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Abstract

Reliable segmentation of cherry tomato peduncles is difficult in greenhouse harvesting
because peduncles are slender, occupy few pixels, resemble shoots and petioles, and are
frequently occluded by clustered fruit. This study presents a peduncle-aware instance-
segmentation and geometric-consistency framework for cluster-tomato harvesting percep-
tion. From the public 2022 Shanxi Agricultural Valley Tomato Town greenhouse cluster-
tomato dataset, 1383 images with visible peduncles were selected and re-annotated in
Labelme with polygon masks for fruit-cluster regions and peduncles. The framework
combines boundary-weighted mask optimization, Coordinate Attention, and Soft-NMS.
Evaluation on 208 held-out images showed a class-averaged mask AP50 of 0.9606 under the
high-recall configuration; fruit-cluster and peduncle AP50 values were 0.9900 and 0.9313, re-
spectively. At a score threshold of 0.50, overall precision, recall, F1 score, and instance-level
Jaccard score were 0.8440, 0.9495, 0.8937, and 0.8078. In the 2D mask-geometric consistency
evaluation, centroid-derived proxy points yielded matched-pair mean errors of 8.49 pixels
for the peduncle and 5.94 pixels for the fruit-cluster region. These values quantify consis-
tency between predicted-mask-derived and ground-truth-mask-derived points and do not
represent physical robotic positioning accuracy.

Keywords: cherry tomato; harvesting robot; peduncle recognition; Mask R-CNN; instance
segmentation; mask-geometric consistency

1. Introduction

Cherry tomato is an economically important crop for intensive protected cultivation.
As agricultural labor becomes less available and greenhouse environments become more
complex, manual identification, grasping, and harvesting increasingly struggle to meet
requirements for stable, efficient, and low-damage production. Visual perception is fun-
damental to target recognition, harvestability assessment, and end-effector localization.
Reviews of harvesting robotics consistently identify recognition, localization, and system
integration as principal constraints on harvesting success [1-3]. Early tomato-specific re-
search showed that non-color-coded visual features can improve robustness to illumination
variation, fruit adhesion, and foliage occlusion [4]. More recent studies have advanced real-
time instance segmentation, fruit-bunch and pedicel perception, RGB-D localization, and
integrated tomato-harvesting systems [5-13]. Nevertheless, reliable identification of the pe-
duncle and an executable harvesting target remains difficult in dense greenhouse canopies.

Ripe tomatoes are comparatively easy to detect because they have salient color and
occupy relatively large image regions. Peduncle recognition and harvesting-point local-
ization are substantially more difficult. Peduncles are slender, occupy few pixels, and are
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visually similar to shoots, petioles, sepals, and supporting structures. In dense clusters or
under occlusion, their boundaries may be fragmented, merged with adjacent structures, or
completely invisible; a bounding box therefore cannot adequately represent the harvestable
region. For cluster and cherry tomato harvesting, a robot must identify both a peduncle
harvesting point and a fruit grasping point. Pixel-level instance segmentation and geo-
metric point estimation are consequently more appropriate than bounding-box detection
alone [6,14-23].

For clustered crops, published perception pipelines combine target recognition or
segmentation with geometric or keypoint estimation. Ning et al. segmented grape stems
using an improved Mask R-CNN before locating a picking point near the stem centroid [14].
Ma and Li estimated grape picking and grasping points from minimum-area rectangles [15],
whereas Liang et al. studied image-based tomato-cluster picking-point information [16].
Recent tomato-specific systems include SwinS-YOLACT for real-time instance segmentation,
MTA-YOLACT for multitask fruit-bunch and peduncle analysis, and YOLOv8-based RGB-
D localization [5-7]. These studies, together with work on grape stems, keypoints, and
harvesting systems [17-27], show that harvesting-robot vision must balance boundary
quality, instance separation, interpretable localization, and deployability. Because these
studies use different datasets, target definitions, and physical validation protocols, their
numerical results provide context rather than a direct performance ranking. Improved
Mask R-CNN has also been applied to greenhouse tomato maturity-stage segmentation,
while visual instance segmentation has supported fruit detection and segmentation for
apple harvesting [28,29].

Compared with grape bunches, cluster-tomato images contain more tightly packed
fruit instances, whereas the peduncle is shorter and is often occluded by sepals, fruit, or
shoots. The Shanxi Agricultural Valley cluster-tomato dataset covers different times of day,
illumination directions, and viewing angles; however, its original Labellmg annotations
consist of YOLO bounding boxes for mature, raw, and occluded mature fruit and cannot
directly support pixel-level fruit-peduncle segmentation [30]. We therefore performed task-
oriented image selection and polygon-mask annotation and developed a peduncle-aware
framework based on Mask R-CNN [31]. The framework addresses three harvesting-specific
perception challenges: (i) a boundary-weighted BCE-Dice objective emphasizes narrow
peduncle regions and contour pixels [32,33]; (ii) Coordinate Attention retains directional
positional information for elongated structures [34]; and (iii) Soft-NMS reduces erroneous
suppression of densely overlapping fruit and peduncle candidates during inference [35].

The contributions of this study are task-specific rather than the invention of new
standalone network components. First, a visible-peduncle subset was re-annotated with
fruit-cluster and peduncle polygon masks for harvesting-oriented perception. Second, estab-
lished boundary-sensitive supervision, Coordinate Attention, and overlap-aware candidate
re-scoring were integrated and evaluated within Mask R-CNN for slender peduncle and
dense cluster scenes. Third, standard and high-recall operating configurations, component
ablations, fixed-budget cross-model comparisons, and mask-derived geometric rules were
analyzed on the same held-out test set. Fourth, favorable and failure cases were used to
trace how fruit-cluster merging, cross-instance mismatch, peduncle false detection, and
fragmentation propagate from instance masks to deterministic image-plane proxy points.

