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Abstract: Unmanned aerial spraying systems (UASSs) are widely used today for the effective control
of pests affecting crops, and more advanced UASS techniques are now being developed. To evaluate
such systems, artificial targets are typically used to assess droplet coverage through image processing.
To evaluate performance accurately, high-quality binary image processing is necessary; however,
this involves labor for sample collection, transportation, and storage, as well as the risk of potential
contamination during the process. Therefore, rapid assessment in the field is essential. In the present
study, we evaluated droplet coverage on water-sensitive papers (WSPs) under field conditions.
A dataset was constructed consisting of paired training examples, each comprising source and
target data. The source data were high-quality labeled images obtained from WSP samples through
image processing, while the target data were aligned Rols within field images captured in situ.
Droplet coverage estimation was performed using an encoder—decoder model, trained on the labeled
images, with features adapted to field images via self-supervised learning. The results indicate
that the proposed method detected droplet coverage in field images with an error of less than 5%,
demonstrating a strong correlation between measured and estimated values (R? = 0.99). The method
proposed in this paper enables immediate and accurate evaluation of the performance of UASSs

in situ.

Keywords: unmanned aerial spraying system (UASS); droplet coverage; water-sensitive paper (WSP);
deep neural networks; domain adaptation; self-supervised contrastive learning

1. Introduction

Unmanned aerial vehicles (UAVs) have garnered significant attention in recent years
for their potential use in agricultural pest control, especially because of their wide applica-
tion range and their ability to operate unaffected by ground obstacles [1,2]. Additionally,
the use of an aerial spraying system can mitigate the adverse effects of pesticide use, as these
effects are predominantly associated with ground-based applications rather than aerial
ones [3]. In the last decade, UAV-based spraying systems and unmanned aerial spraying
systems (UASSs), have been actively developed, and researchers have investigated novel
UASSs to make pest control more precise and cost-effective [4]. For example, variable-rate
application systems aim to optimize pesticide usage spatially based on real-time field
conditions [5,6]. These systems leverage advanced sensors and algorithms to adjust the
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pesticide dosage dynamically, ensuring that the right amount of chemical is applied at the
right place and time, thereby minimizing waste and environmental impact [7,8].

As an essential step in the development of UASSs, performance evaluation of these
spraying systems is crucial to validate their efficacy and safety. This assessment of spray
application quality in the field has been carried out based on droplet detection, in which
the distribution, size, and coverage of spray droplets on artificial targets placed in the
designated area are all examined [9]. One commonly used artificial target is water-sensitive
paper (WSP), which is coated with a bromoethyl dye that turns blue when it comes into
contact with liquid [10]. In various studies, researchers have estimated droplet deposition
on WSP to evaluate agricultural pesticide spray applications. Researchers have assessed
the accurate delivery of pesticide droplets to a target [11], optimized pesticide applications
by analyzing droplet size and distribution [12], measured droplet deposition and canopy
penetration [13], and assessed the droplet spectrum and coverage of pesticide spraying
in rice fields [14]. In most studies, droplets have been quantified using image-processing
methods based on binarization of WSP and the degree of coverage assessed using liquid,
typically water, in the sprayed area [15]. Xun and Gil [9] developed a droplet segmentation
method that considers overlapping droplets; they reported that concave point detection
with ellipse fitting on binarized WSP enabled a more accurate spray quality to be obtained.
Dafsari et al. [11] optimized the air-induction nozzle of an agricultural sprayer to mini-
mize drift and runoff from crops, and measured droplet sizes on WSPs under various
experimental conditions.

