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Abstract

Accurate lychee growth-stage detection in natural orchards is challenging because blossoms and fruits
are often small, densely clustered, partially occluded, and visually similar to surrounding foliage. This
study proposes YOLO-Lychee, a YOLOv8s-based detector for four developmental stages: blossom, young
fruit, green fruit, and ripe fruit. The dataset contains 1,145 original orchard images and 19,422 annotated
instances collected in Hai Duong and Bac Giang provinces, Vietnam. To reduce blossom-class imbalance,
exposure-based augmentation was applied only to blossom samples in the training subset, resulting in
1,324 images and 20,261 annotations, while the validation and test sets remained unchanged. YOLO-Lychee
replaces the original SPPF module with a Spatial and Channel Cross-Transformer module, incorporates a
Context Augmentation Module in the neck, and uses EloU instead of the default CloU loss for bounding-
box regression. Across six random seeds, YOLO-Lychee achieved a Precision of 83.02 + 2.38%, Recall of
82.19 + 1.87%, mAPs5q of 88.42 + 0.38%, and mAP5.95 of 72.76 + 0.45%. Compared with recent YOLO-family
detectors under the same protocol, the proposed model obtained the highest mAP5, and competitive mAP5.95
while maintaining real-time inference. Ablation results confirm the complementary contributions of SC3T,
CAM, and EloU, whereas qualitative analysis shows that blossom detection remains the most challenging
case. These results demonstrate that YOLO-Lychee is a practical empirical baseline for lychee growth-stage
detection and vision-assisted orchard monitoring.
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1. Introduction standards, and postharvest technologies for domestic
_ _ ) ) ) and export markets [1]. In this context, accurate mon-
Lychee is an economically important subtropical fruit  jtoring of lychee growth stages is important for orchard

crop in Vietnam, particularly in major production areas management, harvest planning, and quality control.
such as Bac Giang and Hai Duong provinces. Viet-

nam is among the major lychee-producing countries in
Asia, with a cultivation area of 58,340 hectares and an
annual production of 380,600 tons reported in 2018 [1].
The development of the Vietnamese lychee industry
is closely associated with cultivar selection, flower
induction, harvest-season extension, cultivation man-

agement, compliance with VietGAP and GlobalGAP ~ must identify fruits or fruit clusters under natural
orchard conditions, where illumination variation, leaf

and branch occlusion, background similarity, dense
*Corresponding author. Email: thaikd@vnu.edu.vn clusters, and scale variation frequently occur [3]. These
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Robotic harvesting and vision-based orchard mon-
itoring systems have attracted increasing attention
because they can reduce labor dependence, improve
harvesting consistency, and support data-driven crop
management [2]. Fruit detection is a fundamental
perception task in such systems. A reliable detector
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challenges are particularly evident in lychee orchards
because blossoms and fruits are often small, clustered,
partially occluded, and visually similar to surrounding
foliage.

Deep learning has become a widely used approach for
agricultural object detection, fruit recognition, disease
identification, and yield estimation. Previous studies
have reviewed the role of sensors and computer vision
systems in fruit detection and emphasized the effects
of illumination, occlusion, and object scale on detection
performance [4]. Recent studies have further demon-
strated that convolutional neural networks, attention
mechanisms, feature-pyramid structures, and YOLO-
based detectors can improve both accuracy and infer-
ence efficiency in precision-agriculture applications. In
addition, related works on artificial intelligence, robotic
perception, pest detection, and smart-agriculture sys-
tems have highlighted the growing importance of visual
perception models for practical agricultural automation
and decision support [5-7].

Despite these advances, lychee growth-stage detec-
tion remains less studied than the detection of more
common fruits such as apples, oranges, grapes, toma-
toes, and pomegranates. Many existing fruit-detection
studies focus on mature fruit localization or yield esti-
mation, whereas fewer works address multi-stage detec-
tion from blossom to ripe fruit. This task is challenging
because lychee developmental stages exhibit large dif-
ferences in size, color, texture, and spatial distribution.
Blossom regions are small and sparse, young fruits are
densely clustered, green fruits have strong visual simi-
larity to leaves, and ripe fruits may be affected by strong
outdoor illumination and partial occlusion. Therefore,
lychee growth-stage detection requires a model capable
of capturing contextual and multi-scale features for
small and visually ambiguous targets.

This study develops a YOLOv8s-based detector,
termed YOLO-Lychee, for identifying lychees at four
developmental stages: blossom, young fruit, green fruit,
and ripe fruit. A stage-specific dataset was collected
from commercial lychee orchards in Hai Duong and
Bac Giang provinces, Vietnam. The originally acquired
dataset comprised 1,145 images and 19,422 annotated
instances. To improve the representation of the under-
represented blossom class during training, exposure-
based augmentation was applied exclusively to blossom
images in the training subset. This procedure increased
the experimental corpus to 1,324 images and 20,261
annotations. The validation and test subsets were kept
unchanged to prevent augmentation leakage and to
preserve their original data distributions for model
selection and final evaluation.

The proposed detector integrates the Spatial and
Channel Cross-Transformer (SC3T) module into the

backbone to enhance spatial-channel feature represen-
tation, and introduces the Context Augmentation Mod-
ule (CAM) into the neck to aggregate contextual infor-
mation from multiple receptive fields. In addition, the
Efficient Intersection over Union (EIoU) loss is adopted
for bounding-box regression to improve localization
accuracy. The model is evaluated against recent YOLO-
family detectors and further analyzed through mod-
ule ablation, CAM fusion comparison, loss-function
ablation, class-wise evaluation, efficiency analysis, and
qualitative visualization.

The main contributions of this study are summarized
as follows:

(1) A stage-specific lychee dataset is constructed
under natural orchard conditions in Vietnam,
covering blossom, young fruit, green fruit, and
ripe fruit.

(2) AYOLOvS8s-based detector, named YOLO-Lychee,
is developed by replacing the original SPPF
module with SC3T, introducing CAM into the
neck, and adopting EloU to improve detection
of small, dense, and visually ambiguous lychee
targets.

(3) Extensive quantitative, ablation, efficiency, class-
wise, and qualitative analyses are conducted to
evaluate the proposed detector against recent
YOLO-family models under realistic orchard
conditions.

The proposed framework is intended to provide
an empirical baseline for lychee growth-stage detec-
tion and a practical reference for vision-based orchard
monitoring. Although further validation across larger
datasets, additional orchards, and diverse environmen-
tal conditions is still required, the results demonstrate
the feasibility of applying YOLO-based object detection
to lychee growth-stage analysis in precision agriculture.

The remainder of this paper is organized as follows.
Section 2 reviews related studies on deep learning-
based fruit detection and lightweight agricultural
object detection. Section 3 describes the lychee dataset,
YOLOvS8s baseline, proposed model components, and
evaluation metrics. Section 4 reports the experimental
results, comparative analysis, ablation studies, and
qualitative evaluation. Section 5 concludes the paper
and discusses limitations and future work.

