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Abstract

The accurate detection of individual litchi crowns is important for precision management
and yield estimation. This study aims to improve the YOLOv8n model for accurate
detection of litchi crowns in high-resolution satellite images. For this purpose, three typical
litchi orchards were selected for this study. High-resolution satellite RGB images of these
orchards were collected, and individual crowns were visually interpreted. On the basis
of these data, this study first improved the YOLOv8 model by fusing a priori knowledge
with the task alignment learning (TAL) module, implementing efficient local attention
(ELA), and employing a receptive field block (RFB) module, resulting in an improved
model called the CAR-YOLO model. An ablation experiment was subsequently used to
analyze the effects of the above strategies on the improvement of YOLOv8n model. Finally,
the proposed CAR-YOLO model was compared with Fast-RCNN, YOLOv5n, YOLOvS8n,
YOLOvV10n and YOLO v1in. The results showed that all of the improvement strategies
used in this study enhanced the performance of the original model. Among all of the
models, the CAR-YOLO model exhibited the best performance in terms of litchi crown
detection, with APsg values varying from 0.7069 to 0.8121 and F1 scores varying from 0.6908
to 0.7761 for different orchards. The other models resulted in AP5y values ranging from
0.4860 to 0.7895 and F1 score values ranging from 0.5265 to 0.7628. As demonstrated by
these results, this study provides useful support for the precise management and planting
inventory of litchi.

Keywords: improved YOLO model; litchi; individual tree crown detection; high-resolution
satellite image

1. Introduction

Litchi is an important fruit grown in tropical and subtropical regions of Asia, as well as
the Americas and Africa [1]. China is the largest grower of litchi. In China, fresh litchi sales,
processed products, and related derivatives have established a diversified industrial chain.
It has further driven the development of ecotourism and cold-chain logistics, promoting
the regional economy [2]. The implementation of precision agriculture technologies in litchi
management has been demonstrated to substantially increase operational efficiency and
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optimize profits for farmers. In this context, accurate detection of individual litchi crowns
is very important. It supports the precise spraying of pesticides and fertilization to achieve
cost savings and environmentally sustainable practices as well as yield estimation to create
suitable marketing plans.

There are two main methods for individual tree crown mapping, the ground survey
method and the remote sensing method. Although the ground survey method is accurate,
it requires intensive labor and time, making it unsuitable for large-scale and seamless map-
ping. Conversely, remote sensing technology offers spatial seamlessness and synchronized
large-area monitoring capabilities. It is particularly valuable for rapid crown mapping
assisting in precision agriculture management [3]. Low-altitude unmanned aerial vehicles
(UAVs) have been increasingly used to extract the morphological parameters of trees, due
to their flexibility and high spatial resolution [4]. However, this technique is only suitable
for small-scale crown mapping (e.g., individual plantations). It is difficult to apply to crown
mapping at the county or provincial level, because of issues related to data acquisition
efficiency and air traffic control. However, tree crowns can be identified in high-resolution
satellite images (e.g., World View-2). High-resolution satellite images can be used to realize
individual crown mapping at different scales such as individual orchards, counties and
provinces [5]. Thus, it is very important to develop individual crown detection models for
litchi trees on the basis of high-resolution satellite images.

With respect to individual tree crown detection, there are two main methods, the
traditional image segmentation method and the machine learning method. Traditional
methods involve applying threshold-based segmentation, clustering-based segmentation,
or edge detection techniques to detect individual tree crowns using their color, texture,
and edge features. This approach includes methods such as valley following [6], region
growing [7], and watershed segmentation [8]. These methods have the advantage of being
computationally efficient. However, they are sensitive to image noise, shadows and other
factors. Therefore, these techniques cannot obtain highly accurate results when there is
noise in the image or when the crowns overlap with each other [9]. The machine learning
methods can be further categorized into traditional machine learning methods and deep
learning methods. The traditional machine learning method typically involves image color
enhancement, feature extraction, and model training [10]. The commonly used models
include random forest [11] and support vector machines [12]. Compared with traditional
image segmentation methods, the advantage of machine learning methods is that they
can automatically learn and extract tree crown features and are more robust under noisy
conditions. However, due to the shallow network structure, they are limited in terms
of describing complex nonlinear relationships, resulting in low performance in complex
application scenarios. By employing deep convolutional neural networks, deep learning
methods can automatically learn the multiscale features of an image to achieve accurate
detection of tree crowns. They are robust under complex conditions [13]. Therefore,
in recent years, the deep learning-based tree crown detection method has become the
predominant approach in the current research.