Some researchers have focused on estimating droplet coverage on WSP for practical
use in situ, and have proposed applications that can rapidly measure spray coverage in the
form of software on mobile devices. Zhu et al. [16] developed the portable scanning system
“DepositScan” using a business card scanner and reported that the system could evaluate
droplet deposition including individual droplet size, droplet distribution, total counts, and
coverage area, etc. This system could provide various parameters for qualifying the droplet
deposition; however, it has limitations due to a low pixel resolution, and it is difficult to
use immediately in the field. Measurements in situ are more reliable because there is a high
possibility of contamination due to disturbances during WSP movement. Therefore, recent
applications have been advanced to enable simultaneous capture and evaluation using
smartphones. Nansen et al. [17] developed “SnapCard”, which uses a smartphone camera
to capture droplet coverage after pesticide spraying. The captured images are analyzed in
real time by a web-based algorithm to provide coverage data. This tool offers immediate
feedback in the field, enhancing the efficiency of pesticide usage. Ozliioymak and Bolat [8]
developed novel imaging software that can estimate spray coverage rates more accurately
and more quickly, compared with previously used software. Their software uses a high-
resolution camera to capture droplet patterns sprayed on the WSPs, and then determines
the size, distribution, and density of droplets from the captured images. In addition,
Brandoli et al. [18] proposed the smartphone application “DropLeaf” that can quantify
pesticide application coverage in real time. This tool can estimate pesticide coverage with
sufficiently high precision to enable mobile phones to replace the expensive, bulky, and
time-consuming equipment previously used for such purposes. Studies such as these have
demonstrated practical performance using their datasets; however, most of these studies
have involved manually designed feature extraction for segmenting the droplets, which
is typically optimized for a specific data domain. This limitation makes it challenging
to generalize to other domains, and necessitates a time-consuming and labor-intensive
repetition of the feature design process when applied to new problems [15]. In real-world
captured WSP images, significant variations can be observed even for the same subject,
influenced by factors such as lighting conditions, relative positioning, and posture.

Recent studies have demonstrated the potential for achieving high-level segmenta-
tion through deep learning (DL), which offers the advantage of automatically extracting
domain-invariant features, thereby enabling effective generalization across different do-
mains without manual feature engineering. Specifically, convolutional neural networks
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(CNN ), designed for the representation of image features, have been introduced. CNNs
have exhibited improved performance across various segmentation tasks, compared with
conventional methods [19]. Liu et al. [20] sought to overcome the resolution problem
to ensure individual droplet detection, using a deep learning model to achieve droplet
super-resolution semantic segmentation (DSRSS). Their model was developed to accurately
detect and measure individual droplets, and the image measurement system which they
utilized can collect images under various experimental conditions, such as differing spray
pressures and angles; however, in most cases, it is difficult to practically employ this system
in field settings. While the detection of individual droplets is important, the ability to detect
coverage on water-sensitive papers (WSPs), which is easily captured in the field, is also of
practical significance when evaluating the performance of UASSs.

In the Republic of Korea, evaluations of UASS performance have primarily been
conducted based on droplet coverage on WSPs, with coverage data being obtained from
high-quality binarization images using a high-cost image-processing device at KOAT (Ko-
rea Agricultural Technology Promotion Agency) [1,21,22]. The direct measurement of
coverage from images taken in the field has the potential to effectively address challenges
related to costs and contamination during the transport and storage of samples. Therefore,
this study was conducted on droplet segmentation using deep learning, with the objective
of estimating droplet coverage within a WSP image captured in situ by representing the
domain-invariant feature of droplet deposition. A deep learning model was trained in a
supervised manner to segment droplets using a labelled dataset processed by an image-
processing device, and self-supervised representation learning was used to reduce distribu-
tion differences between features from labelled and field images as domain adaptation. The
performance of the proposed method was analyzed by comparing the case of using labeled
images for droplet deposition (supervised) with the case that included self-learning from
field images (domain-adapted). Our contribution includes the construction of a dataset of
paired WSPs consisting of field images and high-quality labelled images, as well as the
establishment of a framework for domain adaptation between field images and processed
high-quality binary images. This approach ensures the evaluation performance of field
data by leveraging existing labeled data.

2. Materials and Methods
2.1. Data Collection

An octocopter drone (SG-10P, Hankook Samgong Co. Ltd., Seoul, Republic of Korea)
was used to spray pesticide on a field in order to collect the droplet deposition data. The
specifications of the drone are listed in Table 1. Water was used instead of pesticide because,
in this study, we were not directly concerned with pest control performance on plants
but sought only to evaluate droplet coverage. The XR Nozzle Series (XR110015VS, TeeJet
Technologies, Glendale Heights, IL, USA) was used, which features a volume median
diameter (VMD) of 189 pm and a flow rate of 0.58 L/min at a spray pressure of 276 kPa.

Table 1. Specifications of the octocopter drone used for the field test.

