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Abstract

Three-dimensional surface reconstruction is essential for accurately acquiring the external
quality parameters of watermelons, such as size, volume, and defect area. Binocular stereo
vision provides a low-cost and easily deployable solution for the single-view 3D recon-
struction of watermelons. However, watermelons present highly similar surface textures,
and as typical spheroid-like objects, the excessive angle between surface normals of edge
regions and the camera optical axis leads to insufficient feature representation. Conse-
quently, directly applying existing stereo matching algorithms often introduces matching
ambiguities, and lightweight networks struggle to balance real-time performance with
matching accuracy. This study focuses on the high-precision single-view point cloud gen-
eration of Kirin watermelons. To address these issues, we first construct a cross-modal,
high-precision Kirin watermelon stereo matching dataset. Building upon the Fast-ACVNet+
architecture, we then propose MI-ACVNet, a lightweight stereo matching network tai-
lored for high-precision watermelon point cloud acquisition. In the feature extraction
stage, a Multi-Scale Stereo Feature Extraction (MSFE) module is adapted. By incorporating
the re-parameterized network MobileOne and Epipolar-Enhanced Coordinate Attention
(E2CA), MSFE improves the discriminative capability for weak and similar textures without
compromising inference speed. For cost computation, a Coarse-to-Fine Cascaded Residual
Correction (C2F-CRC) strategy is incorporated to construct a fine-grained cost volume via
sub-pixel interpolation, enhancing the network’s ability to capture subtle surface fluctua-
tions. Furthermore, a Semantics-Guided Region-Aware Loss (SGRA-Loss) is formulated,
leveraging semantic masks to apply differentiated supervision weights across edge, cen-
ter, and background regions to significantly improve edge matching accuracy. Ablation
studies validate the effectiveness of the MSFE, C2F-CRC, and SGRA-Loss components.
Compared to the baseline model, the full MI-ACVNet reduces the End-Point Error (EPE)
by 19.5% and the Bad-0.5 error rate by 34.5% in the watermelon region. Furthermore, when
compared against five mainstream algorithms (StereoNet, AANet, HSMNet, LightStereo-L,
and NMRF-swint), MI-ACVNet achieves state-of-the-art performance: EPE and Bad-0.5
are reduced to 0.091 pixels and 1.159%, respectively, with a single-frame inference time of
only 46 ms. The average depth error of the reconstructed point clouds is merely 0.26 mm.
By ensuring both real-time efficiency and high-precision depth estimation, this method
demonstrates promising potential for deployment in industrial Kirin watermelon sorting
lines, driving sorting equipment toward higher precision and intelligence.
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1. Introduction
Watermelons are a vital economic crop that holds a significant position in the global

fruit and vegetable market [1]. With the continuous improvement in living standards, con-
sumer demand for high-quality, standardized branded watermelons is growing, imposing
higher requirements for post-harvest commercial processing [2]. Parameters such as fruit
shape, size, volume, and surface defect area are crucial grading indicators [3]. Traditionally,
watermelon grading has relied heavily on manual sorting, which is inefficient, highly
subjective, and inadequate for modern large-scale agricultural production [4]. In recent
years, with the rapid development of artificial intelligence, machine vision has become
a core technology in modern agricultural sensing systems. Advanced vision algorithms
have been widely applied in agricultural robots for navigation in greenhouse and field
environments [5] and in image-based high-throughput plant phenotyping [6]. These tech-
nologies are transforming many aspects of agricultural production and management. In
the postharvest processing of agricultural products, machine vision-based nondestructive
inspection has also gradually replaced manual sorting [7]. Early machine vision systems
primarily relied on 2D image analysis, estimating volume and weight by extracting projec-
tion features like area and diameter [8]. However, this dimensionality reduction inherently
discards depth information and surface geometry during projection, severely limiting its
accuracy in size measurement, volume estimation, and defect area quantification.

To overcome the limitations of 2D vision, 3D surface reconstruction technology has
emerged. Constructing digital 3D models allows for comprehensive acquisition of geo-
metric and textural data, enabling precise measurement of diameter, volume, density, and
defect area [9] to reliably support quality assessment. In recent years, three mainstream
technical routes have emerged in the field of fruit nondestructive testing according to the
principle of depth acquisition: depth camera-based methods [10–12], image sequence-based
methods [13–15], and binocular stereo vision-based methods [16–18]. Depth camera-based
approaches (e.g., ToF cameras [19], consumer-grade speckle structured light [20]) feature
high integration but are limited by sensor resolution and systematic errors [21], with depth
measurement accuracy typically at the millimeter level. Industrial-grade coded structured
light delivers ultra-high precision yet suffers from high equipment cost and long acquisition
time, failing to meet the cost and speed requirements of online sorting. Image sequence-
based methods (e.g., SfM-MVS [22], NeRF [23], 3DGS [24]) exhibit remarkable geometric
accuracy. In particular, recent neural 3D representation techniques, such as Neural Radiance
Fields (NeRF), have shown great potential for high-fidelity 3D reconstruction and novel
view synthesis in complex scenes [25]. However, for online fruit sorting, these methods
rely heavily on the acquisition of a large number of multi-view images. They also require
complex feature matching or iterative optimization, resulting in long reconstruction times.
Therefore, they cannot meet the high-throughput and low-latency requirements of fruit
sorting [26]. In contrast, binocular stereo vision mimics human binocular mechanisms by
computing disparity between stereo pairs to recover 3D shapes. It offers low hardware
costs, high potential accuracy, and robust real-time performance [18]. Combined with
high-resolution cameras and advanced stereo matching algorithms, this method can deliver
millisecond-level, high-precision surface reconstruction, making it highly promising for
fruit sorting equipment.
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As the core of a binocular vision system, stereo matching algorithms directly determine
the accuracy and efficiency of reconstruction. Traditional stereo matching methods (e.g.,
SGBM [27]) rely heavily on local texture gradient information, and are prone to matching
ambiguity and large-scale disparity holes when applied to scenes such as watermelon peels
with large smooth regions or repetitive stripes. In recent years, end-to-end deep learning
networks (e.g., PSMNet [28], ACVNet [29], MoCha-Stereo [30]) and related deep learning-
based image restoration methods [31] have significantly improved dense visual estimation
and low-level image analysis accuracy. However, such models typically involve extensive
3D convolution computations or iterative optimization strategies, making it difficult to
meet real-time requirements. To balance speed and precision, a series of lightweight
stereo matching networks (e.g., StereoNet [32], Fast-ACVNet [33], LightStereo [34]) have
been proposed successively. However, directly applying existing lightweight networks
to watermelon surface reconstruction still faces two critical problems. First, weak and
similar textures cause interference: lightweight networks typically adopt downsampling
for faster inference, which tends to lose fine texture details on watermelon peels. Second,
edge matching accuracy is insufficient: watermelons are spheroid-like objects, and the large
angle between the surface normals of edge regions and the camera optical axis sharply
reduces the number of effective pixels per unit physical area. This leads to inadequate
feature representation at the periphery. Existing lightweight networks struggle to maintain
real-time performance while ensuring matching accuracy in such scenarios.