The deep learning-based tree crown extraction methods primarily include the semantic
segmentation method and the object detection method. The semantic segmentation method
requires pixel-level classification [14] and relies on high-resolution imagery and precise
boundary annotations. Thus, when tree canopies overlap, the accuracy of the sematic
segmentation method significantly decreases [15]. Since the spatial resolution of satellite
images is not very high and that litchi crowns often overlap with each other, the semantic
method is not the best choice for litchi crown detection. The object detection method
involves identifying the tree crown through the use of the minimum outer rectangle of the
canopy by employing a bounding box [16]. Compared with the semantic segmentation
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method, the object detection method can handle lower-resolution images and simplified
annotations. Therefore, the object detection method was considered in this study when
performing litchi crown detection based on satellite images.

The methods for object detection can be classified into two main types, two-stage
methods and single-stage methods [10]. Two-stage methods first generate candidate regions
and then perform classification and bounding box regression on the candidate regions.
Commonly used two-stage methods include the Faster R-CNN model [17] and the Mask-
RCNN model [18]. One-stage methods perform object classification and bounding box
regression directly on the image without generating candidate regions. The commonly used
single-stage methods include the SSD [19], RetinaNet [20], and YOLO series models [21].
Compared with the two-stage method, the single-stage method has a significant advantage
in terms of its detection speed [22]. Notably, YOLO series models have previously been used
in tree crown detection. Wang et al. [15] modified YOLO and then used it to successfully
realize the automated detection of dead trees in forests. Xiong et al. [16] successfully realized
the automatic detection of fruit tree crowns with YOLOv5. However, for individual tree
crown detection, especially considering lichi tree crown detection, the existing methods
still experience a series of problems. They include ambiguous label assignment problem
when trees overlap with each other [23], problem in identifying the center of the canopy,
and insufficient multiscale learning problem when the crown size varies significantly
across different growth stages [24]. Overcoming these limitations is crucial for improving
individual litchi crown detection accuracy.

To address these challenges, this study aims to improve the YOLOv8n model for
individual litchi crown detection using high-resolution satellite imagery, supporting litchi
precision management and inventory. The specific objectives of this study are as follows:
(1) to propose the CAR-YOLO model for detecting individual litchi crowns by using a priori
knowledge, attention modules, and multiscale analysis by improving the YOLOv8n model;
and (2) to identify the best model for individual litchi crown detection by comparing the
designed CAR-YOLO model with the commonly used YOLO series models and Faster
R-CNN model. Regarding the organization of the article, the Materials and methods section
describe the study area, sample preparation, new proposed method, ablation experiment
and methods comparison experiment; the Results and Analysis section describes the
results of ablation experiment and methods comparison experiment; the Discussion section
outlines the main findings of this study, its potential application and limitation.

2. Materials and Methods
2.1. Study Area

Zengcheng district (23°05'-23°37'N, 113°29'-114°00'E) in Guangzhou city is located
in southern-central Guangdong Province, China. It is one of the main production areas
for litchi in China and is known as the “Hometown of Litchi” [25]. The region is in the
subtropical monsoon climate zone and experiences an annual average temperature of
21.6 °C, an annual precipitation of 1869 mm, and more than 340 frost-free days annually.
The soil is dominated by reddish soil with a high organic matter content and a pH ranging
from 5.0-6.5, providing optimal conditions for litchi growth [26]. The region has nearly
11,500 hm? of litchi [27]. In this study, three representative litchi orchards in the region
were selected for designing a model to detect individual litchi tree crowns (Figure 1). They
were Sanzhen orchard, Mingzhu orchard, and Litchi cultural expo orchard. For Mingzhu
orchard, the tree crowns severely overlap with each other and are irregularly distributed
in space, while the tree crowns in the Litchi cultural expo orchard slightly overlap with
each other and are distributed more regularly in space. The Sanzhen orchard contains
two different regions. One region includes severely overlapping tree crowns, and in the
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other, the crowns are more separated but are more varied in size. The three orchards are
representative for litchi tree grown under different soil and microenvironment conditions
within the study area.
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Figure 1. Spatial location of the study area. (a) Zengcheng District; (b) Litchi cultural expo orchard;
(c) Sanzhen orchard; and (d) Mingzhu orchard.

2.2. Dataset Collection and Production
2.2.1. High-Resolution Satellite Imagery

The high-resolution satellite RGB images were collected from Esri World Imagery
(https://livingatlas.arcgis.com/wayback, accessed on 14 October 2025), which provides
global multiscale imagery services through the 1-20-level pyramid tiles. The imagery
includes Maxar series products such as the Vivid Premium product which covers key
cities with a 0.15 m spatial resolution, the Vivid Advanced product which covers over
1000 cities with a 0.3 m spatial resolution, and the Vivid Standard product which covers
global primary regions with a 1.2-0.6 m spatial resolution. The WorldView-2 satellite
images from the Vivid Advanced product (20-level tile, 0.3 m resolution) on 14 April 2022,
were downloaded and used in this study.