2. Related Work

Deep learning-based object detection has been widely
applied to agricultural perception tasks, including fruit
localization, maturity assessment, disease identifica-
tion, yield estimation, and robotic harvesting. Two-
stage detectors, such as Faster Region-based Convolu-
tional Neural Network (Faster R-CNN) [8], are known
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for their strong localization capability in complex visual
scenes. In fruit detection, Faster R-CNN with Resid-
ual Network-50 (ResNet-50) has been used for coconut
maturity-stage detection and achieved a mean Aver-
age Precision (mAP) of 0.894, outperforming Single
Shot MultiBox Detector (SSD) and YOLOv3 [9]. Bar-
goti and Underwood applied Faster R-CNN to orchard
fruit detection and obtained Fl-scores above 0.9 for
apples and mangoes, demonstrating the effectiveness
of deep convolutional detectors under natural orchard
conditions [10]. Other comparative studies have also
shown that Faster R-CNN with InceptionV2 can achieve
competitive fruit detection and counting performance
under illumination variation and partial occlusion [11].
Although two-stage detectors provide accurate local-
ization, their relatively high computational cost makes
them less suitable for real-time orchard monitoring and
robotic harvesting systems.

One-stage detectors, particularly YOLO-family mod-
els, have become increasingly popular in precision
agriculture because of their favorable balance between
detection accuracy and inference speed. YOLOv4 has
been used for orange detection and yield estimation
under different illumination conditions, achieving a
precision of 91.23% and an mAP of 90.8% [12]. Sev-
eral YOLO versions have also been evaluated for wild
blueberry maturity-stage detection, where YOLOv4
achieved an mAP of 79.79% for three maturity classes
and 88.12% for two classes [13]. Lightweight and
pruned YOLO variants have further been investi-
gated for real-time agricultural deployment. A pruned
YOLOv5s model was proposed for grape-cluster track-
ing, maintaining an accuracy of 84.9% and an mAP
of 82.3% [14]. Similarly, a channel-pruned YOLOv5s
model achieved a precision of 95.8% and an F1-score of
91.5% for apple fruitlet detection before thinning [15].
These studies indicate that YOLO-based detectors are
practical for agricultural applications where both accu-
racy and computational efficiency are required.

Recent developments in the YOLO family have
further improved real-time detection through more
efficient architectures, training strategies, and feature-
representation designs. YOLOv8 has been widely
adopted as a practical baseline for lightweight object
detection because of its implementation efficiency
and strong speed-accuracy trade-off [16]. YOLOvV9
introduces programmable gradient information to
improve information preservation during training [17],
while YOLOv10 focuses on real-time end-to-end
detection [18]. YOLO11 has been empirically evaluated
against earlier YOLO generations [19], and YOLOv12
emphasizes attention-centric real-time detection [20].
More recently, YOLO26 has been introduced as a unified
real-time vision model [21]. These models provide
relevant baselines for evaluating agricultural object

detectors, especially when inference time, model size,
FLOPs, and deployment feasibility are considered.

In fruit detection, recent studies have combined
YOLO detectors with lightweight modules, pruning
strategies, and feature-fusion mechanisms to improve
performance in complex orchard environments. An
improved YOLOv8 model using ShuffleNetv2 and
Ghost modules was developed for real-time multi-
stage apple-fruit detection and achieved an mAP
of 91.4% [22]. YOLOv5s-CEDB was proposed for
Camellia oleifera fruit detection and reported an
mAP of 91.4% [23]. MTD-YOLO was introduced
for cherry tomato cluster maturity detection and
achieved an mAP of 86.6% [24]. PG-YOLO incorporated
ghost modules, backbone simplification, pruning, and
knowledge distillation for pomegranate detection,
achieving an mAP of 0.934 while reducing model size
and improving inference speed [25]. These studies show
that lightweight YOLO-based detectors are effective for
fruit detection, but their performance may still degrade
when targets are small, densely distributed, occluded,
or visually similar to the background.

Attention mechanisms, feature-fusion modules, and
Transformer-based components have also been explored
to enhance agricultural object detection. Spatiotem-
poral convolutional neural networks combined with
Transformers have been applied to pineapple-picking
perception, achieving an mAP of 92.54% [26]. Olive-
EfficientDet integrated the Convolutional Block Atten-
tion Module (CBAM) and a Bidirectional Feature Pyra-
mid Network (Bi-FPN), reporting mAP values above
93% under occlusion and lighting variation [27].
Tracking-based perception has also been investigated
for agricultural applications, including DeepSORT-
SCAE for young honey peach tracking [28] and three-
dimensional relocalization with neural-network-based
yield regression for orange detection and tracking [29].
These works suggest that contextual information,
multi-scale representation, and attention-based feature
refinement are important for detecting fruits in clut-
tered natural scenes.

Deep learning has also been used for fruit classi-
fication and plant disease recognition. Convolutional
neural networks have been applied to olive fruit iden-
tification under illumination variation [30], potato leaf
disease detection using MDSCIRNet [31], and olive
cultivar identification with accuracies above 95% [32].
Although these classification-oriented methods demon-
strate the effectiveness of deep neural networks in agri-
cultural image analysis, they do not directly address
the localization and stage-specific recognition require-
ments of fruit detection in orchard images. For lychee
monitoring, object-level detection is required because
the system must localize blossoms and fruit clusters
while distinguishing their developmental stages.
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The development of intelligent agricultural sys-
tems is also closely related to robotic perception and
decision-support technologies. Agricultural robots have
been reviewed as an important direction for transform-
ing farming practices [5]. YOLOv8-based pest detec-
tion has been investigated for precision-agriculture
and food-security applications [6]. In addition, smart
agro-ecosystems based on sensing, robotic systems, and
decision-support models have been discussed for next-
generation agriculture [7]. These studies indicate that
reliable visual perception is an essential component of
practical agricultural automation.

In summary, existing studies have made substantial
progress in fruit detection, lightweight YOLO design,
attention-based feature enhancement, and agricultural
automation. However, lychee growth-stage detection
remains less explored than the detection of more
common fruits, particularly for a complete stage range
from blossom to ripe fruit. This task is challenging
because lychee targets vary considerably in scale, color,
texture, density, and visibility. Blossom regions are
small and sparse, green fruits are visually similar to
leaves, young fruits are densely clustered, and ripe
fruits may be affected by strong illumination and
occlusion. Motivated by these challenges, this study
develops and evaluates YOLO-Lychee, a YOLOvS8s-
based detector that replaces the original SPPF module
with SC3T, introduces CAM-based contextual feature
aggregation, and adopts EloU-based bounding-box
regression for multi-stage lychee detection under
realistic orchard conditions.

