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Abstract: A precision agriculture approach that uses drones for crop protection and variable rate
application has become the main method of rice weed control, but it suffers from excessive spraying
issues, which can pollute soil and water environments and harm ecosystems. This study proposes a
method to generate variable spray prescription maps based on the actual distribution of weeds in
rice fields and utilize DJI plant protection UAVs to perform automatic variable spraying operations
according to the prescription maps, achieving precise pesticide application. We first construct the
YOLOv8n DT model by transferring the “knowledge features” learned by the larger YOLOv8l
model with strong feature extraction capabilities to the smaller YOLOv8n model through knowledge
distillation. We use this model to identify weeds in the field and generate an actual distribution map
of rice field weeds based on the recognition results. The number of weeds in each experimental plot
is counted, and the specific amount of pesticide for each plot is determined based on the amount of
weeds and the spraying strategy proposed in this study. Variable spray prescription maps are then
generated accordingly. DJI plant protection UAVs are used to perform automatic variable spraying
operations based on prescription maps. Water-sensitive papers are used to collect droplets during the
automatic variable operation process of UAVs, and the variable spraying effect is evaluated through
droplet analysis. YOLOv8n-DT improved the accuracy of the model by 3.1% while keeping the model
parameters constant, and the accuracy of identifying weeds in rice fields reached 0.82, which is close
to the accuracy of the teacher network. Compared to the traditional extensive spraying method,
the approach in this study saves approximately 15.28% of herbicides. This study demonstrates a
complete workflow from UAV image acquisition to the evaluation of the variable spraying effect of
plant protection UAVs. The method proposed in this research may provide an effective solution to
balance the use of chemical herbicides and protect ecological safety.

Keywords: weed identification; knowledge distillation; variable rate prescription; precision agriculture;
UAV

1. Introduction

Weeds have strong adaptability to the environment and can compete with crops
for nutrient resources and growth space in the field, leading to a decline in crop quality
and yield [1,2]. When there are too many weeds in the field, especially in rice fields
with dense weed growth, a humid and enclosed microenvironment is formed, creating
favorable conditions for the breeding of pests and diseases [3]. Additionally, the process
of weed control also increases additional agricultural production costs. For example, in
the Australian grain production system, the annual cost due to weeds is as high as USD
3.3 billion, of which USD 2.6 billion are for weed control costs and USD 700 million are for
yield losses [4].
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In recent decades, extensive herbicide spraying over large areas in weed control opera-
tions has caused herbicide residues, which not only pollute the soil and water environment,
causing damage to the ecosystem, but also adversely affect human health through environ-
mental media and food chain transmission [5]. If the overreliance and abuse of chemical
herbicides continues, it may lead to serious ecological and health safety issues [6].

Precision spraying technology provides an effective solution to balance the use of
chemical herbicides and protect ecological safety. Precision spraying combines advanced
target recognition and automatic control technologies to accurately apply herbicides only
to areas or plants that require weed control [7,8]. The goal is to maximize pesticide use
reduction and minimize environmental pollution while ensuring the effectiveness of the
application. Specific operation forms of precision spraying include Site Specific Application
(SSA) and Variable Rate Technology (VRT) [9,10].

Site-specific application (SSA) refers to an operation mode that precisely applies
pesticides to specific targets based on the spatial locations of weeds and other targets in crop
fields [11]. The key is to first use machine vision, remote sensing, and other technologies
to detect and locate field targets in real time, and then drive the spraying device through
the navigation control system to implement precise spraying at the determined target
locations. At the same time, the application rate and the spray droplet size are adjusted
according to the size, density, and other characteristics of different targets [12,13]. The
site-specific application mode is more suitable for ground-based weeding robot platforms,
mainly because the working height of ground robots is lower, the sensor resolution is
higher, and the field of view is wider, which is conducive to high-precision recognition and
positioning of individual weed patches. At the same time, the movement of robots is more
stable, enabling precise spraying of each target [14,15]. In recent years, some scholars have
developed various types of site-specific spraying robots based on machine vision to identify
weeds between crop rows in real time and precisely spray them. Utstumo et al. verified
through indoor pot experiments that the “Drop-on-Demand” (DoD) system can effectively
control weeds. On this basis, they developed a weeding robot based on machine vision.
The robot obtains weed information around radishes through machine vision, classifies the
weeds, and applies pesticides on demand according to quantity and type. Field experiments
show that compared to traditional spraying methods, the weeding robot can save more
than 73% of pesticides, effectively reducing drug waste [16]. Li et al. developed a site-
specific spraying plant protection vehicle for weeds in soybean fields. The equipment
uses deep learning technology to identify and locate weeds in the field, and controls the
on-off of 20 solenoid valves through a microprocessor to complete precise spraying of
weeds between soybean rows. Field experiments show that the weed recognition rate in
the field environment is over 89%, the maximum operating speed can reach 4 km/h, and
the spraying accuracy is over 79% [17].

Variable rate technology (VRT) uses global satellite positioning systems (GPSs), geo-
graphic information systems (GISs), and other technologies to divide fields into multiple
zones with different spraying requirements [18]. According to the spraying demands
of different zones, the spraying rate of the application device is dynamically adjusted
through a precision control system to achieve variable application of pesticides [19]. Due to
the characteristics of rice fields, such as wet and soft soil, low-lying terrain, and narrow
space, certain limitations are imposed on traditional machinery for site-specific weeding
operations. In this context, unmanned aerial vehicles (UAVs) have demonstrated unique
applicability, leveraging their agile maneuverability. Plant protection UAVs are equipped
with high-precision global navigation satellite systems (GNSSs), which can perform precise
navigation operations for field zoning. Moreover, UAVs spray continuously and can use
pulse width modulation (PWM) to adjust the opening frequency and duty cycle of the
spraying solenoid valve, thereby achieving variable rate spray control. Therefore, rice field
weeding operations are very suitable for UAVs for plant protection to adopt the variable
rate spraying operation mode.
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Huang et al. used a fully convolutional network (FCN) to perform semantic seg-
mentation on rice field remote sensing images collected by UAVs and generated a weed
distribution map of the entire field based on the segmentation results. Subsequently, they
divided the distribution map into multiple operation grids and classified each grid into
spraying and non-spraying areas according to a pre-set weed threshold, thereby generating
a precise spraying prescription map for the entire field. The experimental results showed
that the accuracy of weed recognition of this method reached 83.6%, and that generated
prescription map could save 35.5% of the spraying amount [20]. WEN et al. considered
the non-linear relationship between flight parameters, body structure, and other factors of
plant protection UAVs and the amount of droplet deposition. They developed a variable
spray control system for plant protection UAVs that combines BP neural networks and
variable speed spray control. The system collects real-time information through multiple
sensors, and the deposition rate is determined by the neural network model. The flow rate
of the spraying system is adjusted according to the predicted amount of deposition. The
experimental results showed that the error between the predicted droplet deposition and
the actual droplet deposition of the system was less than 20%, and the system response
time was less than 0.25 s [21].

