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Abstract—To address the limitations inherent to conventional
automated harvesting robots specifically their suboptimal suc-
cess rates and risk of crop damage, we design a novel bot
named AHPPEBot which is capable of autonomous harvesting
based on crop phenotyping and pose estimation. Specifically, In
phenotyping, the detection, association, and maturity estima-
tion of tomato trusses and individual fruits are accomplished
through a multi-task YOLOvVS model coupled with a detection-
based adaptive DBScan clustering algorithm. In pose estimation,
we employ a deep learning model to predict seven semantic
keypoints on the pedicel. These keypoints assist in the robot’s
path planning, minimize target contact, and facilitate the use
of our specialized end effector for harvesting. In autonomous
tomato harvesting experiments conducted in commercial green-
houses, our proposed robot achieved a harvesting success rate
of 86.67%, with an average successful harvest time of 32.46
s, showcasing its continuous and robust harvesting capabilities.
The result underscores the potential of harvesting robots to
bridge the labor gap in agriculture.

Index Terms—Precision farming; Selective harvesting; Agri-
cultural robotics; Plant phenotyping; Pose estimation

I. INTRODUCTION

Labor shortages in agricultural production limit the ex-
pansion of production scales[1]. Implementing automation
systems is a feasible solution to enhance productivity[2].
Research on robotic harvesting has garnered increasing at-
tention, and substantial progress has been achieved in crops
such as strawberries[3], apples[4], bell peppers[5], and toma-
toes[6]. The widely adopted perception methods and har-
vesting procedures can be summarized as follows: maturity
is categorized into a binary classification using supervised
learning, where maturity levels are directly mapped to har-
vestable and non-harvestable states. Once the detection is
completed, point clouds of the target are acquired through
segmentation models, and these clouds are then fit into
geometric shapes like spheres or cylinders, facilitating the
determination of crop posture and planning of the appropriate
grabbing angle.
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Fig. 1. AHPPEBot Overview: The robot perceives nearby tomato trusses and
autonomously makes decisions based on various information such as arm
workspace, ripeness, and pose, ultimately using a circular cutter to harvest

the target.
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While these traditional methods have been applied to
many crops, they have limitations regarding the automated
harvesting of truss tomatoes. Firstly, as truss tomatoes are
a fresh consumption economic crop, their maturity requires
a more detailed assessment to ensure edible quality. The
interpretability and adjustability of the binary classification
method based on deep learning are insufficient, hampering
the robot’s selective harvesting and quality management of
the harvested product. Secondly, unlike strawberries or citrus
fruits, truss tomatoes cannot be harvested by grabbing and
pulling, as this may lead to crop or facility damage. The
ideal harvesting method is cutting the peduncle, but due to
its slender nature and color similarity to the background,
detection and cutting point localization present challenges.

This paper designs AHPPEBot, a robot Autonomous Har-
vesting tomato trusses based on Phenotyping and Pose Esti-
mation. To improve the robot’s success rate, efficiency, and
safety, we have made advancements in three crucial areas:

1) Phenotyping: We propose an adaptive DBScan cluster-
ing algorithm predicated on object detection, designed
to associate individual fruits with their corresponding
tomato trusses, facilitating the extraction of pertinent
information, encompassing the overall maturity level
of the tomato truss, the number of fruits, and their
respective volumes.

2) Pose estimation: We introduce a deep learning-based
keypoint detection method for pose estimation of
tomato trusses, enabling arm path planning and move-
ment with reduced contact with the target.
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3) Harvesting System: Integrating phenotypic and postural
information, the robot achieves full-state perception
of the tomato truss, autonomously selecting optimal
harvest targets. Leveraging posture key points, it strate-
gically plans the arm trajectory, complemented by a
novel designed end-effector for precise harvesting.

