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Abstract— In recent years, the increasing labor burden in
Japanese agriculture has become a serious issue, driving the
development of robots to assist in transporting harvested crops.
This study proposes a method that recognizes the action tran-
sitions of agricultural workers and enables smooth transport
assistance by utilizing three-dimensional skeletal information
obtained from RGB-D images. Specifically, we employ Spatial
Temporal Graph Convolutional Networks (ST-GCN) to detect
the transition from “harvesting” to “loading.” The recognition
results are used to control the robot so that it approaches
the worker before the loading action begins. The proposed
method introduces a new labeling scheme tailored to harvest-
ing and crop-loading motions, thereby improving recognition
performance with ST-GCN. Evaluation experiments verified
its generalization capability to different harvesting postures
and workers, demonstrating an 18.7% improvement in action
transition recognition accuracy compared with conventional
methods. Furthermore, in robot-following experiments with
the proposed method implemented, we confirmed that the
system could both recognize action transitions and adjust the
target following distance before the worker started loading.
These results show that an ST-GCN specialized for agricultural
tasks can effectively recognize harvesting action transitions,
contributing to reducing the burden on workers during crop
transportation.

I. INTRODUCTION

In recent years, Japanese agriculture has been facing
challenges such as an aging workforce and an increased labor
burden caused by the expansion of farm management scales
due to farmland consolidation [1]. To alleviate these burdens,
robots that assist in transporting harvested crops have been
proposed. Fig. 1 shows the agricultural robot targeted in
this study performing transport assistance. A farm worker
harvests crops, and when they can no longer carry them,
loads them onto the robot. This study aims to develop a
robot that maintains a safe distance behind the worker during
harvesting and leaf/fruit thinning, and rapidly approaches
within reach during loading. The target applications include
leaf removal and fruit thinning for ridge-cultivated crops
such as tomatoes, eggplants, and watermelons. In these tasks,
depending on crop height and the specific operation, workers
adopt a variety of postures, including squatting, bending
at the waist, and standing while working overhead. The
key challenge is to reliably recognize loading actions from
multiple harvesting postures—despite differences in worker
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Fig. 1: An example of harvesting eggplants in a standing
position using the transport support robot targeted in this
study. The worker harvests crops growing at various heights
in a variety of postures and loads them onto the robot.

height and movement patterns—and to detect transitions
from harvesting to loading promptly, enabling the robot to
approach the worker at the right moment.

In prior work, a method was proposed in which an RGB-D
camera mounted on the robot was used to maintain a constant
distance from the farm worker and follow safely in narrow
crop rows, as illustrated in Fig. 1 [2]. However, rather than
simply keeping a constant distance, it is desirable for the
robot to maintain an appropriate distance during harvesting
so as not to interfere with the work, and to approach the
worker during loading so that transportation assistance can
be provided without interrupting the task. Furthermore, when
the worker transitions from harvesting to loading, the robot
should approach before the transition is complete, enabling
the worker to continue tasks seamlessly without having to
wait for the robot to arrive.

In the context of cooperative work between robots and
workers in agriculture, a method has been proposed that
adjusts the following distance based on the worker’s center of
gravity [3]. However, this method is applicable only when the
worker’s center of gravity differs between the “harvesting”
and “loading” phases, and thus its application to a variety of
crop harvesting scenarios is desirable. In addition, research
has been conducted in which workers are equipped with
IMUs and an LSTM model is used to achieve highly accurate
action recognition [4]. Nevertheless, considering the aim of
this study to reduce workload, a non-contact recognition
method using sensors mounted on the robot is preferred.

In this study, we propose a method for recognizing the
transition of agricultural worker’s actions from harvesting to
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Fig. 2: Harvesting postures

loading by applying the Spatial Temporal Graph Convolu-
tional Network (ST-GCN) [5] to three-dimensional skeletal
information obtained from an RGB-D camera. ST-GCN
models each joint as a node and constructs a graph structure
by connecting edges not only between joints within a frame
but also between the same joints across adjacent frames
along the temporal axis, achieving high recognition accuracy.
However, although the datasets used in prior evaluations
include various movements, they do not evaluate harvesting
actions in agricultural work. Furthermore, ST-GCN uses a
partitioning strategy dividing joint nodes into subsets to
capture local motion features during graph convolution, with
ongoing research to improve it [6] [7] [8]. However, existing
strategies do not consider harvesting work characteristics,
leaving the effect of a harvesting-specific partitioning on
recognition accuracy unclear.