2.2.2. Visually Interpreted Data

The RGB images for individual orchards were first obtained by cropping the above
collected high-resolution images to within the boundaries of three orchards. The image
of each orchard was subsequently clipped using a 128 x 128 sliding window with a 30%
overlap rate. This process generated 248, 162, and 162 image blocks for the Sanzhen
orchard, Litchi cultural expo orchard and Mingzhu orchard, respectively. Finally, by using
the ArcGIS software (ESRI, Redlands, CA, USA), individual litchi crowns were labeled by
using the rectangular box tool with visual interpretation. During this process, to ensure
the reliability of the annotations, two experienced interpreters independently labeled the
bounding boxes for each litchi crown. Discrepancies between their annotations were
discussed and reconciled to produce a unified set of labels. In addition, by employing the
code developed in this study, the labeled results were then converted into the formats that
can be recognized by YOLO-series models and the Faster R-CNN model.
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2.3. New Model for Individual Crown Detection

To address the problems related to the existing YOLO models, this study improved
the YOLOv8n model using the strategies as follows: (1) fusing a priori knowledge with
the task alignment learning (TAL) module to decrease the ambiguity of samples when tree
crowns overlap; (2) implementing an efficient location attention (ELA) module to improve
the center detection accuracy; (3) using receptive field block (RFB) modules with multiscale
receptive fields to effectively detect crowns of different sizes. The improved YOLO model
is named the CAR-YOLO model in this study. Figure 2 depicts its primary structure, which
includes the backbone, neck and head. Compared with the original YOLOv8n model, the
frame boxes highlighted in color in Figure 2 are improved in this study.
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Figure 2. Structure of the proposed CAR-YOLO model and its improvements over the original
YOLOVS8n (the frame boxes highlighted in color are improved).

2.3.1. Fusing a Priori Knowledge with the TAL to Decrease Sample Ambiguity

YOLOvV8n uses an anchor-free object detection strategy that directly predicts the offsets
from the anchor point to the four edges of the object box to generate the prediction anchor
box. Its detection head adopts a decoupled design to separate the classification and regression
tasks [28]. When calculating the loss function, the TAL method is used to identify high-quality
positive samples that have balanced optimal results for classification and regression tasks [29],
and the identified positive samples are subsequently used to train the model. During this
process, the strategy evaluates samples by constructing an integrated evaluation indicator
called the task alignment score, which is calculated using Equation (1). The top n optimal
samples (n = 13 in this study) were selected as positive samples. When a sample matches



Agronomy 2025, 15, 2439

60f17

multiple ground truth boxes, it becomes an ambiguous sample. In Figure 3¢, the anchor points
in red indicate the samples that were simultaneously selected as the top n optimal samples for
both the green and yellow ground truth. These samples are considered ambiguous samples.
In such cases, the original YOLOv8n model forcibly assigns ambiguous samples to a single
ground truth box based on the maximum intersection-over-union (IoU) values. This approach
leads to a reduction in the number of positive training samples for other ground truths, as
shown in Figure 3e, resulting in model optimization instability [23,30]. This issue becomes
very serious when tree crowns of different sizes overlap with each other. The number of
positive samples for small tree crowns can be significantly reduced. To solve this problem,
this study introduces a priori knowledge into the formula of the task alignment score. It has
been demonstrated that tree crowns appear roundish in satellite orthorectified images, and
their projection curves are similar to the Gaussian distribution [31,32]. Therefore, the distance
from the candidate anchor point to the center of the ground truth box should conform to the
Gaussian distribution. On the basis of the above analysis, this study introduces a Gaussian
probability density function to the task alignment score to ensure that the selected positive
samples are closer to the center of the ground truth box. This technique can effectively reduce
the proportion of ambiguous samples (Figure 3d). The improved calculation of the task
alignment score, which incorporates Gaussian distribution weights, is shown in Equation (2).

S; = Scls® x SloUP 1)

where S; represents the task alignment score of the i-th candidate positive box sample
for the ground truth, which is used to measure the consistency of the classification and
regression tasks (with values ranging from [0,1]); Scls; is the normalized confidence level
of the classification output, which indicates the probability that the predicted box belongs
to the target category; SIoU; denotes the intersection over union ratio of the predicted
box to the ground truth box; and o and (3 are hyperparameters. The default settings are
a=1.0and p = 6.0, as these values can control the weight balance of the classification and

regression tasks.
a2
xel~27) )

SGi :Si X

rvV 271

where Sg; is the fused Gaussian distribution-weighted task alignment score for the i-th
candidate anchor, * denotes the maximum value in length and width of the ground truth
box, k is a tunable hyperparameter that governs the anchor weight distribution (empirically
configured as k = 0.5 in this study), and d; quantifies the distance between the i-th candidate
anchor point and the centroid of the ground truth box.