II. RELATED WORK

Recognizing, parsing, and understanding crops in the
environment is foundational to enabling robots to perform
selective harvesting autonomously. Early research primar-
ily identified and located fruits through image processing
techniques such as color segmentation and morphological
operations or through machine learning approaches[7-10, 13].
Recent advancements have shown that perception techniques
based on deep learning models exhibit greater robustness in
detection, classification, and segmentation challenges in real-
world scenarios compared to traditional methods. Zhang et
al.[11] utilized CNNs5 for the maturity classification of tomato
images, while Afonso et al.[12] employed Mask R-CNN to
detect ripe and unripe tomatoes in greenhouses, achieving
commendable accuracy and robustness.

The precise orientation or posture of crops is imperative
for accurate harvesting. Wei et al.[14] extracted grape bunch
pixel regions using Mask R-CNN and derived corresponding
point clouds. These point clouds were fitted into cylindrical
shapes using the RANSAC algorithm to determine posture.
Rong et al.[15] utilized YOLOv4-Tiny to detect the main
body and stalk of tomato bunches. After semantic segmen-
tation of the stalk with the YOLACT++ model, they used
least squares to fit it into a curve, obtaining three key points,
and subsequently estimated the stalk’s posture through a geo-
metric model. Li et al.[16] employed a multi-camera system
and a DCNN model to detect apple targets, reconstructed
obscured parts from the visible target point cloud, and the
estimated fruit center. In Alessandra et al.’s [17] method, Five
key points are defined for each tomato, serving as references
for the end-effector performing the grasping action. Fan et
al.[18] proposed a keypoint-based method for estimating the
pose of tomato trusses. Their approach is limited to trusses
containing only six fruits.

Even when crop detection and harvesting point localization
are accomplished, the actual harvesting process can still
encounter failures. During the act of harvesting, robotic arms
equipped with end-effectors may fail due to obstacles, pose
estimation errors, or damage to the crop. In 2017, Bac et
al.[19] designed a bell pepper harvesting robot under the
CROPS (the Clever Robots for Crops) project, conducting
experiments in a commercial greenhouse using two differ-
ent end-effectors in untrimmed and trimmed environments.
Lehner et al.[9] designed a bell pepper harvesting robot
named “Harvey,” which harvests by suctioning the target and
cutting the peduncle with a blade. In particular failure cases,
the irregular morphology of the bell peppers led to deviations
in the model’s estimated grasping angle. Consequently, the
blade failed to sever the pedicel accurately, or inadvertently

caused damage to the fruit. Gao et al.[6] investigated a two-
fingered gripper end-effector that harvests individual fruits
from cherry tomato trusses.

Reviewing prior research, the reasons for harvesting fail-
ures can be categorized as follows: inaccurate fruit localiza-
tion, obstructions from leaves or fruit clusters, extreme fruit
positions, crop damage, and separation failures.

III. METHOD

AHPPEBot is designed for automated truss tomato har-
vesting in commercial greenhouse environments, as shown in
Figure 1. The harvesting system can be divided into four main
components: “Phenotyping,” ”Pose Estimation”, “Fusion of
Information,” and “Decision and Motion Planning”. The
flowchart of the system algorithm and workflow is illustrated
in Figure 2. We anticipate that by optimizing perception
techniques and end-effector design and precisely planning the
robotic arm’s motion based on crop posture, we can minimize
unnecessary contact, thereby achieving our goal of enhancing
the harvesting success rate and safety.

A. Platform Design

The hardware architecture of AHPPEBot comprises five
main components: two RGB-D cameras, a robotic arm, an
end-effector, a computing unit, and a mobility chassis. In
consideration of the narrow space within greenhouses, we
opted for a SCARA robotic arm, augmented with a rotary
motor at its end, as depicted in Figure 1. This configuration
serves to simplify path planning for the robotic arm while
maintaining flexibility.

The exterior of the effector features multiple spike-shaped
guiding grooves and a saw blade. The groove size is tailored
based on the width of the tomato vine and truss peduncle,
ensuring that only the peduncle can fit and be cut while
preventing the vine from entering, enhancing safety. Once
the peduncle is severed, the tomato truss temporarily collects
in a mesh pocket.