Currently, many scholars have made outstanding contributions to various aspects of
variable spraying in UAVs. However, relatively few studies have integrated these aspects
into a complete solution, and most remain in the experimental stage. We believe that there
are two main reasons for this situation: (1) The accuracy of weed recognition needs to be
improved. Variable spraying with UAVs first requires recognition of weeds from remote
sensing UAV images, but the proportion of weed pixel areas in the images is relatively
small, which is a typical small target detection problem. Recognition of such small targets
is easily affected by factors such as lighting conditions and mutual occlusion, resulting in a
low accuracy in weed recognition. (2) Lack of unified map format and production methods
of prescription. Since different scholars have designed their own UAV variable spraying
systems, the required prescription map formats and production methods vary, which has
become the main obstacle to the large-scale application of prescription map-based variable
spraying technology.

To address the above problems, we propose the following solutions: (1) To improve
the recognition accuracy of small target weeds in high-resolution remote sensing images
from UAVs, we propose a rice field DT-YOLOv8s model based on knowledge distillation.
This model transfers the feature knowledge learned by the teacher network YOLOv8x to
the lightweight student network YOLOv8s, enhancing the feature extraction capability
of the student network. As a result, it improves the accuracy of identifying small target
weeds while ensuring the model remains lightweight. (2) Since DJI plant protection UAVs
have been widely used in China and related products support variable spraying operations
based on prescription maps, we have studied a prescription map production method that
can be supported by DJI plant protection UAVs, making it compatible with mainstream
plant protection UAV products. This is the key to promoting the large-scale application of
map-based prescription variable spraying technology in UAVs.

The research goals are as follows: (1) To use deep learning methods to identify weeds
in rice field drone images and generate a spatial distribution map of weeds; (2) To produce
a prescription map for the variable rate application based on the weed distribution map;
(3) To use a DJI agricultural drone to perform automatic variable rate application operations
according to the prescription map.

2. Materials and Methods
2.1. Experiment Design
2.1.1. Collection of Rice Field Remote Sensing Image Data

This study was conducted from May to June in both 2022 and 2023, at the experimental
field of the Hai Cheng Training Base of Shenyang Agricultural University in Haicheng
City, Liaoning Province. The field experiments lasted for two years. In the rice production
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process, farmers usually adopt a “two seals and one kill” weed control strategy, which
involves applying soil sealing herbicides before rice transplanting to preliminarily control
weeds in the field; spraying foliar herbicides again during the green period of rice to further
remove weeds in the field; if there are still weed residues during the tillering stage of
rice, farmers will apply targeted stem and leaf spraying to areas with weeds in order to
completely eradicate them. The use of drones to implement precise variable spraying on the
distribution of weeds in the field during the tilling stage of rice meets the actual needs of
farmers for precise weed control. Therefore, from May to June 2022 and 2023, we collected
remote sensing image data from rice fields during the green and tiller stages using drones.
A knowledge distillation-based rice field weed identification model YOLOv8n-DT was
constructed based on unmanned aerial vehicle remote sensing image data collected in 2022.
We applied this model to unmanned aerial vehicle remote sensing image data collected
in 2023 to identify weeds in rice fields, and generate variable pesticide prescription maps
based on the identification results. On 22 June 2023, the DJI T50 plant protection drone (DJI
Innovation Company, Shenzhen, China) was used to perform automatic variable spraying
operations based on the variable spraying prescription map. The schematic diagram of the
experimental area is shown in Figure 1.

Agronomy 2024, 14, x FOR PEER REVIEW 4 of 24 
 

 

2. Materials and Methods 

2.1. Experiment Design 

2.1.1. Collection of Rice Field Remote Sensing Image Data 

This study was conducted from May to June in both 2022 and 2023, at the experi-

mental field of the Hai Cheng Training Base of Shenyang Agricultural University in 

Haicheng City, Liaoning Province. The field experiments lasted for two years. In the rice 

production process, farmers usually adopt a “two seals and one kill” weed control strat-

egy, which involves applying soil sealing herbicides before rice transplanting to prelimi-

narily control weeds in the field; spraying foliar herbicides again during the green period 

of rice to further remove weeds in the field; if there are still weed residues during the 

tillering stage of rice, farmers will apply targeted stem and leaf spraying to areas with 

weeds in order to completely eradicate them. The use of drones to implement precise var-

iable spraying on the distribution of weeds in the field during the tilling stage of rice meets 

the actual needs of farmers for precise weed control. Therefore, from May to June 2022 

and 2023, we collected remote sensing image data from rice fields during the green and 

tiller stages using drones. A knowledge distillation-based rice field weed identification 

model YOLOv8n-DT was constructed based on unmanned aerial vehicle remote sensing 

image data collected in 2022. We applied this model to unmanned aerial vehicle remote 

sensing image data collected in 2023 to identify weeds in rice fields, and generate variable 

pesticide prescription maps based on the identification results. On 22 June 2023, the DJI 

T50 plant protection drone (DJI Innovation Company, Shenzhen, China) was used to per-

form automatic variable spraying operations based on the variable spraying prescription 

map. The schematic diagram of the experimental area is shown in Figure 1. 

 

Figure 1. The experimental area is located at the Haicheng Training Base of Shenyang Agricultural 

University in Haicheng, Liaoning Province. The experimental area is 165 m long and 97 m wide, 

with a total area of 16,005 m2. It is divided into 16 plots, each with an area of approximately 1000 

m2. 

The experimental area is 165 m long and 97 m wide, with a total area of 16,005 m2. It 

is divided into 16 experimental communities, each with an area of approximately 1000 m2. 

When collecting remote sensing data on weeds in rice fields, the DJI M300 drone (DJI In-

novation Company, Shenzhen, China) is used as a flying platform, equipped with a 

Figure 1. The experimental area is located at the Haicheng Training Base of Shenyang Agricultural
University in Haicheng, Liaoning Province. The experimental area is 165 m long and 97 m wide, with
a total area of 16,005 m2. It is divided into 16 plots, each with an area of approximately 1000 m2.