3. Materials and Methods
3.1. Lychee Dataset

A stage-specific lychee dataset was constructed for
detecting lychee developmental stages under natural
orchard conditions. The dataset covers four pheno-
logical categories: blossom, young fruit, green fruit,
and ripe fruit. These categories represent the principal
visual transitions from flowering to harvest maturity
and are relevant to stage-specific orchard monitoring,
crop management, and harvest planning.

The images were acquired from commercial lychee
orchards in Hai Duong and Bac Giang provinces, Viet-
nam. The collected scenes exhibit substantial variations
in canopy density, natural illumination, viewing angle,
object scale, target density, partial occlusion, and back-
ground appearance. These variations reflect practical
challenges encountered in vision-based monitoring of
lychee orchards.

The originally acquired dataset comprised 1,145
images and 19,422 manually annotated instances.
Before any data augmentation was applied, the
images were divided into 802 training images, 115
validation images, and 228 test images, corresponding

to approximately 70.0%, 10.0%, and 20.0% of the
original dataset, respectively. The partitioning was
completed before augmentation to prevent augmented
versions of the same image from appearing in different
subsets. The validation subset was used for checkpoint
selection, whereas the held-out test subset was reserved
for final performance evaluation and was not used for
model selection or hyperparameter adjustment.

All original images were manually annotated using
axis-aligned bounding boxes. Each visually distinguish-
able target was assigned one of the four developmental-
stage labels. When adjacent fruits were sufficiently
separable, they were annotated individually. In densely
overlapping regions where individual fruits could not
be reliably separated, the visible group was annotated
as a single target cluster. The same annotation protocol
was consistently applied to the training, validation,
and test subsets. The annotations were subsequently
exported in YOLO-compatible format.

During model training and evaluation, images were
processed at an input resolution of 640 x 640 pixels,
and the associated bounding-box coordinates were
transformed accordingly. Because blossom was the most
under-represented and visually challenging category,
exposure-based augmentation was applied exclusively
to blossom images in the training subset. This
photometric transformation modifies image exposure
and brightness without altering target geometry;
therefore, the original bounding-box coordinates were
retained for the augmented images.

The exposure augmentation generated 179 additional
training images containing 839 blossom annotations.
Consequently, the training subset increased from 802 to
981 images and from 12,953 to 13,792 annotations. No
augmented samples were introduced into the validation
or test subsets. The final experimental corpus therefore
comprised 1,324 images and 20,261 annotations, of
which 1,145 images and 19,422 annotations originated
from the acquired orchard dataset.

Representative annotations for three developmental
stages are shown in Fig. 1. The young-fruit category was
included in all training and evaluation procedures but
is omitted from this illustrative figure for compactness.

Table 1 summarizes the composition of the dataset.
Panel A reports the class-wise distribution of anno-
tations in the final experimental corpus, including
the augmented blossom samples used during training.
Panel B distinguishes the originally acquired data from
the additional training samples generated by exposure
augmentation. In this study, the term “instance” refers
to an annotated individual target or a visually insepara-
ble target cluster, rather than an image.

Despite the targeted training augmentation, the
final experimental corpus remains class-imbalanced.
Blossom accounts for 9.64% of all annotations,
whereas ripe fruit represents 44.65%, corresponding
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(a) Blossom

(b) Young fruit

(c) Green fruit (d) Ripe fruit

Figure 1. Representative annotated images from the lychee dataset: (a) blossom, (b) young fruit, (c) green fruit, and (d) ripe fruit.
The images illustrate variations in target scale, density, illumination, occlusion, and background appearance under natural orchard
conditions

Table 1. Composition of the original lychee dataset and the final experimental corpus. Exposure-based augmentation was applied only
to blossom images in the training subset

Panel A. Class-wise annotation distribution in the final experimental corpus

Developmental stage Train  Validation Test Total Share (%)
Blossom 1,678 84 192 1,954 9.64
Young fruit 3,513 505 897 4,915 24.26
Green fruit 3,402 247 696 4,345 21.45
Ripe fruit 5,199 1,536 2,312 9,047 44.65
Total annotations 13,792 2,372 4,097 20,261 100.00
Panel B. Accounting of originally acquired and augmented data

Dataset statistic Train  Validation Test Total Remark
Originally acquired images 802 115 228 1,145 Field data
Exposure-augmented images 179 0 0 179 Training only
Final number of images 981 115 228 1,324 Experimental corpus
Annotations in original images 12,953 2,372 4,097 19,422 Manual labels
Additional blossom annotations 839 0 0 839  In augmented images
Final number of annotations 13,792 2,372 4,097 20,261 Experimental corpus

to an approximately 4.63-fold difference between the
smallest and largest classes. This imbalance reflects
both the original orchard sampling conditions and the
substantial differences in target density and visibility
across developmental stages.

The exposure-based augmentation increases the
representation and photometric diversity of blossom
samples during training without altering the validation
and test distributions. Accordingly, both aggregate
and class-wise detection results are reported in
the experimental results section to provide a more
informative assessment of model performance across
the four developmental stages.

2 EAI

3.2. YOLOv8 Model

YOLOvVS is a representative one-stage object detector
developed by Ultralytics and has been widely used
as a practical baseline for real-time object detection
tasks [16, 33]. Compared with earlier YOLO variants,
YOLOV8 adopts an efficient convolutional architecture,
an anchor-free detection head, and a decoupled
prediction structure, providing a favorable balance
between detection accuracy and inference speed. These
properties make YOLOvS8 suitable for agricultural
perception tasks, where object detectors must operate
under complex backgrounds, scale variation, occlusion,
and illumination changes.

As shown in Figure 2, the YOLOvVS architecture con-
sists of three main parts: backbone, neck, and detection
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Backbone

Input image
640 x 640 x 3

YOLOv8s Architecture
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Figure 2. Architecture of the YOLOv8 detector

head. The backbone extracts hierarchical visual features
from the input image using convolutional layers and
Cross Stage Partial-style feature aggregation. The C2f
module is used to improve gradient flow and feature
reuse while maintaining computational efficiency. The
Spatial Pyramid Pooling-Fast (SPPF) module further
enlarges the receptive field and captures multi-scale
contextual information without introducing excessive
computational overhead.

The neck aggregates feature maps from different
stages of the backbone to enhance multi-scale repre-
sentation. This design is important for detecting objects
with large scale variation, such as lychee blossoms,
young fruits, green fruits, and ripe fruits. The detection
head then predicts object categories and bounding-
box locations at multiple feature scales. In contrast to
anchor-based YOLO variants, YOLOvVS8 uses an anchor-
free detection strategy, which simplifies the detection
pipeline and avoids the need for predefined anchor-box
settings.