B. Phenotyping

Maturity level, fruit count, and fruit size are important
phenotypic information for harvesting and quality grading.
We adopt a method that infers the overall maturity and
quality grading of the truss based on the status of each
fruit. In this paper, fruit maturity is categorized into four
stages based on agronomic standards: green mature, turning,
ripe, and fully ripe, as illustrated in Figure 2. Concurrently,
we stipulate that if the terminal fruit on a truss reaches at
least the turning stage and the rest of the fruits are ripe or
beyond, the truss is considered mature overall and suitable
for harvesting, storage, and transport. This criterion aligns
with the harvesting standards of the greenhouse production
base where our experiments took place.

We enhanced the YOLOvVS model for multi-tasking, in-
troducing an additional branch in the prediction section to
determine fruit maturity. The loss function for our multi-task
YOLOVS is designed based on the original YOLOVS’s loss
function:
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Fig. 2. Automated Harvesting System Workflow: During the phenotyping, the number and ripeness of each tomato truss are determined (different color
prediction frames indicate varying maturity levels). The pose detection captures the key points of the tomato trusses. By integrating and encoding both
phenotypic and pose information, a target is selected. Subsequently, based on its pose, the robotic arm’s path is planned, and harvesting is executed.

L= )\l‘ccls + )\2[/conf + )\3£bow + )\4£7‘ip (1)

where A represents the weight of different loss functions.
L.1sis the classification loss, L. is the confidence loss and
Ly represents the bounding box loss. The binary cross-
entropy loss function £,.;;, is employed to compute the tomato
fruit maturity loss.

While the model can detect each individual fruit, it does
not provide the relationship between the fruits and the tomato
trusses. We match and group fruits based on their 2D/3D
spatial relationships with the tomato trusses, thus obtaining
information on the quantity and maturity of fruits within a
given truss. In the 2D space, we calculate the Intersection
over Union (IOU) between the bounding boxes of the fruits
and the tomato trusses to determine if a fruit belongs to a
specific truss. However, when multiple tomato trusses overlap
in the camera’s field of view, this algorithm may produce
matching errors. To address this issue, we employ point
cloud clustering to distinguish overlapping tomato trusses
in the foreground and background, thereby determining the
ownership of fruits.

Traditional DBScan clustering suffers from extensive and
inefficient nearest neighbor searches and random initial point
selection, affecting its computational speed. We propose
an adaptive DBScan algorithm based on object detection.
The bounding boxes in the detection results provide prior
knowledge of the spatial positions of the targets. Precise
cropping of the input point cloud is achieved using the exact
bounding boxes of the tomato trusses, eliminating the need
for full point cloud computation. The center points of the
fruit bounding boxes are used as the initial point set for
clustering, enabling adaptive selection of high-density target
point clouds. By employing adaptive input cropping and
initial point selection, the number of nearby searches can
be significantly reduced, leading to a notable improvement
in computational speed. Additionally, the threshold values

of the clustering algorithm can be determined based on the
structural prior knowledge of various tomato truss varieties.

To swiftly estimate the volume of fruits and determine
their spatial positions, we do not partition the precise point
cloud of each fruit from the point cloud returned by the
depth camera. Instead, we approximate the contour of the
fruits in the images using a circle with a radius equal to
the average width and height of the rectangular predicted
bounding box. Combined with the intrinsic parameters of
the depth camera, we perform back-projection to generate
a spherical virtual point cloud in three-dimensional space,
preparing for collision detection during path planning, as
illustrated in Figure 2. This estimation method has low
computational complexity and errors are within an acceptable
range for our harvesting approach.

