, as shown in Figure 12, provides a visual representation of
the planning that precedes a drone mission, illustrating the detailed path intended for the
drone to follow over simulated agricultural fields. This 3-by-3 matrix, as shown in Figure 13,
consists of pineapples, papayas, and cabbages arranged in a randomised order and serves
as a controlled environment to evaluate the drone’s performance. The precision and clarity
of the system’s visual outputs show how important IoT is for turning data into useful
agricultural information. In line with this, the GPS flight log reveals the drone’s adherence
to the planned path, as shown in Figure 14. Operating at a speed of 7.5 m/s and an altitude
of 2.5 m, the drone has a flight time of 25 min with a payload of 1.5 kg. The drone strikes a
balance between plant object detection and efficient field coverage. Despite encountering
environmental variables such as strong winds, the drone’s flight control system, calibrated
through PID tuning, enables it to correct course deviations. The values of the tuned PID
parameters are shown in Table 5.
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Figure 11. Spray coefficient of variation vs. height.

Table 5. Tuned PID parameters.

Parameters X Y Z Roll Pitch Yaw

Proportional 1.5 1.5 3.99 0.225 0.329 1.036
Integral 0.0001 0.0001 1.56 0.225 0.329 0.104

Derivative 0.05 0.05 3.10 0.009 0.011 0

Figure 12. Mission Planner waypoint interface over simulated agricultural fields.

Figure 15 presents the Smart Agri-Drone viewed from the side, top, and end, show-
casing the organised arrangement of components and the overall structure of the drone.
The top view is a top-down perspective of the Smart Agri-Drone, showcasing the symmetry
and placement of components within the overall system.
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Figure 13. Plant matrix setup.

Figure 14. GPS flight log.

Figure 15. Drone setup.
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Figure 16 captures a moment of the Smart Agri-Drone in action, demonstrating its
application in a simulated agricultural setting. The image shows the drone during a
precision spraying task, highlighting the use of the object detection interface alongside
the Raspberry Pi terminal’s feedback. This instance, where a papaya plant is detected
with confidence 99% (0.99), shows the drone’s ability to perform real-time object detection.
The terminal’s message, “Detected Papaya, Turn on the motor at 50%”, signifies the drone
response to the detection, where the spraying system operates in spray mode B.

Figure 16. Drone at the test site with a remote terminal message and detection at height 2.5 m.

Our experiments focused on how the drone’s speed affects image processing and crop
detection. The drone’s speed was kept at 7.5 m/s, matching the image-processing time of 91
ms. This speed ensures that the drone captures and processes images effectively, leading to
accurate and timely spraying. Changes in lighting can affect image quality. Using a camera
with adjustable settings can help maintain image quality in different lighting conditions.
High winds or quick drone manoeuvres can cause blur. A gimbal can stabilise the camera
to keep images clear. Wind can make the drone unstable, and therefore, tuning the flight
controller’s settings, such as roll, pitch, and yaw response rates, helps stabilise the drone in
high winds, maintaining image quality.

5. Conclusions and Future Works

In conclusion, the integration of smart agriculture drones with precision agricul-
ture methods through image detection and autonomous spraying systems offers further
advancement to contemporary farming practices. An affordable system that allows the
creation of flexible and real-time UAV-based crop-spraying applications was developed
with real-time analysis. This study involves the principles of IoT to demonstrate the devel-
opment and evaluation of a system that uses TF Lite models deployed on the Raspberry Pi
and accelerated using the Coral Edge TPU for the custom object detection of pineapple,
papaya, and cabbage crop classes. These are integrated into an autonomous drone that
flies according to set waypoints in MP and a crop-spraying system that sprays two modes
based on class detection. These steps show a method of how IoT is making farming better
with systems that work in real time and can adjust on their own. The accuracy of the object
detection model was obtained through training, even on a small dataset with lower-quality
images. A larger dataset and high-quality images can improve its performance further.

Future work in this field could enhance system performance through more powerful
hardware, such as the Coral Dev Board or the Jetson Nano development board. The current
setup shows the need for a more robust system design to adapt to different agricultural
environments. Future improvements could include advanced stabilisation technologies,
better camera sensors for fast-moving scenes and diverse lighting, and optimised flight
controller settings for stability in bad weather. Developing algorithms for variable image
conditions could also improve detection accuracy and reliability. Another feature could
include the dispersion of plant seeds in addition to crop spraying. Implementing advanced
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imaging through MS image techniques will also enable farmers to gather detailed plant
health data and optimise productivity through sustainable practices.
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The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
BLDC Brushless DC motor
CNN Convolutional neural network
CNN-GRU Convolutional Neural Network-Gated Recurrent Unit
CMS Crop-monitoring system
CWSI Crop Water Stress Index
DJI Da-Jiang Innovations
DL Deep learning
DNN Deep Neural Network
FANET Flying Ad Hoc Network
FPS Frames Per Second
GRU Gated Recurrent Unit
IMU Inertial Measurement Unit
IoT Internet of Things
LiPo Lithium Polymer
LR Logistic Regression
ML Machine learning
MLP Multilayer Perceptron
MP Mission Planner
MS Multispectral
MSI Multispectral imaging
NMD Number median diameter
PA Precision agriculture
PID Proportional Integral Derivative
PLSR Partial Least Squares Regression
RF Random Forest
RFR Random Forest Regression
RGB Red Green Blue
RSMPA-DLFCC Robust Softmax with Maximum Probability Analysis-Deep Local Feature

Cross-Correlation
SBODL-FCC Sigmoid-Based Objective Detection Layer-Feature Cross-Correlation
SVM Support Vector Machine
TF TensorFlow
TIR Thermal Infrared
UAV Unmanned Aerial Vehicle
VGG Visual Geometry Group
VMD Volume median diameter
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