To address this, we propose a new partitioning strategy
tailored to harvesting–loading work and evaluate its impact
on recognition accuracy and the recognition delay time for
the harvesting-to-loading transition. We also verify whether
the following distance of the robot can be adjusted before
the loading motion begins, based on the recognition results.

The major contributions of this study are as follows: 1)We
propose a method to recognize action transitions of agri-
cultural workers, whose harvesting postures vary depending
on the type of crop, by applying ST-GCN. 2)Harvesting
actions are characterized by the independent and consistent
motion patterns of the arms and torso. We propose a new
partitioning strategy based on this characteristic, termed
Arm–Body Partitioning, and demonstrate that adopting a
task-specific partitioning strategy contributes to improved
recognition accuracy. 3)We implement the proposed method
in a transport-assist robot and demonstrate that, with suffi-
cient recognition accuracy and acceptable recognition delay
between harvesting and loading, the robot can follow without
interfering with the worker’s task.

II. ACTION TRANSITION RECOGNITION AND
FOLLOWING USING ST-GCN

WITH A NOVEL PARTITIONING STRATEGY

A. Definition of harvesting actions in agricultural work

In this study, RGB images and depth information are
acquired at 30 frames per second using an RGB-D camera.
Based on manually classified input data, ST-GCN is trained
to recognize harvesting and loading actions. The dataset used
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Fig. 3: The model structure of the ST-GCN used in this study

for training, validation, and evaluation includes a series of
harvesting tasks involving transitions from each harvesting
posture to loading. To enhance the generalization perfor-
mance of recognition, harvesting tasks were performed from
both left and right directions relative to the camera viewpoint
for all harvesting postures.

We classify the actions into the following five categories.
Harvesting actions are divided into three classes based
on posture: “standing,” “semi-squatting,” and “crouching”
harvesting, examples of which are shown in Fig. 2. The
transition from harvesting to loading and the loading actions
themselves are classified into two classes, “transition” and
“loading,” regardless of the harvesting posture. The reason
for dividing them into two classes is to improve the accuracy
of action transition recognition by enabling “transition” to be
learned as an individual class.

B. Model Architecture Definition of ST-GCN

Spatial Temporal Graph Convolutional Networks (ST-
GCN) [5] realize action recognition based on a spatio-
temporal graph structure constructed from human joint node
data. Discrete joint node coordinates are connected spatially
by linking physically adjacent joint nodes, forming a spatial
skeletal graph at a given time.

First, an undirected graph G = (V,E) with N nodes and
T frames is constructed. Here, the node set V is defined as
follows, allowing the construction of a graph for a single
frame:

V = {vti | t = 1, . . . , T, i = 1, . . . , N} (1)

vti represents the feature of joint i at frame t. Each
node vti has the following dimensions, including the three-
dimensional coordinates xti, yti, and zti, as well as the
confidence score cti from the skeleton estimation algorithm.

vti = (xti, yti, zti, cti) (2)

The edge set E is divided into spatial edges ES and
temporal edges ET, constructing the spatio-temporal graph.
The spatial edges ES represent connections between different
joints within the same frame, and are defined as

ES = {vti, vtj | (i, j) ∈ H} (3)

where H is the set of human joint connections. The temporal
edges ET represent connections between the same joints
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across different frames, and are defined as

ET = {vti, v(t+1)i} (4)

By combining these two types of edge sets, the spatio-
temporal graph of the skeleton is constructed, allowing
simultaneous acquisition of spatial and temporal information.
These are illustrated as shown in Fig. 3.