To address these issues, a lightweight stereo matching network based on cascaded
residual correction, named MI-ACVNet (Mobile Incremental Attention Cost Volume Net-
work), is proposed for the high-precision single-view 3D surface reconstruction of Kirin
watermelons. By introducing improved strategies including Epipolar-Enhanced Multi-Scale
Stereo Feature Extraction, Coarse-to-Fine Cascaded Residual Correction, and Semantics-
Guided Region-Aware Loss, the network effectively enhances matching accuracy in weak-
texture and edge regions. This work can provide algorithmic support for high-precision
intelligent watermelon sorting equipment, promoting the advancement and practical de-
ployment of postharvest commercial processing for fruits and vegetables.

2. Materials and Methods
2.1. Experimental Materials

A total of 101 Kirin watermelon samples, exhibiting significant variations in size,
shape, and surface stripe distribution, were procured from a fruit market in Hangzhou,
Zhejiang Province, in March 2025. Prior to the experiments, all samples were equilibrated
at room temperature for 24 h.

2.2. Image Acquisition System

A multi-view binocular image acquisition system was established. The overall struc-
ture of the system is shown in Figure 1. It mainly consists of five groups of binocular
cameras (ZED Mini, Stereolabs, San Francisco, California, USA; maximum binocular resolu-
tion 4416 × 1242 pixels), one group of high-precision industrial 3D structured-light camera
(Mech-Eye PRO S, Mech-Mind Robotics, Beijing, China; 1920 × 1200 pixels, accuracy: 0.05
mm @ 1 m), and a cylindrical uniform light box integrated with light homogenizing film,
reflective paper and LED light sources. The five groups of binocular cameras adopt an
orthogonal layout. One group is placed vertically above the watermelon for downward
shooting, and arranged compactly in parallel with the structured-light camera. The other
four groups are orthogonally distributed at 90◦ intervals around the horizontal plane to
capture surface information from multiple perspectives. Although the system is designed
for full-surface 3D reconstruction, this study focuses specifically on high-precision point
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cloud generation from a single viewpoint. Consequently, only the top core acquisition
unit (i.e., the top-view binocular camera and the structured light camera) was utilized for
subsequent dataset construction and model validation.

Figure 1. Multi-view binocular image acquisition system for watermelons.

The training and validation of the stereo matching network were conducted on a
high-performance deep learning computing server. The hardware configuration includes
dual Intel Xeon Platinum 8368 processors, 256 GB of RAM, and eight NVIDIA GeForce RTX
4090 GPUs, providing ample computational power for the training and efficient inference of
complex deep learning models. The core algorithm was developed using Python 3.9 within
the PyTorch (version 1.12.1) deep learning framework. PyCharm (version 2023.1.1) was
utilized as the integrated development environment (IDE), and the system environment
was managed via Anaconda (version 24.1.2).

2.3. Construction of the Kirin Watermelon Stereo Matching Dataset

A standard stereo matching dataset comprises left and right views along with their
corresponding disparity maps. In this study, the left and right RGB views were acquired
using the ZED Mini binocular camera, while the disparity maps were converted from
depth maps based on binocular vision principles. Although the ZED Mini camera features
a built-in depth estimation function, its integrated algorithm possesses limited accuracy
and cannot serve directly as ground-truth labels for training. Therefore, the Mech-Mind
Mech-Eye PRO S industrial 3D camera was selected to acquire the ground truth. This
camera integrates a high-intensity structured light projector and a high-resolution RGB
camera, achieving a depth measurement accuracy of 0.05 mm at 1 m. As illustrated in
Figure 1, the spatial relative position of the two camera sets adopts a compact side-by-side
layout with parallel optical axes. This setup ensures a sufficient common field of view
between the depth camera and the binocular camera.

2.3.1. Dataset Construction Pipeline

The core of dataset construction is to accurately map depth information from the
structured-light camera coordinate system to the pixel coordinate system of the binocular
left camera and convert it into a disparity map. The specific pipeline is illustrated in
Figure 2, which comprises three key steps:

(1) oint Calibration: A high-precision aluminum checkerboard calibration plate (specifi-
cation: 12 × 9 corners, square side length 20 mm) is employed as the spatial reference.
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Image pairs of the calibration plate are captured separately by the ZED Mini left cam-
era and the Mech-Eye structured-light camera. Based on the PnP (Perspective-n-Point)
algorithm, the extrinsic matrix between the structured-light camera coordinate system
Omech and the binocular left camera coordinate system OZED is solved, i.e., the rotation
matrix Rmech→ZED and translation vector tmech→ZED.

(2) Spatial Reprojection: First, utilizing the intrinsic matrix and the raw depth map of the
structured light camera, pixel coordinates are back-projected to reconstruct a 3D point
cloud PS = (XS, YS, ZS)

T in its camera coordinate system. Subsequently, utilizing the
extrinsic matrix derived from the joint calibration, the point cloud PS is transformed
into the left camera coordinate system to obtain PL = (XL, YL, ZL)

T .

PL = Rmech→ZED · PS + Tmech→ZED (1)

Next, based on the intrinsic matrix KZED of the ZED Mini left camera, the transformed
point cloud PL is forward-projected onto the left image plane (u, v). The ZL component
of the point cloud is extracted as the depth value for the corresponding pixel, thereby
generating a high-precision depth map strictly aligned with the left stereo view.

(3) Disparity Conversion: Based on binocular imaging principles, the left depth map
generated in the previous step was converted into a disparity map d using the baseline
B of the ZED Mini camera and the focal length f of the left camera:

d =
f · B
Z

(2)

Figure 2. Flowchart of high-precision disparity map generation. In the depth and disparity maps,
blue and red colors represent smaller and larger values, respectively.