2. Materials and Methods
2.1. Data Source, Sample Selection, and Polygon-Mask Annotation

The original images were obtained from the 2022 Shanxi Agricultural Valley Tomato
Town greenhouse cluster-tomato fruit dataset [30]. The images were acquired in a glass
greenhouse in Gezitoucun, Fancun Town, Taigu District, Jinzhong, Shanxi Province, China,
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from July to August 2022. The dataset includes sunny and cloudy conditions; morning,
midday, afternoon, and dusk; front, back, and overhead lighting; and multiple viewing
angles. After curation, the public dataset contains 3665 cluster-tomato images. The original
study used Labellmg to annotate mature, raw, and occluded mature fruit as YOLO-format
bounding boxes. These labels were designed for maturity detection and do not include
peduncle instance masks, so they cannot directly support pixel-level peduncle segmentation
or harvesting-point evaluation.

For the present task, the public images were manually screened and annotated for
harvesting-oriented perception. Images were excluded when the peduncle was completely
invisible or severely blurred, the target was too distant, motion blur prevented reliable
delineation, or the fruit-peduncle connection could not be determined. Images were re-
tained when the target cluster was sufficiently clear and at least part of its peduncle was
visible. This process yielded 1383 images. Polygon masks were created in Labelme [36].
The annotation identifier ‘fruit’ denotes the visible region of one target fruit cluster as a
single harvesting-task instance rather than each individual tomato. Sepals and individual-
fruit pedicels belonging to that cluster were included, whereas neighboring clusters were
excluded. Occluded portions that were not visible were not inferred. The identifier ‘stem’
denotes only the visible principal peduncle connecting the target cluster to the supporting
main branch; individual-fruit pedicels, sepals, petioles, unrelated branches, and greenhouse
supports were excluded. The manuscript uses the anatomical term peduncle consistently
and retains ‘stem” only for the historical code label. The dataset should therefore be in-
terpreted as a visible-peduncle subset rather than an unrestricted sample of greenhouse
harvesting conditions.

The polygon-mask annotations provide pixel-level supervision for instance segmen-
tation and harvesting-point geometry. They describe irregular fruit boundaries, slender
peduncle contours, and partially occluded visible regions more accurately than bounding
boxes and support subsequent calculations such as centroids, minimum-area rectangles,
skeleton midpoints, and projection centers. Fruit instances generally occupy larger re-
gions and exhibit more distinctive color and continuous boundaries. Peduncle instances
are smaller, elongated, and visually confounded with sepals, shoots, and petioles. Ac-
cordingly, the proposed loss and attention design focuses on peduncle boundaries and
directional structure.

The first author, a master’s student in mechanical engineering with practical image-
annotation experience, produced the polygon masks after self-study of LabelMe and the
agreed ontology. Professor Shengxue Zhao, an agricultural-machinery specialist, reviewed
the completed annotations and made the final decision when class or boundary disagree-
ments arose. The reviewer did not independently re-annotate the images. Consequently,
no independently double-annotated subset was available and no inter-annotator IoU or
agreement rate was calculated. The absence of an independent annotation-agreement
measurement is treated as a limitation.

2.2. Overall Framework of Fruit-Peduncle Segmentation and Localization

The proposed framework consists of four stages (Figure 1). First, greenhouse cluster-
tomato images containing visible fruit-peduncle structures are selected and annotated
at pixel level. Second, the peduncle-aware Mask R-CNN performs fruit and peduncle
instance segmentation through boundary-sensitive optimization and coordinate-aware
feature enhancement. Third, Soft-NMS re-scores densely overlapping detections to reduce
the loss of adjacent fruit and peduncle candidates. Finally, geometric information extracted
from the predicted masks is used to estimate image-plane fruit grasping points and peduncle
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harvesting points. Performance is assessed using instance-segmentation and geometric-
localization metrics.
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Figure 1. Workflow for fruit-peduncle recognition and harvesting-point localization in clus-
ter tomatoes.

2.3. Peduncle-Aware Instance-Segmentation Framework

Mask R-CNN consists of a backbone, feature pyramid network (FPN), region pro-
posal network (RPN), ROIAlign, and classification, bounding-box regression, and mask
branches [31,37,38]. This two-stage architecture is suitable for agricultural scenes that
require separation of multiple instances of the same class and accurate boundary extrac-
tion. In this study, the architecture was adapted to the perception requirements of cluster-
tomato harvesting by introducing boundary-sensitive supervision, coordinate-aware feature
enhancement, and overlap-aware instance selection. Each component corresponds to a
specific scene-level difficulty rather than serving as an independent, general-purpose mod-
ule substitution.

Specifically, the boundary-weighted compound loss strengthens supervision of narrow
contours and endpoints; Coordinate Attention enhances directional and positional features
before prediction; and Soft-NMS retains plausible candidates in densely overlapping regions
during inference.

The first two components affect training and feature extraction, whereas Soft-NMS is
applied only during inference and does not alter the trained network. This task-driven design
retains the interpretability of two-stage instance segmentation while explicitly addressing
slender peduncles and densely overlapping fruit instances.

Figure 2a presents the task-level pipeline, including image selection, Labelme polygon
annotation, deterministic aspect-ratio-preserving resizing, model training, instance-mask
output, and proxy-point calculation. The archived proposed-model loader did not apply
Copy-Paste, Mosaic, HSV perturbation, random flipping, or random-scale augmentation.
Figure 2b shows the model-level architecture, including the backbone and FPN, RPN,
ROIAlign, classification and bounding-box branches, mask branch, Soft-NMS, and geometric
post-processing.