The experimental area is 165 m long and 97 m wide, with a total area of 16,005 m2. It
is divided into 16 experimental communities, each with an area of approximately 1000 m2.
When collecting remote sensing data on weeds in rice fields, the DJI M300 drone (DJI
Innovation Company, Shenzhen, China) is used as a flying platform, equipped with a
ZENMUSE P1, with an effective pixel size of 45 million. To balance flight efficiency and
image quality, we chose to collect remote sensing images of rice paddies at an altitude of
30 m. To ensure the accuracy of image registration, the heading overlap is set to 80% and
the lateral overlap is set to 80%. The drone flies along the predetermined route and uses a
vertical top-down angle to capture images of the entire experimental field, with a resolution
of 8192 × 5460 pixels. The collected rice field remote sensing images are registered and
fused using DJI Terra. To avoid disturbance of rice and weeds caused by strong winds and
ensure the accuracy of subsequent image registration and fusion, unmanned aerial vehicle
remote sensing data collection is selected under weather conditions below level 4 wind.
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2.1.2. Design of Variable Application Experiment for Plant Protection Drones

According to the DT-YOLOv8s model’s weed recognition results from the 2023 rice
remote sensing images, the experimental plots were divided into four application rate
levels, represented by different colors: red, blue, yellow, and green. The application
rates were as follows: Red zone: 1.5 L/hm2, equivalent to the normal application rate
for local farmers; Blue zone: 1.27 L/hm2, equivalent to 85% of the normal application
rate; Yellow zone: 1.05 L/hm2, equivalent to 70% of the normal application rate; Green
zone: 0.75 L/hm2, equivalent to 50% of the normal application rate. Before the precision
agricultural drone operation, five water-sensitive papers were placed on each application
rate level plot, using the five-point sampling method, to collect the spray droplets during
the operation and analyze the coverage rate and sediment density of the spray. The water-
sensitive paper setup diagram is shown in Figure 2. The spray liquid used in this study was
prepared at the following concentration: 1.5 L of water as the solvent, 60 mL of concentrated
Domethin (Dow Chemical Company, Midland, MI, USA) and 50 mL of Linguou (Corteva
Agriscience, Wilmington, DE, USA). The active ingredient in Domethin is penoxsulam,
with an application rate of 18 g a.i./ha. The active ingredient in Linguou is flor-pyrauxifen,
with an application rate of 27 g a.i./ha. Additionally, Assist (MRS AgriScience, Beijing,
China) was added.
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Figure 2. (a) At the five-point sampling positions in plots with different application rates, five pieces
of water-sensitive paper were placed. In the figure, the yellow squares represent the water-sensitive
paper, while the red, blue, green, and yellow areas indicate plots with different application rates.
(b) When setting up the water-sensitive paper, use a double-sided clip to attach one end to the PVC
pipe and the other end to the water-sensitive paper to secure it. The height of the water-sensitive
paper should be equivalent to the height of the rice canopy and should be kept level.

The DJI T50 plant protection drone is used to carry out pesticide spraying operations,
with a flight altitude set at 3 m relative to the height of the rice, a flight speed of 5 m/s, and
a spraying width of 3 m.

2.2. Dataset Generation

During the drone’s image collection, adjacent images have an 80% overlap region.
If we directly annotate the original images, human errors may cause inconsistencies or
omissions in the labeling of the same target in different images, which will affect the
training accuracy of the deep learning model. To avoid this, our research first used DJI
Terra to align and fuse the 2022 rice weed remote sensing data, and then cut the aligned
and fused images into 600 × 600 pixel nonoverlapping sub-images. A total of 3094 rice
weed remote sensing images and 438 rice field border remote sensing images were obtained
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after image cutting. During the rice tillering period, the distribution of weeds was uneven,
with dense areas showing continuous growth and sparse areas showing individual growth.
Therefore, during the manual annotation process, we classified weeds into two classes:
continuous weeds and individual weeds. We used Labelme software (v4.5.6) for manual
annotation. We divided the dataset into training, validation, and testing sets with a ratio of
7:2:1. Each set had no repeated data. We expanded the training set by randomly cropping,
color jittering, adding noise, and randomly rotating samples, creating a dataset with a total
of 10,943 images. The sample quantity of the dataset is shown in Table 1.

Table 1. The sample size of the self-built rice field weed dataset is 3532. The training set samples
were expanded fourfold through data augmentation, resulting in a total sample size of 10,943 after
data augmentation.

Label Category Numbers of Original Images Total Number of Images after
Augmentation

Field ridge 438 1224
Continuous patches of

barnyard grass 218 608

Single barnyard grass plant 2876 8052

2.3. YOLOv8n-DT Network Structure

In agricultural production, weed control has time-sensitive requirements. If the
optimal period for prevention is missed, the difficulty of subsequent control will increase,
and the control effect will not be ideal [22]. Therefore, it is crucial to quickly grasp the
growth status of weeds during the weeding period. In recent years, the YOLOv series of
object detection models has received significant attention due to their outstanding real-time
performance and precise detection capabilities. This series of models innovatively adopts a
single-stage structure design, avoiding the complex region proposal generation step, which
significantly reduces the computational load of the model, enabling its deployment on
embedded devices with limited computing power [23]. Consequently, this study uses the
YOLOv8 model for the recognition of weeds in unmanned aerial vehicle (UAV) remote
sensing images of rice fields. Taking into account the recognition accuracy and lightweight
requirements of the weed recognition network in rice fields, this study employs knowledge
distillation to transfer the “knowledge features” learned by the larger and more powerful
teacher network to the smaller student network, thereby enhancing the object detection
performance of the student network without modifying its structure.

YOLOv8 has four network models: YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x,
with a gradual increase in network depth and width [24]. The four versions of YOLOv8
were trained separately, and the corresponding detection results are shown in Table 2.

Table 2. Train four versions of YOLOv8 separately. It is evident that YOLOv8n has the lowest
recognition accuracy and is suitable as a student model, while YOLOv8l has the highest recognition
accuracy and is suitable as a teacher model.

Models mAP Model Size (MB)

YOLOv8n 0.795 6.2
YOLOv8s 0.823 21.5
YOLOv8m 0.808 49.7
YOLOv8l 0.824 83.7
YOLOv8x 0.804 130.0

As shown in Table 2, the YOLOv8l model achieved the highest recognition accuracy in
the rice field weed recognition task, with an average precision (mAP) of 0.824, which is 3.6%
higher than the model with the worst performance, YOLOv8n (0.795). However, this higher
detection performance comes at the cost of a larger model capacity, as the YOLOv8l model
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has 77.5 M more parameters than the YOLOv8n model. Therefore, the YOLOv8l model
with the highest recognition accuracy was chosen as the teacher network, and the YOLOv8n
model with the lowest recognition accuracy and the smallest model size was selected as
the student network. A knowledge distillation model for rice field weed recognition was
designed, called YOLOv8n-DT. This model consists of three main components: the teacher
network, the student network, and the distillation loss function module, as illustrated in
Figure 3.
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Figure 3. The YOLOv8n DT network architecture, which is mainly composed of three parts: teacher
network, student network, and distillation loss function module. The model uses both feature loss
and logic loss as loss features for knowledge distillation.