2.3.2. Introducing the ELA Modular to Improve the Center Detection Accuracy

The C2f modular serves as the fundamental component of YOLOvS8n. It uses a gradient
shunt connection to enrich the information obtained from the feature extraction network while
maintaining a light weight [33]. To improve the crown center detection accuracy, this study
introduces the ELA modular in the bottleneck modular of C2f into the backbone network.
The implementation of the attention mechanism in the bottleneck can optimize the feature
propagation pathways and avoid information degradation, which has been documented to
be an effective strategy [34]. The structure of the ELA modular is shown in Figure 4. It first
performs x-axis global average pooling and y-axis global average pooling on the feature maps
to capture the significant features distributed in the horizontal and vertical directions. Then, it
concatenates the outputs of the above procedure and uses a 1 x 1 convolution with sigmoid
activation to generate a spatial attention weight map. Finally, the enhancement of the feature
map is achieved by the Hadamard product to ensure that the network focuses on the region
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in which the responses are significant in both the x-axis and y-axis directions [35]. This region
is considered as the potential center of the tree crown. The ELA module enhances the network
of the backbone to extract the center features.

Ground truth of BBox Original task assignment learning(TAL)
r

Assigned by max IoU

ombing Gaussian and TAL (this study)

(@) Uiy 5 [ TR——
Ground truth 1 (GT 1) ° Postive anchor points of GT 1  nl: Number of postive anchor points for GT1
Ground truth 2 (GT 2) ° Postive anchor points of GT 2 n2: Number of postive anchor points for GT2
Gauss probability density ° Ambigious positive anchor points

Feature map

Figure 3. Effect of decreasing sample ambiguity before and after using a priori knowledge with task
assignment learning (TAL). (a) RGB image; (b) boundary box (BBbox) of two overlapped litchi trees;
(c) original TAL method had ambiguous samples which matches both ground truth boxes; (d) modify
TAL by combing a prior information had no ambiguous samples; (e) original TAL forcibly assigns
ambiguous samples to a single ground truth box based on the maximum intersection-over-union (IoU)
values, leading to a reduction in the number of positive training samples for other ground truths.

X avg pool ]—»[ GroupNorm ]—»[ Sigmoid

Y avg pool ]—>[ GroupNorm ]—>[ Sigmoid

Figure 4. Structure of the efficient location attention (ELA) module.

2.3.3. Using the RFB Modular to Increase the Detection Accuracy of Tree Crown

When identifying litchi tree crowns, notable variation in the crown size is typically
found across trees of differing ages. To detect objects of different sizes, the spatial pyramid
pooling-fast (SPPF) module is used in the original YOLOv8n model. However, due to
its fixed multiscale pooling structure, it has a limited ability to dynamically adapt the
preset pooling layers for highly variable crown sizes, resulting in feature loss. This phe-
nomenon becomes severe for small-sized objects or densely overlapping objects [36]. In
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contrast, the RFB modular can adaptively capture multiscale contextual information by a
biological visual system inspired by multibranch dilated convolutions, where the multi-
scale information is extracted by using different convolution kernels with varying dilation
rates (Figure 5). Therefore, this study replaces the SPPF modular with the RFB module to
improve the model’s ability to accurately detect litchi tree crowns of different sizes.

Feature Map Final Spatial Array of SPPF
Max Pooling Max Poolin,
— —
(a)
O o0 0o o
Feature Map Final Spatial Array of RFB
Dilated Conv o o 0o
. ([ g
i ” pEmE N ! D|l:
s — EEE R L I: ”
y EE@

Figure 5. Difference between Spatial pyramid pooling-fast (SPPF) (a) and receptive field block (RFB) (b).

2.4. Data Analysis Methods

Ablation experiment and comparison experiment were conducted to evaluate the
effectiveness of proposed model in this study. During the process, data collected from
Sanzhen orchard, Litchi cultural expo orchard, and Mingzhu orchard were treated as three
different datasets in this study, to minimize the problem that the results often depend on
the dataset and to limit the risk of overfitting. It like a cross-validation process. Each of the
above datasets was randomly divided into training, validation, and test datasets at a ratio of
4:1:1. The training and validation datasets were used for model calibration, whereas the test
dataset was used to evaluate the model performance. In addition, to increase the diversity
of training samples and limit overfitting, data augmentation was performed during model
training based on the training samples, through image splitting, random rotation, color
alteration, and stitching. It was performed through the corresponding module of the YOLO
series model and Faster R-CNN. The computational infrastructure comprised an Intel Xeon
Platinum 8481C CPU (16 vCPUs) and an NVIDIA GeForce RTX 4090D GPU (24 GB VRAM),
operating within a PyTorch 2.3.0 framework with a Python 3.12 interpreter and a CUDA
12.1 acceleration framework on the Ubuntu 22.04 system.

2.4.1. Ablation Experiment

A total of eight experimental scenarios were designed, only the fusion of a priori
knowledge with the TAL, introducing only the ELA module, using only the RFB module,
combining any two of the above improvement methods, combining all three of the above
improvement methods, and the original YOLOv8n model (baseline). For each scenario,
the models were trained on the training and validation datasets and evaluated on the test
datasets. To train the model, the SGD optimizer was used with an initial learning rate of
3 x 1072; the batch size was set to 16, and the number of training epochs was set to 200.
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Notably, the original 128 x 128 image was expanded to 640 x 640 via the adaptive module
to satisfy the input image size requirements of the models.