2.3.1. Boundary-Weighted Compound Loss

Peduncle-mask errors are concentrated near the boundary. Because peduncles occupy
only a small fraction of an image, conventional pixel-wise binary cross-entropy (BCE) can
be dominated by background pixels and may underweight slender edges and endpoints.
Dice and boundary losses are commonly used to alleviate class imbalance and boundary
insensitivity [32,33]. We therefore combined boundary-weighted BCE with Dice loss to
form the compound mask loss:

Bm’ = [DS(Yn) - ES(Yn)]irwm' =1+ ’)/Bm‘ (1)
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In Equations (1)—(3), n indexes the N positive mask samples and 7 indexes pixels.
Y denotes the binary target mask; D and E with subscript 3 denote 3 x 3 morphological
dilation and erosion; B is the boundary indicator; w is the pixel weight; p and y are the
predicted probability and target label; gamma = 4.0 is the boundary-pixel amplification
factor; alpha = 0.6 weights the boundary-weighted BCE term; and epsilon = 1 x 107° is the
Dice smoothing constant. Equation (2) is normalized by the sum of pixel weights, consistent
with the implementation.
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Figure 2. Fruit-peduncle analysis framework and architecture of the proposed peduncle-aware
instance-segmentation model. (a) Task-level pipeline from image selection and polygon annotation to
instance-mask output and mask-derived proxy-point localization; (b) architecture of the improved
Mask R-CNN, including its prediction branches, Soft-NMS, and geometric post-processing.

The boundary-weight map increases the contribution of pixels near the ground-truth
contour, whereas Dice loss constrains global overlap between the predicted and reference
masks. Their combination improves learning of peduncle contours, endpoints, and narrow
structures while reducing the influence of foreground-background imbalance.

2.3.2. Coordinate Attention

Conventional channel attention models the importance of feature channels but does
not explicitly preserve directional positional information. Coordinate Attention separately
aggregates features along the horizontal and vertical directions, enabling the attention
weights to encode both channel responses and coordinates [34]. Peduncles have pronounced
orientation and a relatively stable spatial relationship with the fruit and sepals. Coordinate
Attention was therefore used to improve discrimination between peduncles and visually
similar background shoots while maintaining sensitivity to peduncle location in dense
fruit regions.

h 1 -
2t(h) = 5 a;xc(h,w) (5)
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Equations (5) and (6) define the channel-wise coordinate descriptors obtained by
pooling along width and height, respectively. In Equation (7), the shared transformation
consists of a 1 x 1 convolution, batch normalization, and the h-swish activation. Its output
is split into horizontal and vertical tensors. In Equation (8), two direction-specific 1 x 1
transformations followed by the sigmoid function generate channel- and position-dependent
attention weights. Equation (9) applies both weights to the input feature at the same channel
and spatial position. Coordinate Attention uses a reduction ratio of 32 and is applied to the
five 256-channel FPN outputs.

Coordinate Attention does not change the output heads; instead, it enhances rele-
vant features before prediction. In the ablation experiment, the module produced only a
small improvement when used alone but yielded a larger increase in peduncle AP50 when
combined with the boundary-weighted loss, indicating complementary effects between
positional encoding and boundary supervision.

2.3.3. Soft-NMS Post-Processing

Fruit and peduncles in a cluster are frequently adjacent or overlapping. Conventional
non-maximum suppression (NMS) removes candidates with high overlap with a higher-
scoring detection and can therefore discard valid occluded peduncles or neighboring fruit.
Soft-NMS instead decays candidate scores as a continuous function of overlap and retains
more potentially correct instances in dense scenes [35]. In this study, Soft-NMS was used
in the high-recall configuration. Because a low pre-filtering score threshold retains more
low-confidence candidates, it increases recall and AP50 but can reduce precision and
instance-level accuracy. Deployment thresholds should therefore be selected according to
the relative costs of false harvesting and missed harvesting.

_LoU(by, b))

= (10)

5; = s;exp(

In Equation (10), b with subscript m is the current highest-scoring box, b with sub-

script i is another candidate, s with subscript i is its original score, the hatted score is its

decayed score, and sigma with subscript s is the Gaussian Soft-NMS decay parameter.

Soft-NMS is applied independently within each class using bounding-box IoU, sigma = 0.5,

an internal retention threshold of 0.001, and an external score threshold of 0.03 in the
high-recall configuration.

2.3.4. Overall Training Objective and Algorithm

The overall objective combines classification, bounding-box regression, and mask
supervision and is expressed in Equation (11).

Lyotal = Lrenjobj + LreNpox + Lrores + Lrorbox + AmaskLmask (11)

In Equation (11), the first two terms are the RPN objectness and proposal-regression
losses, the next two terms are the ROI classification and box-regression losses, and the final
term is the compound mask loss defined in Equation (4). The mask-branch coefficient is 1.0
because the implementation sums the returned loss terms without an additional multiplier.
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2.4. Two-Dimensional Mask-Geometric Consistency Evaluation from Instance Masks

The instance masks define the visible fruit-cluster and peduncle regions. Independently
annotated physical cutting and grasping locations and RGB-D calibration were not available.
For each geometric rule, the reference point was generated by applying that same rule to the
matched ground-truth mask, while the predicted point was obtained from the predicted
mask. The experiment therefore measures the stability of a mask-to-point transformation
under segmentation error. It does not determine which point is physically optimal or
executable for harvesting. The final reported rule used the peduncle centroid as a harvesting-
point proxy and the fruit-cluster centroid as a grasping-point proxy.

For a processed instance mask M, let the foreground-pixel set contain all image co-
ordinates at which the binary mask equals one. The centroid coordinates are calculated

as follows: 1
X, = m Z X (12)
MY ey
1
Y. = v Z y (13)
M (x y)eQM
Pharvest = C(Mllaeduncle)’P grasp — C(M;ruit> (14)
2 2
€ = \/(xpred,k - xref,k) + (ypred,k - yref,k) (15)
1 N
SR, = k;u(ek < 7) x 100% (16)

In Equations (12)—(16), the foreground set is denoted by uppercase omega with mask
subscript M, and its cardinality is the number of foreground pixels. The function c returns the
centroid of a processed mask. The prime denotes a post-processed mask. For matched pair
k, the predicted-mask-derived and reference-mask-derived coordinates define the Euclidean
error. N is the number of matched pairs, tau is the image-plane distance threshold, and
the indicator function equals one when the error does not exceed the threshold and zero
otherwise. Conditional errors exclude unmatched targets; coverage and end-to-end success
over all ground-truth targets are reported separately.

