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Introduction: Accurate identi�cation of cherry maturity and precise detection of
harvestable cherry contours are essential for the development of cherry-picking
robots. However, occlusion, lighting variation, and blurriness in natural orchard
environments present signi�cant challenges for real-time semantic segmentation.
Methods: To address these issues, we propose a machine vision approach based
on the PIDNet real-time semantic segmentation framework. Redundant loss
functions and residual blocks were removed to improve ef�ciency, and
SwiftFormer-XS was adopted as a lightweight backbone to reduce complexity
and accelerate inference. A Swift Rep-parameterized Hybrid (SwiftRep-Hybrid)
module was designed to integrate local convolutional features with global
Transformer-based context, while a Light Fusion Enhance (LFE) module with
bidirectional enhancement and bilinear interpolation was introduced to
strengthen feature representation. Additionally, a post-processing module was
employed to re�ne class determination and visualize maturity classi�cation results.
Results: The proposed model achieved a mean Intersection over Union (MIoU) of
72.2% and a pixel accuracy (PA) of 99.82%, surpassing state-of-the-art real-time
segmentation models such as PIDNet, DDRNet, and Fast-SCNN. Furthermore,
when deployed on an embedded Jetson TX2 platform, the model maintained
competitive inference speed and accuracy, con�rming its feasibility for real-world
robotic harvesting applications.
Discussion: This study presents a lightweight, accurate, and ef�cient solution for
cherry maturity recognition and contour detection in robotic harvesting. The
proposed approach enhances robustness under challenging agricultural
conditions and shows strong potential for deployment in intelligent harvesting
systems, contributing to the advancement of precision agriculture technologies.
KEYWORDS

cherry, ripeness identi� cation, real-time semantic segmentation, lightweight
segmentation model, smart agricultural
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1 Introduction
Cherry is one of China’s major economic fruit crops (Zhang

et al., 2024), with a continuously increasing market demand.
However, the harvesting process faces several challenges,
including uneven fruit maturity, high labor intensity, and low
picking ef�ciency. Traditional manual harvesting not only
requires extensive labor but also often leads to fruit damage,
which reduces market value and diminishes consumer
satisfaction. Therefore, the development of ef�cient and intelligent
cherry-picking systems has become a critical research focus in the
�eld of agricultural automation (Liu et al., 2024).

In recent years, commonly used sensors in fruit-picking robots
include high-resolution cameras, stereo depth cameras, structured-
light depth cameras, and Light Detection and Ranging(LiDAR)
(Horaud et al., 2016). High-resolution cameras capture rich color,
shape, and texture information, facilitating fruit recognition and
maturity estimation. They also offer advantages including low cost
and �exible installation. However, their image quality is susceptible
to degradation under challenging lighting conditions, such as strong
light and shadows (Xu et al., 2024). Stereo depth cameras acquire
3D information through disparity calculation but often suffer from
low accuracy in textureless or repetitive texture regions (Luhmann
et al., 2016). Structured-light cameras measure depth by projecting
structured patterns but are highly sensitive to lighting variations,
resulting in poor robustness (Zhong et al., 2021; Maru et al., 2020).
LiDAR offers strong resistance to light interference and produces
high-precision point clouds. However, its low resolution makes it
dif�cult to capture fruit details, and the equipment is relatively
expensive (Liu and Zhang, 2021; Saha et al., 2024). In comparison,
high-resolution cameras offer greater advantages in image quality,
cost-effectiveness, and deployment �exibility. With advances in
imaging technologies and deep learning algorithms, recognition
accuracy and robustness of high-resolution cameras have
signi�cantly improved, particularly in fruit maturity estimation—
a function that LiDAR and depth cameras still struggle to perform
effectively. In unstructured agricultural environments, visual
information acquisition is a key factor affecting the performance
of fruit-picking robots (Wang et al., 2022b; Tang et al., 2020). It not
only affects target recognition and localization accuracy but also
determines the overall system ef�ciency. Therefore, a camera-based
visual perception system, combined with ef�cient image
segmentation and recognition algorithms, provides a reliable
technological foundation for intelligent fruit harvesting (Gongal
et al., 2015). In addition, machine vision has been widely applied to
the autonomous navigation of agricultural robots (Wang et al.,
2022a), further emphasizing the crucial role of visual perception in
intelligent harvesting systems.