C. Pose Estimation

To better support robotic arm path planning, we incorpo-
rated structural prior knowledge of tomato trusses and defined
seven peduncle keypoints. Their nomenclature and abbrevi-
ations are shown in Figure 3. SP, CP, and FP along with
their connecting curves represent segments of the peduncle
that can be cut. SP is situated at the junction of the tomato
truss peduncle and the main stem, serving as both the starting
point of the tomato curve and the anticipated cutting position
for our end-effector. CP is located at the maximum curvature
of the peduncle and is also the traditional cutting point for
clamp-style end-effectors. Ideally, in our robot, cutting should
occur close to the SP position of the peduncle. FP is where
the first fruit petiole connects to the peduncle, while EP is
at the end of the peduncle, and in combination with other
peduncle and fruit keypoints, indicates the posture of the
tomato truss. This area is to be avoided contact or cutting.

Even when annotating peduncle keypoints for the same
tomato truss, different annotators may produce results that
are not entirely consistent, potentially resulting in varying
degrees of discrepancy. For instance, the positions of QP, MP,
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and TQP are evenly distributed along the peduncle area from
FP to EP. Their structural features are less prominent com-
pared to SP and CP. Similar to the COCO human keypoint
dataset [20], we use the OKS (Object Keypoint Similarity)
value as the evaluation metric for peduncle keypoint predic-
tion accuracy. The ’sigmas’ parameter for peduncle keypoints
is obtained by calculating the standard deviation between
multiple human annotator keypoints and expert ground truth
annotations.

The difference lies in the fact that not all keypoints in
the COCO human keypoint dataset are equally important.
For harvesting tasks, the importance of each keypoint and
the consequences of prediction errors vary. SP, CP, and
FP peduncle keypoints require the highest prediction and
localization accuracy possible. If their predicted positions do
not align perfectly with the peduncle, harvesting is likely to
fail, and there may even be damage to the tomato vines. The
other points are primarily used to avoid collisions between the
end-effector and tomato trusses and do not require ultra-high
precision. The OKS calculates the overall similarity between
the ground truth and predicted values of multiple keypoints
on the target. One potential issue is that a model with a high
accuracy evaluation score may perform well in predicting
keypoints from FP to EP, but may lack precision in predicting
SP and CP. This contradicts our harvesting objectives.

We manually fine-tuned the’ sigmas’ values obtained for
each keypoint to obtain a keypoint detection model based
on OKS evaluation that better aligns with harvesting require-
ments. The manual adjustment involved reducing the ’sigmas’
values for SP and CP points while increasing the ’sigmas’
values for the remaining points. This adjustment signifies
our intention for the model evaluation to lean towards higher
accuracy prediction of SP and CP keypoints.

For detecting keypoints on tomato peduncles, we employed
the HRnet-w48 model. Additionally, several state-of-the-art
networks on the COCO keypoint detection dataset were
experimented with, including RTMPose, CID, UDP, and
DarkPose, with CID, DarkPose, and UDP all using HRnet
as their backbone. Moreover, we explored regression-based
keypoint detection approaches, such as YOLOvS8-pose, and
models using Resnetl01 as the backbone for regression
prediction.

D. Decision and Motion Planning

In the greenhouse, limited operational space and entangled
vines challenge automated harvesting tasks. We contend that
the operation of harvesting robots must be predicated upon
the principle of ”’do no harm” to the surroundings. Ac-
cordingly, we have designed and optimized decision-making
processes with “minimizing risks whenever possible” as a
central tenet.

By integrating the local information of the tomato trusses
obtained from the Phenotyping phase with the holistic posture
information acquired during the Pose estimation phase, we
encode the features of each tomato trusses object. Utilizing
this feature data, we further refine the selection of optimal

harvesting targets. Targets that are either immature or of sub-
par quality are excluded. tomato trusses with extreme growth
positions or orientations are also discarded. For instance,
when harvesting tomato trusses facing the interior of cultiva-
tion troughs or positioned opposite to the direction of vine
suspension, there is a high likelihood of occurrences such as
mechanical arm collisions with heating pipes or entanglement
with vines. Excluding such targets would effectively reduce
the risk of accidents and contribute to enhancing the overall
continuity and success rate of the harvesting process.