For bounding-box regression, YOLOv8 employs IoU-
based localization objectives together with distribution-
based regression components in its training loss.
In many YOLO-based implementations, Complete
Intersection over Union (CloU) is commonly used as
an IoU-based bounding-box regression loss because
it jointly considers the overlap area, center-point
distance, and aspect-ratio consistency between the
predicted and ground-truth boxes [34]. For a predicted
box B=(x,y,w,h) and a ground-truth box B8t =
(x8', p8&!, w8, h8"), the CloU loss can be formulated as

o (o:6%)

Leoy = 1-ToU (B, BE) + =

+ av, (1)

where B and B8' denote the predicted and ground-
truth bounding boxes, respectively, while b = (x,y)
and b8' = (x8',y8') represent their center points. The
term p2 (b, bgt) denotes the squared Euclidean distance
between the two box centers, and ¢ is the diagonal
length of the smallest enclosing box covering both B and
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B8t. The aspect-ratio consistency term v is defined as

4 wgt w 2
v=—3 (arctan (W) —arctan (Z)) , (2)

where w and h denote the width and height of
the predicted box, whereas w8 and h8' denote those
of the ground-truth box. The trade-off coefficient «,
which balances the overlap and aspect-ratio terms, is
computed as

v
T 1 1oUB B+ v

(3)

Although CloU improves bounding-box regression
by considering geometric consistency, its aspect-ratio
term may not fully decouple width and height
differences. This motivates the use of EloU in the
proposed detector, as described in Section 3.3.

3.3. Proposed YOLO-Lychee Detector

YOLOv8 provides several model scales, including
YOLOv8n, YOLOvS8s, YOLOv8m, YOLOvSl, and
YOLOvV8x. In this study, YOLOvSs is selected as the
baseline because it provides a practical compromise
between detection accuracy and computational cost.
This characteristic is important for orchard monitoring
and robotic harvesting scenarios, where the detector
should remain sufficiently accurate while maintaining
real-time inference capability.

The proposed model, named YOLO-Lychee, is
designed to improve lychee growth-stage detection
under natural orchard conditions. As illustrated in
Figure 3, YOLO-Lychee replaces the original SPPF
module in the YOLOvS8s backbone with SC3T to
enhance spatial-channel feature representation. CAM
is introduced into the neck to strengthen contextual
feature aggregation from multiple receptive fields. In
addition, EloU is adopted for bounding-box regression
to improve localization accuracy, especially for small,
dense, and partially occluded lychee targets.

The motivation for this design comes from the visual
characteristics of lychee orchards. Blossom regions are
small and sparse, green fruits are visually similar to
leaves, young fruits are densely clustered, and ripe
fruits may be affected by strong illumination and partial
occlusion. Therefore, the detector requires both local
detail preservation and contextual feature modeling.
The SC3T module is used to improve feature encoding
for small and visually ambiguous targets, while CAM
enhances multi-scale contextual representation in the
feature-fusion stage. The following subsections describe
the main components of the proposed detector.

SC3T Module. The Spatial and Channel Cross-
Transformer (SC3T) module was originally introduced
in our previous work for improving the detection of

small and distant objects in UAV-based imagery [35].
In this study, SC3T is incorporated into the YOLOvS8s
backbone to enhance feature representation for lychee
targets with small size, dense distribution, and partial
occlusion. The module combines the multi-scale
receptive-field capability of Spatial Pyramid Pooling
(SPP) [36] with the contextual modeling ability of a
Transformer-based C3TR structure.

As shown in Figure 4, the SPP component extracts
multi-scale spatial information by applying pooling
operations with different receptive fields. This design
helps the network capture both fine local details and
broader contextual cues, which are useful for detecting
lychee objects with large scale variation. For example,
blossom regions usually occupy small image areas,
whereas fruit clusters may appear at larger scales and
with different densities. Multi-scale pooling therefore
improves the ability of the backbone to represent
objects at different developmental stages.

The C3TR component introduces Transformer-based
feature modeling into the convolutional feature-
extraction pipeline. By using self-attention, the module
can capture long-range dependencies and strengthen
relationships among spatially separated regions in the
feature map. This is beneficial in orchard images, where
lychee fruits may be partially occluded by leaves or dis-
tributed across dense clusters. Compared with purely
convolutional feature extraction, the Transformer-based
branch provides additional contextual information that
can help distinguish lychee targets from visually similar
backgrounds.

By combining SPP and C3TR, the SC3T module
enhances both multi-scale spatial representation and
contextual feature interaction. In the proposed YOLO-
Lychee detector, SC3T is used to strengthen backbone
features before multi-scale feature fusion in the
neck. Its contribution to detection performance is
quantitatively evaluated in the ablation study in
Section 4.3.

CAM Module. The Context Augmentation Module
(CAM) was introduced in the Complementary Feature
Pyramid Network (CFPN) to improve tiny-object
detection by enriching contextual information from
multiple receptive fields [37]. In lychee orchard
images, small blossoms and young fruits are often
surrounded by leaves, branches, and visually similar
backgrounds. Therefore, contextual feature aggregation
is important for improving the discriminability of
small and partially occluded lychee targets. In the
proposed YOLO-Lychee detector, CAM is incorporated
into the neck to enhance multi-scale feature fusion
before prediction.

As shown in Figure 5, CAM adopts a multi-
branch convolutional structure to extract contextual
features at different receptive-field scales. Each branch
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Figure 3. Architecture of the proposed YOLO-Lychee detector. The model is built on the YOLOv8s scale and integrates SC3T in the
backbone for spatial—channel feature enhancement, CAM in the neck for contextual feature aggregation, and EloU as the bounding-box
regression loss
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Figure 4. Architecture of the SC3T module, which combines spatial pyramid pooling and Transformer-based feature modeling for
enhanced spatial—channel representation

applies a 3 x 3 convolution with a different dilation  dilation rate captures local details, while branches
rate, such as 1, 3, and 5. The branch with a small with larger dilation rates provide broader contextual
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Figure 5. Architecture of the CAM module [37]

information from the surrounding regions. This design
enables the detector to jointly model object-level
details and neighboring context, which is beneficial for
distinguishing lychee targets from cluttered orchard
backgrounds.

The features extracted from different branches are
then fused to form an enhanced contextual representa-
tion. CAM supports several fusion strategies, including
concatenation fusion, adaptive fusion, and weighted
fusion. Concatenation fusion directly combines branch
features along the channel dimension, increasing the
feature capacity but also increasing the number of
parameters. Adaptive fusion learns branch-specific
weights through an auxiliary sub-network, allowing
the model to adjust the contribution of each receptive
field according to the input features. Weighted fusion
computes spatial or channel weights and combines the
branch features according to their relative importance.

In this study, different CAM fusion strategies are eval-
uated in the ablation study to analyze their effects on
lychee detection performance. The experimental results
show that adaptive fusion provides the best overall bal-
ance between detection accuracy and model complexity.
Therefore, the adaptive CAM configuration is used in
the final YOLO-Lychee detector. By introducing CAM
into the neck, the proposed model strengthens con-
textual feature aggregation and improves the detection
of small, dense, and visually ambiguous lychee targets
under natural orchard conditions.