As an action recognition network, ST-GCN enables the
recognition of temporal sequences of actions by processing
spatial and temporal information through two components:
spatial graph convolution (SGCN) and temporal convolution
(TCN). Based on the constructed human skeletal graph, the
spatial graph convolution is defined as follows:

fout(vti) =
∑

vtj∈B(vti)

1

Zti(vtj)
fin(vtj) ·W (l(vti, vtj)) (5)

Here, B(vti) denotes the set of neighboring nodes for
the sampling center vti, including nodes whose shortest
distance (hop count) to vti is at most a constant D, where
in this study D = 1. Zti is the number of elements in the
neighboring node set, fin represents the input features, which
are the three-dimensional skeletal coordinates, and W is the
weighting function. l(vti, vtj) indicates the label mapping
between node vti and its neighboring node vtj based on the
partitioning strategy. The partitioning strategy is described
later in Section II-D. After processing with spatial graph
convolution, nodes corresponding to the same joint across
different frames are connected along the temporal direction,
linking the spatial graph structures to form a temporal graph
structure. As a result, a set of nodes with frame indices q
satisfying the following condition is obtained, and based on
this node set, actions are recognized:

B(vti) =

{
vqj

∣∣∣∣ d(vtj , vti) ≤ D, |q − t| ≤ Γ

2

}
(6)

Here, Γ denotes the temporal kernel size, q and t are
frame index, and d(vtj , vti) represents the shortest distance
(number of hops) between nodes.

Based on these, the label mapping is modified as follows:

lST (vqj) = l(vti, vtj) + (q − t+ ⌊Γ/2⌋)×K (7)

Here, K denotes the number of subsets into which the
neighboring node set is divided according to the partitioning
strategy.

C. Model Architecture for Action Recognition in Agricultural
Work

The overall structure of the proposed network is shown in
Fig. 3. As described in Section II-B, skeleton information
spanning multiple frames is used as input, where human
joints are represented as nodes and the connections of the
skeleton as edges to construct the graph. With the number
of joints J , the number of input frames T , and the feature
dimension per node C (three-dimensional coordinates and
joint detection confidence), the graph-structured data has
dimensions of J × T ×C and serves as input to the spatio-
temporal graph convolutional network.

Each basic unit of the proposed method consists of two
modules: a spatial graph convolution module (GCN) and a
temporal convolution module (TCN). The TCN follows the
GCN, and each contains convolutional layers, batch normal-
ization layers, and ReLU activation layers that extract tem-
poral and spatial features, respectively. The entire network is
composed of multiple basic units with residual connections
applied. Before inputting to the network, normalization is
performed via a batch normalization layer to accelerate
convergence. The output feature maps are converted into
fixed-size feature vectors by global average pooling. At the
end of the network, a Softmax function is applied to classify
the action classes and produce the final prediction.

D. Proposal of a new partitioning strategy

Fig. 4 illustrates the conventional partitioning strategy
and the new partitioning strategy proposed in this study. In
2D convolution, adjacent pixels have a fixed spatial order,
allowing the implementation of weight functions by indexing
tensors according to this order. However, such an order does
not exist in general graphs. Therefore, instead of assigning a
unique index to each neighboring node, ST-GCN divides the
set of neighboring nodes into predefined subsets and assigns
different indices to each subset. This method is called the
partitioning strategy. The area indicated by the blue dashed
line shows an example of the filter’s receptive field, and the
node enclosed by the red box corresponds to the root node
of the receptive field for the filter.

Here, Fig. 5 illustrates the difference in adjacency matrices
with and without the partitioning strategy in a given graph
structure. In the adjacency matrix, 1 is assigned if an edge
exists between nodes, and 0 otherwise. By introducing the
partitioning strategy, the adjacency matrix is formed sep-
arately for each divided subset, and the weight matrices
are also learned individually for each subset, enabling the
recognition of local features.

1) Spatial configuration: ST-GCN [5] introduces a parti-
tioning strategy to improve recognition accuracy and, based
on validation with large-scale datasets [9] [10], proposes
a new partitioning strategy called “Spatial configuration
partitioning,” as shown in Fig. 4(a). This strategy divides
the neighboring set into three subsets: 1) the root node
itself, 2) the centripetal group: neighboring nodes closer to
the skeleton’s center of gravity than the root node, and 3)
the centrifugal group: neighboring nodes farther from the
skeleton’s center of gravity than the root node.