2.4. Distillation Loss Function

Knowledge distillation aims to use the prediction response distribution (logits) pro-
duced by the teacher model at the output layer as soft targets, guiding the student model to
fit this softened probability distribution, thereby enhancing the generalization ability of the
student model [25,26]. For object detection models like YOLOv8, which employ multiscale
feature fusion, the final detection performance relies on the rich feature representations
learned by these feature layers (such as p3, p4, and p5) that are fused at the detection
head [24]. Therefore, introducing feature distillation between these critical feature layers is
essential. The knowledge distillation loss function of YOLOv8n-DT consists of two parts:
logit distillation loss and feature distillation loss.

During the distillation training process, soft labels enable the student network to learn
how to distinguish between classes with similar features, thereby improving the prediction
accuracy of the student network. Soft labels represent the predicted probability distribution
of classes in the dataset, and logit distillation aims to minimize the distance between soft
labels. We used KL divergence to measure the relative entropy between the student’s logit
output and the teacher’s soft labels, facilitating the distillation of logit knowledge. The
mathematical formula involved in logit distillation is shown in the equation.
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The super-reference distillation temperature t controls the degree of smoothing of the
soft labels, which is used to control the importance between each category and enhance
the model’s ability to handle uncertainty-related categories, Net represents the network,
ZS represents the actual logic of the student network for the object being category c, ZT
represents the actual logic of the teacher network for the object being category c, PS c means
the probability that the student network predicts the category of an object to be c when the
distillation temperature is t, PTc denotes the probability that the teacher network predicts
the category of an object to be c at a distillation temperature of t, and C represents the
number of categories in the rice field weed dataset.

Each channel of the feature map corresponds to a visual pattern, but the importance
of each channel’s visual pattern is different [27]. Since the teacher’s performance is better
than the student’s, we believe that the visual patterns learned by the teacher are more
accurate, and we want the student to learn the teacher’s visual patterns. The student
and the teacher calculate the attention information for each channel from their respective
feature maps. The teacher then supervises the student to learn the attention information
for each channel and passes this attention information on to the student. In this way,
the student can understand the teacher’s attention information for each channel, thereby
improving its performance [28]. The loss function for feature distillation is defined by the
following formula:

CD(s, t) =
∑n

i=1 ∑c
j=1

(
wij

s − wij
t

)2

n × c
(4)

where CD(s, t) means the CD loss between the student and the teacher. c represents the
number of channels. wij

s is the weight of j-th channel of the i-th sample, as shown in
Equation (5).

wc =
1

H × W ∑H
i=1 ∑W

h=1 uc(i, j) (5)

where wc is the weight of c-th channel. H and W are the spatial dimensions of the feature
map and uc(i, j) is the activation.

2.5. Generation of Variable Rate Application Maps

In this study, three professional Geographic Information System software, DJI Terra
(v3.4.4), SuperMap (v11.0.0), and Global Mapper (v24.10.0), were utilized to generate vari-
able rate application maps that can be recognized and executed by DJI’s agricultural drones.
During the acquisition of remote sensing images, the drone simultaneously recorded flight
trajectories, headings, altitudes, and precise GPS coordinates of each photograph. Using
DJI Terra, the remote sensing data of the rice field weed distribution obtained in 2022 un-
derwent image registration and fusion. All geometrically corrected images were accurately
mosaicked according to their GPS coordinates, generating a complete orthoimage, with
each pixel associated with real latitude and longitude coordinates.

The prescription map generation process began by importing the registered orthoim-
age into the SuperMap software (as shown in Figure 4a). A new vector polygon dataset
was created to store the application rate data, and the coordinate system was set to WGS
1984 during the creation of the polygon dataset to ensure consistency with the geographic
coordinate reference system of the image data. The polygon dataset was visualized and
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displayed in the orthoimage window, and the “draw polygon” command was used to
delineate the operational area of the agricultural drone (as shown in Figure 4b). New fields
were added to the attribute structure of the polygon dataset, and the corresponding variable
application rates were entered for each experimental plot. Subsequently, the vector polygon
dataset was converted to a raster dataset format using the vector-to-raster conversion
function, maintaining consistency with the orthoimage. Finally, the rasterized polygon
dataset was exported as a TIF file for further processing.
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Figure 4. The workflow for generating a variable rate application map. (a) Registered orthoimage,
where each pixel in the image is associated with real latitude and longitude coordinates. (b) The
operational area of the plant protection drone is overlaid on the registered orthoimage, as shown by
the blue area in the image. (c) The final variable rate application prescription map generated.

Since the DJI agricultural drone flight control system requires elevation grid data as in-
put, the TIF image containing the application rate information was converted to an elevation
grid format using the Global Mapper software. The resulting image included application
rate information, geographic coordinates, and elevation data. The geographic coordinates
and elevation data in this image are essential for precise variable rate application operations
that need to account for the influence of terrain undulations.

The final elevation grid format image is the variable rate application map that can
be recognized by the DJI agricultural drone flight control system (as shown in Figure 4c).
This map can be imported into the remote controller through the DJI Agricultural Service
Platform or an SD card, allowing the drone to perform variable rate application operations
based on the prescription map.

2.6. Model Training

To ensure fairness in the experiments, the same initial training parameters were set for
each experimental group. Taking into account physical memory and learning efficiency,
the batch size was set at 4 images, and the maximum number of iterations was set at 500.
During training, the model used the Stochastic Gradient Descent (SGD) optimizer, and the
learning rate (lr) decay strategy can be described as follows:

lr = base_lr·(1 − iter_num
max_iterations

)
p

(6)

Here, base_lr is the base learning rate, max_iterations is the maximum number of
iterations, iter_num is the iteration index, and p is the polynomial decay exponent (Power).
In this study, the base learning rate was set at 0.001, the momentum at 0.9, the weight decay
to 1 × 10−4, and the lower bound for learning rate updates was set at 0. All models were
trained using these settings.

In this study, the cross-entropy loss function was used to measure the distance between
the predicted probability distribution of the pixel categories by the model during training
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and the true probability distribution of the label category. The specific calculation method
is as follows:

Loss =
1
M∑M

i=1 ∑N
C=1 h(bi) log(pic) (7)

In the equation, M is the number of pixels, N is the number of categories, i is the current
pixel, C is the current category, bi is the true label category of pixel i, h is a 0~1 probability
distribution function (if bi = C, it is 1, otherwise 0), and pic is the predicted probability that
pixel i belongs to category c, obtained by applying the Sigmoid function to the predicted
category scores. By calculating the loss function during the iteration process, the training
performance of the model is evaluated, and the weights are adjusted through backpropa-
gation, gradually reducing the error distance represented by the loss value to achieve the
training objective.

