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Abstract

In open-field agriculture, timely human activity recognition (HAR) is critical for antic-
ipating worker actions and enabling proactive human–robot collaboration. This study
developed an offline early HAR framework based on pre-segmented activity sequences.
Long Short-Term Memory (LSTM) networks were used in conjunction with wearable iner-
tial sensors mounted on the chest, cervical region, lumbar region, and right and left wrists.
Accelerometer, gyroscope, and magnetometer signals were collected from 20 participants
during an outdoor agricultural material-handling task, with a mobile ground robot serving
as the receiving platform for the crate. Each activity was represented by cumulative prefixes
from 30% to 100% of its duration. At the 30% observation ratio, the model achieved a
macro-F1 score of 0.9314, compared with 0.9481 for the full sequence, corresponding to an
absolute difference of 0.0167. Shapley Additive Explanations (SHAP) were also used to
identify the body locations, sensor modalities, and signal channels that contributed most.
The early decisions were mainly supported by sensors placed on the trunk, with wrist
sensors providing complementary information, particularly for standing classification.
Multimodal inertial information was also important. The most influential inputs were
mainly gyroscope and magnetometer channels from the chest, cervical region, and lumbar
region. In conclusion, the high performance at early observation ratios highlights the
potential to support more adaptive and better-coordinated robot-assistance strategies.

Keywords: Long Short-Term Memory (LSTM); Shapley Additive Explanations (SHAP);
prefix-based classification; multi-location inertial sensors; signal-channel attribution; agri-
cultural robotics

1. Introduction
Agricultural robotics has enabled the task automation of several labor-intensive and

repetitive tasks, including crop monitoring, harvesting, seeding, weeding, precision spray-
ing, in-field transport, and material handling [1,2]. However, many agricultural tasks
remain difficult to fully automate. Arguably, most of the challenges are found in open-field
agricultural environments, which constitute dynamic ecosystems that are particularly sus-
ceptible to heterogeneity and unforeseen operational constraints [3]. These challenges are
intensified by the variable lighting conditions, shifting weather patterns, uneven terrain,

Information 2026, 17, 865 https://doi.org/10.3390/info17090865

https://crossmark.crossref.org/dialog?doi=10.3390/info17090865&domain=pdf&date_stamp=2026-09-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/information
https://www.mdpi.com
https://orcid.org/0000-0003-2150-5166
https://orcid.org/0000-0003-1441-9630
https://orcid.org/0000-0001-5633-7022
https://orcid.org/0000-0002-7058-5986
https://doi.org/10.3390/info17090865


Information 2026, 17, 865 2 of 30

and biological diversity of crops [4,5]. The requirement for real-time safety is also of major
importance [6]. This is because human workers and robotic systems frequently operate
within the same shared workspace [7,8]. To mitigate the complexities inherent to these
environments, synergy between humans and robots represents a promising approach [9,10].
In these systems, human cognitive strengths are combined with the precision and strength
of robotic platforms to achieve common operational goals.

Central to this synergy is human–robot interaction (HRI), a multidisciplinary field that
brings together robotics, artificial intelligence, sensor technologies, control engineering, and
human factors. Human activity recognition (HAR) provides a necessary perception layer
for HRI, since it enables robots to translate sensor-based observations of human movement
into meaningful activity labels. This allows them to understand task progression and
coordinate their actions with human workers [11].

1.1. Related Work on HAR in Agricultural HRI

Driven by the growing interest in integrating human–robot collaboration in agriculture
and the significant advancements in both sensor engineering and deep learning [12], two
main methodological pathways have emerged in the relevant literature: vision-based and
wearable-sensor-based HAR.

Indicatively, Morio et al. [13,14] investigated hidden Markov models for pea-
production behavior recognition and Random Forests for fundamental worker-posture
recognition. Their approach relied on a pan-tilt-zoom camera, color markers, silhouettes,
and posture representations. More recent work has shifted toward video-based learning
approaches. Pal et al. [15] utilized a combination of Mask Region Convolutional Neural
Network (Mask R-CNN) and optical-flow descriptors with the intention of classifying hu-
man picker activities in strawberry polytunnels and apple orchards. Moreover, Moysiadis
et al. [16] used depth cameras, skeleton extraction and machine-learning classifiers for the
recognition of static hand gestures. In [17], this vision-based HRI approach was extended
to dynamic human-movement recognition using pose extraction and deep-learning classifi-
cation. In both studies, Robot Operating System (ROS) was also applied to translate human
actions into unmanned ground vehicle (UGV) commands. Although the above systems
supported HRI, some limitations were reported, associated principally with motion blur,
lighting variation, and visual occlusions.