Here, the center of gravity is defined as the average
coordinate of all joints within the skeleton in a frame.
Formally, let rj be the distance from the root node to the
center of gravity, and ri be the distance from the center of
gravity to joint i, represented by the following:

l(vti, vtj) =


0 if rj = ri

1 if rj < ri

2 if rj > ri

(8)
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Fig. 4: Partitioning strategies used in the conventional method and the proposed method in this study. The numbers inside
the nodes represent the label values for each strategy. (a) Spatial configuration partitioning. Nodes are labeled by their
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Fig. 5: Changes in the adjacency matrix due to the introduc-
tion of graph partitioning strategy

2) Distance Partitioning: A partitioning method based on
the distance from the root node has also been proposed for
dividing the node set [5]. In this study, since the 1-hop
neighboring node set is used, the partitioning is as shown
in Fig. 4(b): 1) the root node itself, and 2) all other nodes,
which are represented by the following:

l(vti, vtj) = d(vtj , vti) (9)

3) Arm-Body Partitioning: In action recognition using
skeletal graphs, it has been reported that partitioning based
on human body parts improves recognition accuracy and
robustness [11] [12]. In harvesting tasks as well, arm move-
ments and movements of other body parts have distinct
characteristics specific to each action, and considering them
separately is expected to improve recognition accuracy.
Therefore, as shown in Fig. 4(c), the nodes are partitioned
into 1) the arms and 2) other nodes, represented by the
following:

l(vti, vtj) =

{
0 if arm
1 if body

(10)

4) Arm-Body & Distance Partitioning: In the arm-
distance partitioning, if the neighboring node set consists

entirely of arm nodes or entirely of non-arm nodes, the rep-
resentational capacity may decrease. Therefore, we propose
a partitioning method that combines the arm partition with
a distance-based partition from the root node (red circle), as
shown in Fig. 4(d). The colors of the nodes indicate whether
they are arms or not, and the numbers inside the nodes
represent the distance from the root node. This is expressed
by the following:

l(vti, vtj) =


0 if root & arm
1 if root & body
2 if non-root & arm
3 if non-root & body

(11)

III. IMPLEMENTATION OF AN ACTION TRANSITION
RECOGNITION METHOD IN HARVESTING WORK

The flowchart of the following behavior based on action
recognition using ST-GCN is shown in Figure ??. During
the training process, an action transition recognition model is
created using joint position coordinates obtained by applying
a pose estimation algorithm to RGB images and depth
data. During the following process, actions are recognized
using this model, and the robot is commanded to adjust the
following distance to the worker based on the recognition
results. The following sections provide detailed explanations
of each process.

A. Acquisition of joint position coordinates during the train-
ing process

In this study, to create data for the training process, action
data simulating actual harvesting tasks are collected using an
RGB-D camera from a sufficiently distant position relative
to the worker. For the RGB images, skeleton estimation
is performed using YOLOv8n-pose [13], which detects 17
joint coordinates as 2D points in the image. Using the depth
information and the estimated 2D joint coordinates, the three-
dimensional joint positions with the camera as the origin are
calculated by applying Eq. (12). The coordinate system is
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Fig. 6: Flowchart of action recognition using ST-GCN for a
following robot

defined as shown in Fig. 7(a).

(xi, yi, zi) = ((ui − cx)di/fx, (vi − cy)di/fy, di) (12)

Here, using the optical center (cx, cy) and focal lengths
(fx, fy), the 3D coordinates of each keypoint (index i)
obtained by YOLO are calculated from its 2D image coordi-
nates (ui, vi) and depth information di. The data acquired in
this way were classified by action, and the resulting dataset
was used for training and model construction.

B. Acquisition of joint position coordinates during the fol-
lowing process

During robot following, the robot approaches the worker,
which may cause the entire body of the worker to not
fit within the camera’s field of view. Therefore, to ensure
that the whole body of the worker fits within the camera’s
view, the camera was installed with a pitch rotation of θ
at the head height (1.7 m above the ground). Fig. 7(b)
shows an example of the positional relationship between the
robot and the worker. The transformation formula for joint
positions is modified accordingly and, as shown in Eq. (13),
a rotational transformation is applied to the xi, yi, zi obtained
by Eq. (12).