For a peduncle, the centroid is less sensitive than skeleton or endpoint methods to
fragmentation and endpoint noise. For a fruit cluster, the mask centroid is generally more
stable than a local distance-transform maximum under occlusion or irregular visible masks.
Alternative rules were also evaluated by applying each rule separately to the predicted mask
and its matched ground-truth mask. Accordingly, differences among methods quantify
transformation stability with respect to mask perturbation and do not rank the physical
suitability of cutting or grasping targets.

Figure 3 details the point-estimation procedure: predicted and ground-truth masks
are morphologically processed, peduncle and fruit centroid proxies are calculated using the
same rules, and their 2D mask-geometric consistency is assessed using Euclidean distance
and threshold-based success rates.

2.5. Experimental Settings and Reproducibility

The curated dataset contained 1383 images and 2772 exported polygon instances. This
was the dataset used throughout the original training and evaluation; no images were
added during revision. The earlier value of 1300 was a reporting error. The fixed training,
validation, and test subsets contained 968 images with 1940 instances, 207 images with
416 instances, and 208 images with 416 instances, respectively. The test set contained
208 fruit-cluster and 208 peduncle ground-truth instances and was held out from model
development. The archived split generator shuffled image-annotation pairs with seed
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2026 and then applied the 70%/15%/15% proportions. Plant, acquisition-sequence, and
greenhouse-area identifiers were not enforced as grouping constraints. The split is therefore
described as a fixed image-level split, and strict group independence cannot be claimed.
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Figure 3. Two-dimensional mask-geometric consistency evaluation of peduncle and fruit proxy points.

The proposed model used TorchVision Mask R-CNN with a ResNet-50-FPN backbone
and default COCO-pretrained weights [39]. Images retained their aspect ratio; the dataset
loader limited the longest side to 1280 pixels, and the model transform used a 640-pixel
minimum side and a 1280-pixel maximum side. Training used SGD with an initial learning
rate of 0.0025, momentum 0.9, weight decay 1 x 10~#, batch size 2, four workers, automatic
mixed precision, and 20 epochs. MultiStepLR reduced the learning rate by 0.1 at epochs 10
and 15. No Copy-Paste, Mosaic, HSV, random-flip, or random-scale augmentation was used.
The best checkpoint maximized validation peduncle AP50 plus validation mean matched
peduncle mask IoU; the archived A7 checkpoint was selected at epoch 4. Three complete
training runs used seeds 42, 1234, and 3472. Table 1 reports results from the archived A7
checkpoint. In Table 2, only the A0, A3, A6, and A7 training-component rows are reported as
three-run means, whereas the threshold and Soft-NMS rows use the archived A7 checkpoint.
The cross-model results in Table 3 and the geometric analyses likewise use the archived
A7 checkpoint. Run-wise values and standard deviations were not retained and are not
reported. Default TorchVision 0.17.1 RPN and ROI settings were retained.

The author-confirmed environment used an NVIDIA GeForce RTX 4090 vGPU allo-
cation with 32 GB available memory, 12 allocated cores of an Intel Xeon Platinum 8260
CPU, and 62 GB RAM,; the GPU driver was 580.105.08. The archived software environment
records Python 3.10.20, PyTorch 2.2.1+cul21, TorchVision 0.17.14+-cul21, CUDA Runtime
12.1, cuDNN 8.9.2, and OpenCV 4.10.0. The final model contained 44.01 million parameters.
The batch-size-1 timer began after CPU-to-GPU transfer and included forward inference and
Soft-NMS but excluded file loading, decoding, preprocessing, visualization, proxy-point
calculation, and robot control. The recorded 25.50 ms per image (39.21 FPS) is therefore
model-pipeline throughput rather than end-to-end robot throughput.
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Table 1. Instance-segmentation performance of the archived A7 checkpoint under two inference

protocols.
Mask
X . Ccoco Mask .. F1 Instance Mean
Configuration Class Mask AP AP50 AP75 Precision Recall Score Jaccard Mask IoU
(AUC)
our_model/std (score
threshold = 0.50; no Fruit 0.8511 0.9817 0.9702 0.8874 0.9856 0.9339 0.8761 0.9222
Soft-NMS)
our_model/std (score
threshold = 0.50; no Peduncle 0.4688 0.8981 0.4306 0.8017 0.9135 0.8539 0.7451 0.7754
Soft-NMS)
our_model/std (score
threshold = 0.50; no Overall 0.6793 0.9412 0.7454 0.8440 0.9495 0.8937 0.8078 0.8515
Soft-NMS)
final_model (score
threshold = 0.03 + Fruit 0.8557 0.9900 0.9743 0.7667 0.9952 0.8661 0.7638 0.9207
Soft-NMS)
final_model (score
threshold = 0.03 + Peduncle 0.4830 0.9313 0.4396 0.4727 0.9567 0.6328 0.4628 0.7679
Soft-NMS)
final_model (score
threshold = 0.03 + Overall 0.6899 0.9625 0.7535 0.5876 0.9760 0.7335 0.5792 0.8458

Soft-NMS)

Table 2. Training-component ablation and controlled inference analysis. The first four rows are
three-run means; the final three rows use the archived A7 checkpoint.

Model and Inference

Fruit Mask

Peduncle Mask

Mask

Configuration AP50 AP50 mAP50 FPS Interpretation
Mask R-CNN baseline 0.9782 0.8719 0.9250 43.22 Reference
Baseline + 0.9785 0.8805 0.9295 38.22 Modest peduncle
boundary-weighted loss gain
Baseline + C'oordinate 0.9692 0.8751 0.9222 35.34 No overall gain
Attention alone
Boundary loss + Coordinate A7 standard
Attention, threshold 0.50 09817 0-8981 0.9399 38.87 output
A7 + Soft-NMS, threshold 050 0.9818 09003 09411 nr. S e
A7, threshold 0.03 0.9898 0.9275 0.9587 n.r. Threshold effect
A7 4 Soft-NMS, threshold 0.03 0.9900 0.9313 0.9606 39.21 High-recall setting