HAR based on wearable sensors, such as accelerometers, gyroscopes, and magne-
tometers embedded in inertial measurement units (IMUs), gloves, or smartphones, has
also gained attention as it can overcome the aforementioned constraints. In short, a waist-
mounted inertial sensing system with two accelerometer channels and one gyroscope
channel was utilized in [18]. This system was used to evaluate k-Nearest Neighbors (kNN),
support vector machines (SVM), and Artificial Neural Networks (ANN) for fall/non-fall
classification and classification of certain agricultural activities. Gokul et al. [19] developed
a wireless gesture-controlled robotic arm for weeding operations, where the hand gestures
were captured via a sensor-embedded glove. Furthermore, Sharma et al. [20] proposed an
approach based on neural networks for classifying usual agricultural activities, such as
harvesting, transplantation, and walking, leveraging accelerometer data from a smartphone
carried by a farmer. Martins et al. [21] investigated inertial-based posture recognition for
agricultural tasks using wearable IMUs and five deep-learning architectures. They also
applied the Gradient-weighted Class Activation Mapping (Grad-CAM) to improve the
explainability of posture-classification decisions.

In the same vein, a situation-awareness layer via HAR was provided in [22], allowing a
UGV to recognize specific worker activities so that human and robot actions can be synchro-
nized during a collaborative harvesting scenario. Data were gathered during outdoor farm
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experiments from participants wearing five IMUs on strategically selected body locations.
A Long Short-Term Memory (LSTM)-assisted HAR framework was implemented to investi-
gate optimal sensor placement and multimodal sensor fusion. The same publicly available
dataset was reused by Mekruksavanich and Jitpattanakul [23]. In this study, a lightweight
one-dimensional ResNeXt architecture was proposed while different temporal-window
lengths were evaluated. The methodological focus changed in [24], which used the same
dataset. Specifically, Shapley Additive Explanations (SHAP)-based interpretation was used
to quantify feature-level contributions associated with body location, sensing modality, and
signal axis to the model predictions, while XGBoost was used to classify the activities.

A concise comparison of the reviewed studies and the proposed method is provided
in Table 1. The comparison focuses on the agricultural context, sensor type, methodological
approach, early-recognition capability, and explainability component.

Table 1. Comparison of related studies on HAR in agricultural HRI and the proposed method.

Study Agricultural
Context/Task Sensor Type Method Early

Recognition Explainability

Morio
et al. [13]

Worker-posture
recognition for
understanding

agricultural worker
behaviors

Camera-based
silhouettes and
color-marker

posture
representations

Lookup-table-
based and

Random-Forest-
based posture

recognition

No No

Morio
et al. [14]

Agricultural worker
behavior recognition
for intelligent worker

assistance in pea
production

Pan-tilt-zoom
camera and color-

marker-based
posture

information

Hidden Markov
models No No

Pal
et al. [15]

Human picker activity
classification in

strawberry
polytunnels and apple

orchards

RGB-D/depth
video

Mask R-CNN,
optical flow, KDE,

and
K-means-based

classification

No No

Moysiadis
et al. [16]

Static hand-gesture
recognition for

agricultural HRI

Depth camera and
skeleton-based

hand landmarks

ML classifiers and
ROS-based

robot-command
execution

No No

Moysiadis
et al. [17]

Dynamic
human-movement

recognition for
agricultural HRI

Vision-based
human-movement

data

LSTM-based
movement

classification and
ROS-based UGV

actions

No No

Son
et al. [18]

Fall and activity
classification in

agricultural workers

Two
accelerometers

and one gyroscope

kNN, SVM, and
ANN No No

Gokul
et al. [19]

Gesture-controlled
agricultural weeding

robot

Sensor-embedded
glove

Gesture-based
wireless

robotic-arm
control

No No
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Table 1. Cont.