EloU Loss Function. Accurate bounding-box regres-
sion is important for lychee growth-stage detection
because lychee targets often appear as small, dense, and
partially occluded objects in natural orchard scenes.
YOLOv8 commonly adopts IoU-based regression objec-
tives, in which the localization loss is designed to maxi-
mize the spatial agreement between a predicted bound-
ing box and its corresponding ground-truth box. In
this study, the Efficient Intersection over Union (EIoU)
loss [38] is adopted to improve localization accuracy
by explicitly decomposing the regression error into

three geometric components: overlap area, center-point
distance, and side-length discrepancy.

Let B = (x,y, w, h) denote a predicted bounding box
and B8' = (x8', 98, w8', h8') denote the corresponding
ground-truth box, where (x,y) and (x8',y8') are the
respective center coordinates, and w, h, w8', and h&' are
the corresponding box widths and heights. Let b = (x, y)
and b8' = (x8', y8) represent the center points of B and
B8, respectively. The smallest enclosing box that covers
both B and B#' is denoted by C, with width w, and
height k.. The EloU loss is formulated as

Lg1ou = Liou + Lais + Lside (4)

where L,y penalizes insufficient overlap, Lg;s penalizes
the discrepancy between the box centers, and Lgge
penalizes differences in the widths and heights of the
predicted and ground-truth boxes.

The overlap loss is defined as

|B N B8

|Bu Bst| )

Ly =1-10U(B,B%) =1

where |B N Bgt| and |B U Bgt| denote the intersection and
union areas of the predicted and ground-truth boxes,
respectively. A smaller value of L,y therefore indicates
a greater spatial overlap between the two boxes.

The normalized center-distance loss is expressed as

Lgis = M, (6)
w? + h?
where
p? (b, bgt) = (x - xgt)2 + (y - ygt)z (7)
is the squared Euclidean distance between the predicted

and ground-truth box centers. The denominator w? +

h? corresponds to the squared diagonal length of the

smallest enclosing box C, thereby normalizing the

center-distance penalty with respect to object scale.
The side-length loss is defined as

(wows) (no)

Lot = + . 8
side wg h% ( )

This term directly minimizes the discrepancies between
the predicted and ground-truth box dimensions,
allowing the width and height errors to be optimized
independently.

This term directly penalizes the width and height
discrepancies between the predicted and ground-truth
boxes. Unlike CIoU [34], which uses an aspect-ratio con-
sistency term, EIoU separately optimizes the width and
height errors. This decoupled formulation is beneficial
for detecting lychees at different developmental stages,
where object shapes and scales vary substantially from
blossom clusters to young, green, and ripe fruits.
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By combining overlap, center-distance, and side-
length penalties, EloU provides a more explicit
regression objective for bounding-box localization. In
the proposed YOLO-Lychee detector, this loss is used
to improve the localization of small and partially
occluded lychee targets while keeping the model
architecture unchanged. The contribution of EloU is
further examined in the ablation study, where it
is compared with other IoU-based losses, including
GIoU [39], WIoU [40], CIoU [34], and SIoU [41].

3.4. Evaluation Metrics

The detection performance of the evaluated models
was measured using standard object-detection met-
rics, including Precision, Recall, F1-score, mAP5,, and
mAPs50.95. In addition, model efficiency was assessed
using the number of parameters, model size, floating-
point operations (FLOPs), inference time, and frames
per second (FPS). These metrics provide a comprehen-
sive evaluation of both detection accuracy and deploy-
ment feasibility.

Intersection over Union (IoU) quantifies the spatial
overlap between a predicted bounding box B and its
corresponding ground-truth box B8!. It is defined as

~ |B N BeY|

IoU(B, B8') = m,

)

where )B N Bgt( and )B U Bgt| denote the intersection and
union areas of the two boxes, respectively. A predicted
bounding box is classified as a true positive when it
is assigned to the correct class and its IoU with a
matched ground-truth box is greater than or equal to
a predefined threshold. Otherwise, it is treated as a
false positive, while an unmatched ground-truth object
is counted as a false negative.
Precision and recall are computed as

TP

Precision = TP + FD’ (10)

and P
Recall = —————, 11
A T TP EN (11)

where TP, FP, and FN denote the numbers of
true positives, false positives, and false negatives,
respectively. Precision represents the proportion of
correct detections among all predicted objects, whereas
recall represents the proportion of ground-truth objects
that are successfully detected.

The F1-score is the harmonic mean of precision and
recall and is used to evaluate the balance between these
two metrics. It is defined as

Fl = 2 x Precision x Recall

12
Precision + Recall (12)

Average Precision (AP) summarizes the precision—
recall curve for each object class at a specified IoU
threshold. For class i and IoU threshold 7, AP can be
approximated using a discretized precision-recall curve
as

APj(7) = Z(Rn - Rnfl)Pinterp,w (13)

n

where R, denotes the recall at the n-th operating point
and Peerp,n denotes the corresponding interpolated
precision. The class index is denoted by i, while t
specifies the IoU threshold used to determine whether a
detection is considered correct.

The mean Average Precision at an IoU threshold of
0.50, denoted by mAP5, is calculated as

N
1
mAPso = ZAP,-(O.SO),
i=1

(14)

where N denotes the number of object classes. In this
study, N =4, corresponding to the blossom, young-
fruit, green-fruit, and ripe-fruit classes.

A more stringent metric, mAPs5.95, averages the AP
values over IoU thresholds ranging from 0.50 to 0.95 in
increments of 0.05. It is defined as

) (15)

N
1 1
mAPs50.95 = T T; N ;Api(T)

where 7 ={0.50,0.55,...,0.95} is the set of evaluated
IoU thresholds and |7]| = 10. Compared with mAPs,
mAP5.95 provides a stricter assessment of localization
performance because detections must maintain accu-
rate bounding-box alignment over progressively higher
IoU thresholds.

Model efficiency was evaluated using the number
of parameters and checkpoint size as measures
of model compactness, together with floating-point
operations (FLOPs) as an estimate of computational
complexity. The average inference time was measured
in milliseconds per image, and the corresponding
inference throughput was calculated as

FPS = 1000,
tinf

(16)

where t;,,¢ denotes the average inference time per image
in milliseconds. All models were evaluated under the
same hardware, software, input-resolution, batch-size,
and measurement settings to ensure a fair comparison.
These efficiency measures were analyzed together with
the detection metrics to assess the trade-off between
predictive accuracy and computational cost.

4. Experimental Results
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4.1. Experimental Setup

All experiments were implemented using the Ultralyt-
ics YOLO framework with PyTorch and CUDA acceler-
ation. Both model training and testing were conducted
on an NVIDIA A100 GPU. The proposed detector was
developed based on the YOLOvS8s scale and trained
on the lychee dataset described in Section 3.1. Four
developmental stages were considered: blossom, young
fruit, green fruit, and ripe fruit. To ensure a fair com-
parison, all model variants were trained and evaluated
using the same hardware environment, data split, input
resolution, optimizer, and data-augmentation protocol.