Through the aforementioned processing, dense disparity ground truths pixel-aligned
with the ZED Mini left view were ultimately obtained. A watermelon stereo matching
dataset comprising 808 pairs of stereo images and their corresponding disparity ground
truths was constructed.

2.3.2. Dataset Accuracy Validation and Evaluation

Due to viewpoint discrepancies between the binocular and structured light cameras,
coupled with inherent stereo calibration errors, rigorous accuracy validation of the gen-
erated dataset is imperative to ensure ground truth reliability. Consequently, 20 pairs of
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calibration board images in varying poses were captured for validation, with the sampling
range covering both the center and the four corners of the field of view (FOV). The valida-
tion scheme encompasses two dimensions: XY-plane reprojection error and Z-axis depth
geometric error.

1. XY-Plane Reprojection Error Validation

To evaluate the alignment accuracy between the reprojected left depth map and
the original left RGB image, a reprojection test was conducted utilizing the RGB texture
information from the structured light camera. The specific steps are as follows:

(1) Corner Extraction: First, extract the corner pixel coordinates of the calibration board,
denoted as pmech, from the RGB image of the structured light camera.

(2) Coordinate Mapping: Utilizing the reprojection method detailed in the previous
section, map and project pmech onto the pixel plane of the left camera to derive the
theoretical projection coordinates pproj.

(3) Error Calculation: Extract the corresponding actual corner coordinates pZED, from the
captured left RGB image. The Euclidean distance between the theoretical and actual
coordinates is calculated as the planar reprojection error:

Exy = ∥pproj − pZED∥2 =
√
(uproj − uZED)

2 + (vproj − vZED)
2 (3)

Statistical analysis of the 20 calibration board images reveals an average reprojection
error of merely 0.56 pixels. To visually demonstrate the alignment quality post-reprojection,
a representative sample is shown in Figure 3. Figure 3a presents the corner extraction results
from the structured light camera’s perspective, whereas Figure 3b illustrates the projection
of these extracted corners onto the left stereo view. The green crosses, representing the
reprojected corner positions, precisely coincide with the checkerboard corners in the original
image without any visually perceptible deviation. This strongly verifies that the depth map
transformed from the structured light camera achieves sub-pixel alignment with the left
RGB image.

Figure 3. Visualization of planar reprojection results: (a) Corner extraction from the structured light
camera source image; (b) Reprojection effect on the ZED left view.

2. Z-axis Depth Geometric Error Verification

The accuracy of the depth map directly determines the quality of the disparity ground
truth. To verify the precision of the generated left-view depth map, a calibration method
leveraging the inherent geometric dimension constraints of the calibration plate is proposed.
The specific steps are as follows:

(1) Spatial Distance Calculation: In the generated left-view depth map, select the
pair of most distant corner points from the calibration plate corner array (i.e., the top-
left and bottom-right corners). Using the depth values and camera intrinsic parameters,
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compute their 3D spatial coordinates in the left camera coordinate system, and calculate
the Euclidean distance Dcalc.

(2) Ground Truth Comparison: is compared against the actual physical distance, Dgt

(derived from the 20 mm checkerboard grid size), to calculate the relative dimensional error:

Ez =

∣∣Dcalc − Dgt
∣∣

Dgt
× 100% (4)

Statistical results show that the average relative error of the generated depth map
in geometric dimension measurement is only 0.08%. This result confirms that the left-
view depth map and the converted disparity map exhibit extremely high accuracy, fully
satisfying the training requirements of the stereo matching network.

It should be noted that the above validation was conducted on a planar calibration
board, whereas the actual annotation targets are curved watermelon surfaces. It is therefore
necessary to clarify whether these accuracy metrics remain applicable. The extrinsic matrix
(R, t) describes a rigid-body transformation between the two camera coordinate systems.
Once calibrated, this transformation holds identically for all spatial points regardless of the
scene geometry, planar or curved. Furthermore, the depth measurements originate from
the Mech-Mind Mech-Eye PRO S structured-light camera, whose factory-rated accuracy
of 0.05 mm at 1 m is an intrinsic property of the active structured-light sensing principle
and does not rely on surface texture. Consequently, the sub-pixel reprojection accuracy
(0.56 px) and the depth geometric accuracy (0.08%) verified on the calibration board are
equally valid for watermelon surfaces. These metrics thus serve as reliable evidence for the
quality of the generated disparity ground truth.

2.4. Lightweight Stereo Matching Network MI-ACVNet for 3D Surface Reconstruction of
Watermelons
2.4.1. Architecture of MI-ACVNet

After investigating the performance and architectures of mainstream stereo matching
algorithms, this study selects Fast-ACVNet+ as the baseline model, which balances accuracy
and real-time performance. However, although the original network effectively reduces
computational redundancy via the attention mechanism, its discrete Top-k-based disparity
selection strategy complicates the subsequent disparity prediction process. To address
this limitation, a lightweight stereo matching network MI-ACVNet (Mobile Incremental
Attention Cost Volume Network) based on cascaded residual correction is proposed. This
network retains the efficient attention branch of the baseline while reconstructing its
disparity output module. As illustrated in Figure 4, MI-ACVNet inherits the coarse-to-fine
design paradigm, with key improvements in feature encoding and disparity regression
mechanisms. The overall architecture consists of four main stages:

(1) Multi-Scale Feature Extraction: A Multi-Scale Stereo Feature Extraction (MSFE) mod-
ule, based on epipolar enhancement, is adopted to encode the left and right views. The
re-parameterized network MobileOne [35] replaces the baseline’s MobileNetV2 [36].
Combined with epipolar-enhanced attention, a multi-scale feature pyramid is con-
structed to strengthen the representation of watermelon textures.

(2) Initial Disparity Estimation (Attention branch): Following the paradigm of Fast-
ACVNet+, low-resolution features are utilized to construct a correlation volume and
aggregate global information. Distinctively, instead of generating sparse indices,
MI-ACVNet directly regresses an initial disparity map to serve as a geometric prior
for subsequent disparity optimization.

(3) Residual Correction (Main Branch): Guided by the initial disparity, a local search
window is established. By introducing a local sub-pixel shift mechanism, a continuous
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high-resolution cost volume is constructed via warping operations and bilinear inter-
polation, replacing the original discrete concatenated volume to predict the disparity
residual map.

(4) Output and Supervision: The final disparity is obtained by summing the initial dispar-
ity and the residual map. During training, a Semantics-Guided Region-Aware Loss
(SGRA-Loss) is introduced, utilizing semantic masks to impose focused supervision
on the edge regions of the watermelons.