Study Agricultural
Context/Task Sensor Type Method Early

Recognition Explainability

Sharma
et al. [20]

Agricultural activity
detection, including

harvesting,
bed-making,

transplantation,
walking, and standing

Mobile-phone
accelerometer Neural networks No No

Martins
et al. [21]

Inertial-based posture
recognition for

agriculture- and
construction-related

tasks

Wearable inertial
sensors

CNN, LSTM,
Transformer,

CNN-LSTM, and
CNN-Transformer

models

No
Yes; Grad-

CAM-based
interpretation

Benos
et al. [22]

Agricultural
harvesting scenario

involving
human–robot
collaboration

Wearable IMUs

LSTM-based HAR;
sensor-placement
and multimodal-
fusion analysis

No No

Mekruksa
vanich and

Jitpat-
tanakul [23]

Wearable-sensor-
based activity
recognition for

agricultural HRI

Wearable IMUs Lightweight
1D-ResNeXt

No;
short-window
analysis but no

prefix-based
early

recognition

No

Benos
et al. [24]

Explainable HAR for
human–robot

collaboration in
agriculture

Wearable IMUs XGBoost and
SHAP No

Yes; SHAP
after complete-

activity
classification

Present
study

Outdoor agricultural
HRI crate-handling

task
Wearable IMUs LSTM and SHAP

Yes; cumulative
activity

prefixes from
30% to 100%

Yes;
observation-
ratio-specific

SHAP analysis
at body-
location,
sensor-

modality, and
signal-channel

levels

1.2. Research Gap, Novelty, and Contributions

As summarized in Table 1, existing studies have mainly focused on HAR where
agriculture-related worker activities are classified using complete activity recordings. This
retrospective approach, however, is less suitable for real-time agricultural HRI, as collabo-
rative robots (also known as “cobots”) often need to react before a worker has completed
an action [25,26]. In time-series research, early classification specifically addresses this
requirement by predicting the class of a partially observed time series, where earliness
and accuracy usually represent two competing objectives [27]. Successful applications
have been reported in several time-critical domains, such as medical diagnostics, quality
monitoring in manufacturing, and crop type mapping [28,29]. In collaborative robotics,
the ability to infer a worker’s intended action before the action is completed is commonly
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discussed in terms of human intention recognition, action anticipation, and proactive
human–robot collaboration [30,31].

An important methodological gap remains between early time-series classification
and wearable-sensor-based agricultural HAR. Studies on wearable-sensor-based HAR in
agriculture have shown that IMU data can support activity classification. Nevertheless,
they have not quantified the amount of partial movement information required for reliable
activity recognition. This is particularly important in collaborative field operations, where
the practical value of HAR depends on both classification accuracy and whether the
recognition is available early enough to support timely robot response. In practical terms,
early predictions should be accompanied by interpretable information that can guide
the optimization of sensor and body-location selection. This has the potential to reduce
system cost, hardware complexity, and deployment burden in future agricultural HRI
systems. Interpretable results can also enhance trust in future agricultural HRI systems
by making model decisions more transparent. To the best of our knowledge, this prefix-
specific explainability perspective has not yet been examined in agricultural HAR based on
wearable sensors. In previous agriculture-related studies, model interpretation has been
applied exclusively after complete-activity classification [21,24].

To address this gap, the present study introduces an explainable early-recognition
framework for wearable IMU-based agricultural HRI. Each worker activity is treated as a
multivariate temporal sequence. Progressively observed prefixes from 30% to 100% of the
activity duration are evaluated using an LSTM-based classifier, ranging from early activity
recognition, based on limited movement information, to full-sequence classification. In
addition to model performance, explainability is assessed separately at each observation
ratio to determine how the importance of body location, sensor type, and signal channel
changes as more of the activity sequence becomes available.

Compared with previous agricultural HAR studies based on wearable IMUs, the
present work extends the field in two ways:

• It evaluates HAR from cumulative prefixes of each movement sequence, instead of
complete activity recordings. This links HAR performance to the amount of motion
information available before the human action is completed.

• SHAP-based explainability is applied separately at each observation ratio. This allows
the contribution of body locations, sensor modalities, and individual signal channels
to be examined from early recognition to full-sequence classification.

Importantly, the study reports a new outdoor wearable-IMU dataset, where the human
worker performed the material-handling task and the ground robot served as the receiving
platform for the crate, a scenario inspired by prior agricultural studies [17,32–34]. Given
the scarcity of publicly available agricultural HRI datasets, the dataset is made publicly
available to support reproducibility and future benchmarking.

In summary, the results show that the proposed framework maintained high recog-
nition performance even when only the early part of each activity was observed. The
explainability analysis showed that early predictions were mainly supported by trunk-
related sensors, namely the chest, cervical region, and lumbar region. At the modality and
channel levels, the analysis showed that the model used information from all three IMU
modalities, while gyroscope and magnetometer channels from central body locations were
among the most influential inputs.

