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Abstract
[Objective/Significance] Rapid identification and precise localization of table
grapes in natural environments is a prerequisite for realizing automatic grape
harvesting by robots. [Method] This study proposes an automatic positioning
method for table grape picking points based on an improved K-means clustering
algorithm and contour analysis method. First, a weighted grayscale threshold
is adopted as the similarity criterion for the clustering algorithm, and based on
this, a K-means clustering algorithm with adaptive adjustment of the K-value
is proposed to achieve rapid and effective identification and detection of table
grapes; then, the proposed contour analysis method is utilized to obtain the fruit
stem axis and the region of interest for picking points, and geometric methods
are employed to achieve rapid and accurate localization of table grape picking
points; finally, the algorithm proposed in this study is experimentally validated
using 917 collected table grape images. [Results and Discussion] The success
rate of the picking points localized by the proposed algorithm for table grapes
being within an error of less than 12 pixels from the optimal picking points
is 90.51%, with an average localization time of 0.87 s, achieving rapid and ac-
curate localization of table grape picking points. Fifty simulation experiments
were conducted under trellis and pergola planting methods respectively. The
results show that the success rate of picking point localization for trellis-planted
purple grapes is 86.00%, the success rate of identification and localization for
pergola-planted purple grapes reaches 92.00%, the success rate of picking point
localization for trellis-planted green grapes is 78.00%, and the success rate of
identification and localization for pergola-planted green grapes is 80.00%. The
overall experimental results are satisfactory. [Conclusion] This study can pro-
vide technical support for table grape harvesting robots to achieve precise grape
picking.
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Abstract

[Objective/Significance] Rapid recognition and precise positioning of table
grapes in natural environments is a prerequisite for robotic automatic harvesting.
[Methods] This study proposes an automatic positioning method for table
grape picking points based on an improved K-means clustering algorithm and
contour analysis. First, a weighted gray threshold is adopted as the similarity
criterion for the clustering algorithm, forming the basis for an adaptive K-value
adjustment mechanism in the K-means clustering algorithm to achieve rapid and
effective recognition and detection of table grapes. Then, a proposed contour
analysis method is used to obtain the fruit stem axis and region of interest
for the picking point, enabling rapid and accurate positioning of table grape
picking points through geometric methods. Finally, the proposed algorithm is
experimentally validated using 917 collected table grape images. [Results and
Discussion] The results demonstrate that the proposed algorithm achieves a
success rate of 90.51% for table grape picking point localization with an error of
less than 12 pixels from the optimal picking point, with an average positioning
time of 0.87 seconds. Simulation experiments conducted under hedgerow and
trellis cultivation systems show that the success rate for purple grape picking
point localization is 86.00% under hedgerow cultivation and 92.00% under trellis
cultivation, while the success rates for green grape picking point localization
are 78.00% and 80.00% respectively. [Conclusion] The overall experimental
performance is satisfactory, indicating that this study can provide technical
support for table grape harvesting robots to achieve precise grape picking.

Keywords: table grape; K-means clustering algorithm; contour analysis
method; fruit stem axis; picking point; picking robot
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1 Introduction
In recent years, China’s grape cultivation area and production have increased
annually, yet table grape harvesting remains predominantly manual, with slow
development of harvesting robots [1-3]. Automatic positioning of picking points
is crucial for precise harvesting by grape-picking robots. However, the complex
natural environment, irregular shapes of table grapes, similar colors between
fruit stems and branches/leaves, and environmental factors such as foliage and
lighting make grape picking point localization extremely challenging.

Numerous scholars have conducted research on grape recognition and harvest-
ing. As early as 1995, Kondo et al. [4-6] proposed a multifunctional grape
agricultural robot that utilized spectral reflectance and shape characteristics
for grape detection. However, spectral reflectance is significantly affected by
external humidity and weather conditions, resulting in complex constraints and
substantial fluctuations in recognition accuracy in natural environments. Liu
et al. [7] combined color and texture features for grape recognition experiments,
achieving 88% accuracy. Reis et al. [8] identified and classified red and white
grapes based on color images, with success rates of 97% and 91% respectively.
Lei and Lu [9] utilized the U component of the YUV color model for grape bunch
classification and employed a corner detection algorithm for picking point local-
ization. Perez-zavala et al. [10] used texture and shape features combined with
clustering algorithms for grape recognition. However, due to the similar pixel
values between grapes and branches/dry leaves, coupled with external lighting
and environmental factors, the specific color criteria exhibit large fluctuations,
resulting in low generalizability of these methods. Berenstein et al. [11] achieved
grape segmentation and localization using statistical measurements and shape
matching algorithms, with a recognition success rate of 90%. Liu et al. [12] rec-
ognized and segmented overlapping grapes in natural environments, achieving
an 89.71% success rate. Miao et al. [13] employed edge detection and contour
fitting for detecting and measuring overlapping grape berries, with an average
error rate of 1.5%, and further achieved picking point localization for overlap-
ping grapes [14].