Figure 4. Schematic diagram of the MI-ACVNet architecture.

2.4.2. Optimization of the Feature Extraction Module

The original Fast-ACVNet+ model employs MobileNetV2 for feature extraction and
fuses multi-scale features via simple concatenation and convolution. However, this generic
design has two key limitations. First, the inverted residual structure of MobileNetV2 tends
to lose high-frequency stripe details on watermelon surfaces during downsampling. Second,
traditional feature fusion ignores the geometric characteristics of stereo matching: isotropic
convolution kernels fail to effectively exploit contextual information along horizontal
epipolar lines, leading to matching ambiguity in repetitive texture regions. To address these
issues, a Multi-Scale Stereo Feature Extraction module (MSFE) with epipolar enhancement
is integrated. As illustrated in Figure 5, this module consists of two main components:
a reparameterized backbone network and an Epipolar-Enhanced Coordinate Attention
(E2CA) mechanism.

https://doi.org/10.3390/agriculture16131475
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Figure 5. Schematic diagram of the MSFE.

1. Re-parameterized Backbone Network

To enhance feature representation without sacrificing inference speed, this study
adopts the MobileOne backbone to replace the original MobileNetV2. The core advantage
of MobileOne lies in its decoupled reparameterization mechanism for training and inference:
during the training phase, multiple parallel branches are utilized to enrich the gradient
flow, strengthening the nonlinear fitting ability for complex textures; during inference, the
linear additivity of convolution is leveraged to fuse multi-branch structures into a single
convolutional layer without performance loss. This design enables the model to maintain
ultra-low latency while significantly improving its capability to characterize edge and
texture features.

2. Epipolar-Enhanced Coordinate Attention (E2CA)

To address semantic misalignment and the lack of geometric constraints during fea-
ture fusion, this study introduces an enhanced coordinate attention mechanism termed
Epipolar-Enhanced Coordinate Attention (E2CA), which spatially reweights the concate-
nated features, as shown in Figure 5. Compared with the standard Coordinate Attention
(CA) module [37], E2CA incorporates two targeted improvements specifically tailored to
the stereo matching task: First, to mitigate the blurring of texture edges caused by average
pooling, a MaxPool branch is introduced. By fusing average and max features, the network
can capture both global context and local high-frequency edges, enhancing the response to
watermelon stripe boundaries. Second, according to the principle of stereo vision, disparity
search is strictly performed along horizontal epipolar lines. Therefore, in the horizontal
encoding branch of E2CA, a 1 × 3 strip convolution is adopted to replace the original
1 × 1 convolution (as illustrated in Figure 5). This expands the receptive field along the
epipolar direction, strengthens the uniqueness of features in the horizontal direction, while
the vertical branch retains a lightweight design.

2.4.3. Coarse-to-Fine Cascaded Residual Correction Strategy (C2F-CRC)

The attention branch in the original Fast-ACVNet+ generates a disparity probability
distribution from initial computations and adopts a Top-k selection strategy, in which
only the k discrete disparity indices with the highest probabilities are chosen from the full
disparity range to construct a compact cost volume. Although this mechanism drastically
reduces the search space, it essentially acts as a discrete point-sampling scheme that forcibly
discards all spatial information beyond the k isolated points. It also ignores the continuous
distribution nature of disparity in real physical space, making it difficult for the model
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to capture sub-pixel fluctuations on smooth object surfaces. Inspired by the iterative
optimization philosophy widely adopted in stereo matching [38], this study abandons the
original Top-k selection strategy and proposes a single-pass cascaded residual correction
strategy. Unlike iterative methods that perform multiple refinement loops with shared
weights, the proposed C2F-CRC employs a two-stage cascaded architecture. It decomposes
the disparity prediction process into two phases: initial estimation and residual correction.
Meanwhile, sub-pixel interpolation is introduced to construct a fine-grained cost volume,
enabling high-precision matching in weak-texture regions on watermelon surfaces.

1. Cascaded Residual Regression Architecture

To fully exploit the global contextual information extracted by the attention branch,
this study reconstructs the prediction flow structure of the network, as shown in Figure 6.

Figure 6. Schematic diagram of the cascaded residual regression architecture.

The reconstructed network consists of two cascaded branches:

(1) Initial Disparity Prediction: The attention branch directly regresses the initial disparity
map dinit, via a Soft-argmax operation. Although structurally accurate at a macroscopic
level, this disparity map lacks fine details in edge and weak-texture regions.

(2) Residual Correction: Instead of directly predicting the final disparity, the main branch
takes the initial disparity dinit as a prior guide, searches for the optimal offset within
a local neighborhood, and focuses on learning the disparity residual ∆d. Finally,
the high-precision disparity map is obtained by pixel-wise summation of the initial
disparity and the predicted residual:

d f inal = dinit + ∆d (5)

This residual learning mechanism effectively reduces the optimization difficulty of
directly regressing large-range disparities, enabling the model to concentrate on fine-
grained detail correction.

2. Fine-Grained Cost Volume Construction Based on Sub-pixel Interpolation

The original Top-k strategy in Fast-ACVNet+ selects discrete disparity candidates
based on probability ranking. This filtering mechanism results in a cost volume that is
unordered and discontinuous along the disparity dimension, significantly increasing the
difficulty for the model to learn the disparity regression distribution. To address this issue,
an initial disparity-guided mechanism is first introduced: a fixed local search window
[dinit − 4, dinit + 4] is defined centered on the initial disparity dinit (u, v), forcing the cost
volume to be constructed in continuous physical space. However, if only integer sampling
is performed within this range, the number of feature channels in the cost volume is
drastically reduced to 9 (i.e., ±4 intervals plus the center), leading to a severe shortage of
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effective feature information. The network struggles to extract texture details sufficient for
high-precision matching from such sparse features. To tackle this limitation, a fine-grained
cost volume construction method based on sub-pixel interpolation is employed. The
disparity sampling interval is set to 0.25 pixels, and the Bilinear Interpolation algorithm is
employed to compute the precise feature response at each sub-pixel position by weighting
the feature values of the four neighboring pixels around the sampling point, expanding the
number of feature channels in the cost volume from 9 to 33.