With the rapid advancement of computer vision and deep
learning technologies, fruit maturity detection is no longer con�ned
to traditional approaches. Image-based methods have garnered
increasing attention in recent years (Ni et al., 2020). Fruit maturity
is a critical indicator in�uencing both harvesting timing and fruit
quality. Accurate identi�cation of maturity can effectively guide
robotic harvesting systems toward precision picking.
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In the �eld of robotic fruit harvesting, object detection
techniques have been widely adopted for fruit identi�cation and
localization. (Gai et al., 2023a). proposed an improved YOLO-V4-
based deep learning algorithm for cherry maturity detection. (Gai
et al., 2023b). developed a self-supervised cherry maturity detection
algorithm based on multi-feature contrastive learning to improve
the generalization ability of small-object detection networks in
complex environments. (Appe et al., 2023). enhanced YOLO-V5
for tomato maturity detection by incorporating the CBAM module.
(Halstead et al., 2018). proposed a robotic vision system based on
the Faster R-CNN (Poudel et al., 2019) framework for fruit
detection, maturity estimation, and tracking. Jing et al (Jing et al.,
2024). proposed an improved object detection algorithm, MRD-
YOLO, for melon maturity detection. (Zhu et al., 2024). improved
YOLO-V7 by integrating three Criss-Cross Attention (CCA)
(Huang et al., 2019) modules and a GSConv (Li et al., 2024)
module to address the low ef�ciency in camellia fruit
maturity detection.

However, these object detection methods often exhibit limited
accuracy in practical applications. Speci�cally, object detection
models generally provide only bounding box information, making
it dif�cult to accurately distinguish maturity regions—particularly
under conditions of fruit clustering or partial occlusion. This lack of
precision limits the robot’s ability to accurately assess fruit maturity,
thereby reducing the effectiveness of harvesting decisions.
Moreover, object detection methods are prone to missed
detections and false positives when dealing with multi-scale
targets and complex backgrounds, further compromising overall
system performance. More re�ned image segmentation methods are
urgently needed to enhance the accuracy of maturity recognition.

Deep learning has also demonstrated strong potential in fruit
maturity segmentation tasks. (Xie et al., 2024). proposed the ECD-
DeepLabv3+ semantic segmentation model, based on DeepLabV3+
(Chen et al., 2018), for detecting and segmenting sugar apples at
different maturity levels. (Kim et al., 2022). developed a dual-path
semantic segmentation model capable of simultaneously learning
strawberry maturity and peduncle localization. (Kang et al., 2024).
proposed a machine vision method based on MobileNetV2 (Sandler
et al., 2018) and DeepLabV3+, enabling broccoli head detection,
pixel-level identi�cation, maturity classi�cation, and precise
localization of harvestable heads.

Currently, fruit maturity detection technologies have achieved
notable progress in structured cultivation environments. In such
environments, fruit trees exhibit regular morphology, fruits are
more uniformly distributed, and background interference is
minimal, resulting in relatively low segmentation dif�culty.
However, existing maturity detection methods still face numerous
challenges in complex agricultural environments, including lighting
variations, cluttered backgrounds, and fruit occlusion, which reduce
segmentation accuracy and degrade the performance of automated
harvesting systems. In real-world cherry orchards, tree morphology
is diverse, fruit distribution is uneven, and occlusion from leaves
and other objects is common, signi�cantly increasing the dif�culty
of maturity segmentation. Therefore, maturity segmentation under
unstructured cultivation environments is equally critical.
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Based on the above research and literature review, it is evident
that limited studies have addressed cherry maturity segmentation in
unstructured cultivation environments. Therefore, this study
focuses on addressing this gap. To ensure both accuracy and real-
time responsiveness of the cherry maturity segmentation system in
harvesting robots, the performance of the semantic segmentation
model in terms of accuracy and speed is critical. Inspired by the
three-branch architecture of the real-time PIDNet framework (Xu
et al., 2023), this study proposes a real-time cherry maturity
segmentation algorithm based on an enhanced PIDNet
architecture. The algorithm takes PIDNet as the baseline and
incorporates the lightweight SwiftFormer-XS (Shaker et al., 2023)
as the backbone network. The structure is further optimized by
removing redundant loss functions and residual blocks, thereby
signi�cantly reducing model complexity and improving inference
speed. A SwiftRep-Hybrid module is introduced to re-parameterize
each SwiftFormer block in the original SwiftFormer-XS, thereby
improving segmentation accuracy without compromising FPS
performance. Additionally, a Light Fusion Enhance (LFE) module
is incorporated to enhance boundary information processing. The
proposed approach improves segmentation accuracy while
preserving a lightweight model architecture. The main
contributions of this study are summarized as follows:
Fron
1. The original PIDNet architecture is optimized by replacing
the backbone network and eliminating redundant loss
function computations, which signi�cantly reduces model
complexity and enhances inference speed.

2. A Swift Rep-parameterized Hybrid (SwiftRep-Hybrid)
module is proposed, combining local feature extraction
through convolution with global context modeling via
Transformer mechanisms. This module signi�cantly
enhances the model’s ability to capture �ne details in
complex image scenes and improves segmentation
performance in unstructured cultivation environments.

3. A Light Fusion Enhance (LFE) module is introduced,
incorporating a bidirectional enhancement mechanism
and bilinear interpolation to effectively mitigate the effects
of occlusion, blurriness, and illumination variation in
complex environments.