2.7. Evaluation Metrics
2.7.1. Model Evaluation Metrics

To quantitatively analyze the performance of the model, this study employs preci-
sion, recall, AP (Average Precision), and mAP (mean Average Precision) to evaluate the
effectiveness of the proposed YOLOv8n-DT model. For precision and recall, there are four
states after the test sample is predicted: true positive (TP), false positive (FP), true negative
(TN), and false negative (FN), where N is the total number of detection categories. The
definitions are as follows:

Precision =
TP

TP + FP
(8)

Recall =
TP

TP + FN
(9)

AP =
∫ 1

0
P(R)dR (10)

mAP =
∑N

i=1 APi

N
(11)

The recall rate and the precision rate are based on the threshold value of 0.5.

2.7.2. Evaluation Metrics for the Unmanned Aerial Vehicle Spraying Effect

The water-sensitive papers collected were analyzed using the DepositScan software
(United States Department of Agriculture, v1.6.0) to calculate metrics such as droplet
deposition coverage rate (%), deposition density (Pieces·cm−2), deposition amount, and
deposition coefficient of variation. The deposition coverage rate is the proportion of
pesticide deposited on the target crop surface, which is a fundamental parameter for
evaluating the utilization level of pesticides. Its calculation formula is as follows:

P(%) =
100n

N
× 100 (12)

In the equation, P is the deposition coverage rate, n is the amount of pesticide deposited
on the target crop surface (µL·cm−2), and N is the application rate (L·hm−2).

In this study, the coefficient of variation (CV) was used to evaluate the uniformity
of droplet deposition among the collection points within the unmanned aerial vehicle
spraying area. A lower CV value indicates a more uniform droplet deposition and better
penetration. The calculation formula for the coefficient of variation is as follows:

CV =
S
X

× 100% (13)

S =
√

∑n
i=1 (X i − X

)2/(n − 1) (14)
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In the equation, S is the standard deviation of the amount of deposition at the collection
points in the experimental area, Xi is the deposition amount (µL·cm−2) at each collection
point in the experimental plot, X is the mean amount of deposition amount (µL·cm−2) at
the collection points in the experimental plot, and n is the number of collection points in
the experimental plot.

2.8. Experimental Platform Configuration

The experimental platform configuration is shown in Table 3

Table 3. Experimental platform configuration and environment, detailing the specific configuration of
the experimental platform used in this study, including the operating system, hardware environment,
and software environment.

Operating
System Hardware Environment Software Environment

CPU Hard Drive
Capacity GPU Python cuDNN CUDA

Windows 10

Intel(R)
Core(TM)

i7-9700
@3.0 GHz

(Intel
Corporation,
Santa Clara,
CA, USA)

64G

NVIDIA
GeForce RTX
5000 (Nvidia
Corporation,
Santa Clara,
CA, USA)

3.9 8.5.0 11.7

3. Experimental Results
3.1. Ablation Study

To compare the performance of different knowledge distillation methods in the task of
weed object detection based on UAV remote sensing images of rice fields, we evaluated var-
ious knowledge distillation methods, including feature-based, logit-based, and combined
methods. The results are shown in Table 4.

Table 4. The results of different distillation methods on the rice field weed dataset. It is evident that
combining feature loss and logic loss as loss features for knowledge distillation resulted in the highest
accuracy of the YOLOv8n DT model.

Type Method YOLOv8n-DT(%)

Feature
CD 0.808

Mimic 0.804

Logic
L1 0.812
L2 0.807
KL 0.815

Feature + Logic CD + KL 0.820

According to the data shown in Table 4, among the feature-based knowledge distilla-
tion strategies, the CD [28] method achieved the optimal performance, with a recognition
accuracy 0.4% higher than the Mimic [29] method. Furthermore, in the logit-based knowl-
edge distillation process, the KL divergence method achieved the highest accuracy of 0.815.
To further enhance the model’s performance, the CD and KL methods were integrated,
using both feature loss and logit loss as the loss function for knowledge distillation. Ulti-
mately, this approach improved the accuracy of the YOLOv8n-DT model to 0.820. Therefore,
the CD and KL methods were chosen as loss functions for knowledge distillation.

Through the ablation study, this paper quantitatively evaluated the impact of knowl-
edge distillation techniques on the model performance in the rice field weed recogni-
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tion task. Figure 5 illustrates the change in loss values during the training process for
different models.
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Figure 5. The trend of loss values during the training process of different models in Figure 5 shows
that the loss function values of all models gradually stabilize after the 300th round. Finally, the
YOLOv8l model exhibits the lowest loss value, which is 0.134.

Observing Figure 5, it can be seen that in the initial stage of model training, the
YOLOv8n-DT model has the fastest convergence speed, indicating that the YOLOv8n-DT
model can effectively learn the key characteristic information of the data in the early stage
of training. As the number of training iterations increases, the loss function values of
all models tend to stabilize after the 300th round, and ultimately, the YOLOv8l model
shows the lowest loss value of 0.134. The continuous convergence of the loss value and
its eventual stabilization indicate that the model gradually reaches the optimal state. The
weights with the minimum validation loss during the training process are selected as the
optimal weights, and tested on the test set of rice field weeds, obtaining the final average
precision (AP), as shown in Table 5.

Table 5. Comparison of accuracy of YOLOv8n, YOLOv8n DT, and YOLOv8l in different weed
recognition tasks. The knowledge-distilled YOLOv8n DT model outperforms the original YOLOv8n
student model in all tasks.

Category YOLOv8n(%) YOLOv8n-DT(%) YOLOv8l(%)

Single barnyard grass plant 0.680 0.710 0.725
Continuous patches of

barnyard grass 0.871 0.901 0.881

Field ridge 0.835 0.851 0.866
mAP 0.795 0.820 0.824

As can be seen in Table 5, compared to the student network YOLOv8n, the YOLOv8n-
DT has improved the recognition accuracy of each category to varying degrees, with the
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accuracy of single barnyard grass, continuous patches of barnyard grass, and field ridge
increasing by 4.4%, 3.4%, and 1.9%, respectively. The mAPof the YOLOv8n-DT network
has improved by 3.1% and is close to the mAP of the teacher network. Therefore, the
YOLOv8n-DT algorithm proposed in this study can effectively improve the accuracy of
rice field weed recognition without increasing the number of parameters.