2.4.2. Comparison Experiment

Faster R-CNN is a representative two-stage object detection method, and it has been
widely used for individual tree crown detection. Thus, this method was selected for compari-
son with our proposed CAR-YOLO model. In addition, besides YOLO v8n, there are many
other types of models in the YOLO family. YOLOv5n, YOLOv8n, YOLOv10n and YOLO
11n were also selected for comparison, considering the novelty of these models and their
frequency of use in other studies. Like the CAR-YOLO model, the above selected YOLO series
models were also trained with the SGD optimizer with an initial learning rate of 3 x 107>,
a batch size of 16, and 200 training epochs, while Faster R-CNN was trained with an SGD
optimizer with an initial learning rate of 3 x 10>, a batch size of 16 and 800 training epochs.
Notably, as the input image size requirement for Faster R-CNN is 800 x 800, the original
image blocks were expanded to satisfy the requirement via the adaptive module.

2.4.3. Model Evaluation

This study evaluated the model in terms of both the model detection accuracy and com-
putational efficiency. The model detection accuracy was evaluated in terms of the precision,
recall, F1 score, and APsj [24,37], which were calculated as shown in Equations (3)—(6). The
computational efficiency was evaluated according to the number of model parameters.

TP

Precision = m (3)
TP

Recall = ——— 4

T TPYEN @)

Eo_ 2 X Precision x Recall
'™ "Precision + Recall

(5)

where TP represents the number of detection boxes in which the litchi crown was correctly
detected, FP is the number of detection boxes in which the litchi crown was incorrectly
detected, and FN is the number of missed detections in the litchi crown.

1
AP = [ p(r)ar (6)

where r is the recall value and p(r) is the precision value when the recall is r. AP5( represents
the average precision when the IoU threshold is 0.5.

3. Results
3.1. Statistical Analysis Results for Individual Litchi Crowns from Different Orchards

The statistical analysis results for the tree crowns from different litchi orchards are
shown in Table 1. The Sanzhen orchard has the highest tree planting density, with
1.89 plants/100 m2. In addition, the width of the crown ranges from 5.28 to 131.18 m2,
with a mean value of 25.32 m? and a standard deviation value of 11.79 m?, and the canopy
coverage is 47.97%. The planting density for the Mingzhu orchard is the second highest at
1.72 plants /100 m2. The width of the crown ranges from 3.73 to 211.66 m2, with a mean
value of 31.14 m? and a standard deviation value of 15.91 m?, and the canopy coverage
is 53.43%. The Litchi cultural expo orchard has the lowest tree planting density, with
1.65 plants/100 m?2, and the width of the crown ranges from 4.34 to 74.65 m?2, with a mean
value of 27.21 m? and a standard deviation value of 11.52 m?. The canopy coverage is
44.91%. These results reveal large differences in tree crowns among different orchards,
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representing various litchi plantation scenarios and therefore forming robust datasets for
evaluating different crown detection models.

Table 1. Statistical analysis results for individual crowns from different litchi orchards.

Individual Tree Crowns

Coverage Density
Orchard Count Max Min Mean 2 (%) ( 2
. . o Trees/100 m*?)
(m?) (m2) m2) ~ Std-(m)
Litchi cultural expo orchard 1764 74.65 4.34 27.21 11.52 4491 1.65
Sanzhen orchard 3131 131.18 5.28 25.32 11.79 47.97 1.89
Mingzhu orchard 1850 211.66 3.73 31.14 15.91 53.43 1.72

3.2. Results of the Ablation Experiment

To enhance the ability of the proposed method to detect individual crowns, the
YOLOvS8n model was improved by fusing a priori information into the TAL module,
implementing the ELA into the C2f module, and using the RFB instead of the SPPF in the
backbone network. An ablation experiment was conducted to validate the effectiveness of
these strategies, and the results are shown in Table 2. On the different datasets, the original
model resulted in precision values between 0.6682 and 0.7844, recall values between 0.6683
and 0.7434, APs5; values between 0.6792 and 0.7895, and F1 score values between 0.6683
and 0.7628. When adopting only the fusion of a priori information with the TAL module,
the model performance improved with precision values between 0.7150 and 0.7878, recall
values between 0.6345 and 0.7665, APs5y values between 0.6975 and 0.8042, and F1 score
values between 0.6724 and 0.7732 on the various datasets. When adopting only the ELA,
the model performance also improved with precision values between 0.7110 and 0.8071,
recall values between 0.6411 and 0.7599, APs5, values between 0.7015 and 0.8111, and F1
score values between 0.6743 and 0.7828 on the different datasets. Finally, when the only
improvement involved replacing the SPPF module with the RFB, the model performance
again improved with precision values between 0.7120 and 0.7920, recall values between
0.6478 and 0.7778, AP5( values between 0.6968 and 0.8179, and F1 score values between
0.6784 and 0.7834 on the different datasets. In summary, regardless of which dataset was
used, each strategy consistently improved the model performance compared with the
original model.