The comparison models used the same image split but model-specific preprocessing

and optimizers [40-42]. Cascade Mask R-CNN used ResNet-50-FPN, 1333 x 800 aspect-
ratio-preserving inputs, SGD with learning rate 0.02, batch size 2, and a score threshold of
0.05. RTMDet-Ins-S used CSPNeXt-S, 640 x 640 inputs, AdamW with learning rate 0.004,
batch size 2, and a score threshold of 0.05. YOLACT used ResNet-50, 550 x 550 inputs,
SGD with learning rate 0.001, batch size 2, and a score threshold of 0.05. YOLOv8n-seg
used 640 x 640 inputs, batch size 8, seed 0, and Ultralytics 8.4.66 defaults. All were lim-
ited to 20 epochs. Because RTMDet-Ins-S and YOLACT were derived from longer recom-
mended schedules, this experiment is a fixed-budget comparison rather than an architecture-

optimal benchmark.
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Table 3. Fixed-budget comparison using the archived checkpoint of each model.
CcOoCo Mask AP50 . . Instance
Method Mask AP (AUC) Precision Recall F1 Score Jaccard
our_model/std (score 0.6793 0.9412 0.8440 0.9495  0.8937 0.8078
threshold = 0.50; no Soft-NMS) ’ ’ ’ ’ ’ ’
final_model (score threshold =
0.03 + Soft-NMS) 0.6899 0.9625 0.5876 0.9760 0.7335 0.5792
Cascade Mask R-CNN 0.6810 0.9510 0.8282 0.9615 0.8899 0.8016
RTMDet-Ins-S 0.6060 0.8970 0.3388 0.9447 0.4987 0.3322
YOLACT 0.6090 0.9120 0.8939 0.9111 0.9024 0.8221
YOLOv8n-seg 0.7320 0.9659 0.8837 0.9495 0.9154 0.8440

2.6. Evaluation Metrics

Instance-level precision, recall, F1 score, and the instance-level Jaccard score were
calculated after one-to-one matching at mask IoU > 0.50. The Jaccard score is TP/ (TP + FP
+ FN) and is not conventional classification accuracy based on background true negatives.
COCO AP is the mean AP over IoU thresholds from 0.50 to 0.95, whereas AP50 is the area
under the precision-recall curve at IoU = 0.50. The standard proposed-model operating
point used score threshold 0.50 without Soft-NMS. The high-recall operating point used
score threshold 0.03 with Gaussian Soft-NMS.

The archived geometric-consistency analysis used one-to-one greedy mask-IoU match-
ing with a permissive acceptance threshold of 0.05. This threshold was used only to establish
tentative correspondence for a diagnostic mask-to-point analysis and was not used for the
main instance-segmentation metrics, which use IoU > 0.50. Point errors and conditional
success rates were computed only for matched pairs. Coverage and end-to-end success
over all 208 ground-truth targets were therefore also reported, counting unmatched targets
as unsuccessful. The 20-pixel and 30-pixel criteria are sensitivity thresholds in the resized
image coordinate system, not physical robot tolerances. A separate threshold-sensitivity
analysis at mask IoU > 0.25 and > 0.50 was performed using the archived direct-centroid
pair records.

3. Results
3.1. Final Instance-Segmentation Performance

Table 1 summarizes the proposed model under the two explicitly separated inference
protocols. Under our_model/std (score threshold = 0.50 without Soft-NMS), the overall
F1 score was 0.8937, indicating a favorable precision-recall balance. Fruit mask AP50 was
0.9817, whereas peduncle mask AP50 was 0.8981. The difference reflects the smaller area,
weaker texture contrast, and less distinct boundaries of peduncles. Fruit also achieved high
AP75 and mean mask IoU. By contrast, peduncle COCO AP was 0.4688 despite an AP50
of 0.8981, demonstrating that small boundary displacements have a pronounced effect at
stricter IoU thresholds.

Under final_model (score threshold = 0.03 with Soft-NMS), overall mask AP50 (AUC)
was 0.9625, and the class-averaged mask mAP50 was 0.9606; peduncle mask AP50 reached
0.9313. Recall increased substantially, whereas precision and instance accuracy decreased
because more low-confidence candidates were retained. The two protocols therefore rep-
resent different inference operating points and are reported separately throughout the
revised manuscript.
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3.2. Ablation Study

The training-component ablation and controlled inference analysis are summarized
in Table 2 and Figure 4. The first four rows of Table 2 report three-run means for seeds 42,
1234, and 3472. Boundary-weighted loss increased peduncle mask AP50 from 0.8719 to
0.8805 and mean mask AP50 from 0.9250 to 0.9295. Coordinate Attention alone increased
peduncle AP50 slightly to 0.8751 but reduced mean mask AP50 to 0.9222. Combining the
two training components yielded peduncle mask AP50 of 0.8981 and mean mask AP50 of
0.9399. The last three rows are post hoc inference analyses of the archived A7 checkpoint
rather than three-run means. Because run-wise values and standard deviations were not
retained, the training-component differences are not claimed to be statistically significant.

0.94 1 0.9313
0.92 4
o
[Te]
&
0.8981
¥ 0.90
©
1S
IS 0.8805
[ m
& 0.88 08715 0.8751
- l
0.84 -
Baseline +Boundary +CoordAtt  +Boundary loss Final
loss +CoordAtt +Soft-NMS

Figure 4. Peduncle mask AP50 under different ablation configurations.

The controlled 2 x 2 comparison separates score-threshold and Soft-NMS effects. At
threshold 0.50, Soft-NMS increased mean mask AP50 from 0.9399 to 0.9411. At threshold
0.03, it increased mean mask AP50 from 0.9587 to 0.9606. In contrast, lowering the threshold
from 0.50 to 0.03 without Soft-NMS increased mean mask AP50 by 0.0188. Most of the
apparent high-recall gain therefore resulted from retaining lower-confidence candidates
rather than Soft-NMS alone. The 39.21 FPS value applies only to the low-threshold Soft-NMS
operating point under the timing boundary defined in Section 2.5.