3.2. Visualization

In order to intuitively demonstrate the internal working mechanism of the YOLOv8n-
DT model proposed in this study in the detection of rice field weeds, as well as to verify
the effectiveness of the model improvement method, the attention maps of the YOLOv8n,
YOLOv8l, and YOLOv8n-DT models were compared to extracting the features of rice field
weeds using Grad-CAM visualization technology. All attention maps are from the last
encoding layer of the model encoder, as shown in Figure 6.
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Figure 6 shows the activation map of weed species in paddy fields. The darker colors in
the activation map indicate that the model pays more attention to this area. After knowledge
distillation, the YOLOv8n-DT model has a relatively more focused attention compared
to the YOLOv8l model. From Figure 6a, it can be seen that in the single barnyard grass
detection task, the attention of the YOLOv8n model is more scattered, and it incorrectly
identifies some rice plants with similar appearance to barnyard grass as single barnyard
grass. In addition, the single barnyard grass area in the class activation map of YOLOv8n
presents a lighter color, indicating that the YOLOv8n model has a lower degree of focus
on this target. In comparison, the attention of the YOLOv8l model is more concentrated,
and it can accurately locate the single barnyard grass in the image. The single barnyard
grass area in the class activation map of YOLOv8l presents a deeper color, indicating
that the model has a more accurate understanding of which areas belong to the target
class and is more certain about this judgment. The YOLOv8n-DT model after knowledge
distillation, compared to the YOLOv8l model, has relatively concentrated attention, and
the activation color of the single barnyard grass is also deeper, indicating that through
knowledge distillation, the YOLOv8n-DT model has learned the characteristics of single
barnyard grass from the YOLOv8l model.

From Figure 6b, it can be seen that in the recognition of the continuous patches
of the barnyard grass category, the class activation map of the YOLOv8l model shows
that the red areas form continuous patches, and these continuous patches are mainly
concentrated on the barnyard grass, which indicates that the model can well capture the
overall structure and distribution of the barnyard grass when identifying the “continuous
patches of barnyard grass” category. In the class activation map of the YOLOv8n model, the
continuous patches of barnyard grass area show a scattered characteristic, indicating that
the YOLOv8n model only focuses on the local features of the barnyard grass and identifies
the continuous patches of barnyard grass as independent individuals. In comparison, the
red area of the continuous patches of barnyard grass in the class activation map of the
YOLOv8n-DT model is relatively concentrated, indicating that the YOLOv8n-DT model
has learned the understanding of the overall characteristics of the continuous patches of
barnyard grass from the YOLOv8l model.

From Figure 6c, it can be seen that the YOLOv8l model pays more accurate attention
to the features of the field ridge compared to the YOLOv8n model, indicating that the
YOLOv8l model can more effectively capture the key features of the field ridge. In addition,
the YOLOv8n-DT model after knowledge distillation is also superior to the YOLOv8n
model in recognizing the characteristics of the field ridge. This suggests that through
knowledge distillation, the YOLOv8n-DT model has successfully learned the important
features of the field ridge from the YOLOv8l model.

3.3. Comparison with Other Classic Algorithms

To evaluate the performance of the YOLOv8n-DT model in the rice field weed detection
task, we conducted comparative experiments on the rice field weed dataset using YOLOv7-
tiny [30], YOLOv5n [31], SSD [32], and Faster R-CNN [33] models. The experimental results
are shown in Table 6.

Table 6. Performance comparison of YOLOv8n-DT and other models across various dimensions,
including Parameters, Latency, GFLOPs, Recall, and mAP50.

Model YOLOv8n-DT Yolov7 Yolov5 SSD Faster R-CNN

Parameters 3,157,184 6,219,709 1,763,224 13,312,560 41,583,062

Latency 0.0104 0.011 0.010 0.015 0.054

GFLOPs 8.9 13.2 4.1 15.1 134.9

Recall 0.77 0.74 0.73 0.61 0.62

mAP50 0.82 0.795 0.81518 0.7303 0.751



Agronomy 2024, 14, 1702 15 of 23

Table 6 compares the performance of YOLOv8n DT and other models from dimen-
sions such as parameters, latency, GFLOPs, recall, mAP50, etc. From Table 6, it can be
directly observed that Faster R-CNN is significantly higher than the other models in the
three indicators of parameters, latency, and GFLOPs. This is because Faster R-CNN, as
a two-stage object detection model, needs to use the Region Proposal Network (RPN)
to generate candidate regions and perform separate feature extraction and classification
processing for each candidate region, resulting in increased latency and computational cost.
On the contrary, the YOLO series models, as one-stage object detection models, omit the
cumbersome process of candidate region generation and screening, thus maintaining rela-
tively low levels of parameter count, latency, and computational complexity. Among these
one-stage models, the YOLOv8n-DT model proposed in this paper shows relatively small
overhead in terms of parameter count, latency, and computational complexity. Specifically,
the YOLOv8n-DT model has 3,157,184 parameters, a latency of 0.0104 s, and 8.9 GFLOPs,
which are all between YOLOv5n and YOLOv7-tiny. However, YOLOv8n-DT achieves the
highest values in the key performance indicators of mAP and recall, which are 0.82 and 0.77,
respectively. It is worth noting that YOLOv5n uses CSPDarknet as the backbone network,
focusing on using small-sized convolution kernels and residual connections for feature
extraction, and the cross-stage partial connections enhance the gradient flow while reducing
the computational cost. The YOLOv8n-DT, on the other hand, uses a new architecture
that combines the Feature Pyramid Network (FPN) and Path Aggregation Network (PAN)
modules. The FPN generates rich feature maps that can detect objects of different scales
and resolutions by reducing the spatial resolution of the input image and increasing the
number of feature channels. The PAN module further aggregates the features of different
network layers to improve the detection accuracy. In addition, the Soft-Non-maximum
Suppression (Soft-NMS) technology adopted by YOLOv8n-DT is an improvement over
the traditional Non-maximum Suppression (NMS) method. The traditional NMS method
directly discards the overlapping bounding boxes and only retains the one with the highest
confidence, while Soft-NMS uses a soft threshold to process the overlapping bounding
boxes, better preserving the target information. In summary, while maintaining relatively
low latency and model parameters, the YOLOv8n-DT provides higher model performance,
making it suitable for real-time object detection tasks such as rice field weed recognition.

3.4. Results of Rice Field Weed Distribution

To accurately grasp the distribution of weeds in the field, this study first processed the
remote sensing image of the experimental field, dividing the complete image in Figure 1
into 3712 non-overlapping sub-images of 600 × 600 pixels. Then, we used the YOLOv8n-
DT model proposed in this study to automatically recognize the rice field weeds in these
sub-images. After the recognition was completed, we stitched the recognition results of
each sub-image to form a complete rice field weed distribution map, as shown in Figure 7.
In this figure, the red bounding boxes represent single barnyard grass targets, the pink
bounding boxes represent field ridge targets, and the yellow bounding boxes represent
continuous patches of barnyard grass targets.

In the figure, red bounding boxes indicate single barnyard grass plants, pink bounding
boxes indicate field ridges, and yellow bounding boxes indicate continuous patches of
barnyard grass.