2. Materials and Methods
The proposed explainable early activity-recognition framework is summarized as

an analysis pipeline in Figure 1. The workflow begins with data acquisition from both
wearable IMUs and synchronized video recordings during an outdoor agricultural HRI
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task. Afterward, video-assisted annotation is conducted to define the six activity classes
and assign the corresponding activity boundaries to the synchronized IMU time series.
The synchronized recordings are subsequently checked, assembled into multichannel
IMU inputs, and then transformed into cumulative activity prefixes, which represent
different observation ratios. These prefixes are used to train and evaluate LSTM models
under repeated participant-wise train/validation/test splits. Finally, explainability analysis
is applied to identify the main signal factors contributing to the model predictions at
each observation ratio. The methodological details of the pipeline are provided in the
following subsections.

Figure 1. Analysis pipeline of the proposed explainable early activity-recognition framework.

2.1. Data Acquisition

The dataset was collected during outdoor experimental sessions carried out on a farm
in central Greece, representing a collaborative agricultural handling scenario in which
a worker and a UGV share the same workspace during crate transport. In particular,
we followed the experimental protocol established in [22], namely the same participant
group, task sequence, sensor configuration, and recording procedure. However, the dataset
analyzed in this research consists entirely of new recordings acquired in a separate experi-
mental session: no IMU recordings or trials from [22] were reused.

In the present study, the trials were performed with the Husky (Clearpath Robotics,
Kitchener, ON, Canada) UGV, which had a crate-deposit height of 40 cm. This UGV was
selected as a rugged, medium-sized, all-terrain robotic platform that is widely used in
agricultural robotics research. The modular architecture of this robotic platform, combined
with its ROS compatibility, provides the flexibility needed to integrate different sensors,
payloads, and control modules for agricultural experiments [35,36]. This differs from the
configuration used in [22], which included a Thorvald platform (SAGA Robotics SA, Oslo,
Norway). In that case, the crate was deposited at a height of 80 cm. The lower deposition
height used here may introduce variation in the recorded movement signatures, mainly
during the final crate-placing phase, since participants had to adapt their trunk and wrist
movements to the specific robot configuration. An overview of the IMU placement, six-class
task protocol, and video-based annotation of synchronized IMU time series is illustrated in
Figure 2.

In summary, twenty healthy volunteers participated in the experiments, consisting
of 10 males and 10 females. Their mean age was 30.13 years, with a standard deviation
of approximately 4.13 years. Moreover, their mean height and body mass were 1.71 m
(SD = 0.10 m) and 70.20 kg (SD = 16.1 kg), respectively. Participants could participate in the
experimental sessions only if they had no musculoskeletal injury or surgical intervention
during the previous year that could affect their ability to perform the experimental task.
Before the beginning of the trials, all participants provided informed consent. The synchro-
nized video recordings were used only for offline activity annotation and are not published
or shared. Additionally, all data used in this analysis were de-identified. A five-minute
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warm-up was also performed before testing to reduce the risk of injury during the lifting
and carrying task [37].

Figure 2. Overview of the IMU placement, experimental protocol, and video-based annotation workflow.

Each trial reproduced a simple crate-handling operation within a collaborative har-
vesting context. As can be seen in the middle section of Figure 2, the participants initially
remained motionless until the starting signal was given. They then walked 3.5 m in a
straight line without carrying a crate, bent down to approach the crate, lifted it from
the ground to an upright standing posture, walked back 3.5 m while carrying the crate,
and finally placed it onto the Husky UGV. Two crate-load conditions were included: an
empty crate with a tare weight of 1.5 kg and a loaded crate with additional weight plates
corresponding to approximately 20% of each participant’s body mass. The additional
mass was adjusted using 1 kg and 2.5 kg plates. Each participant completed both load
conditions three times in randomized order and was allowed to perform the sequence at a
self-selected pace.

Human motion was recorded using five Blue Trident inertial measurement units
(IMUs; Vicon, Nexus, Oxford, UK). The IMUs were positioned on the chest, cervical region,
lumbar region, right wrist, and left wrist. These placements were selected for the purpose
of capturing the adjustments in body posture related to the trunk as well as the movements
of the upper limbs involved in grasping, lifting, carrying, and placing the crate. The wrist
sensors were fixed using Velcro straps. In contrast, the sensors on the chest, cervical region,
and lumbar region were attached using double-sided tape. Each IMU included a tri-axial
accelerometer, tri-axial gyroscope, and tri-axial magnetometer. This made it possible to
record motion data across multiple axes. Data were collected at a sampling frequency of
50 Hz. This frequency was sufficient for recognizing the human activities examined in this
study [23,38].