3.3. Comparison with Other Instance-Segmentation Models

Table 3 presents a fixed 20-epoch-budget comparison with Cascade Mask R-CNN,
RTMDet-Ins-S, YOLACT, and YOLOv8n-seg. At the standard operating point, the proposed
model and Cascade Mask R-CNN were numerically similar: the proposed model had slightly
higher precision and F1 score, whereas Cascade Mask R-CNN had slightly higher COCO
mask AP, AP50, recall, and instance-level Jaccard score. Confidence intervals were not
available, so no statistical-superiority or equivalence claim is made. YOLOv8n-seg achieved
the highest COCO mask AP, AP50, F1 score, and instance-level Jaccard score in the recorded
comparison. The proposed high-recall configuration achieved the highest recall but sub-
stantially lower precision and F1 score because it retained many low-confidence candidates.

The comparison therefore demonstrates operating trade-offs rather than general state-
of-the-art superiority. It is also not an architecture-optimal benchmark because all models
were limited to 20 epochs, while RTMDet-Ins-S and YOLACT were inherited from longer
recommended schedules. The proposed contribution is instead evaluated through task-
specific integration, transparent component analysis, fruit-cluster and peduncle annotation,
and error propagation from masks to geometric proxy points.
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Figure 5 provides qualitative comparisons on four representative test images. Yellow
circles indicate ground-truth regions of interest, green circles indicate regions retained by
the proposed model, and red circles mark weak segmentation by comparison models near
peduncles or fruit-peduncle connections. The proposed model preserved fruit contours
and produced more continuous masks in narrow peduncle regions and connection zones.
Cascade Mask R-CNN, RTMDet-Ins-S, and YOLACT more frequently exhibited weak pe-
duncle responses, omissions, fragmented connections, confusion with background shoots,
or unstable instance matching. These observations are consistent with the intended roles of
boundary supervision and coordinate-aware feature modeling.

ours Cascade Mask R—CNN RTMDet—Ins—S YOLACT YOLOv8Bn-—seg

j*i’, P ——
"/,—j -~ 7 ~ 5

Figure 5. Instance-mask comparison on the same test images, with highlighted fruit-peduncle
connection regions.

3.4. Two-Dimensional Mask-Geometric Consistency Evaluation

The 2D mask-geometric consistency evaluation was performed using the predicted
instance masks. Reference points were generated automatically from ground-truth masks us-
ing the same geometric rules applied to predicted masks; no independently annotated phys-
ical harvesting or grasping points and no three-dimensional closed-loop robot experiments
were used. The reported values therefore quantify consistency between predicted-mask-
derived and ground-truth-mask-derived image-plane points and should not be interpreted
as physical end-effector positioning error.

Table 4 reports the main post-processed centroid results at the archived matching
threshold of 0.05. The analysis produced 189 peduncle pairs and 206 fruit-cluster pairs from
208 targets per class. Mean matched-pair error was 8.49 pixels for the peduncle centroid
and 5.94 pixels for the fruit-cluster centroid. Conditional 20-pixel success was 94.18% and
94.66%, whereas end-to-end success was 85.58% and 93.75% when unmatched targets were
counted as failures. In the threshold-sensitivity check based on archived direct-centroid
pair records, all 206 fruit-cluster pairs already had IoU > 0.50, so fruit coverage (99.04%),
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mean error (5.86 pixels), conditional 20-pixel success (94.66%), and end-to-end 20-pixel
success (93.75%) were unchanged at thresholds of 0.05, 0.25, and 0.50. For peduncles,
coverage was 90.87%, 90.38%, and 88.94%; mean direct-centroid error was 8.52, 8.36, and
7.81 pixels; conditional 20-pixel success was 94.18%, 94.68%, and 95.68%; and end-to-end 20-
pixel success was 85.58%, 85.58%, and 85.10%, respectively. Thus, stricter matching slightly
reduced peduncle coverage but did not reverse the geometric-consistency conclusion.

Table 4. Conditional and end-to-end image-plane mask-geometric consistency of the centroid proxy
strategy.

Metric Peduncle Centroid Proxy Fruit-Cluster Centroid Proxy
Matched pairs/GT targets 189/208 206/208

Match coverage (%) 90.87 99.04

Mean error among matched pairs (pixels) 8.49 5.94

Conditional success within 20 pixels (%) 94.18 94.66

Conditional success within 30 pixels (%) 96.30 97.57

End-to-end success within 20 pixels (%) 85.58 93.75

End-to-end success within 30 pixels (%) 87.50 96.63

3.5. Comparison of Mask-Derived Geometric Point Methods

As shown in Table 5, the peduncle centroid produced a mean matched-pair error of
8.492 pixels, slightly lower than the 8.749-pixel error of the minimum-area rectangle center,
and achieved a 20-pixel conditional success rate of 94.180%. Skeleton midpoints, polynomial-
fit midpoints, and connection-point offsets produced larger errors because peduncle masks
frequently contained local fragmentation, curvature, or incomplete endpoints. These results
compare stability under each rule’s own ground-truth-mask-derived reference and do not
identify a physically optimal cutting location.

Table 5. Comparison of peduncle mask-derived proxy-point methods among matched pairs.

Method Mean Error (Pixels) Within 20 Pixels (%) Within 30 Pixels (%)
Minimum-area rectangle center 8.749 93.651 96.296
Centroid (proposed) 8.492 94.180 96.296
Horizontal midpoint near centroid 8.801 92.063 95.238
Skeleton midpoint 10.940 86.243 94.709
Polynomial-fit midpoint 11.484 85.185 94.709
Connection-point offset 12.281 82.540 89.947

As shown in Table 6, the fruit-cluster mask centroid yielded a mean matched-pair error
of 5.941 pixels and was more stable than the bounding-box center, minimum-area rectangle
center, and largest-visible-component center. The distance-transform center produced an error
of 71.133 pixels because a local distance maximum can shift between visible tomatoes when the
cluster mask is occluded or asymmetric. The previous combined normalized-success column
was removed because its permissive definition produced a ceiling of approximately 99.5% to
100% for most methods and therefore contributed little discrimination.
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Table 6. Comparison of fruit-cluster mask-derived proxy-point methods among matched pairs.