Input images were resized to 640 x 640 pixels. Each
model was trained for 100 epochs with a batch size of
16 using stochastic gradient descent (SGD). The initial
learning rate, momentum, and weight decay were set to
0.01, 0.937, and 0.0005, respectively. Standard training
augmentations, including HSV perturbation, random
translation, random scaling, horizontal flipping, and
mosaic augmentation, were applied to improve robust-
ness to illumination changes, scale variations, and com-
plex backgrounds in natural orchard scenes. Mosaic
augmentation was disabled during the final 10 epochs
to stabilize late-stage optimization.

For the loss-function analysis, CloU, GIoU, EloU,
and SloU were evaluated under the same training
protocol. The best checkpoint of each model was
selected according to its validation performance and
subsequently evaluated on the independent test set
using the NVIDIA A100 GPU. Detection performance
was reported in terms of Precision, Recall, mAP5,, and
mAPs5.95. Model efficiency was further evaluated using
the number of parameters, computational complexity,
checkpoint size, inference latency, and frames per
second (FPS). Inference latency and FPS were measured
on the same NVIDIA A100 GPU to ensure consistent
efficiency comparisons among the evaluated models.
The principal experimental settings are summarized in
Table 2.

4.2. Comparison with Recent YOLO Detectors

To provide a comprehensive benchmark against recent
YOLO-family detectors, YOLO-Lychee was compared
with YOLOv8s [16], YOLOv9s [17], YOLOv10s [18],
YOLO11s [19], YOLOv12s [20], and YOLO26s [21].
All detectors were trained and evaluated on the
same lychee dataset using the experimental protocol
described in Section 4.1. The comparison considers
both detection accuracy and computational efficiency,
including the number of parameters, model size,
FLOPs, FPS, Precision, Recall, mAP5,, and mAP5g.95.
For YOLO-Lychee, the detection metrics are reported
as mean * standard deviation over six random seeds,
namely 0, 1, 2, 3, 4, and 5, to assess the stability

of the proposed detector under different initialization
settings.

As shown in Table 3, YOLO-Lychee achieved the
highest mAP5, among all compared detectors, with
a mean value of 88.42+0.38%. Compared with
YOLOv8s, YOLOv9s, YOLOv10s, YOLO11s, YOLOv12s,
and YOLO26s, the proposed detector improved mAPs5
by 1.74, 0.62, 1.85, 1.05, 0.21, and 2.86 percentage
points, respectively. The relatively small standard
deviation over six random seeds indicates that the
proposed configuration provides stable performance at
the standard IoU threshold. This improvement suggests
that the integration of SC3T, CAM, and EloU is
beneficial for detecting lychee objects across different
growth stages in complex orchard scenes.

For the stricter mAPsg.95 metric, YOLO-Lychee
achieved 72.76 +0.45%, which is competitive with
recent YOLO-family detectors. It outperformed
YOLOv8s, YOLOv9s, YOLOv10s, YOLOv12s, and
YOLO26s by 0.95, 0.08, 1.47, 0.06, and 1.26 percentage
points, respectively. The best mAPs5.95 was obtained
by YOLOI11ls, which exceeded YOLO-Lychee by
only 0.15 percentage points. These results indicate
that the proposed detector provides competitive
localization performance under stricter IoU thresholds.
Nevertheless, the small differences among YOLOV9s,
YOLO11s, YOLOv12s, and YOLO-Lychee also suggest
that further localization refinement is needed to obtain
a more decisive advantage in mAP5.95.

In terms of Precision and Recall, YOLO-Lychee
achieved 83.02+2.38% and 82.19+1.87%, respec-
tively. Its Precision was lower than that of most
compared detectors, except YOLOv12s, whereas its
Recall was higher than those of YOLOv8s, YOLOvV9Ys,
YOLOv10s, YOLO11s, and YOLO26s, but lower than
that of YOLOv12s. This behavior indicates that the pro-
posed detector tends to improve mAP-based detection
performance, particularly mAPs5y, while maintaining a
reasonable balance between missed detections and false
positives. The results also show that high mAP does not
necessarily require the highest Precision or Recall indi-
vidually, since mAP summarizes the detector’s ranking
quality across confidence thresholds.

Regarding computational efficiency, YOLO-Lychee
required 20.26M parameters, 38.90 MB of model
storage, and 28.40G FLOPs, which are higher than
those of the compared YOLO-family baselines. This
increase is mainly due to the additional SC3T and CAM
components introduced to enhance contextual feature
representation and small-object detection. Despite
the increased complexity, YOLO-Lychee still achieved
230.3 £17.47 FPS on the tested GPU, indicating that
it remains capable of real-time inference. Among the
compared models, YOLOv9s had the smallest number
of parameters and model size, YOLOvV12s required the
lowest FLOPs, YOLOv10s achieved the highest FPS,
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Table 2. Main experimental settings

Item

Setting

Framework

Training and testing hardware

Ultralytics YOLO with PyTorch and CUDA
NVIDIA A100 GPU

Model YOLO-Lychee
Backbone scale YOLOvV8s
Input resolution 640 x 640
Number of classes 4

Epochs 100

Batch size 16

Optimizer SGD

Initial learning rate 0.01
Momentum 0.937

Weight decay 0.0005

Main augmentations
Mosaic deactivation
Checkpoint selection
Evaluation set

HSYV, translation, scaling, horizontal flip, mosaic
Final 10 epochs

Best validation performance

Independent test set

Table 3. Comparison with recent YOLO-family detectors on the lychee test set. Best values are shown in bold. The symbols T and |

indicate whether higher or lower values are preferred, respectively. For YOLO-Lychee, detection metrics are reported as mean + standard
deviation over six random seeds

Model Params Size FLOPs FPS P R mAP5, mAP50.95
M)l (MB)| (G)l (1) (%) 1 (%) 1 (%) 1 (%) T
YOLOvVSs [16] 11.14 21.48 14.33  302.6 +8.54 85.46 81.44 86.68 71.81
YOLOVYs [17] 7.29 1453 13.70 163.8 £2.41 85.81 81.42 87.80 72.68
YOLOv10s [18] 8.07 15.77  12.39  302.7 £3.66 84.29 79.80 86.57 71.29
YOLO11s [19] 9.43 18.30 10.78  273.3+1.58 86.63 79.76 87.37 72.91
YOLOv12s [20] 9.25 18.06 10.76  201.2+2.07 82.96 83.64 88.21 72.70
YOLO26s [21] 9.95 19.38  11.26  255.7+7.07 84.20 80.62 85.56 71.50
YOLO-Lychee (Ours) 20.26 38.90 28.40 230.3+17.47 83.02+2.38 82.19+1.87 88.42+0.38 72.76+0.45

and YOLO11s obtained the highest mAP5.95. Overall,
YOLO-Lychee provides the best mAP5; and competitive
mAP5g.95, while its higher computational cost reflects
a trade-off between detection accuracy and model
compactness.

