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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%, mAPs5( 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

Lychee is an economically important subtropical fruit
crop in Vietnam, particularly in major production areas
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
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standards, and postharvest technologies for domestic
and export markets [1]. In this context, accurate mon-
itoring of lychee growth stages is important for orchard
management, harvest planning, and quality control.

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
must identify fruits or fruit clusters under natural
orchard conditions, where illumination variation, leaf
and branch occlusion, background similarity, dense
clusters, and scale variation frequently occur [3]. These
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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 e [ecks
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 e Lciehcy 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 a [ecked 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
E Lcieht 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, e Lciehcy 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, e LCciehcy, 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 e [eckiveness
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 dilerknt 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 e [ciehcy are required.

Recent developments in the YOLO family have
further improved real-time detection through more
e Lcieht architectures, training strategies, and feature-
representation designs. YOLOv8 has been widely
adopted as a practical baseline for lightweight object
detection because of its implementation e Lciehcy
and strong speed-accuracy trade-o[Jl16]. YOLOvVY
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 Shu LCeNktv2 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 e Lective 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-
E LciehtDet 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 e [eckiveness 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 alecked 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 di Lerknt
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 su Lciehtly
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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