2.4.4. Semantics-Guided Region-Aware Weighted Loss Function

In stereo matching tasks, traditional pixel-level loss functions, such as L1 Loss, typically
assign equal weights to all pixels. However, for the current task, the matching difficulty
and importance vary significantly across different image regions. The central region of the
watermelon features relatively smooth textures, making it easy to match. Conversely, the
edge region presents heightened matching difficulty due to abrupt disparity variations
and occlusions caused by the spherical curvature. The background region, meanwhile,
contributes little to the 3D reconstruction. If an equal-weight loss function is employed,
the network inherently tends to fit the large flat areas while neglecting the difficult-to-
optimize edge details. While spatially weighted loss functions have been explored in
prior stereo matching work [18], existing methods typically apply differential weights
only between foreground and background regions. This is insufficient to address the
problem of large matching errors at object edges. To overcome this limitation, this section
extends the differential weighting paradigm into the object interior. A finer-grained region
decomposition is introduced, partitioning the image into three regions: object center, object
edge, and background.

To precisely partition the image regions, the YOLO11s-seg [39] instance segmenta-
tion model is introduced to extract the semantic masks of the watermelons. The specific
partitioning pipeline is illustrated in Figure 7. First, the left view is input into the YOLO11s-
seg model to obtain the full watermelon region mask Mfull. Subsequently, morphological
erosion is applied to Mfull to derive the center region mask Mcenter. The annular edge
region mask Medge is then generated by subtracting Mcenter from Mfull. The remaining area
outside Mfull is designated as the background region Mbg. Based on this regional division,
a pixel-wise weight map W(u, v) is constructed. To compel the network to prioritize the
challenging edge details, the highest penalty weight is assigned to the edge region, followed
by the center region, with the lowest weight assigned to the background region. The weight
allocation strategy is formulated as follows:

W(u, v) =


λedge, if (u, v) ∈ Medge

λcenter, if (u, v) ∈ Mcenter

λbg, otherwise

(6)

where λedge > λcenter > λbg. The specific values will be determined in subsequent ex-
periments. The MI-ACVNet incorporates two output nodes, corresponding to the initial
disparity dinit from the attention branch and the disparity residual ∆d from the main branch,
respectively. To ensure accurate geometric feature learning at each stage, a joint supervision
strategy is employed. The attention branch is responsible for outputting an initial disparity
with a roughly correct global structure. The loss function for this component computes
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the weighted difference between the predicted initial disparity dinit and the ground-truth
disparity dgt:

Linit =
1
N ∑

(u,v)
W(u, v) · SmoothL1

(
dinit(u, v)− dgt(u, v)

)
(7)

Figure 7. Generation process of the region-aware weight map.

The main branch aims to predict the disparity correction offset. Its supervision signal
should be the actual residual between the disparity ground truth and the initial disparity.
Thus, the loss function for this branch calculates the weighted difference between the
predicted residual ∆d and the ground truth residual (dgt − dinit):

Lresid =
1
N ∑

(u,v)
W(u, v) · SmoothL1

(
∆d(u, v)−

(
dgt(u, v)− dinit(u, v)

))
(8)

The final total loss Ltotal is defined as the weighted sum of the two aforementioned losses:

Ltotal = γ1 · Linit + γ2 · Lresid (9)

2.5. Training Pipeline and Parameter Settings

Given the limited sample size of the real-world watermelon dataset, transfer learning
is adopted in this study to prevent overfitting. First, the large-scale synthetic dataset
SceneFlow [40] is utilized for pre-training. This dataset contains 39,824 stereo image pairs
with a resolution of 960 × 540 and provides dense disparity ground truth, which helps
the network learn general geometric priors for stereo matching. Pre-training is divided
into two stages: In the first stage, the main branch is frozen, and only the attention branch
is trained for 24 epochs to ensure the stability of the initial disparity guidance. In the
second stage, all parameters are unfrozen, and the entire network is trained for another
24 epochs. In the fine-tuning stage, the pre-trained weights from SceneFlow are loaded, and
the watermelon dataset constructed in this study is used for fine-tuning. The input image
size is adjusted to 736 × 528 pixels via center cropping. During this stage, all parameters of
the network are updated, and the fine-tuning epoch is set to 300.

All experiments are implemented based on the PyTorch deep learning framework. The
Adam optimizer is adopted, with momentum parameters set to β1 = 0.9 and β2 = 0.999.
The initial learning rate is set to 1.0 × 10−3, and a combined adjustment strategy of linear

https://doi.org/10.3390/agriculture16131475

https://doi.org/10.3390/agriculture16131475


Agriculture 2026, 16, 1475 13 of 21

warm-up and cosine annealing is employed to suppress gradient oscillations in the early
training stage and guide the model to converge smoothly to the global optimum. For the
joint loss function proposed in Section 2.4.4, the hyperparameters are set as γ1 = 0.5 (weight
of the attention branch) and γ2 = 1.0 (weight of the main branch). Detailed parameter
configurations are listed in Table 1.

Table 1. Training parameter settings for the MI-ACVNet watermelon stereo matching network.

Parameters Value

Image size (pixels) 736 × 528
Batch size 12

Initial learning Rate 1.0 × 10−3

Epochs 300
Max disparity 224

2.6. Evaluation Metrics

To quantitatively evaluate the accuracy and robustness of the MI-ACVNet model in the
watermelon stereo matching task, three core metrics widely adopted in the stereo matching
community are employed: End-Point Error (EPE), Root Mean Square Error (RMSE), and
outlier percentage (Bad-x). All metrics are computed exclusively within valid pixel regions
where disparity ground truth is available.

(1) End-Point Error (EPE)

EPE is the most fundamental metric for assessing stereo matching precision, defined
as the average Euclidean distance between predicted and ground-truth disparities across
all valid pixels. It reflects the overall pixel-level matching accuracy of the model, with
smaller values indicating higher quality of the disparity map. The calculation formula is
given as:

EPE =
1
N ∑

i∈Ω

∣∣∣d(i)pred − d(i)gt

∣∣∣ (10)

where N is the total number of valid pixels, Ω is the set of valid pixels, and d(i)pred and d(i)gt
denote the predicted and ground-truth disparity values of the i-th pixel, respectively.