To further examine the behavior of the proposed
detector across individual lychee growth stages, Table 4
reports the class-wise performance of YOLO-Lychee
on the test set. This analysis is important because
the four target classes differ substantially in object
scale, visual appearance, density, and similarity to the
orchard background. The overall row summarizes the
aggregate performance on the full test set, whereas the
remaining rows show the detection performance for
each developmental stage.

As shown in Table 4, YOLO-Lychee achieved strong
performance on the three fruit-stage categories. Green
fruit obtained the highest Recall, mAP5,, and mAP5g.95,
reaching 93.40%, 96.20%, and 83.00%, respectively.
This result suggests that the proposed detector can
effectively recognize green lychee clusters, even though
their color and texture may be visually similar to
surrounding foliage in natural orchard scenes.

The ripe and young fruit classes also achieved
stable detection performance. Ripe fruit obtained an
mAP5y of 92.90% and an mAP5j.95 of 78.50%, while
young fruit achieved an mAPsy, of 92.58% and an
mAPs5(.95 of 78.54%. These results indicate that the
proposed feature-enhancement strategy can capture
discriminative visual cues for fruit-stage lychees under
variations in scale, density, and partial occlusion.

In contrast, blossom remained the most challenging
class. Although the blossom class achieved an mAP5,
of 72.00%, its Recall and mAPs5(.95 were substantially
lower than those of the fruit-stage classes. This perfor-
mance gap can be attributed to the small size, sparse
distribution, irregular shape, and strong background
interference of blossom regions. In addition, blossom
clusters often contain fine-grained textures that are
more sensitive to illumination changes, making accu-
rate localization difficult under complex orchard condi-
tions.

Overall, the class-wise results demonstrate that
YOLO-Lychee performs reliably for green, ripe, and
young lychee detection, while blossom detection
remains the main source of performance degradation.
This finding is consistent with the class imbalance
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Table 4. Class-wise performance of YOLO-Lychee on the lychee test set. The symbol T indicates that higher values are preferred

Class Instances P R mAPs5y mAP;5g.95
(%)T (%) (%) 1 (%) T
Blossom 192 76.80 62.00 72.00 51.00
Green fruit 696 86.00 93.40 96.20 83.00
Ripe fruit 2,312 84.00 87.50 92.90 78.50
Young fruit 897 85.28 85.86 92.58 78.54
Overall 4,097 83.02 82.19 88.42 72.76

and visual complexity of the dataset. Future work
should therefore focus on improving early-stage lychee
recognition through small-object feature refinement,
imbalance-aware training strategies, and more robust
localization mechanisms for visually ambiguous blos-
som regions.

4.3. Ablation Study

To verify the contribution of each component in YOLO-
Lychee, we conducted a component-wise ablation study
using YOLOVS8s as the baseline. The evaluated compo-
nents include the SC3T module, the CAM module, and
the EIoU bounding-box regression loss. Since the origi-
nal YOLOvS8s uses CloU as the default localization loss,
the ablation was designed progressively. First, SC3T was
added to the baseline to enhance spatial-channel fea-
ture representation. Second, CAM was incorporated to
improve contextual feature aggregation. Finally, CloU
was replaced with EIoU to examine the effect of the
localization objective. All variants were trained and
evaluated using the same dataset split, input resolution,
optimizer, augmentation strategy, and training protocol
described in Section 4.1. The results are reported in
Table 5.

As shown in Table 5, adding SC3T to the YOLOv8s
baseline increased mAPs5, from 86.68% to 87.19% and
mAP5g.95 from 71.81% to 71.92%. These gains of 0.51
and 0.11 percentage points, respectively, indicate that
SC3T provides a positive but moderate improvement in
mAP-based detection performance. However, Precision
decreased from 85.46% to 82.68%, and Recall decreased
from 81.44% to 80.47%. This suggests that SC3T
strengthens feature representation but, when used
alone, does not fully address the detection challenges
caused by small targets, occlusion, and background
similarity in natural orchard scenes.

When CAM was further added to the SC3T-enhanced
model while retaining CloU, the detector achieved
a Precision of 82.73%, Recall of 81.63%, mAPs5q of
87.55%, and mAPsp.95 of 72.05%. Compared with
YOLOvV8s + SC3T, CAM improved Recall by 1.16 per-
centage points, mAP5 by 0.36 percentage points, and
mAP5g.95 by 0.13 percentage points. These results indi-
cate that contextual feature aggregation is beneficial for

retrieving more lychee instances and slightly improv-
ing localization quality. The improvement is consistent
with the role of CAM in integrating information from
multiple receptive fields, which is useful for detect-
ing lychee targets with varying scales, densities, and
degrees of occlusion.

After replacing CloU with EloU, the full YOLO-
Lychee model achieved the best overall performance,
with a Recall of 82.19%, mAPs5, of 88.42%, and
mAPz.95 of 72.76%. Compared with the SC3T + CAM
variant using CloU, EloU improved Precision by 0.29
percentage points, Recall by 0.56 percentage points,
mAPs5, by 0.87 percentage points, and mAP5.95 by 0.71
percentage points. This confirms that EIoU provides
a more effective bounding-box regression objective
for lychee growth-stage detection, particularly under
stricter IoU thresholds. The improvement in mAPsg.g5
is especially important because it reflects better
localization consistency rather than only successful
detection at a loose IoU threshold.

Overall, the ablation results show that the three
components contribute to the final detector in a com-
plementary manner. SC3T improves spatial-channel
feature representation, CAM enhances contextual fea-
ture aggregation, and EloU improves bounding-box
localization. Although the baseline YOLOvS8s achieved
the highest Precision, YOLO-Lychee obtained the best
Recall, mAP5g, and mAP5g.95, indicating a more favor-
able balance between object retrieval and localization
accuracy. Therefore, the combination of SC3T, CAM,
and EloU was selected as the final configuration for
lychee growth-stage detection.

Effect of Bounding-Box Regression Loss. To further ana-
lyze the influence of bounding-box regression objec-
tives, we evaluated five IoU-based losses, including
EloU [38], GIoU [39], WIoU [40], CIoU [34], and
SIoU [41]. In this experiment, the detector architecture
was fixed as YOLOv8s-SC3T-CAM, and only the local-
ization loss was changed. All other training settings
were kept identical to those described in Section 4.1.
The results are summarized in Table 6.