The recordings were stored directly on the IMUs in CSV format, with each file corre-
sponding to one body location. Sensor synchronization was performed using Capture.U
software (version 1.3; Vicon Motion Systems Ltd., Oxford, UK), while simultaneous video
recording was used to support manual annotation of the continuous task sequence. The
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video data allowed the start and end of each activity segment to be identified consistently.
Activity boundaries were manually annotated from synchronized videos and cross-checked
with the corresponding inertial-sensor time series, with ambiguous transitions reviewed
before final labeling. For the present study, the activity labels were defined using a six-class
scheme. Table 2 summarizes the operational definition of the six activity classes used for
manual annotation. Although both empty- and loaded-crate trials were included in the ex-
perimental protocol, they were not treated as separate activity classes in this study. Instead,
they were retained within the same six activity labels to increase movement variability,
following the rationale of [22].

Table 2. Operational definitions of the six activity classes used for manual annotation.

Class Activity Operational Definition

0 Standing The participant remains upright and stationary before initiating the task sequence.

1 Walking without
crate

Activity begins with the onset of gait, when one foot contacts the ground to
support body weight while the other prepares to lift for the next step.

2 Bending This activity starts when the participant begins lowering the body toward the crate
through trunk flexion, knee flexion, or both.

3 Lifting crate This activity corresponds to the transition from a bent posture to an upright
standing position while lifting the crate.

4 Walking with crate This activity corresponds to gait while carrying the crate and begins once the
participant initiates walking after lifting.

5 Placing crate onto
the robot

This activity begins when the participant starts lowering the crate toward the
robotic platform, typically through trunk and/or knee flexion, and ends when the

crate is placed on the robot.

2.2. Data Preprocessing and Prefix Construction
2.2.1. Data Quality Checks and Synchronized Signal Assembly

The files belonging to each experimental case were first grouped according to partici-
pant, trial, load condition, and body location. Consequently, each complete case consisted
of five body-location recordings, corresponding to the chest, cervical region, lumbar region,
right wrist, and left wrist. Data integrity was confirmed by verifying the synchronization,
temporal alignment, and label consistency across all five IMU sensors. A total of 120 ex-
perimental cases were expected from the experimental design (20 participants × 2 load
conditions × 3 repetitions). Cases were excluded when a technical recording problem,
such as an interrupted or incomplete IMU recording, prevented complete five-sensor data
from being obtained. Following this procedure, 88 complete cases were retained for sub-
sequent analysis. The retained cases were nearly balanced across load conditions, with
45 empty-crate and 43 loaded-crate cases. All 20 participants remained represented in the
final dataset, although the number of retained cases per participant ranged from one to six.
This ensured that each retained activity instance included all five body-location recordings
required for subsequent multichannel input construction.

Thus, a multichannel IMU signal array was constructed for each segmented activity
instance by combining the synchronized recordings from the five body locations. From
each IMU, twelve signal streams were retained: the three accelerometer axes (ax, ay, az),
the three gyroscope axes (gx, gy, gz), the three magnetometer axes (mx, my, mz), and
the corresponding acceleration, angular-velocity, and magnetic-field magnitudes. The
corresponding magnitudes, denoted as a, g, m, were computed as Euclidean norms of
the three respective axes. Therefore, each time step was represented by 60 input channels
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(5 body locations × 12 signal streams per IMU). No handcrafted statistical features, such as
mean, standard deviation, or root mean square, were extracted.

2.2.2. Signal-Preservation Strategy

For the sake of retaining the transient features essential for early HAR, the IMU signals
were kept unsmoothed prior to prefix extraction. Common noise-reduction steps, including
median and low-pass filtering, were omitted to preserve the abrupt accelerations and
rotations characterizing activity onset. Previous IMU-based HAR research on manual
material-handling activities has shown that window length and temporal information are
important for classification performance [39]. This choice was particularly important for
short activity segments. For instance, in our analysis, the minimum full-segment length was
15 samples for both “bending” and “placing crate onto the robot”. At the earliest evaluated
observation ratio of 30%, these activities could therefore be represented by prefixes of only
5 samples, corresponding to approximately 0.10 s at the 50 Hz sampling rate. Similarly,
“lifting crate” had a minimum full-segment length of 34 samples, giving a 30% prefix of
11 samples. Under these conditions, even short smoothing or median-filtering windows
could affect a substantial part of the available early signal and potentially attenuate transient
movement signatures relevant for classification. Therefore, the verified IMU trajectories
were retained without additional smoothing or filtering prior to prefix extraction.