(2) Root Mean Square Error (RMSE)

RMSE quantifies the dispersion of prediction errors. Compared to EPE, RMSE is
more sensitive to large-error samples (e.g., outlier points or mismatches at edges). This
metric is introduced to evaluate the model’s effectiveness in suppressing edge outliers. The
calculation formula is given as:

RMSE =

√
1
N ∑

i∈Ω

(
d(i)pred − d(i)gt

)2
(11)

(3) Outlier Percentage (Bad-x)

Bad-x represents the proportion of valid pixels whose absolute error exceeds a given
threshold x. It reflects the model’s reliability under different accuracy requirements, with
lower values indicating fewer outliers. Three threshold levels are set in this study: Bad-2.0
(error > 2 pixels) measures the failure rate of coarse matching; Bad-1.0 (error > 1 pixel) serves
as the standard evaluation metric for stereo matching tasks; and Bad-0.5 (error > 0.5 pixels)
assesses the model’s capability for fine sub-pixel matching. The calculation is as follows:

Bad−x =
1
N ∑

i∈Ω
I
(∣∣∣d(i)pred − d(i)gt

∣∣∣ > x
)
× 100% (12)
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where I(·) is the indicator function (1 if the condition is satisfied, 0 otherwise).

3. Results
3.1. Hyperparameter Optimization of the Loss Function

In Section 2.4.4, the SGRA-Loss was proposed to address the large matching error
at watermelon edges by applying differential supervision weights to edge, central, and
background regions (i.e., λedge, λcenter, and λbg). To determine the optimal configuration of
these hyperparameters, a grid search experiment was conducted in this section based on
the complete model integrated with the MSFE feature extraction module and the C2F-CRC
cascaded refinement module. Considering that the center region occupies the majority of
the watermelon image and exhibits relatively uniform textures, the center weight λcenter

was fixed at 1.0 as a baseline. Building upon this, various weight combinations for the edge
and background regions were evaluated. Specifically, λedge was tested at four intervals (1.0,
1.2, 1.4, and 1.6), and λbg was evaluated at four intervals (0.4, 0.6, 0.8, and 1.0). Although
the background region lacks valid depth information of the watermelon, its weight was
kept above zero to preserve a certain degree of supervision, thereby enhancing the model’s
generalization capability.

Table 2 presents the quantitative evaluation results for the watermelon region under
each parameter configuration. The results indicate that, compared to the original equal-
weight setup, moderately increasing the edge weight λedge consistently reduces key metrics
such as EPE and Bad-0.5. This confirms that strengthened edge supervision facilitates the
learning of sharper contour features, thereby mitigating edge matching errors. Notably, the
configuration of λedge = 1.4, λcenter = 1.0, and λbg = 0.8 yields the best overall performance,
achieving the lowest EPE, RMSE, Bad-0.5, and Bad-1.0, along with the second-lowest Bad-
2.0. Based on these findings, the default hyperparameter configuration for the MI-ACVNet
loss function is finalized as λedge = 1.4, λcenter = 1.0, and λbg = 0.8.

Table 2. Experimental results of loss function hyperparameter optimization.

Weight Assignment Watermelon Region

Watermelon
Edge

Watermelon
Center Background EPE RMSE Bad-0.5 (%) Bad-1.0 (%) Bad-2.0 (%)

1.0 1.0 1.0 0.099 0.539 1.322 0.295 0.096
1.2 1.0 0.4 0.093 0.536 1.173 0.291 0.099

0.6 0.103 0.547 1.368 0.308 0.096
0.8 0.095 0.542 1.274 0.292 0.094

1.4 1.0 0.4 0.096 0.540 1.265 0.309 0.101
0.6 0.094 0.541 1.222 0.291 0.097
0.8 0.091 0.536 1.159 0.278 0.096

1.6 1.0 0.4 0.098 0.542 1.326 0.313 0.099
0.6 0.097 0.543 1.261 0.298 0.097
0.8 0.097 0.536 1.286 0.297 0.095

Note: Bold values indicate the optimal results for each evaluation metric.

3.2. Ablation Study on MI-ACVNet Architecture

To verify the contributions of the proposed modules to the overall model performance,
an ablation study was conducted on the watermelon stereo matching dataset by incre-
mentally adding these modules to the Fast-ACVNet+ baseline. The effectiveness of the
following three modules was primarily evaluated:

(1) MSFE: Epipolar-Enhanced Multi-Scale Stereo Feature Extraction module;
(2) C2F-CRC: Coarse-to-Fine Cascaded Residual Correction module;
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(3) SGRA-Loss: Semantics-Guided Region-Aware Loss.

The experimental results are presented in Table 3. “All” denotes the error computed
over all valid pixels in the image, while “Watermelon” denotes the error computed only
within the watermelon region. Comparing Exp.1 (baseline) with Exp.2, introducing the
MSFE module reduces the EPE over the whole image by 6.7% and significantly decreases
Bad-0.5 by 23.1%. These results indicate that, through network re-parameterization and
epipolar-enhanced attention, the MSFE module improves the model’s ability to distinguish
weak textures and high-frequency stripe patterns on the watermelon surface. Comparing
Exp.1 with Exp.3, the C2F-CRC module reduces the overall EPE by 9.7% and the RMSE
by 3.3%. Meanwhile, Bad-0.5, Bad-1.0, and Bad-2.0 decrease by 24.9%, 30.5%, and 23.0%,
respectively. This improvement is achieved by replacing the discrete Top-k ranking in the
original network with local window search and sub-pixel interpolation, enabling more
accurate continuous disparity prediction. When both the MSFE and C2F-CRC modules are
integrated (Exp.4), the model achieves further performance gains. Based on Exp.4, Exp.5
further introduces SGRA-Loss for adaptive supervision. Compared with Exp.4, the EPE in
the watermelon region decreases by another 8.1%, while Bad-0.5 is reduced by 12.3%. These
results demonstrate that SGRA-Loss strengthens supervision on difficult matching regions,
such as object boundaries, during training and effectively suppresses matching errors.

Table 3. Ablation study on the matching accuracy of key modules in MI-ACVNet.

Exp. MSFE C2F-CRC SGRA-
Loss Region EPE RMSE Bad-

0.5 (%)
Bad-1.0

(%)
Bad-2.0

(%)

Exp.1 All 0.134 0.649 2.489 0.380 0.126
Watermelon 0.113 0.526 1.769 0.388 0.111

Exp.2
√

All 0.125 0.630 1.914 0.258 0.097
Watermelon 0.106 0.549 1.470 0.329 0.105

Exp.3
√

All 0.121 0.628 1.870 0.261 0.097
Watermelon 0.104 0.561 1.426 0.323 0.107

Exp.4
√ √

All 0.116 0.622 1.670 0.243 0.091
Watermelon 0.099 0.539 1.322 0.295 0.096

Exp.5
√ √ √

All 0.112 0.618 1.494 0.236 0.093
Watermelon 0.091 0.536 1.159 0.278 0.096

Note: “
√

” indicates that the corresponding module is utilized in the experiment; Bold values indicate the optimal
results for each evaluation metric.