Item Specification
Dimension (L x W x H) 2075 x 2075 x 700 mm?>
Distance between motor shafts 1640 mm
Weight 145 kg
Payload 10 kg
Motor power Max. 1300 W
Flight speed Max. 10 m/s

Work time Max. 17 min




Drones 2024, 8, 670

4of 16

40 m

A spraying control system [22] was used to control the nozzles precisely through
spatial information. The system was developed for variable-rate application, and can be
controlled so that spraying occurs only within a target area, which is set based on GPS
information. The variable-rate application provides various data with a wider range of
coverage, compared with bulk spraying.

The field tests were conducted in a field at Kangwon National University (37°52'6” N,
127°45'7" E), and the experimental conditions were set up as shown in Figure 1. The
test field area measured 40 m x 30 m (width x length), and the drone’s flight path was
determined by selecting a starting point and an endpoint. The starting point was set 2.5 m
inward, vertically and horizontally, from the bottom-left boundary of the diagram, while
the endpoint was established 2.5 m inward from the bottom-right boundary. The drone
performed a round-trip flight of 25 m in both forward and backward directions, with each
straight path set at 5-m intervals. A total of four round trips was conducted, and the flight
was executed in a race-and-track manner.
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Figure 1. Experimental setup for collecting data of droplet deposition by the UASS and the example
result of droplet deposition on WSP (bottom-left).

Five target areas, designated as the spraying target areas, were selected along the drone
flight path, and water-sensitive papers (WSPs) (20301-2N, TeeJet Technology, Glendale
Heights, IL, USA) with holders were installed around the target areas to collect the data
of droplet deposition. The WSPs were installed densely near the target areas, but more
sparsely farther away, as greater numbers of WSPs increase labor requirements, making
efficient placement necessary. To be more detailed, we divided the installation areas into
two categories based on the center of the target area: (1) a dense measurement area, which
was an area of 5 m X 5 m centered on the target area, and (2) a sparse measurement area,
which was the surrounding area of 10 m x 10 m, excluding the dense measurement area,
where the dense measurement areas were the spraying target, and the spraying system
was configured to spray when located within the predefined GPS boundaries of these
areas. The droplet deposition was collected in a dense measurement area with WSPs placed
every 1 m? and in the sparse measurement area with WSPs placed every 4 m?. In addition,
reference WSPs were installed at 5 m intervals along the drone’s flight path outside the
target areas.

The flight conditions were as follows: a flight altitude of 2 m, a flight speed of 2 m/s,
and wind speeds between 0.3 and 1.0 m/s. The environmental conditions were measured
using a weather sensor (WTS-800, Beijing Tsingsense Technology Co., Ltd., Beijing, China).

2.2. Droplet Deposition Dataset Construction

Figure 2 illustrates the process of creating training examples from the sprayed WSPs.
The images were processed in two ways to gather high-quality labeled images and paired
field images. The high-quality labeled images were generated by processing the collected
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Capturing and warping

WSP sample

WSP samples with the image-processing device. They consisted of high-resolution scanned
images from the WSP and a binary ground truth that included the sprayed areas and the
background [23]. The source image has a resolution of 1920 x 1080 and 96 dpi, and the
binary ground truth was obtained through binarization using Otsu’s thresholding after
converting to grayscale. The paired field images were generated from the WSP images
captured using a mobile phone (iPhone 14 pro, Apple, CA, USA) in situ; these were the
target data for estimating the coverage of droplets in the present study:.

Image processing device Filtered image Binary image

Cropping

Rol

Om— r . Field example Filtered example Ground truth

Aligned image i

Training examples pair

Figure 2. Dataset construction process in which each pair of training examples consisted of a high-
quality labeled image and an undistorted field image for domain-adaptive supervised learning.

The WSP images captured in situ went through two processes: object alignment and
Rol (region of interest) extraction. The object alignment was carried out by spatially match-
ing the WSP region within the captured image to the processed high-quality labeled image
on a two-dimensional image plane, based on the perspective transformation described in
Equation (1).

/

wx x t1n tip f13| |x
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w 1 t31 I3 1 1

where T is the perspective transformation matrix with 8 parameters, (x/, y’ )T is the aligned
coordinate of the object at the front view, w is the scaling factor, and (x, y)T is the original
coordinate of the object in the field image.