(x′
i, y

′
i, z

′
i) = (xi, yi cos θ − zi sin θ, yi sin θ + zi cos θ)

(13)

C. Calculation of the target-following position

Using the method described in Section III-B, the 3D
coordinates of each joint are obtained, based on which
the target position for following is determined. Specifically,
using the 3D coordinates of the left hip (i = 11) and right
hip (i = 12), the following point is calculated as shown
in Eq. (14). Since the camera coordinate system (x, y, z)
(Section II-B) and the robot coordinate system (X,Y, Z)
differ, the transformed coordinates (x′

i, y
′
i, z

′
i) obtained by

Eq. (13) are used. Note that for distance calculation on the
2D plane, only the X and Y components of the following
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Fig. 7: Comparison of coordinate systems used in action
recognition and worker following. The camera coordinate
system is used for action recognition, while the robot coor-
dinate system is used for worker following.

point are used:

(Xt, Yt, Zt) =

(
min(z′11, z

′
12),−

x′
11 + x′

12

2
,−y′11 + y′12

2

)
(14)

Here, min(z′11, z
′
12) denotes the smaller value of the z′

coordinates of the left and right hip nodes. If only one of
the hip positions can be estimated, that coordinate is used;
if neither can be estimated, the robot stops in place.

D. Calculation of translational and angular velocities based
on recognition results

In this study, PID control is used to maintain the target
following distance. In the robot coordinate system, the dis-
tance to the target is defined as dt =

√
X2

t + Y 2
t , and the

target distance that the robot should maintain is defined as
dgoal, which is calculated as shown in Eq. (15).

dgoal (m) =

1.4 + L/2 (if harvesting)

0.4 + L/2 (if loading)
(15)

Here, L represents the total length of the robot (1.2 m),
and since the camera is installed at the center of the robot,
L/2 is the distance in the X direction from the robot’s front
end to the camera. These target following distances were
determined based on actual measurements of comfortable
distances for each task between the RGB-D camera and the
worker.

Therefore, to control the velocity vt so that dt approaches
dgoal, the error is defined as ηt = dt − dgoal, and the control
input is calculated using Eq. (16). Here, the PID control
gains used in this study were experimentally determined as
Kp = 0.8, Ki = 10−5, and Kd = 0.1.

vt = Kp · ηt +Ki ·
∫

ηt dt+Kd · dηt
dt

(16)

The angular velocity ωt is calculated according to Eq. (17).
This method is based on pure pursuit [14], where ωt is
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TABLE I: Comparative evaluation of partitioning strategies on the constructed harvesting action dataset.

Partitioning Strategy Accuracy (%) Loading Accuracy (%) Mean Recognition
Delay Time (s)

Standard Deviation
of Recognition Delay (s)

Spatial configuration 68.5 46.2 1.12 0.337
Distance 80.0 83.3 0.718 0.120

Arm-Body 87.1 57.1 0.597 0.307
Arm-Body & Distance 87.2 83.3 0.535 0.336

Bold numbers indicate the highest accuracy values or the shortest recognition delay times.

TABLE II: Action recognition performance based on NTU-
RGB+D dataset. The accuracies on the cross-subject (X-Sub)
and cross-view (X-View) benchmarks are reported.

Partitioning Strategy X-Sub (%) X-View (%)

Spatial configuration [5] 81.5 88.3
Distance 74.1 79.7

Arm-Body 80.5 89.9
Arm-Body & Distance 80.0 91.9

Bold numbers indicate the highest accuracy values.

computed using the following distance ηt/(2 sin θt) and the
angle 2θt.

θt = arctan(Yt/Xt), ωt = 2(vt/ηt) sin θt (17)

IV. EXPERIMENT

A. Experimental Setup

In this study, a dataset consisting of approximately 82,000
frames simulating harvesting tasks in agricultural work was
created using the Intel RealSense Depth Camera D435i.
Using this dataset, an ST-GCN model tailored for harvesting
tasks was trained, and recognition models were constructed
under various conditions.

The computations were performed on a laptop PC
equipped with an Intel Core i7-13620H CPU and an NVIDIA
GeForce RTX 4070 Laptop GPU. The processing time was
on average 2.4 ms per frame for image acquisition and
skeleton recognition, and 93.4 ms on average for action
recognition and output, totaling 95.8 ms. Thus, real-time
processing for target point calculation in action recognition
and robot following at 10 Hz operation is feasible.

Furthermore, following a four-wheel-drive, front and rear
wheel steering robot, the robot maintains a longer distance
for standing, semi-squatting, or crouching harvesting, and a
shorter distance for transition or loading.

In this study, since the objective is to change the robot’s
following distance based on the worker’s action transitions,
evaluation in the experiments was conducted as a binary
classification based on the target following distance.

