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In table grape production, berry thinning is a vital management practice where
workers remove berries to achieve a target number per cluster. However, this
process fundamentally depends on obtaining an accurate initial berry count,
which currently relies on manual methods. These conventional approaches are
labor-intensive, slow, and error-prone, posing a signi� cant bottleneck to ef� cient
and precise vineyard management. This study proposes a method comprising a
dual-branch network named MVDNet and a post-processing algorithm. MVDNet
simultaneously performs density map regression for berry counting and bunch
segmentation. Its architecture employs a Front-end containing UIB modules for
feature extraction, multi-scale feature fusion for spatial detail reconstruction, and
a parameter-free SimAM attention mechanism to enhance salient berry features.
Extensive experiments demonstrate that our method achieves competitive
performance, with MVDNet attaining a Mean Absolute Error (MAE) of 7.7, a
Root Mean Square Error (RMSE) of 12.6, and a Mean Intersection Over Union
(MIoU) of 0.90 on the test set. Remarkably, our model delivers this high accuracy
with extremely low computational resource consumption, containing only 3.372
million parameters, underscoring its suitability for deployment on resource-
constrained edge devices. Furthermore, the subsequent post-processing
algorithm for per-cluster berry counting achieves a high coef� cient of
determination (R�) of 0.886. The proposed solution thus provides a robust,
ef� cient, and practical tool for automated berry counting, facilitating precise
vineyard management and contributing to enhanced grape quality
and productivity.
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1 Introduction

In viticulture, berry thinning is a critical management practice
for enhancing berry quality and improving cluster architecture. By
selectively removing a portion of the berry set, growers can reduce
competition for photosynthetic products and mineral nutrients.
Simultaneously, by improving air�ow, the risk of fungal diseases is
reduced. Therefore, berry thinning is widely regarded as an
indispensable technical measure for producing high-quality
grapes suitable for winemaking and fresh consumption. The
ef�cacy of thinning operations, however, heavily depends on
precision in the removal process. A key aspect lies in the
quantitative assessment of berry load before thinning. Accurate
berry counting per cluster or vine is essential for achieving target
yield parameters and ensuring consistent quality across vineyard
blocks. Traditional manual counting methods are not only labor-
intensive and time-consuming but are also prone to human error
and subjective variability, which can compromise the reliability of
thinning outcomes and subsequent yield predictions.

Computer vision has become a key technology for addressing
challenges in viticulture. It provides a rapid, non-destructive, and
precise means for tasks such as berry counting, which directly
improves yield estimation, thinning operations, and data-driven
management. Its applications are broad, encompassing visual
quality classi�cation (Xiao et al., 2019; Xu et al., 2021; Ye et al.,
2022), pest and disease detection (Math and Dharwadkar, 2022;
Radhey et al., 2024), and harvesting (Arab et al., 2021; Laurent et al.,
2021; Palacios et al., 2023), all contributing to increased ef�ciency
and accuracy in grape production. Focusing on the task of berry
counting, methods are broadly categorized into berry-level and
cluster-level. Berry-level counting, which aims to identify individual
berries across an image for accurate yield prediction, leverages a
variety of techniques. These range from traditional methods like
morphological operations (Aquino et al., 2018; Luo et al., 2021) and
contour analysis (Liu et al., 2020) to modern deep learning
approaches such as object detection and semantic segmentation
(Buayai et al., 2021; Zabawa et al., 2020; Du and Liu, 2023), all of
which have demonstrated high accuracy.

In contrast, cluster-level counting has been less studied and
presents greater technical challenges. This task requires not only
identifying and counting the berries in an image but also accurately
determining the total number of berries contained within each
grape cluster. Woo et al. (2023) employed YOLOv5 for detecting
grape clusters and visible berries, combined with a random forest
regressor to estimate total berry count, achieving real-time
performance on mobile devices with an MAE of 2.6. While this
approach demonstrates notable ef�ciency, its reliance on
handcrafted features from bounding boxes may affect adaptability
under more challenging scenarios, such as signi�cant occlusion or
high inter-berry morphological variation. Yang et al. (2024)
developed a Probability Map-based Grape Detection and
Counting (PMGDC) framework using U-Net to generate
probability maps for both clusters and berries. Their method
incorporates three post-processing algorithms to facilitate cluster
localization, berry counting, and berry-per-cluster estimation, thus
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enhancing functional integration. Nevertheless, the framework
involves computationally intensive post-processing steps and may
encounter dif�culties in accurately distinguishing overlapping
clusters. Further advancing this direction, Yang et al. (2025)
proposed Mask-GK, which encodes instance-level annotations
into structured probabilistic representations via mask-based
Gaussian kernels. By applying watershed segmentation to these
probability maps, their method jointly addresses berry
segmentation and counting, reporting an MAE of 9.32 and an AP
of 0.665 on the public GBISC dataset. Despite these promising
results, the approach relies on detailed annotations that can be
resource-intensive, and segmentation performance may be
constrained with larger or non-contiguous berry instances.

In summary, prevailing techniques remain constrained in feature
representation, occlusion handling, and system-level integration. To
overcome these limitations, a dual-branch network and a post-
processing algorithm are proposed. Through a uni�ed learning
strategy, our network achieves high-precision berry counting and
accurate cluster segmentation without relying on manual feature
extraction, while also simplifying post-processing. The presented
method enhances robustness in berry counting, offering a reliable
and ef�cient visual intelligence solution for precision viticulture. The
contributions of this work are as follows:
1. MVDNet, a dual-branch network architecture that
synergistically integrates berry density map regression and
bunch segmentation, is proposed. The proposed model
comprises three key components: a UIB-based Front-end,
a multi-scale feature fusion module, and a parameter-free
SimAM attention mechanism. This integrated design
signi�cantly enhances feature extraction, leading to high
accuracy in grape berry counting and cluster segmentation.