Perspective transformation connects two images that represent different projections
of the same three-dimensional object onto distinct projective planes [24]. This implies
that the WSP captured from any viewpoint can be estimated as an object captured from
a frontal view through perspective transformation. In perspective transformation, eight
parameters are calculated for each image using the four corners of the WSP region in the
input image and the corresponding four corners in the output image. In the present study,
the warpPerspective function in OpenCV (version 4.10, OpenCV team, Palo Alto, CA, USA)
was used to implement the perspective transformation. Specifically, the four points of the
WSP within the image were manually defined, and, based on these points, the warping was
performed to match the size of the target image where the target image was a high-quality
labeled image.

The aligned WSP image was occluded by the holder, which is a material that fixes
the WSP to the ground. To eliminate interference from the edge holder, 20% of the aligned
WSP region, which was the expected occlusion, was removed from both the vertical and
horizontal edges of the images. Therefore, only 80% of the area in both horizontal and
vertical directions from the center of the image was used as the region of interest (Rol).
At the same time, the corresponding high-quality image was synchronized with this Rol
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Paired
image

Source (processed)

process. Using this procedure, extracted samples can be spatially synchronized as much
as possible with the WSP in the high-quality processed image and the image captured
in the field. Finally, a total of 300 pair-training examples were created, each consisting
of the aligned Rol for the sprayed WSP (hereafter, target data) and the high-quality WSP
image with GT (ground truth) (hereafter, source data). These examples were resized to a
resolution of 1600 x 900 pixels and were utilized as the training dataset for the model.

In the present study, the target image was spatially aligned with the source data that
created a training sample pair consisting of two images and one GT from the same source.
However, there were still differences between the two images due to variations in image
quality and distortion. These differences meant that it was difficult to use the corresponding
GTs of source images for supervised learning with target images. We therefore addressed
this issue using domain-adaptive model learning, as described in the following Section 2.3.

2.3. Deep Learning Model for Droplet Coverage Estimation

The purpose of the present study was to estimate droplet coverage on in situ WSPs by
segmenting droplet deposition. The main idea was to extract features that could represent
droplet deposition invariant to the data domain by synchronizing processed images, each
with pixel-level annotations, as well as field images, using domain adaptation (DA). The
proposed droplet coverage estimation based on the domain-adaptive segmentation method
is depicted in Figure 3. As a baseline, we used an encoder—decoder network in which
the encoder extracts salient features for representing the droplet deposition, which are
sufficient for the decoder to reconstruct them as a pixel-level binary classification.

Droplet deposition
(Ground-truth)

_ Segmentation
loss

Estimated droplet

. Features deposition
Target (Raw) Encoder I Z
——
Similarity
1 —— Source data flow
0s8 — Target data flow

Figure 3. The proposed droplet coverage estimation based on domain-adaptive segmentation. The
framework conducts two tasks, namely, semantic segmentation and self-supervised contrastive learning.

The paired embeddings were extracted from the source and target images created
from the same WSP by the encoder; however, they exhibited different representations
due to variations in pixel values influenced by the capturing conditions, aside from the
droplet deposition features, even though the paired feature vectors were embedded to
represent droplet deposition on the same WSP. In order to address this issue, we used
contrastive learning, which is a type of self-supervised representation learning, to reduce the
differences between the embeddings of the two images. This technique utilizes unlabeled
data to learn robust feature representations by contrasting similar and dissimilar pairs,
thereby improving model performance and generalization while reducing dependence on
labeled datasets [25]. Using this method, it could be expected that the encoder would be
encouraged to extract useful features focused on droplet deposition, rather than on other
domain-specific factors. Contrastive learning was implemented by minimizing the distance
between two embeddings using a similarity metric to maximize the agreement between the
embedding of two images from the same WSP [26]. Supervised semantic segmentation was
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also conducted simultaneously with the contrastive learning. The extracted embedding
for the source image was fed to the decoder for pixel-level binary segmentation at the
size of the input image, while the corresponding pixel-level annotation was used as the
ground truth (GT). Two tasks, semantic segmentation and self-supervised representation,
for estimating the droplet deposition and domain-invariant feature, respectively, were
simultaneously conducted with the end-to-end learning method.