In addition, combining any two strategies can also enhance the model performance
with precision values between 0.6969 and 0.7978, recall values between 0.6502 and 0.7577,
APsy values between 0.6842 and 0.8127, and F1 score values between 0.6728 and 0.7706
on the different datasets. Furthermore, when the model was improved using all three
strategies to form the CAR-YOLO model, the model achieved the best performance with
precision values between 0.7067 and 0.8003, recall values between 0.6755 and 0.7673, APs5
values between 0.7069 and 0.8121, and F1 score values between 0.6908 and 0.7761 on the
various datasets.

3.3. Results of the Comparison Experiment

A visual example of the use of different models to detect individual crowns is shown
in Figure 6. The CAR-YOLO model yielded the best results, with the highest number
of correctly detected crowns and the lowest number of missed and incorrectly detected
crowns. The Faster R-CNN and YOLOv10n models yielded the worst results, with the
lowest number of detected crowns and the highest number of missed and incorrectly
detected crowns. Finally, moderate results were obtained from the YOLOv5n, YOLOvV8n,
and YOLOv11ln models, with both correctly detected crowns and missed and incorrectly
detected crowns at moderate levels.
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Table 2. Results of the ablation experiments under different scenarios.
Improvement Strategy Evaluation Indicator
Datasets
G-TAL C2ELA RFB Precision Recall APs F1
Original model 0.7753 0.7434 0.7783 0.7590
vV 0.7878 0.7447 0.7890 0.7657
Litchi cultural Vv 0.7955 0.7335 0.7969 0.7632
itchi Cu}tlurg V 0.7920 0.7285 0.7969 0.7589
Expo orchar v v 0.7499 0.7422 0.7846 0.7460
Vv Vv 0.7978 0.7397 0.8077 0.7677
vV Vv 0.7905 0.7518 0.8087 0.7706
Vv Vv Vv 0.8003 0.7237 0.8080 0.7601
Original model 0.6682 0.6683 0.6792 0.6683
Vv 0.7150 0.6345 0.6975 0.6724
vV 0.7110 0.6411 0.7015 0.6743
Mingzhu orchard v 0.7120 0.6478 0.6968 0.6784
Vv Vv 0.6969 0.6502 0.6842 0.6728
Vv Vv 0.7024 0.6514 0.6926 0.6759
Vv Vv 0.7080 0.6562 0.6939 0.6811
Vv vV Vv 0.7067 0.6755 0.7069 0.6908
Original model 0.7844 0.7423 0.7895 0.7628
Vv 0.7800 0.7665 0.8042 0.7732
Vv 0.8071 0.7599 0.8111 0.7828
Sanzhen orchard Vv 0.7891 0.7778 0.8179 0.7834
Vv vV 0.7748 0.7540 0.8127 0.7643
Vv N4 0.7841 0.7540 0.8094 0.7688
vV Vv 0.7764 0.7577 0.8102 0.7669
Vv Vv vV 0.7850 0.7673 0.8121 0.7761

Ground Truth

rchard

Litchi cultural

Mingzhu orchard

Sanzhen orchard

4/ indicates that the corresponding improvement strategy was adopted; G-TAL represents that a priori knowledge
was used; C2ELA means that an efficient location attention module was used; and RFB indicates that a receptive
field block module was used.

CAR YOLO(this stdy)

YOLO v5n

:] Correctly detected !

YOLO v8n

Missed

YOLO vl

YOLO I1n

Incorrectly or redundantly detected

Faster RCNN

Figure 6. A visual example for the performance of different models in terms of detecting litchi tree

crowns.

The performances of the different models in terms of detecting tree crowns are shown
in Figure 7. When considering the prediction accuracy, the newly proposed CAR-YOLO
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model achieves the best results on the different datasets with precision values between
0.7067 and 0.8003, recall values between 0.6755 and 0.7673, APs5 values between 0.7069 and
0.8121, and F1 score values between 0.6908 and 0.7761. The results also show that Faster
R-CNN and YOLOv10n exhibited the worst performance with precision values between
0.5538 and 0.7005, recall values between 0.5018 and 0.6900, APs5; values between 0.4860 and
0.7029, and F1 score values between 0.5265 and 0.6634, while YOLOv5n, YOLOv8n and
YOLOv11n produced moderate performance with precision values between 0.6647 and
0.7844, recall values between 0.6441 and 0.7638, APs5, values between 0.6467 and 0.7895,
and F1 score values between 0.6350 and 0.7628 on all of the datasets. In terms of the
computational efficiency, the Fast-RCNN has the largest number of parameters with a
size of 62.7 MB and the lowest computational efficiency, while in this study, YOLO v5n,
YOLOvS8n, YOLO v10n, YOLOv11n and CAR-YOLO have relatively similar numbers of
parameters with sizes between 1.9 MB and 2.8 MB. The computational efficiencies of these
models are also similar.