Compared to picking point localization, grape recognition and segmentation are
relatively simpler. However, the variable morphology of grapes makes picking
point localization far more challenging than grape segmentation and recogni-
tion. Some researchers have investigated picking point localization for cluster-
like fruits such as grapes. Luo et al. [15] utilized the H component of the HIS
color space for grape recognition and determined picking points based on the
centroid, achieving an 88.03% localization success rate. Xiong et al. [16] rotated
the R component of the RGB color channels and combined an improved Chan-
Vese (C-V) level set method for grape background separation, using minimum
bounding rectangles and Hough line detection for picking point localization,
with recognition accuracy ranging from 80% to 92.5%. However, target recogni-
tion and segmentation using single color channels is severely affected by exter-
nal disturbances, reducing accuracy in natural environments. Xiong et al. [17]
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further studied disturbed grapes in unstructured environments, obtaining fruit
stems through Otsu threshold segmentation and using point-line combination
and Hough line fitting for picking point recognition. However, due to similar col-
ors between grape stems and fruits, dry leaves, branches, and leaves, threshold
segmentation struggled to achieve desired results, with picking point localization
accuracy of only 80%. Luo et al. [18] proposed a binocular stereo vision-based
method for obtaining spatial information of grape clusters, achieving rapid grape
bunch localization but with only 87% accuracy. Yuan [19] proposed a hand-eye
system for trellis grape harvesting robots based on depth vision, using depth
cameras for image acquisition and background separation, and separating grape
stems from bunches through depth point clouds. However, the target grapes
required no occlusion and approximately consistent bunch heights, conditions
difficult to satisfy in natural environments.

In recent years, deep learning has brought new opportunities for fruit recognition
and picking point localization. Luo et al. [20] improved the YOLOv5s algorithm
for detecting hairy and bagged peaches. Shang et al. [21] used improved YOLOX
for rapid dragon fruit detection in natural environments. Zhou et al. [22] em-
ployed Mask R-CNN to separate backgrounds for red globe grape bunches and
performed bunch segmentation through Hough transform. Ning et al. [23] uti-
lized Mask R-CNN for grape stem recognition and segmentation, finally employ-
ing a region growing algorithm for precise stem segmentation and picking point
localization, achieving 99.43% accuracy. Sun [24] improved Cascade R-CNN
and E-Net networks for accurate segmentation of overlapping tomato clusters.
However, deep learning methods require substantial time and effort for image
annotation and demand high equipment performance during network training
and mobile deployment, resulting in high costs.

To address these issues, this study proposes a table grape picking point auto-
matic positioning method based on an improved K-means clustering algorithm
and contour analysis to enhance the robustness and accuracy of table grape pick-
ing point localization, providing theoretical support for table grape harvesting
robots to achieve precise grape picking.