Agronomy 2024, 14, 1702 16 of 23

Agronomy 2024, 14, x FOR PEER REVIEW 16 of 24 
 

 

backbone network, focusing on using small-sized convolution kernels and residual con-

nections for feature extraction, and the cross-stage partial connections enhance the gradi-

ent flow while reducing the computational cost. The YOLOv8n-DT, on the other hand, 

uses a new architecture that combines the Feature Pyramid Network (FPN) and Path Ag-

gregation Network (PAN) modules. The FPN generates rich feature maps that can detect 

objects of different scales and resolutions by reducing the spatial resolution of the input 

image and increasing the number of feature channels. The PAN module further aggre-

gates the features of different network layers to improve the detection accuracy. In addi-

tion, the Soft-Non-maximum Suppression (Soft-NMS) technology adopted by YOLOv8n-

DT is an improvement over the traditional Non-maximum Suppression (NMS) method. 

The traditional NMS method directly discards the overlapping bounding boxes and only 

retains the one with the highest confidence, while Soft-NMS uses a soft threshold to pro-

cess the overlapping bounding boxes, better preserving the target information. In sum-

mary, while maintaining relatively low latency and model parameters, the YOLOv8n-DT 

provides higher model performance, making it suitable for real-time object detection tasks 

such as rice field weed recognition. 

3.4. Results of Rice Field Weed Distribution 

To accurately grasp the distribution of weeds in the field, this study first processed 

the remote sensing image of the experimental field, dividing the complete image in Figure 

1 into 3712 non-overlapping sub-images of 600 × 600 pixels. Then, we used the YOLOv8n-

DT model proposed in this study to automatically recognize the rice field weeds in these 

sub-images. After the recognition was completed, we stitched the recognition results of 

each sub-image to form a complete rice field weed distribution map, as shown in Figure 

7. In this figure, the red bounding boxes represent single barnyard grass targets, the pink 

bounding boxes represent field ridge targets, and the yellow bounding boxes represent 

continuous patches of barnyard grass targets. 

 

Figure 7. Comprehensive distribution map of weeds in a rice field. Figure 7. Comprehensive distribution map of weeds in a rice field.

3.5. Formulation of the Spraying Strategy

This study formulates the amount of spraying based on two indicators: the total
number of weeds within the experimental plots, and the proportion of continuous patches
of barnyard grass in the total number of weeds. Therefore, this study counted the number
of weeds in each experimental plot, and the results are shown in Figure 8.

1. Consideration of the quantity of weeds: The amount of spraying in the experimental
plots is adjusted based on the total number of weeds. Specifically, for plots with weed
counts greater than 400, the spray amount is set at 1.5 L/hm2, which is the normal
spraying amount for local farmers, corresponding to the red area in Figure 10. For
plots with weed counts between 400 and 300, the amount of spraying is 85% of the
normal amount, which is 1.27 L/hm2, corresponding to the blue area in Figure 10.
When the weed count is between 300 and 200, the spraying amount is adjusted to
70% of the normal amount, which is 1.05 L/hm2, corresponding to the yellow area in
Figure 10. If the weed count is between 200 and 100, the spray amount is reduced to
50% of the normal amount, which is 0.75 L/hm2, corresponding to the green area in
Figure 10.

2. Consideration of the proportion of continuous patches of barnyard grass: Since
the category of continuous patches of barnyard grass has a relatively large number
of barnyard grasses, the number of continuous patches of barnyard grass must be
considered in a comprehensive way. This study counted the proportion of continuous
patches of barnyard grass in the total of weeds for each experimental plot, and the
results are shown in Figure 9. The results show that 10% is a relatively obvious
boundary. Therefore, for the experimental plots where the proportion of continuous
patches of barnyard grass exceeds 10%, regardless of the total number of weeds,
they should be treated according to the normal spraying amount of 1.5 L/hm2 in the
Haicheng area. For plots where the proportion of continuous patches of barnyard
grass is less than 10%, the spraying rules based on the number of weeds mentioned
above should be followed.
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The results of the spraying amount for different experimental plots based on the
above spraying strategy are shown in Figure 10. The total amount of spraying for the
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entire experimental field is 30.48 L, which is approximately 15.28% less than the traditional
spraying method.

Agronomy 2024, 14, x FOR PEER REVIEW 18 of 24 
 

 

boundary. Therefore, for the experimental plots where the proportion of continuous 

patches of barnyard grass exceeds 10%, regardless of the total number of weeds, they 

should be treated according to the normal spraying amount of 1.5 L/hm2 in the 

Haicheng area. For plots where the proportion of continuous patches of barnyard 

grass is less than 10%, the spraying rules based on the number of weeds mentioned 

above should be followed. 

The results of the spraying amount for different experimental plots based on the 

above spraying strategy are shown in Figure 10. The total amount of spraying for the en-

tire experimental field is 30.48 L, which is approximately 15.28% less than the traditional 

spraying method. 

 

Figure 9. The proportion of continuous barnyard grass patches in different experimental plots. 

Clearly, 10% is a distinct demarcation line. 

 

Figure 10. Variable rate application map.

3.6. Evaluation of the Spraying Effect

Before the plant protection UAV operation based on the variable rate application
map, this study adopted the five-point sampling method and placed five water-sensitive
papers in the experimental plots with different spraying amount levels. These water-
sensitive papers were used to capture the sprayed droplets during the plant protection UAV
operation, and then analyze the spraying amount and droplet coverage rate of the UAV.

Figure 11 shows some of the water-sensitive papers collected in the experimental
plots with different spraying amount levels. We used the DepositScan (USDA, v1.6.0)
software to analyze the water-sensitive papers collected from the experimental plots with
different spraying amount levels, and obtained the droplet coverage rate, deposition
density, deposition amount, and deposition coefficient of variation for the corresponding
experimental plots, as shown in Figure 12.
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Figure 11. Water-sensitive paper samples collected in the experimental plots with spraying amounts of
(a) 100% (standard recommended dose), (b) 85%, (c) 70%, and (d) 50% of the standard recommended
dose, respectively. It can be observed that as the amount of application decreases, the number of
droplets on the water-sensitive paper also decreases.
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Figure 12. The results of the quantitative analysis of droplets on the water-sensitive paper are as
follows: (a) shows the trend of droplet deposition amount with varying application rates, (b) illus-
trates the trend of deposition density with varying application rates, (c) displays the trend of droplet
coverage with varying application rates, and (d) depicts the trend of the coefficient of variation
with varying application rates. It can be observed that as the application rate decreases, the droplet
deposition amount, deposition density, and droplet coverage all show a consistent downward trend.
Additionally, the uniformity of droplet deposition is relatively poor.

Based on the data shown in Figure 12, we can observe that as the spraying amount
decreases, the droplet deposition amount, deposition density, and droplet coverage rate
on the leaves of the rice field weeds all show a consistent downward trend. Specifically,
the droplet coverage rate decreased from 7.812% to 3.466%, the deposition density de-
creased from 52.78 droplets per square centimeter to 18.56 droplets per square centimeter,
and the deposition amount also decreased from 0.5832 microliters per square centimeter
to 0.32 microliters per square centimeter. This result indicates that when the UAV per-
forms variable rate spraying based on the prescription map, it can accurately adjust the
spraying amount.