B. Evaluation Experiments for Model Construction

1) Objective of the Verification and Evaluation Metrics:
This section evaluates the performance of ST-GCN for
harvesting action recognition based on skeleton information.

First, using only the harvesting task data from participant A,
the applicability of ST-GCN is confirmed, and a comparative
evaluation is conducted among the proposed partitioning
strategy and other methods.

In this experiment, the evaluation metrics were accuracy,
loading accuracy, mean recognition delay time, and its
standard deviation. Accuracy is the proportion of correctly
recognized action frames, while loading accuracy measures
correctness specifically during the loading task. High loading
recognition accuracy helps prevent the robot from moving
away at inappropriate times, enabling it to maintain a proper
following distance for smooth operation. Mean Recognition
delay time is the average duration between when a frame
is classified as “transition” and when it is recognized as
such. A delay shorter than the actual transition time (0.799
seconds in the evaluation dataset) indicates the system can
anticipate the worker’s intention before loading begins and
adjust accordingly.

To verify whether the proposed partitioning strategy main-
tains performance in recognizing actions other than harvest-
ing, this study uses the NTU RGB+D Action Recognition
Dataset [10], provided by the ROSE Lab at Nanyang Techno-
logical University, Singapore. Since the worker varies across
subjects and the body orientation of the worker changes
depending on the camera viewpoint, we performed cross-
subject and cross-view evaluations.

Next, using the partitioning strategy that achieved the
highest evaluation, an cross-subject evaluation was conducted
and verified using the same evaluation metrics described
above.

2) Evaluation of Partitioning Strategies: The comparison
of recognition results for each partitioning strategy is shown
in Table I. The results demonstrate that the proposed “Arm-
Body & Distance Partitioning” achieves the highest accuracy
in recognizing worker actions compared to conventional
methods. Specifically, the recognition rate improved from
68.5% to 87.2%, and the recognition delay time was reduced
from 1.12 seconds to 0.535 seconds. Furthermore, since there
is no significant difference in the standard deviation of the
recognition delay time, it indicates that the proposed method
can stably recognize action transitions. The results of cross-
subject and cross-view evaluations based on the partitioning
strategies using the NTU RGB+D [10] are presented in
Table II. These results suggest that adopting the “Arm-
Body & Distance Partitioning” maintains high recognition
accuracy not only for the targeted harvesting and loading
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TABLE III: Comparison of recognition accuracy in cross-subject evaluation.

Training data Evaluation data Accuracy (%) Loading accuracy (%) Mean recognition
delay time (s) Transition time (s)

Participant A 87.2 83.3 0.535 0.799
Participant A Participant B 67.7 45.2 0.164 0.515

Participant C 66.0 56.7 0.330 0.601

Participant A 89.9 99.8 0.278 0.799
Participants A & B Participant B 71.2 78.5 0.288 0.515

Participant C 83.9 96.4 0.363 0.601

Bold numbers indicate the highest accuracy or the shortest recognition delay, obtained by augmenting the data of participants used for training.

TABLE IV: Results of the robot following experiment

Harvesting Posture Misrecognition rate
during harvesting (%)

Following failure rate
during harvesting (%)

Misrecognition rate
during transition (%)

Following failure rate
during transition (%)

Standing 15 5 10 0
Semi-Squatting 10 5 15 5

Crouching 0 0 10 0

actions during agricultural work but also for other actions
performed by workers. This supports the realization of safe
robot following. Based on these findings, this study adopts
the “Arm-Body & Distance Partitioning” for all subsequent
experiments.

3) Cross-Subject Evaluation: The recognition results of
the cross-subject evaluation are shown in Table III. Since
the transition time from harvesting to loading varies among
participants, the average transition time for each participant
is presented here. The model trained only on participant
A’s data showed a significant drop in accuracy for unseen
participants. To address this, training included participants
A and B, with their data adjusted for equal numbers of
harvesting, loading, and transition instances. As a result,
high accuracy was maintained for both trained and unseen
participants. Additionally, recognition delay time was shorter
than transition time, indicating transitions are detected before
loading begins.