2. Experimental results con�rm that MVDNet achieves high
computational ef�ciency and accuracy. With only 3.372M
parameters, it attains an MAE of 7.7, RMSE of 12.6, and
MIoU of 0.90 on the test set. This performance
demonstrates its superiority over comparable models and
suitability for resource-constrained edge devices.

3. A robust, image processing-based post-processing
algorithm is developed to translate the MVDNet outputs
into accurate per-bunch berry counts. This method
achieves a high R� of 0.886 on the test set, providing a
practical and automated solution to guide berry thinning
operations for precise yield management and enhanced
grape quality.
2 Materials and methods

2.1 Dataset of table grapes at the fruit set
stage

A dataset of table grape berries was constructed to train and test
the method proposed in this research. The images of table grapes
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were taken from 8:00 to 15:00 each day, over a total of three days (all
sunny days) from May 28th to May 30th, 2021, at the horticultural
experiment station of Shandong Agricultural University, Daiyue
District, Tai�an City, Shandong Province, China (longitude 117° 9�
38.92� E, latitude 36° 9� 47.4� N). The �Shine Muscat� table grapes
were trained in an overhead trellis system. The �Shine Muscat� grape
has undergone seedless treatment. The shooting device was an
iPhone SE mobile phone with a resolution of 3,024 x 4,032.

Images of table grapes during the berry thinning period were
collected in a natural environment, and a total of 779 images were
manually screened, of which 545 were in the training set, 155 were
in the validation set, and 79 were in the test set. The distribution of
the dataset is shown in Table 1. The captured images were scaled to
1,024 x 1,365 to reduce the loading and computation time of the
images. Using the specialized annotation tool Labelme, grape
berries were annotated as points, while grape bunches were
delineated with polygons. The masks of grape bunch were
generated by preprocessing as shown in Figure 1C. To reduce
storage burden and accelerate the training process, density maps
corresponding to grape berries, as shown in Figure 1B, were
generated in an online manner. Point maps were produced by
processing the annotation �les, with each point map comprising a
set of locations corresponding to individual grape berries in the
image. For a given image containing N grape berries, each berry
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positioned at pixel xi can be formally represented as:

H(x) = o
N

i=1
d (x � xi) (1)

The function H(x) in Equation 1 is convolved with a Gaussian
kernel Gs (x) to obtain a continuous density function as shown in
Equation 2.

F(x) = H(x) � Gs (x) = o
N

i=1
d (x � xi) � Gs (x) (2)
2.2 Overview of the method

The presented methodology comprises two core components: a
dual-branch network and a post-processing algorithm as shown in
Figure 2. First, to address the challenges posed by small berry size,
signi�cant occlusion, and complex environmental interference
during the berry thinning period, a lightweight network named
MVDNet was designed, which balances high accuracy and dual-task
performance. This network simultaneously performs berry density
map regression and grape cluster segmentation. The input images
are processed through the dual-branch multi-task network to
generate a density map of grape berries and a preliminary
segmentation mask of the grape clusters. Subsequently, a post-
processing algorithm re�nes the segmentation mask to achieve
instance-level separation and precise localization of individual
grape clusters. Within each segmented cluster region, the number
of berries is calculated by integrating the density map, enabling
accurate berry counting per cluster. This method can be applied to
vineyards in complex environments, providing a reliable and
ef�cient technical solution for automated berry thinning.
TABLE 1 The distribution of the dataset.

Classi�cation
of datasets

Number of
images

Number of
berries

Number of
clusters

Training dataset 545 49960 1102

Validation dataset 155 14650 315

Test dataset 79 7671 132
FIGURE 1

Labelled images. (A) Original image, (B) Density map, and (C) Mask.
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2.3 Structure of MVDNet

Our basic idea is to design a lightweight network that achieves
high predictive accuracy while maintaining low computational
complexity. The proposed model adopts a dual-branch encoder-
decoder architecture as shown in Figure 3, structurally inspired by
U-Net (Ronneberger et al., 2015), which enables simultaneous grape
berry density map regression and grape cluster segmentation. In the
Front-end, a shared encoder performs three-stage downsampling to
progressively extract multi-scale features from the input image. To
enhance feature representation, a feature fusion mechanism is
incorporated to adapt to berries of varying sizes, while a
lightweight attention module is integrated to strengthen the
Frontiers in Plant Science 04
model�s ability to capture discriminative local characteristics
of berries.

The Back-end consists of a symmetric three-stage upsampling
pathway, where skip connections are utilized to incorporate �ne-
grained details from the encoder, thereby gradually restoring spatial
information. Based on this shared network, two task-speci�c
branches are derived in the decoding path: a regression branch
dedicated to reconstructing high-precision berry density maps for
localization and counting of individual berries, and a segmentation
branch that aggregates multi-scale contextual semantic information
to accurately delineate cluster boundaries, effectively separating
them from the background and adjacent clusters. This synergistic
dual-branch design not only enables microscopic analysis at the
FIGURE 2

The method of berry counting per bunch.
FIGURE 3

Structure of MVDNet.
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