The network employed a U-Net architecture [27] with MobileNet V3-Small [28] as the
backbone, consisting of five layers for both the encoder and decoder. MobileNet V3-Small
is a lightweight CNN optimized for mobile and edge devices which utilizes depth-wise
separable convolutions and lightweight attention mechanisms. Its compact design ensures
efficient computation and reduced latency, making it suitable for real-time applications.

The input size of the model was 224 x 224 x 3 (height x width x channel), and the
input was fed into the model by extracting multiple patches from each training example
to form a mini-batch (as explained in Section 2.4). The encoder output, which was the
embedding, had a size of 7 x 7 x 576, while the output was a binary image of the same
size as the input, 224 x 224 x 1 pixels. The model parameter updates were performed
through backpropagation using segmentation losses and contrastive loss; the segmenta-
tion losses comprised dice loss and cross-entropy loss, and the contrastive loss utilized
cosine similarity loss. The decoder parameters were updated using the segmentation loss,
whereas the encoder parameters were updated using both losses for segmentation and
contrastive learning.

The model output utilized the semantic segmentation of droplet deposition, and the
coverage area of this study was calculated as the occupied area of droplets within the WSP,
as shown in Equation (2) [29].

ZpGP Up

Coverage area =
3 x H

% 100%, ()

where p represents a 2D pixel point, P is the set of pixel points, v, is the value of the pixel
point at p, W is the width of the image, and H is the height of the image.

2.4. Training and Implementation

The training examples were randomly distributed into training, validation, and test
sets in a ratio of 3:1:1. During model training, patches were extracted from the training
examples and organized into mini batches for input into the model. The patch size was
224 x 224, and the mini batch consisted of 112 patches, with 28 patches extracted from each
of the 4 training examples. The model training was repeated for a total of 200 iterations,
with each iteration using random patches to create mini batches, allowing the model to
learn from various data distributions. The training examples were pre-processed and
augmented during the model training. The pre-processing involved normalization with the
mean and standard deviation of the dataset, and data augmentation included horizontal
and vertical flipping, image grid distortion, addition of Gaussian noise, and adjustment of
brightness and contrast.

The model parameters were updated using the Adam optimizer, with the initial
learning rate set to 1 x 107°. The learning rate gradually decreased over iterations using a
scheduler. To prevent overfitting of the model, weight decay was used as a regularization,
with a parameter lambda configured to 1 x 10~*. Additionally, the model parameters were
selected when the validation loss was minimized.

The model training was implemented on Python 3.10.11 with PyTorch 2.4.1. The
hardware specifications of the system used included an Intel Core i7 12700F CPU and an
NVIDIA GeForce RTX 4090 with 16,384 CUDA cores and a 2520 MHz boost clock.
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3. Results
3.1. Droplet Deposition Segmentation

The results of semantic segmentation for localizing the droplet deposition were com-
prehensively presented for six representative samples. Figures 4 and 5 illustrate the results
obtained using source data and target data, respectively, and each figure is meticulously
organized into rows that represent the source images and the results obtained using the two
methods of supervised segmentation and domain-adaptive segmentation. The columns in
the figures correspond to the six different samples, enabling a comparison of the segmenta-
tion results across various coverages. Segmentation is represented in a binary format, in
which areas of droplet deposition are depicted in white, while the background is illustrated
in black. The source data are composed of high-quality images accompanied by their corre-
sponding pixel-level annotations, which serve as a benchmark for evaluating the accuracy
of the segmentation. In contrast, the target data consist of images that have been aligned
with the WSP area derived from field conditions, leading to inherent differences when
compared to the GTs of the paired source data, although the GTs were used to evaluate the
performance of both the source and target images.

.

0]
a0
:
Q
@]
=
=
o
N

Supervised

Domain-adapted

Figure 4. The represented results for segmenting the droplet deposition within WSP for source data
domain. The results of 6 sets are expressed in 6 columns, and each result set is composed of 3 rows
comprising images depicting the source image, and the results obtained using the 2 methods of
supervised segmentation and domain-adaptive segmentation. The number at the bottom center of
each image indicates the coverage area.