4. A dedicated post-processing module for semantic
segmentation is developed, enabling the visualization of
cherry maturity and spatial information through a PyQt5-
based interface, thereby demonstrating the practical
application of semantic segmentation in maturity recognition.
2 Materials and methodology

2.1 Overall process

The overall work�ow of this study is illustrated in Figure 1 and
comprises three main stages: (1) data preprocessing; (2)
development of an improved semantic segmentation model for
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pixel-level recognition of cherry maturity; (3) design of a post-
processing module for visualizing ripening categories and
localization of cherries.
2.2 Dataset

In recent years, several cherry datasets (e.g.CherryBBCH81
(Apeinans et al., 2024), CherryBBCH72 (Kodors et al., 2024), and
the SweetCherry dataset (Li et al., 2022) have been primarily utilized
for object detection tasks. These datasets typically provide bounding
box annotations of cherries rather than pixel-level segmentation
labels, limiting the model’s ability to accurately delineate fruit
boundaries in complex scenarios. Particularly in agricultural
environments characterized by heavy occlusion, signi�cant
lighting variation, and diverse cherry morphology, object
detection methods are prone to misclassifying background and
target regions, thereby hindering subsequent �ne-grained analysis
and real-world deployment.

To address this issue, this study employs the Cherry CO
Dataset-ripeness (Cossio-Monte�nale et al., 2024), comprising
3,006 high-resolution images (1328×1328) with annotations for
over 15,000 individual cherries. The dataset categorizes cherries into
three maturity stages: green (early development), unripe (yellow to
orange), and ripe (various shades of red). The dataset was collected
under diverse conditions, including sunny and cloudy weather,
various time periods, and multiple viewpoints, accounting for
challenges such as lighting variations, occlusion, size differences,
and focal shifts. These factors re�ect the inherent complexity of
agricultural environments and offer a diverse set of training and
testing samples for this study. Detailed dataset speci�cations are
provided in Tables 1, 2, while Figure 2 presents representative
examples from the Cherry CO Dataset-ripeness. In Figure 2 Ripe
fruits are represented by dark red, unripe fruits by dark purple-blue,
and green fruits by medium gray.
2.3 Maturity segment network structure

PIDNet serves as the foundational architecture, upon which
multiple structural enhancements are introduced. PIDNet is a real-
time semantic segmentation network with a three-branch
architecture that processes multi-scale features via parallel
intermediate decoders, thereby improving model stability and
generalization capability. Speci�cally, PIDNet introduces multiple
intermediate decoders after the backbone, each responsible for
feature fusion and segmentation tasks at different hierarchical
levels. This architectural design not only enhances the models
ability to capture multi-scale information but also improves
segmentation performance in complex environments. In addition,
PIDNet leverages an effective feature fusion mechanism to better
capture image details and contextual relationships, thereby further
enhancing segmentation accuracy. As illustrated in Figure 3.

To clarify the architectural design and the contribution of each
component in our model, Table 3 summarizes the key differences
frontiersin.org
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between our method and representative real-time segmentation
architectures, including PIDNet, SwiftFormer-XS, and BiSeNetV2.
Speci�cally, we adopt the lightweight Transformer-based
SwiftFormer-XS as the backbone and adapt the RepViTBlock for
ef�cient multi-stage feature extraction. Two novel modules are
proposed: the SwiftRep-Hybrid module for local-global feature
fusion, and the LFE (Light Fusion Enhance) module for robust
feature enhancement under occlusion and illumination variation.
Additionally, a lightweight post-processing module is introduced to
Frontiers in Plant Science 04
visualize the maturity classi�cation results more clearly, facilitating
potential deployment in robotic harvesting platforms.
2.3.1 Change the backbone network
When performing image segmentation tasks on the cherry

dataset, the original PIDNet employs ResNet18 (He et al., 2016)
as its backbone network. ResNet18 primarily relies on stacked
convolutional layers for feature extraction, which are effective at
capturing local features. However, global contextual information is
critical in semantic segmentation tasks. In particular, under
conditions such as occlusion, lighting variation, and densely
distributed fruits, the lack of global context often leads to
unstable segmentation results. Although ResNet18 is lighter than
ResNet50 (He et al., 2016), its standard convolutional operations
still incur substantial computational cost, which may hinder real-
time inference on robotic platforms. Moreover, ResNet18 depends
on deeper layers to extract high-level semantic features, resulting in
longer inference latency and reduced decision-making ef�ciency. In
robotic cherry harvesting scenarios, mature cherries vary
signi�cantly in size and are often partially occluded by leaves.
ResNet18 performs classi�cation on low-resolution deep feature
maps, where small objects may be lost during downsampling,
resulting in suboptimal segmentation performance for small targets.

The cherry dataset includes images across various growth
stages, lighting conditions, and complex backgrounds, imposing
FIGURE 1

Overall work�ow.
TABLE 1 Distribution of the number of pictures.

Dataset split Number of images

Train 1804

Validation 601

Test 601
TABLE 2 The quantities of each category.

Category Number of annotations

Rip 6684

Unripe 4211

Green 3524
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