Upon target selection, the robot engages in end-effector
path planning based on target volume and pose keypoints,
refer to Figure 3. Initially, the EP, TQP, MP, QP, and FP
points serve as end-effector motion pathpoints, generating a
smooth end-effector trajectory. To enhance harvesting suc-
cess, collision detection is performed to ensure that the inner
wall and upper edge of the end-effector do not collide with
the tomato trusses. Leveraging prior knowledge of tomato
truss growth, it is observed that fruits predominantly grow
towards the normal direction of the peduncle curve. If there
is a risk of collision, the end-effector path points are shifted
outward along the normal direction of the peduncle curve.
Subsequently, the end-effector follows the planned trajectory
to envelop the main body of the tomato truss containing the
fruits, with the edge containing the blade reaching the SP
point. The end-effector rotates, applying pressure and cutting
the peduncle, thereby completing the harvesting process.

IV. EXPERIMENT RESULTS
A. Dataset and Training

Due to the absence of publicly available cherry tomato
datasets, we collected image data from a commercial green-
house in Haidian District, Beijing. Two datasets were gener-
ated after manual annotation by experts: Dataset-1, tailored
for tomato object detection and ripeness differentiation, com-
prises 2,000 annotated images with 112,000 targets. Dataset-
2, designed for peduncle keypoint detection, encompasses
1,000 images with 5,432 annotated subjects. For phenotypic
multi-task modeling, we employed the YolovSm model and
trained it on Dataset-1, designating 300 images for validation.
Multiple models destined for peduncle keypoint prediction
were trained using Dataset-2, allocating 150 images for the
validation set.

B. Phenotyping Test

Our trained multi-task YOLOv5m achieved an mAP of
90.18% on the validation set for tomato trusses and four
maturity stages of fruits with IOU threshold set at 0.5.
Our assessment of overall ripeness and other phenotypic
applications is based on this model and the adaptive DBscan
method. Subsequently, through an enhanced adaptive cluster-
ing algorithm, fruits were systematically matched with their
corresponding trusses, facilitating an inference of the aggre-
gate ripeness from individual fruit metrics. As a benchmark,
the conventional method utilized a supervised binary classifi-
cation model to evaluate the truss’s maturity directly. Within
a validation dataset consisting of 300 image samples, both
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1: Start Point, SP
2:Cutting Point, CP
3: Fisrt Point, FP

4: Quarter Point,
QP
5: Mid Point,
MP
6: Three-
Quarter Point,
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Fig. 3. A tomato truss is represented by a combination of 7 peduncle keypoints and multiple fruit keypoints. The harvesting process, termed “’bottom-up
wrapping,” involves (a) initial positioning below the target; (b) slow ascent and translation along the peduncle curve to avoid collisions with the target
until all fruits are fully enveloped; (c) bringing the edge of the end-effector close to the SP point; (d) rotating the end-effector, causing the peduncle to
fall into the slot and be cut by the blade; (e) applying continued pressure through rotation; (f) the peduncle is severed and falls into the collection mesh.

Key keypoints predominantly utilized in each stage are denoted in blue.

methodologies were rigorously examined, and the findings
are delineated in Table 1.

TABLE I
ACCURACY COMPARISON OF TOMATO TRUSSES MATURITY
ASSESSMENT ON THE VALIDATION SET: OUR APPROACH
(PHENOTYPING BASED ON OBJECT DETECTION) VS. TRADITIONAL
METHODS (SUPERVISED DEEP LEARNING CLASSIFICATION MODELS).

Method Result

Our method 0.8971
Mobilenet-v2 0.8604
Resnet18 0.8101
Efficientnet-b4 0.8449
Swin-Transformer small ~ 0.8527

The experimental results demonstrate that our method
exhibits a significant accuracy advantage in estimating the
maturity of entire tomato trusses. Moreover, this method
aligns well with agronomic standards, maintaining excellent
interpretability and adjustability. To illustrate, if there’s a shift
in ripeness criteria to consider a tomato truss as mature only
when every individual fruit achieves or surpasses a certain
maturity threshold, the conventional classification approach
would demand an exhaustive re-evaluation and adjustment
of annotations across the dataset.