The representative six samples analyzed exhibited a diversity of coverage areas, rang-
ing from 4.8% to 77.2%. For the source images, the results showed that both segmentation
methods demonstrated remarkably similar performance levels in detecting the droplet
areas. The difference in performance between the two methods for the last sample was ap-
proximately 1.2%; this indicated a relatively minor observed discrepancy, ranging from 0%
to 0.3%, suggesting a high degree of consistency between the two methods. Furthermore,
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the maximum difference from the ground truth was observed to be 3.4%, highlighting the
overall accuracy of the segmentation results. However, a trend was observed where errors
increased as coverage levels rose. This is attributed to the low portion of high coverage
samples, with an average coverage of less than 10% in the training data, leading to imbal-
anced label issues during supervised learning. In the case of source images, the binary
segmentation of the background and droplet deposition is not considered a particularly
challenging task, as it is performed using high-performance devices that enhance the clarity
and precision of the images.

Supervised Target image

Domain-adapted

Figure 5. The represented results for segmenting the droplet deposition within WSP for target
data domain. The results of 6 sets are expressed in 6 columns, and each result set is composed of
3 rows comprising images depicting the target image, and the results obtained via the 2 methods of
supervised segmentation and domain-adaptive segmentation. The number at the bottom center of
each image indicates the coverage area.

On the other hand, the target images present a more complex scenario. Although
these images were obtained from the same WSP, they exhibit various challenges, including
noise and distortion arising from field conditions and perspective variations. Despite these
challenges, the detection of droplets in the target images is of paramount importance for
accurate analysis. The segmentation of target images showed significant performance
differences between the two methods, both of which tended to overestimate coverage area
values due to inherent noise in the field images. The results were particularly sensitive to
noise due to the training process being conducted on clear images, which may not accurately
represent the conditions encountered in the field. Nevertheless, using the proposed method,
we aimed to minimize feature differences between source and target images, which can
reduce sensitivity to noise, compared with traditional supervised learning. It was observed
that supervised learning measured the coverage area within a range of 6.4% to 34% higher
than the ground truth, indicating a tendency to overestimate the actual values. In contrast,
the proposed method yielded a lower range of 2.4% to 19.7%, which was much closer to
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the measured coverage area, thereby demonstrating its effectiveness in providing more
accurate and reliable segmentation results. This highlights the advantages of the proposed
method in real-world applications where noise and distortion are prevalent.

Figure 6 illustrates three representative samples where significant performance dif-
ferences were observed. The high error rates in supervised learning were primarily due
to visual differences in color regions caused by variations in illumination and shading in
the captured images. Notably, in the bottom sample with a 0% droplet coverage area, the
influence of color became more pronounced, resulting in a segmentation outcome where
94.2% was detected by the supervised learning method. In contrast, the use of the pro-
posed method allowed the source to perform segmentation training while simultaneously
reducing differences with the target, resulting in a minimal error of just 0.3%. This indicates
that the model training in the proposed method can focus more on salient features related
to droplet deposition rather than other domain-specific features. Additionally, although
target images are not directly used to train the semantic segmentation model, using them
results in a data augmentation effect that enhances performance.

Target image Supervised Domain-adapted

S

0.8% 0.5%

0.2%

94.2% 0.3%

Figure 6. Representative samples demonstrating significant performance differences between
two methods.

Table 2 is a comparison of segmentation performance based on the data domain
and learning method, in which three metrics are used to compare performances: IoU
(intersection of union), F1-score, and classification accuracy. IoU is a metric that measures
the overlap between the predicted and ground truth, calculated as the area of intersection
divided by the area of union and the Fl-score is the harmonic mean of precision and recall.
In terms of source data, supervised learning demonstrated higher performance, compared
with the proposed method. Specifically, IoU and F1-score values were approximately 5%
higher for supervised learning than for the proposed method. With respect to target data,
most performance metrics were observed to be lower compared to the source data, with
reductions of 34-42% in all metrics except for accuracy. This may be attributed to the fact
that the target images did not directly engage in segmentation training, and even when
the GT was paired with images from the source data, there were spatial differences in
the distribution of droplets. Nevertheless, using the proposed method, the segmentation
performance for target images was found to be approximately 2% higher than that obtained
using supervised learning. As suggested in the Introduction, this indicates the challenges
of achieving general performance in droplet deposition across various data domains using
traditional supervised learning methods.
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Table 2. Comparison of segmentation performance based on data domain and learning method.