The effects of each module on computational complexity and efficiency are summa-
rized in Table 4. Compared with Exp.1, the MSFE module in Exp.2 increases both the
number of parameters (Params) and floating-point operations (FLOPs). This is mainly
because the MobileOne backbone has more feature channels and branch structures than
the original MobileNetV2. However, thanks to the re-parameterization mechanism of
MobileOne during inference, the increase in model complexity has only a limited impact on
runtime, and the inference time remains 47 ms. Comparing Exp.1 with Exp.3, the C2F-CRC
module not only reduces the number of parameters but also shortens the inference time by
6.7%, reducing it to 28 ms. Comparing Exp.4 with Exp.5, SGRA-Loss is applied only during
training. It introduces no additional parameters, FLOPs, or GPU memory consumption
during inference, making it a zero-inference-cost optimization strategy.
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Table 4. Ablation results of key MI-ACVNet modules on computational complexity and efficiency.

Exp. MSFE C2F-CRC SGRA-Loss Parameters
(M) FLOPs (G)

GPU
Memory

(MB)
Time (ms)

Exp.1 3.20 64.24 419.10 30
Exp.2

√
33.18 240.58 825.93 47

Exp.3
√

3.10 62.78 409.04 28
Exp.4

√ √
32.55 236.18 783.60 46

Exp.5
√ √ √

32.55 236.18 783.60 46
Note: “

√
” indicates that the corresponding module is utilized in the experiment; Bold values indicate the optimal

results for each evaluation metric.

Overall, compared with the baseline model (Exp.1), the complete MI-ACVNet (Exp.5)
achieves a cumulative reduction of 19.5% in EPE and 34.5% in Bad-0.5 in the watermelon
region. This demonstrates that the proposed improvement strategies exhibit significant
advantages in the 3D reconstruction task of watermelon surfaces, enabling a substantial
reduction in stereo matching errors while ensuring real-time performance.

3.3. Comparison of Different Stereo Matching Algorithms

To further validate the overall advantages of MI-ACVNet for 3D reconstruction of
watermelon surfaces, six representative lightweight stereo matching networks were selected
for comparison with the proposed method. All experiments were conducted under the same
hardware and software settings using the same dataset. Error evaluation was performed
only within the watermelon region. The results are presented in Table 5. As shown in
Table 5, MI-ACVNet achieves the best performance on almost all key accuracy metrics. The
only exception is RMSE, where it ranks second, slightly behind Fast-ACVNet+. Compared
with AANet [41], HSMNet [42], and LightStereo-L [34], MI-ACVNet reduces the EPE
by 39.7%, 28.7%, and 53.3%, respectively, demonstrating clear performance advantages.
Benefiting from the powerful feature extraction capability of the Transformer, NMRF-
swint [43] achieves an EPE of 0.098 pixels, the best among the six compared methods. Even
so, MI-ACVNet still outperforms it by 7.1% in EPE and 19.4% in Bad-0.5. These results
further indicate that the proposed epipolar-enhanced attention, sub-pixel interpolation, and
region-aware loss are more effective than a general Transformer architecture in capturing
the subtle texture variations on watermelon surfaces.

Table 5. Performance comparison results of different stereo matching models.

Model

Watermelon Region

EPE RMSE Bad-0.5 (%) Bad-1.0 (%) Bad-2.0 (%) Parameters
(M) FLOPs (G)

GPU
Memory

(MB)

Time
(ms)

StereoNet 2.398 2.900 86.742 73.594 49.16 0.42 45.75 157.28 17
AANet 0.151 0.793 2.994 0.664 0.216 4.00 122.29 895.77 132

HSMNet 0.136 0.591 2.690 0.580 0.193 3.17 55.64 240.83 23
LightStereo-L 0.195 0.673 4.305 1.049 0.329 24.29 77.81 550.40 73
NMRF-swint 0.098 0.720 1.438 0.375 0.121 33.12 248.23 925.77 88

Fast-ACVNet+ 0.113 0.526 1.769 0.388 0.111 3.20 64.24 419.10 30
MI-ACVNet (Ours) 0.091 0.536 1.159 0.278 0.096 32.55 236.18 783.60 46

Note: Bold values indicate the optimal results for each evaluation metric.

Table 5 also reports the model complexity and efficiency of all methods, including
the number of parameters, FLOPs, GPU memory consumption, and inference time. MI-
ACVNet has 32.55 M parameters and 236.18 G FLOPs, which are comparable to those
of NMRF-swint (33.12 M parameters and 248.23 G FLOPs). Both models are larger than
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StereoNet, HSMNet, and Fast-ACVNet+, which have fewer parameters. As shown in
the ablation study (Table 4), the increase in model size mainly comes from replacing
MobileNetV2 with the MobileOne backbone in the MSFE module. Notably, although
MI-ACVNet has a model size and FLOPs similar to those of NMRF-swint, its inference time
is only 46 ms, which is 47.7% shorter. This significant speed advantage benefits from the re-
parameterization mechanism of MobileOne. During inference, the multi-branch structure
used in training is equivalently merged into a single convolution branch, greatly reducing
forward latency while maintaining representation capability. Compared with the baseline
Fast-ACVNet+, MI-ACVNet increases the inference time by only 16 ms, while reducing
the EPE by 19.5% and Bad-0.5 by 34.5%. This demonstrates a substantial improvement
in accuracy at a modest cost in inference speed. In terms of GPU memory consumption,
MI-ACVNet requires 783.60 MB. Although this is higher than that of some lightweight
models, it still shows good potential for industrial deployment.