0.8

0.6

.

1S10n

0.4

Prec

0.2

0.0

0.8

0.6

Recall

0.4

0.2

0.0

0.8

0.6

0.4

AP50

F1
=
o

Litchi cultural expo orchard Mingzhﬁ orchard Sanzhen orchard

7272 Faster-RCNN (62.7M) BER  YOLO v8n (2.6M) YOLO 11n (2.2M)
YOLO v5n (2.2M) EEE YOLO v10n (1.9M) 1 CAR-YOLO(this study) (2.8M)

Figure 7. Performance of the different models in terms of detecting litchi tree crowns.
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4. Discussion
4.1. Improvement of YOLOv8n

On the basis of the RGB images acquired by UAVs, Cheng et al. [31] first used the
Otsu method to extract vegetation and then utilized a Gaussian distribution function to
detect the individual crowns of apple and cherry trees in each planting row. However, this
method is only suitable for situations in which fruit trees are planted in straight lines and
in which there is no other vegetation. In litchi orchards, trees are often nonlinearly planted,
and other vegetation types, such as grass, are present. Thus, this method is not suitable for
individual crown detection in litchi orchards. The YOLOv8n model enables the detection
of litchi crowns with arbitrary spatial distributions, but it has ambiguous label assignment
problem when the crowns overlap [30]. In terms of object detection, ambiguous samples
can be reduced by using strategies such as a priori knowledge [23,38]. Thus, to address the
above limitation, a Gaussian distribution function was incorporated into the TAL module of
YOLOVSn to help it select positive samples. Testing on three different datasets revealed that
the strategy efficiently enhances the model performance. In addition, when the Gaussian
distribution function is used, a parameter k is used. to obtain the optimal value of k, a
sensitivity analysis was conducted on datasets from three different orchards, and the results
are shown in Figure 8. The optimal value of k was determined to be 0.5 by analyzing the
change in the detection accuracy according to its value.

FI —O— AP50
0.85 - ®) 0857
0.80 -
0.75
0.70
0.65 -
0.60 -
0.55 -

0.50

Figure 8. Sensitivity analysis of parameter k in terms of the performance of the proposed CAR-YOLO
model. (a) Dataset from the Litchi cultural expo orchard; (b) dataset from the Mingzhu orchard; and
(c) dataset from the Sanzhen orchard.

To increase the detection accuracy of the isolation switch state in a power system, Chen
et al. [39] implemented the ELA module in the neck of the YOLOv8n module. However,
there are no similar studies regarding individual tree crown detection. Unlike the previous
studies, we implemented the ELA modular within the backbone of YOLOv8n. The improved
model for individual tree crown detection was then tested on three different litchi datasets,
showing good performance. Finally, by replacing the SPPF modular with the RFB, Xue
et al. [34] enhanced the ability of YOLOVS5 to detect tea leaves. However, no study has used
this strategy to increase the accuracy of individual tree crown detection when employing the
YOLO method. In this study, the SPPF modular in the original YOLOv8n model was replaced
with the RFB module, and a test on three different litchi datasets demonstrated that the model
performance was improved for individual tree crown detection.

Fusing the Gaussian distribution to the TAL enforces constraints on the detection
boxes, implementing the ELA enhances the ability of the model to identify object centers,
and using the RFB improves the ability of the model to extract multiscale information.
Their functions are complementary. Thus, the CAR-YOLO model was designed in this
study by combining the above three strategies to obtain the optimal detection ability.