Data Method IoU F1-Score Accuracy
Source Supervised 0.856 0.910 0.988
Domain-adapted 0.807 0.869 0.986
Target Supervised 0.500 0.561 0.883
Domain-adapted 0.522 0.581 0.908

3.2. Coverage Area Estimation

Table 3 compares the performance of coverage area estimation based on data domain
and learning method. The averaged values were expressed for the samples for sparse
and dense measurement area, reference samples, and total samples. For the source data,
there were no differences between the two methods. The mean absolute error (MAE)
was observed to be less than 1% for all methods across three sampling areas, indicating
high accuracy in the evaluated values. In contrast, for the target image, the proposed
method demonstrated better performance. The coverage area of the test images evaluated
with domain-adaptive segmentation was observed to have an MAE of 3.5%, showing a
twofold improvement, compared with the results of only supervised learning. In particular,
the proposed method showed an MAE approximately 11% lower in reference samples
with very low coverage values compared to the supervised method, indicating that our
approach can represent domain-invariant features. From this result, it can be concluded
that our method can be used to efficiently estimate coverage area within WSP in situ,
further enabling expansion to various other data domains. In addition, the performance of
our method indicates that the estimated coverage area is significant enough to represent
the spraying performance, allowing for assessment without the need to move samples or
perform high-cost image processing, as required using previously used methods.

Table 3. Comparison of the performance of estimated coverage area from droplet deposition segmen-
tation based on learning methods and data domain by sampling areas (unit: %).

MAE
Data Domain Method Coverage Area
Sparse Dense Reference Total
Source Supervised Sparse: 1.4 + 4.6 0.0+01 07+1.0 0.0+0.0 044038
Domain-adapted Dense: 17.0 4 23.0 0.1=x02 08+12 00=x01 05+1.0
Target Supervised Reference: 0.2 & 0.5 1.6 £46 88+9.1 111+ 312 6.8 £13.9
Domain-adapted Total: 9.4 +18.6 07+28 61+7.0 02+05 35+ 6.0

Coverage and MAE (mean absolute error) are expressed as average + standard deviation by sampling areas
(samples for sparse and dense measurement areas, reference samples, and total samples).

Figure 7 illustrates the results of a linear regression analysis comparing the measured
and estimated values of coverage area within the target data. The results are presented
according to the range of samples utilized, with the upper row representing the entire test
samples and the lower row representing only those samples with a coverage area of 1% or
higher. It can be seen that the estimated droplet coverage areas obtained using the proposed
method exhibited a significantly stronger correlation with the actual values. The linear
correlations of the proposed method yielded an R? value of 0.99 for all 60 samples in the test
set, which was 121% of the performance of one of the supervised learning methods. The
test set comprised images with a coverage range from 0% to 77%, and most of these images
had a coverage area of less than 1%. Therefore, linear regression was performed again
using 22 test images, specifically excluding those with coverage lower than 1% (as shown in
the lower row). The R? value of the proposed method remained consistent with the value
obtained when using all test images, while the R? value of the supervised learning method
increased to 0.96. These findings indicate a notable performance degradation in supervised
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learning for samples with a coverage area below 1%. Such low coverage areas have sparse
droplet deposition, which amplifies the influence of noise, thereby complicating the ability
of supervised learning to accurately recognize these instances. In contrast, there was not
significant decline in performance (R?) based on coverage level using the proposed method.
These results underscore that the proposed domain-adaptive segmentation of droplet
deposition can effectively enhance coverage area estimation by transferring knowledge
from field images through the synchronization of paired images. This approach not only
improves accuracy but also demonstrates resilience against the challenges posed by low
coverage areas, making it a valuable tool in the analysis of droplet deposition.

Total samples Total samples
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Figure 7. Linear relationships between estimated and measured coverage areas. Linear regressions
were represented using the entire test images (upper row), and only samples with a coverage area of
1% or higher were used (lower row).