Method Mean Error (Pixels) Within 20 Pixels (%) Within 30 Pixels (%)
Bounding-box center 9.577 91.748 95.631
Minimum-area rectangle center 10.877 85.437 92.718
Centroid (proposed) 5.941 94.660 97.573
Projection centroid 6.242 94.660 97.573
Distance-transform center 71.133 51.456 57.767
Hybrid center 31.824 62.621 69.417
Largest visible-component center 12.654 82.524 89.806

3.6. Qualitative Case Analysis

Representative test cases were visualized to relate segmentation quality to 2D mask-
geometric consistency error. Ground-truth fruit regions are shown in green and predicted
fruit regions in red; ground-truth peduncle regions are shown in cyan and predicted
peduncle regions in purple. Open circles denote proxy reference points derived from
ground-truth masks, solid markers denote proxy points derived from predicted masks, and
yellow or white line segments indicate the Euclidean discrepancy between the two mask-
derived points. This representation jointly displays boundary quality, instance matching,
and image-plane geometric consistency.

Figure 6 illustrates representative localization results. When the cluster boundary
was complete and the fruit-peduncle connection was visible, predicted fruit masks closely
overlapped the ground truth and both localization points were near their references. Even
when the peduncle occupied a small area, a mask covering its principal visible region was
sufficient for stable centroid estimation.

Figure 6. Visualization of fruit-cluster masks and mask-derived peduncle/fruit proxy points. (a) Close-
view fruit cluster with ground-truth and predicted masks and their peduncle/fruit proxy points;
(b) vertically oriented fruit cluster under background clutter with the same mask and proxy-
point overlays.

3.6.1. Favorable Cases

Favorable samples generally had continuous cluster contours, visible fruit-peduncle
connections, and sufficient background contrast. Table 7 summarizes the three favorable
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cases shown in Figure 7. In these examples, small local mask differences produced little
centroid displacement. The cases illustrate the behavior of the combined model but do not
isolate the causal contribution of an individual module.

Table 7. Instance segmentation and mask-geometric consistency results for favorable cases.

Fruit Peduncle  Grasping-Point Harvesting-Point

Case Sample Characteristics IoU ToU Error (Pixels) Error (Pixels) Interpretation
Fruit and peduncle
Case 1 Complete cluster 0.9362 0.8721 0.90 0.81 reg1_ons matched well;
contour; clear peduncle points were close to
references
. . Regular masks were
Case2 ~ verticaldusterstable g5 gys3 0.74 115 insensitive to small
centroid geometry ‘
boundary fluctuations
Partial occlusion; on)zgrllaClpai:seegrl ‘(;2 d
Case 3 accurate principal 0.9501 0.7032 0.62 1.33 PP .
region stable centroid
& localization

(a) Case 1: Complete contour (b) Case 2: Vertical cluster (c) Case 3: Partial occlusion

Y ]

Figure 7. Regions of interest, masks, and mask-derived proxy points for favorable prediction cases.

Case 1 contained a complete fruit contour and a clear peduncle. The predicted fruit
boundary nearly coincided with the ground truth (fruit IoU = 0.9362), and the grasping-
point error was 0.90 pixels. The predicted peduncle mask covered the principal ground-truth
region (peduncle IoU = 0.8721), producing a harvesting-point error of 0.81 pixels.

Case 2 showed a relatively regular, vertically oriented cluster. Fruit IoU was 0.9426 and
grasping-point error was 0.74 pixels; peduncle IoU was 0.8253 and harvesting-point error
was 1.15 pixels. Because both points depend on the overall mask geometry, small local gaps
and protrusions had little influence on the centroids.

Case 3 contained partial foliage and peduncle occlusion. The predicted fruit mask still
covered the principal cluster region (fruit IoU = 0.9501; grasping-point error = 0.62 pixels).
Although peduncle IoU was lower (0.7032), the principal region remained correctly posi-
tioned and the harvesting-point error was only 1.33 pixels.

3.6.2. Failure Cases

Failure cases exposed two principal mechanisms, summarized in Table 8 and visualized
in Figure 8. Fruit-cluster masks could merge with neighboring clusters or be matched to the
wrong instance, shifting the centroid. Peduncle omission, false detection, or fragmentation
could produce similar displacement. These examples show why matched-pair geometric
error should be interpreted together with detection coverage and false-positive statistics.
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Table 8. Error types and sources in failure cases for segmentation and mask-geometric consistency.

Fruit/Peduncle Grasping/Harvesting .. Potential
Case Error Type IoU Error (Pixels) Principal Cause Improvement
Mask expanded Strengthen
Fruit-instance toward an adjacent dense-instance
Case 4 merging 0-8176/— 65.12/— cluster and shifted separation and
the centroid boundary constraints
Prediction matched Improve one-to-one
Cross-instance another similar target matching and
Case 5 fruit mismatch 0/— 593.45/— cluster in the same target-selection
image constraints
Shoot, petiole, or Add hard negatives
Case 6 Small-peduncle Favorable/0 5.01/418.85 support structure and fruit-peduncle
false detection was classified as connectivity/topology
peduncle constraints
Fragmented or Cl’;‘silgéeﬁﬂﬁ)edl;?: Lef Use slender-target
Case7 incomplete 0.9323/0.4117 9.07/78.67 yP augmentation and
the target or an o .
peduncle continuity constraints

adjacent branch

(a) Case 4: Fruit-instance merging

(b) Case 5: Cross-instance mismatch (c) Case 6: Peduncle false detection (d) Case 7:

Figure 8. Regions of interest, masks, mask-derived proxy points, and geometric-consistency error
vectors for failure cases.

In Case 4, the fruit mask expanded toward an adjacent cluster. Fruit IoU remained
0.8176, but inclusion of neighboring fruit enlarged the predicted region and shifted its
centroid, producing a grasping-point error of 65.12 pixels.