3.4. Three-Dimensional Point Cloud Reconstruction and Error Analysis

To intuitively evaluate the 3D reconstruction performance of different models, this
section back-projects the disparity maps output by each model into 3D space based on
camera intrinsic parameters and baseline distance to generate single-view watermelon
point clouds. Meanwhile, the absolute depth errors of the predicted point clouds (relative
to the ground truth along the Z-axis) are calculated and mapped as pseudo-color heatmaps
on the point cloud surfaces. The visualization results are shown in Figure 8. In the
figure, blue represents low errors, while red indicates high errors (≥1.0 mm). Statistical
analysis reveals significant differences in the average depth errors among models. Due
to an excessively high downsampling rate, StereoNet yields an average depth error of
up to 8.77 mm. The average depth errors of LightStereo-L, AANet, and HSMNet are
0.65 mm, 0.53 mm, and 0.40 mm, respectively. The well-performing NMRF-swint and the
baseline model Fast-ACVNet+ achieve 0.27 mm and 0.33 mm, respectively. In contrast, the
proposed MI-ACVNet attains the optimal reconstruction accuracy, with an average depth
error of only 0.26 mm. Converted according to the binocular ranging principle, this depth
error corresponds to a geometric dimension measurement error of approximately 0.09 mm
for watermelons.

Figure 8. Error distribution of reconstructed point clouds from different models.

As observed from the figure, the reconstructed point clouds of nearly all models ex-
hibit a trend of lower errors in the central region and higher errors at the edges. StereoNet,
LightStereo-L, AANet, and HSMNet perform poorly, with large red or yellow regions
distributed across their point cloud surfaces. In comparison, NMRF-swint, Fast-ACVNet+,
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and MI-ACVNet deliver better reconstruction results, with their reconstructed surfaces
dominated by blue, effectively restoring the geometric morphology of watermelons. Fur-
ther comparison reveals that MI-ACVNet significantly outperforms other models in edge
reconstruction. These results fully demonstrate that the multiple improvement strategies
proposed in this study can specifically address the issue of low matching accuracy in weak-
texture and edge regions on watermelon surfaces, substantially enhancing both global and
local reconstruction quality while maintaining inference speed.

4. Discussion
The ultimate goal of the proposed single-view high-precision 3D reconstruction

method is to provide technical support for automated watermelon grading. The major
international grading standards generally classify watermelons based on three categories
of geometric indicators: fruit size (diameter and weight), shape regularity (degree of defor-
mity), and surface defects (scars, cracks, sunburn, etc.). These standards include the United
States Standards for Grades of Watermelons established by the USDA Agricultural Mar-
keting Service (USDA AMS), the UNECE Standard FFV-37 Concerning the Marketing and
Commercial Quality Control of Watermelons, and the Chinese national standard for seed-
less watermelon grading. Watermelons are typically classified into Extra Class, Class I, and
Class II. Extra Class requires a uniform shape and no surface defects. Class I allows slight
shape deviations and very minor surface defects, with a total defect area of less than 5 cm2.
Class II meets the minimum market requirements but permits larger defects, with a total de-
fect area of less than 10 cm2. These standards do not specify explicit accuracy requirements
for grading. Existing studies generally report dimensional measurement errors within
1–3 mm for fruits [9,14]. It should be noted that the current single-view point cloud only
covers the top visible surface of the watermelon. The measurement of grading indicators
such as diameter, volume, and full-surface defect area requires a complete 3D watermelon
model. Building such a model, in turn, relies on multi-view point cloud registration and
filling of the occluded bottom region. The orthogonal multi-view camera array shown in
Figure 1 is designed for full-surface reconstruction. However, this study focuses solely
on improving the accuracy of single-view stereo matching. This is because single-view
point clouds serve as the foundational building block for subsequent multi-view fusion,
their accuracy directly determines the upper bound of the final full-surface reconstruction
quality. The average depth error of 0.26 mm achieved in this work (corresponding to a
geometric measurement error of approximately 0.09 mm for a typical watermelon with a
diameter of about 20 cm) provides a solid accuracy foundation for subsequent multi-view
full-surface reconstruction and precise measurement of grading indicators.

In terms of generalization, the key improvements of MI-ACVNet are not designed
for a specific watermelon variety. Instead, they target the common characteristics of near-
spherical fruits and agricultural products. The three proposed strategies, namely Epipolar-
Enhanced Coordinate Attention (E2CA), Coarse-to-Fine Cascaded Residual Correction
(C2F-CRC), and Semantics-Guided Region-Aware Loss (SGRA-Loss), are all designed based
on these general geometric and textural characteristics. Therefore, the proposed method is
applicable to other near-spherical fruits and agricultural products with similar properties,
such as muskmelons, cantaloupes, citrus fruits, tomatoes, apples, and even some tuber
crops. For a new target category, only stereo images and ground-truth data need to be
collected for fine-tuning, enabling rapid deployment.

It should be noted that all experiments in this study were conducted under a single
controlled lighting condition using a cylindrical light box. This setup was not intended to
simplify the experiments. Instead, it was designed to simulate the actual imaging environ-
ment inside industrial fruit sorting systems, where engineered lighting is widely used to
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ensure uniform and stable illumination. However, the current experiments do not cover
more challenging lighting conditions, such as strong light, weak light, and non-uniform
illumination. The robustness of MI-ACVNet under these conditions still requires further
investigation. Evaluating the proposed method under multiple lighting conditions will be
an important direction for future work. In addition, the stereo matching dataset constructed
in this study contains 808 stereo image pairs collected from 101 Kirin watermelons. The
samples exhibit considerable variation in size, shape, and stripe distribution. Neverthe-
less, the current dataset still covers a limited range of varieties, production regions, and
lighting conditions. As a result, the model performance may degrade when applied to
watermelon varieties with weak or no surface texture or under complex lighting conditions.
Expanding the dataset to include more varieties, production regions, and illumination
conditions will further improve the generalization ability and practical applicability of the
proposed method.

5. Conclusions
To achieve high-precision single-view point cloud acquisition of Kirin watermel-

ons, a deep learning stereo matching network, MI-ACVNet, is proposed. Built upon the
Fast-ACVNet+ baseline, the network integrates an Epipolar-Enhanced MSFE module, a
C2F-CRC strategy, and a SGRA-Loss. Ablation studies demonstrate that each proposed
module yields significant performance gains. Compared to the baseline model, the full MI-
ACVNet reduces the EPE by 19.47% and the Bad-0.5 error rate by 34.48% in the watermelon
region, achieving an inference time of only 46 ms. Furthermore, when compared against
mainstream algorithms such as StereoNet, AANet, and NMRF-swint, MI-ACVNet achieves
the optimal reconstruction performance while ensuring real-time efficiency, yielding an
average depth error of only 0.26 mm. This method effectively overcomes the matching
challenges posed by the highly similar textures and large edge curvatures of watermelons,
providing robust technical support for the external quality inspection and geometric feature
evaluation of watermelons.
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