This study further explored the variability of deposition amount in the experimental
plots with different spraying amounts, and the results are detailed in Figure 12d. The
coefficient of variation (CV) of the deposition amount is an important indicator for eval-
uating the uniformity of droplet deposition in different operation areas of the field trial.
The closer the CV value is to 0, the higher the deposition uniformity and the better the
spraying quality. From Figure 12d, it can be seen that the experimental plot with 85%
spraying amount shows the best droplet deposition uniformity, while the experimental
plots with 70% and 50% spray amounts (shown in yellow and green, respectively) have
relatively poorer droplet deposition uniformity. The main reason is the response delay
of the plant protection UAV’s spraying system when implementing variable flow control.
When operating in the experimental plots with 70% and 50% spraying amounts, the plant
protection UAV needs to perform continuous variable control in these areas. Due to the de-
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layed response of the spraying system, its variable spraying system was unable to respond
agilely, resulting in a higher coefficient of variation in the amount of deposition. Therefore,
when setting the grid size of the prescription map in the future, the response time of the
spraying system should be fully considered to optimize the spraying effect and improve
the operation quality.

4. Discussion

Current research on variable rate precision spraying mainly focuses on developing
spray systems based on targeted spraying and integrating them into ground-based weed
control machinery to achieve precise herbicide application on specific weeds. However, the
traditional mechanical weeding operation faces various limitations due to the characteristics
of paddy field environments, such as soft and wet soil, low-lying terrain, and limited space.

To address this problem, our study proposes an innovative solution. We utilized the
DJI plant protection drone, combined with a variable rate application prescription map,
to successfully achieve precise variable rate spraying in paddy fields. To our knowledge,
this is the first attempt to implement variable rate precision spraying using a prescription
map at the drone scale. This method not only overcomes the limitations of traditional
ground-based operations but also establishes a complete technical process for paddy weed
management. The process includes the following steps: drone-based remote sensing
image acquisition, weed target detection model construction, efficient weed identification,
determination of appropriate herbicide application rates based on weed quantity, creation
of a variable rate application prescription map, automated variable rate spraying operation,
and final efficacy evaluation.

When constructing the paddy field weed detection model, considering the potential
future integration of the detection model into embedded platforms and the need for
model miniaturization, we adopted a knowledge distillation approach. We transferred
the “knowledge features” learned by the larger and more powerful feature extraction
model, YOLOv8l, to the smaller YOLOv8n network. Using both feature loss and logit
loss as loss features, we constructed a knowledge distillation model for paddy field weed
recognition—YOLOv8n-DT. Experimental results show that YOLOv8n-DT achieved a 3.1%
increase in model accuracy without changing the model parameters. The results indicate
that although the parameter count of the YOLOv8n-DT model remains unchanged, its
feature extraction capability has been significantly enhanced through learning from the
larger model’s “knowledge”, enabling it to better capture key features of paddy field weeds.
The possible reason is that this study introduced a loss function that combines feature loss
and logical loss, based on the traditional logical loss function. This method not only made
the student model learn the hard labels of the teacher model, but also obtained the inter-
class relationship information from the soft labels. In particular, the CD method applied
the channel attention mechanism, dynamically learning weights for each channel, and
multiplying these weights with the original channels to enhance the features of important
channels and weaken the features of unimportant channels. This made the student model
more directional in feature extraction, thereby improving its overall performance.

This study achieved variable rate precision pesticide application using UAVs based on
prescription maps and detailed a method for creating prescription maps compatible with
DJI agricultural drones. Given the widespread use of DJI agricultural drones in China’s
agricultural sector, this compatibility is crucial for promoting variable rate application tech-
nology based on prescription maps. Farmers can utilize their existing DJI agricultural drone
equipment to achieve precision variable rate pesticide application without the need for
additional investment in new agricultural drones. This compatibility provides convenient
conditions for the large-scale promotion of variable rate precision pesticide application
technology. However, the process from collecting weed data in rice fields to generating
variable rate application prescription maps takes about one day. This process is not in real
time and is relatively complex, which is a major obstacle to its large-scale application. To
overcome these limitations, we plan to integrate the rice field weed identification model
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into the embedded systems of drones in future research, significantly improving weed
identification efficiency and reducing human intervention. Additionally, we will work on
simplifying the process of creating variable rate application prescription maps, which will
be the focus of our next research phase.

We divided the entire field into 16 experimental plots with different pesticide applica-
tion requirements. Using the prescription maps, the agricultural UAV dynamically adjusted
the spray system rate to achieve variable pesticide application. The results indicated that
the droplet deposition uniformity was relatively poor in the plots with 70% and 50% appli-
cation rates. The main reason is that the plant protection drone spraying system needs to
process a large amount of sensor data and perform complex calculations when adjusting the
flow rate. This calculation processes take time, and the nozzles, solenoid valves, and flow
sensors also require a certain amount of time to respond after receiving the control signals.
As a result, especially in plots where the drone needs to perform variable rate spraying
multiple times consecutively, these factors prevent the spraying system from adjusting
the flow rate in a timely manner. This can affect the uniformity of droplet deposition,
thereby impacting the spraying effect. In future research, we aim to further explore the
settings of grid sizes and improve the spray control system of agricultural UAVs to enhance
nozzle sensitivity and reduce response delay. This will enable more precise and efficient
pesticide application.

Compared to the traditional extensive method of broad-spectrum herbicide appli-
cation, our approach saves approximately 15.28% of the herbicide used. This not only
reduces the production costs for farmers, thereby increasing their income, but also helps
improve soil health, protect biodiversity, and reduce groundwater pollution. Furthermore,
the promotion of this method has the potential to drive a transformation in agricultural
production practices and promote the development of precision agriculture.

5. Conclusions

This study used the knowledge distillation method to construct a rice field weed
target detection model, YOLOv8n-DT. Using this model for rice field weed recognition, we
created a variable rate application map based on the recognition results, and then used a
DJI plant protection UAV to conduct variable rate spraying in the field, thereby minimizing
the use of chemical herbicides in rice production. The main conclusions of this work are
as follows:

(1) A rice field weed target detection model—YOLOv8n-DT—was constructed using
the knowledge distillation method. The YOLOv8l model was used as the teacher network,
and the YOLOv8n model was used as the student network. The CD method and the KL
method were selected as the loss functions for knowledge distillation. After knowledge
distillation, the recognition accuracy of the YOLOv8n-DT model was improved by 3.1%
compared to the YOLOv8n model, and the mAP reached 0.820.

(2) Based on the weed count in each experimental plot and the spray strategy proposed
in this study, the specific spraying amount for each experimental plot was determined, and
a variable rate application map was generated accordingly. The total amount of spraying
for the entire experimental field was 30.48 L, which is approximately 15.28% less than the
traditional spraying method.
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