Case 5 was a cross-instance mismatch in an image containing multiple similar clusters.
Fruit IoU was 0 because the selected prediction corresponded to another cluster, and the
grasping-point error reached 593.45 pixels. Localization evaluation must therefore be based
on one-to-one mask matching rather than simply selecting the highest-scoring instance.

In Case 6, a shoot or petiole was falsely classified as the peduncle. The fruit prediction
remained accurate (grasping-point error = 5.01 pixels), but peduncle IoU was 0 and the
predicted peduncle region occurred above the true fruit-peduncle connection, producing
a harvesting-point error of 418.85 pixels. Similar color and elongated shape make shoots,
petioles, and greenhouse structures difficult negatives.

In Case 7, the fruit instance remained stable (fruit IoU = 0.9323; grasping-point
error = 9.07 pixels), but the predicted peduncle mask covered only part of the target or
extended toward an adjacent branch. Peduncle IoU was 0.4117 and the harvesting-point
error was 78.67 pixels, illustrating the sensitivity of small peduncles to occlusion and bound-
ary fragmentation.
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4. Discussion

The results indicate that harvesting-oriented perception should be evaluated using
segmentation quality, operating-point behavior, match coverage, and image-plane geo-
metric consistency. The proposed model did not uniformly outperform all comparison
architectures. Cascade Mask R-CNN produced numerically similar results to the proposed
standard setting on several aggregate metrics, and YOLOv8n-seg achieved stronger aggre-
gate segmentation results under the recorded fixed-budget experiment. Because confidence
intervals were not available, no statistical-equivalence or superiority claim is made. The
contribution of the present work therefore lies in task-specific fruit-cluster and peduncle
annotation, an interpretable Mask R-CNN adaptation, controlled diagnosis of threshold and
Soft-NMS effects, and analysis of how mask errors propagate to deterministic proxy points.

Fruit localization failures were dominated by instance merging and cross-instance
mismatch. Because entire clusters were annotated as fruit instances, expansion of a pre-
dicted mask toward a neighboring cluster could preserve AP50 while markedly shifting the
centroid. In multi-cluster images, incorrect target selection produced much larger errors
than moderate boundary inaccuracies.

Peduncle localization failures were dominated by omission, false detection, and frag-
mentation of small targets. Peduncles are much smaller than fruit and resemble shoots,
petioles, and support structures. Increasing the number of hard negative examples, ap-
plying targeted augmentation for slender structures, and incorporating fruit-peduncle
connectivity or topology constraints are promising directions.

The results also show that a high mask AP50 does not necessarily imply a small
localization error. AP50 tests whether an instance exceeds an IoU threshold, whereas
harvesting- and grasping-point errors also depend on mask geometry, one-to-one instance
matching, and consistency of the target definition. Reporting COCO AP, AP50, instance-
level F1 score, mean mask IoU, mean localization error, and threshold-based success rates
therefore provides a more complete assessment for harvesting applications.

Limitations and Future Work

Several limitations should be considered. The evaluation cohort was intentionally
restricted to images in which at least part of the peduncle could be annotated reliably;
completely invisible or severely blurred peduncles and other indeterminate cases were
excluded. This selection can overestimate robustness in unrestricted greenhouse scenes.
The archived implementation used a fixed image-level random split and did not enforce
group-disjoint partitioning by plant, acquisition sequence, or greenhouse area. Related
images may therefore occur in different subsets. One primary annotator produced the
masks and an agricultural-machinery expert reviewed them, but no independently double-
annotated subset or inter-annotator agreement metric was available. Three seeded runs were
completed for the training-component ablation, but run-wise values and dispersion were
not retained; no statistical-significance claim is made. The cross-model comparison used
one 20-epoch budget rather than the complete recommended schedule of each architecture.

The geometric analysis has additional limits. References were generated automatically
from ground-truth masks by the same rule applied to predicted masks. The archived
0.05 IoU threshold was deliberately permissive and is retained only as a diagnostic cor-
respondence rule. The stricter-threshold sensitivity analysis showed stable conditional
geometric errors but slightly lower peduncle coverage. The method comparison therefore
evaluates transformation stability rather than physical target suitability. Practical harvesting
still requires independent physical-point annotation, depth sensing, hand-eye calibration,
end-effector constraints, collision checking, and closed-loop experiments.
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5. Conclusions

This study developed a peduncle-aware Mask R-CNN and mask-geometric analysis
framework for greenhouse cluster-tomato harvesting perception. A visible-peduncle an-
notation set of 1383 images was constructed from a public detection dataset by labeling
fruit-cluster regions and visible peduncles with polygon masks. Because difficult cases
with unannotatable peduncles were excluded, the reported results apply specifically to this
curated subset.

Across the three seeded training runs, boundary-weighted loss and Coordinate Atten-
tion produced modest mean changes, and the combined training configuration improved
peduncle AP50 relative to the baseline. The threshold and Soft-NMS analyses and the
geometric evaluation were performed with the archived A7 checkpoint. Because run-wise
values and dispersion were not retained, the training-component differences are not inter-
preted as statistically significant. Controlled inference analysis showed that most of the
high-recall AP50 increase came from lowering the candidate threshold, while Soft-NMS
produced only a small additional gain at a fixed threshold.

Centroid-based proxy points produced matched-pair mean image-plane errors of
8.49 pixels for peduncles and 5.94 pixels for fruit-cluster regions. Match coverage was 90.87%
and 99.04%, respectively, and unmatched targets reduced end-to-end 20-pixel success to 85.58%
and 93.75%. These values quantify agreement between predicted-mask-derived and ground-
truth-mask-derived points and do not represent physical robotic positioning accuracy.

The practical value of the framework is as an interpretable perception and diagnostic
layer. It exposes whether errors arise from segmentation boundaries, missed instances,
false peduncle detections, cross-instance matching, or unstable geometric transformations.
Future work should preserve machine-auditable group assignments and run-wise statistics,
report confidence intervals and boundary-sensitive metrics, include unrestricted difficult
cases and independent physical-point annotations, and perform RGB-D transformation and
closed-loop harvesting tests before stronger deployment claims are made.
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