2.2.3. Activity-Prefix Extraction and Earliness Definition

No sliding-window or overlapping-window segmentation was applied in this analysis.
Instead, each activity instance was represented by cumulative prefixes extracted from the
manually annotated onset of the activity. This design was adopted because the objective of
the study was to determine how much of an activity sequence must be observed before
reliable classification is possible and not to classify arbitrary fixed-length windows from a
continuous signal stream.

For a complete activity sequence of length T, each prefix was generated by retaining
only the first t samples, where:

t = ⌈rT⌉, (1)

with r denoting the observation ratio. Observation ratios from 30% to 100% were eval-
uated in 10% increments, corresponding to 30%, 40%, 50%, 60%, 70%, 80%, 90%, and
100% of the complete activity duration. Lower observation ratios represented early recog-
nition from partial movement information, whereas the 100% condition represented
full-sequence classification.

For each observation ratio, earliness was defined as the unobserved proportion of the
activity sequence at the prediction time following [27]:

E =
T − t

T
× 100. (2)

In the above equation, t stands for the number of observed samples used for prediction.
Hence, the nominal observation ratios of 30–100% correspond to earliness levels of 70–0%,
respectively. The 10% and 20% observation ratios were excluded because the shortest
activity segments would have produced prefixes with very few samples and potentially
unstable sequence representations. The 30% observation ratio was therefore selected as
a pragmatic lower bound for the early-recognition analysis rather than as a theoretically
defined minimum for representing temporal structure. Although some of the shortest
30% prefixes still contained only a limited number of measured samples, the robustness of
this earliest observation condition was further examined through the sensitivity analysis
described in Section 2.2.4.
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Across the dataset, each activity was represented by 88 segmented instances, corre-
sponding to one segment per complete experimental case. To complement the percentage-
based observation ratios with absolute timing information, Table 3 summarizes the activ-
ity durations and the corresponding observation times represented by the 30% prefixes.
The 30% prefix observation time was calculated using the same prefix-definition rule,
t = ⌈0.30·T⌉, and converted to seconds using the 50 Hz sampling rate. This provides the
absolute time represented by the earliest evaluated observation ratio for each activity.

Table 3. Median activity duration and corresponding observation time represented by the 30% prefix.

Activity Median Full Duration (s) Median 30% Observation Time (s)

Standing 1.00 0.30
Walking without crate 3.24 0.98

Bending 1.06 0.32
Lifting crate 1.24 0.38

Walking with crate 3.15 0.96
Placing crate onto the robot 1.05 0.32

It should be noted that the above prefix-generation procedure was performed offline
using the manually annotated activity boundaries. Therefore, the activity onset and com-
plete activity duration, T, were known during dataset preparation, and the observation
ratios were calculated as proportions of the complete activity segment. Accordingly, the
present protocol evaluates early classification of pre-segmented activity sequences, rather
than complete online early-activity recognition from a continuous IMU stream.

2.2.4. Fixed-Length Resampling and Tensor Construction

To provide a consistent temporal input dimension for the main LSTM training pipeline,
all extracted prefixes were transformed to a fixed length before model training. This step
was performed after true-prefix extraction, ensuring that the model received only the
information available up to the selected observation ratio. Resampling was performed
independently for each channel using linear interpolation over normalized prefix time. This
operation standardized tensor length but did not introduce future information beyond the
observed prefix. Importantly, this step was used to standardize the temporal length of the
already extracted raw-channel prefixes and should not be interpreted as filtering or hand-
crafted feature extraction. However, because linear interpolation constructs intermediate
values between measured samples, it may influence the apparent temporal morphology of
very short prefixes. Therefore, the effect of this representation choice was further examined
through a sensitivity analysis at the 30% observation ratio, which represents the earliest
and shortest-prefix condition.

The resampling procedure preserved the temporal order of the observed prefix while
standardizing its length across activities, participants, and trials. In the present workflow,
each prefix was resampled to 100 time steps. After resampling, each prefix was represented
as a three-dimensional input tensor with dimensions corresponding to samples, time steps,
and input channels. The input-channel dimension consisted of the 60 IMU-derived streams
obtained from the five body locations. The corresponding target variable was encoded
using integer labels for the six activity classes summarized in Table 2.

In the sensitivity analysis, the original native-length 30% prefixes were used directly,
without fixed-length interpolation. The same participant-wise train/validation/test splits
as in the main 30% experiment were retained. For each split, channel-wise standardization
was fitted only on the training prefixes and then applied to the validation and test prefixes.
The standardized variable-length prefixes were then zero-padded to 100 time steps and
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processed using the same lightweight LSTM configuration described in Section 2.3, with
the addition of a masking layer before the LSTM so that padded timesteps were ignored.