2 Materials and Methods
2.1 Image Acquisition

From 07:30 to 11:30 on October 18, 2019, table grape images were collected
at the Jinniu Mountain Base of Shandong Fruit and Vegetable Research
Institute (117.18°E, 36.16°N) under sunny weather with temperatures rang-
ing from 12°C to 23°C [Figure 1: see original paper]. The grape varieties
included Summer Black, Moldova, and Youyong. Images were captured
using the rear camera of a MI8 smartphone at approximately 12 megapixels
(3024$×4032), 𝑤𝑖𝑡ℎℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙𝑎𝑛𝑑𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠𝑜𝑓72𝑑𝑝𝑖, 𝑎𝑝𝑒𝑟𝑡𝑢𝑟𝑒𝑣𝑎𝑙𝑢𝑒𝑜𝑓𝑓/1.8, 𝑎𝑛𝑑𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑡𝑖𝑚𝑒𝑜𝑓1/100𝑠, 𝑡𝑜𝑡𝑎𝑙𝑖𝑛𝑔917𝑖𝑚𝑎𝑔𝑒𝑠.𝐷𝑢𝑒𝑡𝑜𝑡ℎ𝑒ℎ𝑖𝑔ℎ𝑝𝑖𝑥𝑒𝑙𝑐𝑜𝑢𝑛𝑡𝑎𝑛𝑑𝑐𝑜𝑛𝑠𝑒𝑞𝑢𝑒𝑛𝑡𝑙𝑜𝑛𝑔𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔𝑡𝑖𝑚𝑒𝑠, 𝑖𝑚𝑎𝑔𝑒𝑠𝑤𝑒𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑𝑡𝑜0.08𝑡𝑖𝑚𝑒𝑠𝑡ℎ𝑒𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙𝑠𝑖𝑧𝑒𝑢𝑠𝑖𝑛𝑔𝑛𝑒𝑎𝑟𝑒𝑠𝑡−
𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑖𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑖𝑜𝑛, 𝑟𝑒𝑠𝑢𝑙𝑡𝑖𝑛𝑔𝑖𝑛𝑎𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑒𝑙𝑦78, 000𝑝𝑖𝑥𝑒𝑙𝑠(242×$322) to
improve algorithm speed and practicality.
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3 Research Methods
This study proposes a table grape picking point automatic positioning method
based on an improved K-means clustering algorithm and contour analysis. First,
a weighted gray threshold is used as the similarity criterion for the clustering
algorithm, forming the basis for an adaptive K-value adjustment mechanism in
the K-means clustering algorithm to achieve rapid and effective segmentation
of table grapes. Second, an adaptive threshold algorithm is applied to obtain
binary images of table grapes, followed by morphological processing, hole filling,
and other denoising operations to ultimately obtain precise target grape images
and their contours based on maximum connected domains. Then, an improved
contour analysis method is used to obtain the fruit stem axis and picking point
region of interest, and geometric methods are employed to achieve rapid and
accurate positioning of table grape picking points. The algorithm flowchart is
shown in Figure 2 [Figure 2: see original paper].

3.1 Grape Clustering Segmentation

3.1.1 Table Grape Clustering The K-means clustering algorithm [25-28] is
a prototype-based partitioning algorithm that evaluates similarity among clus-
ters in an image based on Euclidean distance—the closer the distance, the greater
the similarity, and vice versa. The algorithm has two significant defects: first,
the K-value is randomly assigned as a fixed value, while each image has unique
characteristics, making a fixed K-value unable to meet the clustering require-
ments for every image. Second, Euclidean distance is a custom or fixed value
that cannot adaptively change according to image variations, and calculating
Euclidean distances between points consumes considerable time, making rapid
table grape detection difficult.

To address these issues, this study improves K-means by proposing an algorithm
with adaptively changing K-values and weighted gray threshold Dis as the eval-
uation criterion, enabling rapid and effective recognition and segmentation of
table grapes. The improved clustering flowchart is shown in Figure 3 [Figure 3:
see original paper].

Based on the clustering principle of K-means, the RGB image is first converted
to grayscale, and an initial K-value is set. The grayscale image is then divided
into K clusters according to grayscale levels, with any point having the most
pixels at a grayscale level in a single cluster serving as the initial cluster center.
After the first clustering, the planar coordinate information of each cluster center
is obtained. To improve clustering accuracy, image rasterization is completed
according to formula (1) to achieve initial clustering.

Gray = max𝑖 − min𝑖
cluster where mod(Gray, 𝐾) = 0

where max𝑖 is the maximum grayscale value in image 𝑖; min𝑖 is the minimum
grayscale value in image 𝑖; and cluster is the number of grayscale levels per clus-
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ter. Note that when mod(Gray, 𝐾) ≠ 0, the 𝐾th cluster contains mod(Gray, 𝐾)
grayscale levels.

After image rasterization, initial clusters and initial cluster centers are obtained
(Figure 4 [Figure 4: see original paper]). Formulas (2) and (3) calculate the pro-
portion of pixels in each initial cluster relative to total pixels and the grayscale
difference between adjacent initial cluster centers.