C. Pose estimation test

We compiled a pedicel keypoint validation set comprising
150 images to evaluate the pose estimation accuracy of
various models. The test results are presented in Table 2.

Based on the experimental results, when using the OKS
metric with a threshold of (.75, our method exhibited
outstanding performance, achieving a precision of 0.7561.
Although our algorithm lags in inference speed, considering
that the operational efficiency of the harvesting robot is
predominantly constrained by the several-second action cycle
of its mechanical components, this shortfall seems relatively
insignificant compared to perception speed.

Furthermore, we observed that keypoint prediction models
based on heatmaps generally outperform models that directly

TABLE II
PERFORMANCE OF VARIOUS MODELS ON THE PEDICEL KEYPOINT
VALIDATION SET USING OKS METRIC AT A THRESHOLD OF 0.75.

Category Model Input size OKS@.75
Our method 256x192 0.7561
HRnet_w32 256x192 0.6968
Heatmap DarkPose 384x288 0.7113
based CID 512x512 0.4895
UDP 384x288 0.7456
RTMPose_L 256x192 0.7452
Regression  Yolov8-pose 640x640 0.5307
based RES101_RLE 256x192 0.5447

regress the keypoint positions in detecting peduncle key-
points. This is likely related to the small pixel area that the
peduncle occupies in the image. For instance, in a 720P frame
containing a tomato truss image with dimensions 138x438
pixels, the pedicel has a pixel width of 8. Prior to input into
the HRnet with an input layer of 192x168, this pedicel pixel
region is magnified. Conversely, models employing global
computations, such as YOLO with an input layer of 640x640,
would compress the pedicel image, thereby compromising
precise prediction.

D. Automated Harvesting experiment

In a greenhouse, two rounds of experiments were con-
ducted. First, under a controlled scenario, we evaluated the
robot’s performance using a harvesting path planning based
on pose estimation, also known as ’Bottom-up wrapping’,
and its end-effector’s proficiency when confronting tomato
trusses of varied orientations. Second, we tested AHPPEBot’s
continuous harvesting capability in an unaltered environment.

1) Harvesting Test Under Different Target Poses: In the
experiment, we manually pruned to ensure only one cluster
of tomatoes was present in the robot’s workspace, preventing
interference with the vines. Upon receiving a start command,
the robot initiated the harvesting. If three consecutive at-
tempts failed, or if there were safety concerns or damage
to the tomato, the action was deemed unsuccessful. In such
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cases, the operator intervened, halting the operation and re-
moving the target tomato trusses. Upon successful harvesting,
the robot moved to the next pick point.

In preliminary tests, due to constraints from planting
infrastructure and the direction of tomato plant hangings,
clusters with orientations facing left or inwards (growing
towards the cultivation trough) were challenging to harvest
from the robot’s viewpoint. Consequently, these outliers were
excluded, focusing only on clusters suitable for harvesting,
those facing right or towards the robot. The success rates for
critical steps throughout the harvesting process are detailed
in Table 3.

TABLE IIT
TOMATO TRUSSES HARVESTING SUCCESS RATES FOR TWO POSES
UNDER MANUAL INTERVENTION: SP POINT PREDICTION (ACCURACY
IN LOCATING POINTS ON THE PEDICEL), BOTTOM-UP WRAPPING
(SUCCESS IN TARGET ENCASEMENT), DETACHMENT EFFICACY
(SUCCESSFUL PEDICEL CUTTING), AND OVERALL HARVESTING
INTEGRITY (PRESERVATION AND CORRECT MATURITY OF TOMATO

TRUSSES).

Tomato .