As shown in Table 6, EloU achieved the best
mAP-based performance, with an mAPs, of 88.42%
and an mAPs5g.95 of 72.76%. Compared with CloU,
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Table 5. Component-wise ablation study of YOLO-Lychee on the lychee test set. CloU is the default bounding-box regression loss in

YOLOv8s. Best values are shown in bold. The symbol T indicates that higher values are preferred

Model SC3T CAM CIoU EloU P R mAP50 mAP50;95
(%) T (%) (%)T  (%)7
YOLOv8s - - v - 85.46 81.44 86.68 71.81
YOLOv8s + SC3T v - v - 82.68 80.47 87.19 71.92
YOLOvS8s + SC3T + CAM vV vV vV - 82.73 81.63 87.55 72.05
YOLO-Lychee v v - v 83.02 8219 88.42 72.76

Table 6. Ablation study of different bounding-box regression
losses on the proposed detector. Best values are shown in bold.

The symbol T indicates that higher values are preferred

images from the four lychee developmental stages:
blossom, green fruit, ripe fruit, and young fruit. The
same input image of each class was used for all
detectors to enable a direct visual comparison. Figure 6

Loss P R mAP5; mAPs5(.95 shows the detection results of the proposed YOLO-
(%)T (%)T  (%)7 (%) T Lychee model and recent YOLO-family detectors,

EloU [38] 83.02 82.19 88.42 72.76 including YOLOVSS, YOLOV9S, YOLOVlOS, YOLO1 1S,

GIoU [39] 84.66 80.76  88.40 71.85 YOLOv12s, and YOLO26s.

WIoU [40] 80.10 80.44  86.60 71.00 As illustrated in Figure 6, all compared YOLO-

CloU [34] 8273 81.63  87.55 72.05 family detectors can detect lychee targets across the

SloU [41] ~ 8293 82.39  87.45 72.30 four developmental stages, but their visual behavior

EloU improved mAPs, by 0.87 percentage points and
mAP5g.95 by 0.71 percentage points. These results
indicate that explicitly penalizing center-distance and
side-length discrepancies is beneficial for localizing
lychee targets, especially when evaluation is performed
across multiple IoU thresholds.

GIoU obtained the highest Precision of 84.66% and
a competitive mAPs5, of 88.40%, only 0.02 percentage
points lower than EloU. However, its Recall and
mAPs50.95 were lower than those of EloU, suggesting
that GIoU produces more conservative detections but
does not achieve the best localization consistency under
stricter thresholds. In contrast, SIoU achieved the
highest Recall of 82.39% and a competitive mAP5g.95
of 72.30%, but its mAP5y was lower than that of EIoU
by 0.97 percentage points.

WIoU produced the lowest performance among
the compared losses, with a Precision of 80.10%,
Recall of 80.44%, mAPs5y, of 86.60%, and mAPs5g.95
of 71.00%. Although WIoU introduces a dynamic
focusing mechanism for bounding-box regression, it
appears less suitable for this dataset, where lychee
targets vary substantially in scale, density, occlusion,
and visual ambiguity. Overall, EIoU was selected as the
final bounding-box regression loss because it achieved
the highest mAP5y and mAPs5.95, providing the most
effective localization performance for the proposed
detector.

4.4. Qualitative Results

To complement the quantitative evaluation, qualitative
comparisons were conducted on representative test

differs under dense clusters, background similarity,
and small-object conditions. The proposed YOLO-
Lychee detector produces more complete detections
in the blossom image, where the targets are small,
irregularly shaped, and partially mixed with leaves
and branches. Compared with the baseline YOLO
variants, the proposed detector identifies a larger
number of blossom regions and maintains relatively
stable confidence scores for both central and peripheral
blossom clusters. This observation supports the role
of SC3T and CAM in enhancing spatial-channel
representation and contextual feature aggregation for
small and visually ambiguous targets.

For green fruit, most detectors localize the main
lychee clusters because the fruits are larger and more
densely distributed than blossoms. Nevertheless, the
proposed detector provides more consistent coverage
of adjacent fruits and fruit clusters, including those
located near leaf boundaries. This suggests that the
additional contextual modeling helps distinguish green
lychees from visually similar foliage. Several baseline
models also detect many green fruits, but their
bounding boxes are less uniform in dense regions,
indicating that background similarity and overlapping
targets remain challenging.

For ripe lychees, the compared detectors generally
identify the prominent fruit clusters in the foreground
and middle regions. The proposed detector provides
stable detections across fruits with different scales
and illumination levels, including partially occluded
ripe fruits. However, some small or distant ripe fruits
remain difficult for all models, especially in regions
affected by strong outdoor lighting or heavy leaf
occlusion. This indicates that the proposed model
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Figure 6. Qualitative comparison of the proposed detector and recent YOLO-family models on representative lychee test images. Each
column corresponds to the same input image for all models, enabling direct visual comparison across blossom, green fruit, ripe fruit,
and young fruit stages

improves detection completeness, but the localization
of small distant fruits is still limited by object scale and
scene complexity.

For young lychees, the proposed detector detects
multiple fruit clusters with compact bounding boxes
and high confidence values. The baseline models

2 EAI

also show strong detection ability for this category,
reflecting the dense distribution and repeated visual
patterns of young fruits. However, some detections are
concentrated in cluttered leaf regions, where young
fruits and surrounding foliage share similar color
and texture. This confirms that young-fruit detection
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remains sensitive to background interference even
when the overall quantitative performance is high.

Overall, the qualitative comparison is consistent with
the quantitative results. The proposed YOLO-Lychee
detector provides visually stable detections across the
four lychee growth stages and shows clear advantages
in small-object and dense-cluster scenarios, especially
for blossom and clustered green-fruit detection. At the
same time, the remaining missed detections and lower-
confidence boxes in blossom and distant-fruit regions
indicate that further improvements should focus on
blossom-specific data expansion, small-object feature
preservation, and robustness under strong illumination
and occlusion.

5. Conclusion

This study developed YOLO-Lychee for detecting
lychee growth stages under natural orchard conditions.
By integrating SC3T, CAM, and EloU into the
YOLOV8s framework, the proposed detector improved
mAP5; and achieved competitive mAP5q.95 compared
with recent YOLO-family models under the same
experimental protocol. The ablation results confirmed
that spatial-channel modeling, contextual feature
aggregation, and improved bounding-box regression
contribute complementary benefits to the final model.

The experimental results indicate that YOLO-Lychee
is effective for detecting green, ripe, and young
lychee fruits in complex orchard scenes involving
dense clusters, partial occlusion, and visually similar
backgrounds. However, blossom detection remains the
most challenging case due to its small scale, sparse
appearance, irregular texture, and strong interference
from leaves and branches. In addition, the improved
accuracy is obtained at the cost of increased model
complexity compared with lightweight YOLO baselines.

Future work will focus on improving blossom recog-
nition and small-object localization, strengthening
imbalance-aware training, and reducing computational
cost through pruning, quantization, or lightweight
module design. These improvements will further sup-
port practical deployment in orchard monitoring and
robotic harvesting systems.
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