2.2.5. Participant-Wise Splitting and Leakage-Safe Standardization

To evaluate generalization to unseen operators, a repeated participant-wise train/
validation/test splitting protocol was used. Thus, splitting was not performed at the prefix
or segment level. Instead, it was performed at the participant level to ensure that data from
the same participant were never shared across training, validation, and test subsets within
the same repetition. This prevented subject-specific movement patterns from leaking into
the evaluation process. A total of 20 repeated splits were generated from the 20 participants.
In other words, in each split, 16 participants were assigned to training, 2 to validation, and
2 to testing. The split design was balanced so that, across the 20 repetitions, each participant
appeared 16 times in the training set, 2 times in the validation set, and 2 times in the test set.

The same participant-wise splits were used for all observation ratios from 30% to 100%.
The repeated splits are interpreted as overlapping participant-wise split configurations
rather than as 20 statistically independent experimental repetitions. Therefore, the mean
and standard deviation values across splits describe performance variability across repeated
unseen-participant evaluations.

Feature standardization was performed in a leakage-safe manner during LSTM tensor
preparation. For each split and observation ratio, channel-wise z-score scaling was fitted
using only the training subset. The mean and standard deviation were computed across the
sample and time-step dimensions of the training tensor for each of the 60 input channels.
The same training-derived scaling parameters were then applied to the corresponding
training, validation, and test tensors. This ensured that validation and test data did not
influence the scaling procedure before LSTM training, validation, and final testing.

2.3. LSTM-Based Early Activity Recognition

An LSTM classifier was used to perform early HAR from the multichannel IMU
prefixes. The main analysis used a fixed lightweight LSTM architecture. Specifically, the
model consisted of one LSTM layer with 64 units, followed by a dropout layer with a
dropout rate of 0.25, a fully connected layer with 32 rectified linear unit (ReLU) neurons,
a second dropout layer with a dropout rate of 0.20, and a final softmax layer with six
output neurons corresponding to the six activity classes. The model was trained using
the Adam optimizer with a learning rate of 0.001 and sparse categorical cross-entropy
loss. Training was performed with a batch size of 32 for a maximum of 60 epochs. Early
stopping was applied based on validation loss, with a patience of 8 epochs, and the
model weights from the best validation-loss epoch were retained for final testing. In
addition, the learning rate was reduced during training when the validation loss plateaued.
This lightweight configuration was selected to provide sufficient recurrent capacity for
modelling the 100-step multichannel sequences while limiting model complexity relative
to the available participant-level dataset size. Early stopping, dropout regularization, and
learning-rate reduction were used to reduce overfitting risk and improve training stability.

No exhaustive hyperparameter optimization was performed, because the primary
objective of the study was not to maximize performance through architecture search, but to
evaluate how recognition performance changed as a function of the observed proportion
of the activity sequence. Keeping the main architecture fixed across all observation ratios
also helped isolate the effect of the amount of available movement information by avoiding
observation-ratio-specific model tuning. To partially assess the effect of model capacity,
a limited sensitivity analysis was performed using smaller and larger lightweight LSTM
configurations. Specifically, two additional architectures were tested: a smaller model with
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32 LSTM units and 16 dense units and a larger model with 128 LSTM units and 64 dense
units. The analysis was conducted using all 20 participant-wise split configurations at three
representative observation ratios, namely 30%, 70%, and 100%. The quantitative results of
this sensitivity analysis are reported in Section 3.1.

As an additional modality-level robustness analysis, the selected LSTM architecture
was retrained and evaluated at the 30% observation ratio after removing all magnetometer-
derived channels from the five IMUs. Performance was compared with that of the full
multimodal model. The quantitative results of this sensitivity analysis are reported in
Section 3.3.1.

Separate LSTM models were trained for each participant-wise split and observation
ratio. The analysis included 20 repeated participant-wise splits and eight observation ratios
from 30% to 100%. Thus, a total of 160 split-specific and observation-ratio-specific LSTM
models were trained in the main analysis. For each model, the training subset was used to
fit the LSTM model parameters. The validation subset was used to monitor training, apply
early stopping based on validation loss, and retain the best-performing training epoch.