Per𝑖 = Num_cluster(𝑖)
Num_img × 100%, 𝑖 ∈ [1, 𝐾] (2)

𝐷𝑖 = Gray𝑖+1 − Gray𝑖, 𝑖 ∈ [1, 𝐾 − 1] (3)

where Num_cluster(𝑖) is the pixel count of a single cluster; Num_img is the
total pixel count of the image; 𝐷𝑖 is the grayscale threshold between adjacent
cluster centers; Gray𝑖 is the grayscale value of the 𝑖th cluster center; and Per𝑖
is the percentage of pixels in each cluster relative to total image pixels.

To enhance clustering robustness, formulas (4) and (5) calculate the weighted
gray threshold Dis.

Dis1 =
𝐾−1
∑
𝑖=1

𝐷𝑖 × (Per𝑖 + Per𝑖+1) (4)

Dis2 = 𝐷1 × Per1 (5)

Dis = Dis1 + Dis2

By comparing the grayscale difference 𝐷𝑖 between two adjacent clusters with
the weighted gray threshold Dis:

• When 𝐷𝑖 > Dis, the two clusters are determined to be different classes;
• When 𝐷𝑖 ≤ Dis, the two clusters are determined to be the same class, the

clusters are merged, the midpoint of the two clusters becomes the new
cluster center, and the K-value is updated.

This process continues until the weighted gray threshold Dis no longer changes,
at which point clustering ends. Formula (6) calculates 𝐽𝑒𝑗, and the cluster
division is output, with clustering results shown in Figure 5 [Figure 5: see
original paper].

𝐽𝑒𝑗 =
𝑁(𝐾𝑗)

∑
𝑖=1

|𝑔𝑖 − 𝑢𝑗|2 (6)
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where 𝐽𝑒𝑗 is the sum of squared errors for each cluster, with smaller values gen-
erally indicating higher data compactness within cluster 𝑗 and better clustering
effect; 𝑔𝑖 is the grayscale value of data points within cluster 𝑗; 𝑢𝑗 is the grayscale
value of cluster 𝑗’s center; and 𝑁(𝐾𝑗) is the number of sample data points in
cluster 𝑗.

3.1.2 Target Grape Acquisition Analysis of clustering results (Figure 5
[Figure 5: see original paper]) reveals that grape branches, dry leaves, and
other elements have similar colors and grayscale values to table grapes, resulting
in significant noise within grape clusters. This study employs adaptive Otsu
thresholding to segment the clustered grayscale image, obtaining a binary image
(Figure 6(a) [Figure 6: see original paper]). Morphological opening and closing
operations, hole filling, and extraction of the maximum connected domain are
applied to obtain a precise binary image of the target grape (Figure 6(b) [Figure
6: see original paper]).

3.2 Contour Analysis Method

3.2.1 Contour Analysis The Canny operator is used to extract the contour
of the table grape region (Figure 7(a) [Figure 7: see original paper]). The left
and right extreme points A and B of the contour are identified, and all points
on the contour are treated as mass points. The centroid C of the table grape is
calculated using formula (7) (Figure 7(b) [Figure 7: see original paper]).

𝑋𝑚 = ∑ 𝑚𝑖𝑥𝑖
∑ 𝑚𝑖

, 𝑌𝑚 = ∑ 𝑚𝑖𝑦𝑖
∑ 𝑚𝑖

(7)

where the image’s top-left corner is the origin, with the vertical direction as
the positive Y-axis and the horizontal direction as the positive X-axis; 𝑋𝑚 is
the horizontal coordinate of the centroid; 𝑌𝑚 is the vertical coordinate of the
centroid; 𝑥𝑖 and 𝑦𝑖 are the horizontal and vertical coordinates of contour points;
and 𝑚𝑖 is the mass of each point (default mass of 1 for contour points).

In the absence of external interference, table grapes hang in the air due to
gravity, and the fruit stem axis passes through the centroid. The fruit stem
must lie between extreme points A and B. Therefore, the region of interest for
the fruit stem axis is obtained based on extreme points A and B, ensuring the
fruit stem is located within the contour region of interest (Figure 7(c) [Figure
7: see original paper]).

3.2.2 Fruit Stem Axis Acquisition Since the fruit stem axis passes through
centroid C, points on the region of interest contour are connected sequentially
with centroid C from left to right to form a bundle of candidate lines (Figure
8(a) [Figure 8: see original paper]), which must contain the actual fruit stem
axis. Each candidate line divides the table grape region into left and right sub-
regions (Figures 8(b) and 8(c) [Figure 8: see original paper]). The left sub-region
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is rotated 180° around the candidate line to obtain the image shown in Figure
8(d) [Figure 8: see original paper]. Based on the planar coordinate information
from Figures 8(c) and 8(d), the pixel similarity P value [29] is calculated using
formula (8). Higher similarity between the flipped left region and right region
yields a smaller P value; the line corresponding to the minimum P value is
identified as the fruit stem axis.