3.3. Spatial Visualization of the Estimated Coverage Area

Our research aimed to provide immediate field measurements for the performance
evaluation of UASSs, emphasizing the importance of the coverage area. Figure 8 spatially
represents the coverage area obtained from the variance dispersion experiment for data
collection, visualized through a heatmap. The ground truth was measured using the
traditional method, while the estimation was evaluated through the method proposed in
this paper. The results show that both heatmaps are similar. Generally, in UASS evaluations,
spray patterns are calculated and assessed for uniform spraying performance [30]. The
spray pattern is an average of coverage in the direction of movement, and, as shown in the
figure, the two methods exhibited similar patterns across five targets. Therefore, it can be
anticipated that this method could be used as a substitute for field performance evaluations.
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Figure 8. Performance comparison through (a) 2D spatial visualization of droplet coverage; and
(b) spray pattern estimation.

4. Discussion

The proposed method can be used to estimate coverage areas within WSP images
captured in situ, offering advantages over conventional processes that involve collecting
samples, transporting them, and performing high-cost image processing. The method
proposed in this paper involves droplet deposition segmentation using source images with
their respective ground truths, transferring feature information to field images as target
images, thereby obtaining segmentation knowledge without GT for the target images. In
comparison to supervised learning, the results for source images show that localization
(IoU) and coverage area errors increase from 14% and 0.4% to 50% and 6.8%, respectively,
when predicting target images. This indicates that it is challenging to guarantee perfor-
mance under different field conditions with the current data [31]. The proposed method
reduces the coverage error to 3.5%—approximately 50% lower than that obtained using
supervised learning. In addition, the segmentation accuracy was found to be approximately
0.91, demonstrating performance comparable to that reported in other studies [8,9,20,31],
despite the high levels of noise in field images. However, while other studies have in-
cluded various factors related to droplet characteristics beyond the coverage area in their
predictions, we focused solely on the coverage area.

Figure 9 depicts the results of comparing our method with DropLeaf [18], showcasing
the droplet deposition segmentation results and coverage comparisons for representative
samples. The representative samples were drawn from the tutorial images provided by
DropLeaf, as well as the source and target images used in our study. DropLeaf features
a white background and has the advantage of enabling individual recognition and in-
formation provision for droplets, unlike our results, which only provide information on
the droplet deposition areas against a black background. While the performance on the
images provided by DropLeaf showed that our method overestimated results compared
to DropLeaf, it was still capable of detecting droplet deposition areas. However, signifi-
cant differences were observed in the source and target images used in this study, where
our method could accurately assess droplet deposition and coverage, whereas DropLeaf
exhibited very high errors due to differences in data domains, particularly related to the
background. This indicates that while our research focuses solely on droplet coverage, it is
advantageous in ensuring generalized performance across various data domains.
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Figure 9. Performance comparison between DropLeaf and our method for representative samples.
DropLeaf provides droplet instance segmentation on a white background, with each droplet repre-
sented in a different color. Our method offers droplet semantic segmentation on a black background,
where all droplets are represented in white.

5. Conclusions

This study was conducted to estimate WSP coverage areas captured in the field,
so that the performance of a UASS could be effectively evaluated. The conventional
process involves moving and storing WSP samples for coverage area calculation using
image-processing devices; this increases labor requirements and poses risks of sample
contamination. In our proposed method, we aligned the Rol of the WSP in field images
with high-quality images processed via the conventional method, synchronizing them
effectively. In addition, the spatial discrepancies between droplet deposition and ground
truth were addressed using self-supervised contrastive learning. The results showed that,
while simple supervised learning models struggled to generalize performance with field
images, our proposed method enabled knowledge transfer from these images, resulting in
significantly improved performance. Furthermore, our method can be implemented on
low-cost portable devices because the method used the light-weight model ‘MobileNet
V3-Small’ and users can utilize automated coverage estimation from captured or stored
images by securing automatic Rol detection technology.

We did not evaluate various characteristics of the droplets, such as their size and
density, which limits the extension of our findings to the effects of UASSs on plants; our
primary focus was on UASS performance rather than pest control efficacy. Given that
existing evaluation methods rely on the spatial distribution of the coverage area, we
believe that our approach can significantly contribute to efficient field evaluations for the
development of various forms of UASS technology. Efficient field evaluations will enable



Drones 2024, 8, 670 15 of 16

the high-precision variable application performance of UASS, which can contribute to
minimizing pesticide use and environmental pollution.
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