Agronomy 2025, 15, 2439

14 of 17

4.2. Optimal Individual Litchi Tree Crown Detection Model

As a representative two-stage object detection method, Faster-RCNN is widely used
for individual tree crown detection [3]. However, its number of parameters is significantly
larger than those of the YOLO series models and the proposed CAR-YOLO model presented
in this study. Therefore, it has the lowest computational efficiency compared with the
other models. In terms of accuracy, Faster-RCNN and YOLOv10n were the worst models
for tree crown detection. Furthermore, Figure 7 shows that Faster-RCNN suffers from
duplicate detection and missed detection problems. It is because Faster-RCNN uses a
dense candidate detection box-based algorithm, and high thresholds of confidence and
nonmaximal suppression (NMS) are needed to control the number of detection boxes. This
mechanism causes the performance of the model to be largely influenced by the preset sizes,
aspect ratios, number of anchor boxes, and density of reference points [40]. In this study,
the disadvantage of this algorithm is amplified by the diverse scales and dense distribution
of objects, resulting in significantly lower AP5y and F1 scores. YOLOv10n uses a one-to-one
matching strategy for detection. This design eliminates the NMS step and significantly
increases the computational efficiency [41]. However, in this study, we found that this
strategy induces suppression detection in adjacent crowns, resulting in a high rate of missed
detection in areas with high crown density (Figure 6). In addition, YOLOv10n adopts
depthwise separable convolution and structural optimization to achieve a lightweight
model. Thus, it has only 1.9 MB of parameters. However, this apparent advantage leads
to decreased performance in information extraction under complex backgrounds. When
considering the performance of YOLOv5n, YOLOv8n and YOLOv11n, they achieved
moderate accuracy. These models were developed by the same team, named Ultralytics [42].
All of them use a one-to-many matching strategy that is suitable for intensive object
detection scenarios. Therefore, they performed better than YOLOv10n. However, they
have problems such as ambiguous sample assignment and weak center detection ability.
Compared with the above models, the CAR-YOLO model proposed in this study can be
regarded as the optimal individual litchi tree crown detection model due to its introduction
of a priori knowledge and ELA which improve the object center detection ability, and the
RFB which improves the model’s multiscale object detection ability.

4.3. Potential Applications and Limitations

Considering the application of the proposed CAR-YOLO model, it can be used in
surveys of the number and yield of litchi at the county, provincial, and even national
scales. During this process, high-resolution satellite images of the study area should be
obtained first. Then, the number of litchi trees can be automatically extracted by using the
CAR-YOLO model and boundary data from the orchard. Finally, based on the production
of a single litchi tree, yield estimation can be performed. This information can be used to
support policy making and resource scheduling to ensure the reasonable pricing of the
market and limiting loss during the transportation of fresh fruit. In terms of precision
management, the CAR-YOLO model can also be used to automatically detect tree crowns
from high-resolution images to aid in the precise spraying of pesticides and fertilization.
In addition, although this study tested only the ability of the CAR-YOLO model to detect
individual litchi crowns, it has the potential to detect the crowns of other fruit trees or to
detect individual tree crowns in forests to assist in forest inventory processes. Furthermore,
in addition to satellite images, the model has the potential to be applied to UAV images.

However, this study has several shortcomings. First, this study only tested the CAR-
YOLO model in terms of litchi crown detection in the Zengcheng area, and the applicability
of the model to other fruits and areas needs to be further verified. For further studies, data
from other regions with different climates, management practices or planting structures
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will be collected, and transfer learning and domain adaptation methods will be applied to
make sure that the model in this study can be used in other regions. Second, the effect of
the image resolution on model performance was not explored. For further studies, images
with different resolutions will be collected or simulated. Then, different spatial resolution
scenarios can be designed to analyze their effect on the performance of the CAR-YOLO
model. Third, for precision management, the operational window is very short as it needs to
consider the weather condition and crop growth stage. Thus, it requires canopy extraction
models to be both accurate and fast. Considering that the YOLO-series model and Faster
R-CNN are lightweight models with fast characters, this research primarily compares
these two kinds of models. Given the transformer-based models is another state-of-the-art
method, the model proposed in this study will be compared with them in feature work.
Finally, this study proposed an improved YOLOv8n model structure for detection litchi
tree crown. However, during model training, we did not consider the effects of seasonal
variations, noise in image. These factors may reduce detection accuracy. For future studies,
multisource images from different seasons and weather conditions will be acquired and
used to train the proposed model further, to make sure that the model can be used in
more variable conditions. In addition, to apply the model on imagery with larger scales, a
sliding-window inference strategy is needed combined with the proposed model.

5. Conclusions

In this study, three representative litchi orchards were selected, and their high-
resolution satellite RGB imagery was acquired. Then, individual crown labeling was
performed via visual interpretation on the acquired images. On the basis of these data,
to address the problems experienced by the YOLOv8n model in litchi crown detection,
such as ambiguous label assignment, weak detection ability for canopy centers and cross-
scale learning difficulties, this study adopted a priori knowledge, the ELA model and the
RFB model to improve and form a new model named CAR-YOLO. Ablation experiments
and model comparison experiments were conducted to analyze the effectiveness of the
improved strategies. The results on three independent test datasets demonstrated that
all of the improvement strategies enhanced the ability of the model to detect individual
crowns. Among all of the models, the CAR-YOLO model achieved optimal results, with
APsg values between 0.7069 and 0.8121 and F1 score values between 0.6908 and 0.7761;
the YOLOvV5n, YOLOv8n and YOLOv11n models obtained moderate results, with APs
values between 0.6467 and 0.7895 and F1 score values between 0.6350 and 0.7628; and the
Fast-RCNN and YOLOv10n models exhibited the worst performance, with APsj values
between 0.4860 and 0.7029 and F1 score values between 0.5265 and 0.6634. This study can
provide technical support for litchi planting inventories, yield estimations, and precision
management. Furthermore, the proposed model also has the potential to be applied to
detect other fruit tree crowns and assist in the forest inventory process.
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