𝑃 = ∑
(𝑥𝑙,𝑦𝑙)

∑
(𝑥𝑟,𝑦𝑟)

|(𝑥𝑙, 𝑦𝑙) − (𝑥𝑟, 𝑦𝑟)| (8)

where 𝑃 is the similarity value between the right region and the flipped left
region of the candidate line; (𝑥𝑙, 𝑦𝑙) represents pixel coordinates of the flipped
left region; and (𝑥𝑟, 𝑦𝑟) represents pixel coordinates of the right region.

3.2.3 Target Grape Picking Point Localization The fruit stem axis is de-
termined through similarity P value analysis (Figure 9(a) [Figure 9: see original
paper]). To accurately locate picking points and reduce environmental interfer-
ence, the picking point region of interest is determined based on the intersection
point D between the grape contour and fruit stem axis, the left and right ex-
treme points A and B, and the centroid C. The length ROI_L is set to 0.8×𝐿𝐴𝐵,
and the height ROI_H is set to 0.25 × 𝐿𝐶𝐷 (Figure 9(c) [Figure 9: see original
paper]), where 𝐿𝐴𝐵 is the horizontal distance between extreme points A and B,
and 𝐿𝐶𝐷 is the vertical distance between centroid C and intersection point D.

The central point O of the picking point region of interest is calculated using
formula (9):

𝑋𝑂 = ∑4
𝑖=1 𝑥𝑖
4 , 𝑌𝑂 = ∑4

𝑖=1 𝑦𝑖
4 (9)

where 𝑋𝑂 and 𝑌𝑂 are the horizontal and vertical coordinates of point O, and
𝑥𝑖 and 𝑦𝑖 are the horizontal and vertical coordinates of the four vertices of the
bounding rectangle.

Two scenarios exist for locating picking point E: (1) When center O lies outside
the fruit stem axis, the point E on the fruit stem axis with the shortest distance
to point O is determined as the final picking point; (2) When center O lies on the
fruit stem axis, point O is directly taken as the picking point. The localization
results are shown in Figure 10 [Figure 10: see original paper].

4 Results and Analysis
4.1 Experimental Data and Error Analysis

Pixel positioning error [15] is used to analyze picking point localization accuracy.
The positioning precision is evaluated through picking point pixel positioning
error 𝑒, calculated using formula (10):
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𝑒𝑥 = min |𝑋 − 𝑥|, 𝑒𝑦 = min |𝑌 − 𝑦|, 𝑒 = √𝑒2𝑥 + 𝑒2𝑦 (10)

where 𝑋 and 𝑌 are the horizontal and vertical coordinates of the optimal picking
point pixel region; 𝑥 and 𝑦 are the horizontal and vertical coordinates of the
calculated picking point; 𝑒𝑥 and 𝑒𝑦 are the row and column coordinate errors
between the calculated picking point and the optimal picking point pixel region;
and 𝑒 is the picking point pixel positioning error.

To ensure data validity, the optimal picking point coordinate range is selected
from the fruit stem line region within the picking point region of interest. Based
on points D and M, the optimal picking point coordinate range is manually set
with the midpoint of D and M as the base point within a 6$×$30 pixel range.
The error between picking points located by the proposed method and manually
determined optimal picking points is calculated.

To validate the proposed method, recognition experiments were conducted on
the collected table grape images, with 10 samples randomly selected for detailed
analysis. Table 1 shows the clustering information statistics for the 10 images.
Analysis reveals that the overall clustering effect is optimal when the initial K-
value is in the range [18, 22]. Therefore, the initial K-value is set within this
interval. The improved K-means method significantly improves clustering speed
while maintaining comparable clustering effectiveness to the original algorithm.

Table 2 presents the picking point localization information for the 10 target
grapes. Notably, in the 8th experiment, the upper boundary of the fruit stem
region of interest exceeded the positive vertical coordinate region, resulting in
a negative vertical coordinate for point M, but this did not affect accurate
picking point localization. Figure 11 [Figure 11: see original paper] shows the
10 experimental results.