C. Evaluation Experiments with Implementation on a Fol-
lowing Robot

1) Verification Objective and Evaluation Metrics: In this
experiment, we evaluate whether it is possible to achieve
robot following based on the recognition of the behavior
transition from “harvesting” to “loading” using a model
capable of handling untrained participants created through
cross-subject evaluation. The commands for velocity and
angular velocity are issued at 10 Hz according to the recog-
nized behavior from the acquired skeleton coordinates. Each
posture (standing, semi-squatting, crouching) is performed
10 times for each left and right side, resulting in a total
of 60 trials for verification. The transition from harvesting
to loading within the sequence of harvesting actions is
evaluated.

The evaluation metrics are the harvesting misrecognition
rate, harvesting following failure rate, transition misrecogni-

tion rate, and transition following failure rate. The harvesting
misrecognition rate indicates the proportion of frames during
harvesting that were mistakenly recognized as “loading.” The
harvesting following failure rate indicates the proportion of
frames during harvesting that were mistakenly recognized
as loading and for which the following distance changed
by more than 0.5 m. Considering that the difference in
following target distances set for harvesting and loading is 1
m, approaching more than half of this difference could cause
discomfort to the worker. Furthermore, since the average arm
length of Japanese males is approximately 0.75 m [15], it
was determined that the robot approaching within 1 m poses
a risk of injury due to contact, and thus 0.5 m was set
as the threshold. The transition misrecognition rate refers
to the proportion of cases in which the system failed to
recognize the transition from “harvesting” to “transition”
and then to “loading” despite the worker performing it.
The transition following failure rate indicates the proportion
of cases where the behavior transition was not recognized
even after 0.5 s had passed since the worker transitioned to
loading. This is based on the fact that the average transition
time obtained from the experiment was less than 0.5 s, and
it was considered necessary for smooth following assistance
that the worker be able to move to the loading action within
1 s after completing harvesting.

2) Experimental Results: The recognition results from the
robot implementation are shown in Table IV. Fig. 8 depicts
the time variation of the velocity commands sent to the
robot and the distance to the following target, including
two behavior transitions from semi-squatting harvesting to
loading.

From Table IV, it can be seen that misrecognition occurred
during both the harvesting and loading stages. However, most
of the misrecognitions during harvesting were temporary, and
the robot was able to correctly recognize “harvesting” again
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(a) Time-series of command velocity issued to the following robot

(b) Time-series of the distance between the robot and the worker

Fig. 8: Results of the robot following experiment. Ground
truth classes are shown by black dashed boundaries and
captions at the top, while recognition results are shaded green
for harvesting and pink for loading.

while approaching, thus maintaining an appropriate distance
for harvesting. Around 2 s in Fig. 8, there is a moment where
“loading” was mistakenly recognized during harvesting, but
since this misrecognition was brief, it was confirmed that the
distance between the robot and the worker did not become
excessively close.

Additionally, when the recognition during transition was
incorrect, around 7 s, the distance to the worker was not
adjusted to approximately 1 m even after 0.5 s had passed
since the end of the transition. However, around 14 s, the
following distance was adjusted within 0.5 s after the worker
transitioned to loading. These observations indicate that the
system meets the requirements of an agricultural harvesting
support system that does not increase the worker’s burden.

Based on the above results, this experiment demonstrates
that by applying ST-GCN for behavior transition recognition
in the robot, the recognition delay time between harvesting
and loading actions does not interfere with the work, en-
abling smooth following.

V. CONCLUSION

In this study, we proposed a method for recognizing
behavior transitions of agricultural workers using ST-GCN
with 3D skeleton data obtained from an RGB-D camera as

input. To handle motions specific to harvesting and loading
tasks, we introduced a new partitioning strategy for the joint
graph structure called “Arm-Body & Distance partitioning.”
Evaluation results confirmed improved recognition accuracy
and reduced delay in recognizing transitions from harvesting
to loading. Consequently, the proposed method demonstrated
the ability to recognize behavior transitions and to adjust the
following target distance before the worker begins loading.

Future challenges include verifying the effectiveness of
the proposed method more realistically by evaluating its
robustness against visual occlusions caused by crops and
surrounding environments in actual field conditions. Further-
more, we aim to quantitatively assess the psychological and
physical burdens imposed on workers by dynamic changes in
following distance, and by collecting and analyzing feedback
from workers, to develop a more practical and cooperative
support system.
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