Bunch Sp Pognt . Bottom-.up Detach  Harvesting
Identification Wrapping

Pose

Front 86.36% 95.45% 95.24%  90.90%
(19/22) (21/22) (20121)  (20/22)

Right 84.62% 92.31% 95.83%  88.46%
(22/26) (24/26) (23/24)  (23/26)
85.41% 93.75% 95.56%  89.58%
(41/48) (44/48) (43/45)  (43/48)

In the experimental results, the success rate for the Bottom-
up wrapping reached 93.75%, while the detach success rate
was 95.56%, and the overall harvesting success rate stood at
89.58%. It’s noteworthy that successful harvesting does not
solely rely on accurate prediction of the target keypoints, the
precision with which the end-effector encircles the tomato
trusses is equally crucial.

2) Autonomous Continuous Harvesting Test: In this ex-
periment, we continued with the target selection strategy
outlined in the previous section, focusing primarily on two
types of target postures for harvesting. Unlike before, the en-
vironment wasn’t manually pruned for this test, and the robot
attempted each target only once. The robot autonomously
operated in an environment teeming with potential harvesting
targets, encompassing actions like: advancing, target identifi-
cation, assessing harvest viability, executing the harvest, and
autonomously moving to the next target location.

The main emphasis of this experiment was on: the robot’s
decision-making accuracy based on phenotype and posture
estimation, the success rate of the harvesting operation, and
its capability to execute tasks consecutively. To delve deeper,
multiple tests were conducted, from which a representative
experiment involving the operational records of 15 tomato
trusses was selected. The specific data is presented in Table
4.

In the results of this experiment, we observed that the
Bottom-up wrapping method based on posture estimation
achieved a success rate of 93.33%. The end effector’s success

TABLE IV
HARVESTING RESULTS FOR VARIOUS TOMATO TRUSSES IN
CONTINUOUS AUTOMATIC PICKING EXPERIMENTS IN NATURAL
ENVIRONMENTS: *TIME USED’ REFERS TO THE DURATION REQUIRED
FOR THE ROBOTIC ARM TO MOVE FROM ITS INITIAL POSITION TO
COMPLETE THE CUTTING PROCESS.

Tomato
Truss ?;::::;:; Detach  Harvesting Time used (s)
Pose
1 Front v 26
2 Right v 21
3 Right v 24
4 Right v 22
5 Front v 34
6  Right v x x 32
7 Front v 27
8 Right v 26
9 Back X - X 32
10 Right v 28
11 Right v 30
12 Front v 29
13 Right v 31
14 Right v 30
15 Front v 30
93.33% 92.86%  86.67% 11n3 :;;SC?”%
(14/15) (13/14) (13/15) avg. 32.465

rate for stem detachment stood at 92.86%, with an overall
harvesting success rate reaching 86.67%.

Upon analyzing the factors leading to harvesting failures,
we identified three primary causes: 1) Interference from
the actuator leading to target displacement; 2) Errors in
posture estimation; and 3) Limitations of the end effector’s
performance. To illustrate, the tomato trusses labeled as #9
encountered errors in posture estimation due to occlusions,
causing it to bypass the decision system’s filter, and the
end effector could not successfully enclose and harvest the
target. Additionally, the failure in harvesting the #6 tomato
trusses occurred because the end effector rotated, with its
netted bottom touching the base of the cluster, displacing it.
Consequently, the stem did not fall into the guiding slot for
the blade to cut, resulting in an unsuccessful harvest.

V. CONCLUSION

In this paper, we design AHPPEBot, an advanced robot
specifically designed for the automated harvesting of toma-
toes. To ensure the autonomy and precision of the robot’s
harvesting capabilities, we integrated two pivotal technolo-
gies: a rapid phenotyping method based on object detection
and a pose estimation technique for tomato trusses using key
points. These integrations have enhanced the robot’s abilities
in recognizing tomato trusses, decision-making, and planning
its harvesting path. Experimental results in a greenhouse
setting reveal that with effective visual guidance and a high-
performing end-effector, our robot achieved state-of-the-art
harvesting success rates, demonstrating its capability for
continuous harvesting. The results offer a highly efficient and
reliable automated solution for agricultural robotics.
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