Given that harvesting robot end-effectors have certain tolerance ranges, a lo-
calization is considered successful when the error between the calculated table
grape picking point and the optimal picking point is within 12 pixels. Analysis
of Table 2 shows that only one picking point error exceeds 12 pixels. The aver-
age localization time for the 10 samples is 0.74 seconds. Among the 917 images
tested, 87 failed in picking point localization, yielding an overall success rate of
90.51% with an average localization time of 0.87 seconds. Statistical analysis
of failed cases indicates that lighting is the primary factor causing localization
failure, while foliage occlusion and grape bunch overlap are secondary factors.

4.2 Comparative Analysis

A comparative analysis of the proposed algorithm was conducted, primarily com-
paring the improved K-means algorithm with the original K-means algorithm
(Figure 12 [Figure 12: see original paper]). Figures 12(a) and 12(b) show cluster-
ing and localization failure and success cases for the original K-means algorithm,
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respectively. Using Euclidean distance as the clustering criterion results in nu-
merous iterations and complex calculations, leading to long clustering times.
Statistics show the original K-means algorithm has an average clustering time
of 2.37 seconds. The fixed K-value introduces significant uncertainty in cluster-
ing results, with the same image producing different clustering and localization
results due to the fixed and random nature of the K-value, making it difficult
to adapt to various environments for table grape detection and localization and
affecting subsequent positioning accuracy.

In contrast, the proposed algorithm’s image rasterization saves considerable
time while completing K-value assignment and deployment appropriate for each
image. Using gray threshold as the evaluation criterion significantly improves
clustering speed while maintaining accuracy, providing a foundation for rapid
picking point localization. Figure 12(c) shows the clustering and localization
results using the improved K-means algorithm.

4.3 Simulation Tests

Simulation tests were conducted on a Denso robotic arm platform with a 32-bit
microcontroller as the control core (Figure 13 [Figure 13: see original paper])
to validate the proposed method in a simulated environment. The results are
shown in Figure 14 [Figure 14: see original paper] and Table 3 . Fifty simulation
tests were performed for each of the four conditions: hedgerow purple grapes,
trellis purple grapes, hedgerow green grapes, and trellis green grapes. The
success rates were 86.00% for hedgerow purple grapes, 92.00% for trellis purple
grapes, 78.00% for hedgerow green grapes, and 80.00% for trellis green grapes,
with overall satisfactory results. Further analysis reveals that hedgerow grapes
are more affected by foliage interference (occlusion, support, etc.), resulting in
slightly lower success rates compared to trellis grapes. Green grapes are more
severely affected by lighting and foliage occlusion (Figure 14(d) [Figure 14: see
original paper]), leading to significantly lower picking success rates compared to
purple grapes, though still meeting localization requirements for most scenarios.

5 Conclusion and Discussion
This study proposes a table grape picking point automatic positioning
method based on an improved K-means clustering algorithm and contour
analysis, achieving rapid and accurate positioning of table grapes in natural
environments:

1. Improved K-means clustering algorithm: A weighted gray threshold
is adopted as the similarity criterion, enabling adaptive K-value adjust-
ment to meet clustering requirements for table grapes in natural environ-
ments and achieve rapid and effective segmentation.

2. Proposed contour analysis and point-line combination method:
Contour analysis obtains the fruit stem axis region of interest, and simi-
larity P-value is used to locate the fruit stem axis line. Combined with
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contour analysis and point-line methods, the picking point region of inter-
est is obtained, enabling rapid and accurate picking point localization.

3. Algorithm validation: Using Summer Black, Moldova, and Youyong
table grape varieties, the proposed method achieves an average success
rate of 90.51% with errors less than 12 pixels from optimal picking points,
and an average localization time of 0.87 seconds.

4. Simulation validation: The hedgerow purple grape picking point local-
ization success rate is 86.00%, trellis purple grape recognition and local-
ization success rate reaches 92.00%, hedgerow green grape picking point
localization success rate is 78.00%, and trellis green grape recognition and
localization success rate is 80.00%, demonstrating overall satisfactory per-
formance. The proposed method can rapidly and accurately achieve auto-
matic table grape picking point localization, providing a theoretical basis
for table grape harvesting robots to precisely harvest grapes.

This study has not yet addressed the issue of overlapping table grapes, which
will be the focus of future research, along with in-depth investigation of lighting
and foliage occlusion conditions.
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