Final evaluation was performed only after training, using the saved best LSTM model
for each split and observation ratio. Each model was evaluated once on the corresponding
untouched test set, which consisted of participants not used during training or validation.
Performance was assessed using macro-F1 as the primary overall evaluation metric, with
accuracy providing a complementary measure of classification performance. Class-specific
F1-scores and confusion matrices were used for activity-level analysis.

In particular, accuracy was defined as the proportion of correctly classified test samples
among all test samples:

Accuracy =
Ncorrect

N
. (3)

In Equation (3), Ncorrect is the number of correctly classified test samples, while N
is the total number of test samples. For each activity class k, precision, recall, and F1-
score were computed from the corresponding true-positive (TPk), false-positive (FPk), and
false-negative (FNk) counts:

Precisionk =
TPk

TPk + FPk
, (4)

Recallk =
TPk

TPk + FNk
, (5)

F1k =
2 · Precisionk · Recallk
Precisionk + Recallk

. (6)

Macro-F1 was computed as the unweighted mean of the class-specific F1-scores:

macro-F1 =
1
K

K

∑
k=1

F1k, (7)

where K is the number of activity classes. In our case, K = 6.
In the present analysis, macro-F1 was treated as the primary performance indicator,

since it gives equal weight to all activity classes. Therefore, it is appropriate for evaluating
recognition performance without allowing classes with higher support to dominate the
overall estimate. Confusion matrices were also generated to examine activity-specific
misclassification patterns. For each observation ratio, final performance was summarized
across the 20 repeated participant-wise test evaluations as the mean and standard deviation.
This allowed the evolution of recognition performance to be examined from early prefixes
to full-sequence classification. To account for the repeated-participant structure, for each
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participant and observation ratio, macro-F1 was calculated from the held-out test predic-
tions and averaged across the two split configurations in which that participant appeared
in the test set. The resulting participant-level macro-F1 values were compared across the
eight observation ratios using the non-parametric Friedman test. Because the same split
IDs were retained across observation ratios, paired split-level differences between the
100% observation ratio and each earlier observation ratio were also calculated for macro-F1
and accuracy and are reported descriptively using mean differences and 95% confidence
intervals. The corresponding results are presented in Section 3.1.1.

2.4. Explainability Analysis

Explainable Artificial Intelligence (XAI) constitutes a set of methodologies that make
the predictions of otherwise complex “black-box” machine learning models more inter-
pretable [40,41]. It aims to identify the input features, signals, or patterns that contribute
most strongly to a given model decision. SHAP is a widely used tool within the XAI
ecosystem. It has emerged as a leading method for enhancing model interpretability in
several sectors, including agriculture [42].

In the present study, explainability analysis was conducted after model training
and testing to identify which IMU signals contributed most to the LSTM predictions
at each observation ratio. In particular, the SHAP GradientExplainer was applied to
the trained LSTM models, as this method is suitable for differentiable neural-network
architectures. Similar SHAP-based attribution analyses have recently been used to interpret
deep sequence models in wearable-sensor locomotion recognition and to identify influential
sensors and input signals [43]. In brief, GradientExplainer estimates expected gradient
attributions, which extend the integrated gradients approach by using samples from a
background dataset to approximate SHAP values relative to a reference distribution [44,45].
For each participant-wise split and observation ratio, the background samples were selected
only from the corresponding training subset, so that validation and test data were not used
to define the SHAP reference distribution.

SHAP values were computed for held-out test samples to interpret the behavior of
the trained models on unseen participants. The test samples were used only for post
hoc interpretation and not for model training, early stopping, or model selection. The
main attribution analysis focused on correctly classified test samples. For each split and
observation ratio, the SHAP background consisted of five training samples per activity class
(30 samples in total), while up to five correctly classified test samples per class were selected
for explanation. When fewer than five correctly classified samples were available for a
given class, all available samples from that class were used. Because the correctly classified
samples available for explanation could differ across observation ratios, the composition of
the explained sample set could also vary.

The resulting SHAP summaries characterize the attribution patterns associated with
successful model predictions. They do not capture the full behavior of the classifier, as
misclassified samples were excluded from the main attribution analysis. For each explained
sample, SHAP values were obtained for the LSTM input tensor consisting of 100 prefix
time steps and 60 IMU channels. Because the model produced a six-class softmax output,
class-specific attributions were considered. For correctly classified samples, the SHAP
values corresponding to the predicted class were retained, which was equivalent to using
the true activity class.

Feature importance was summarized using the mean absolute SHAP value. Specifi-
cally, the SHAP values associated with each input channel were summarized as a single
mean absolute attribution value for each split and observation ratio before normalization.

https://doi.org/10.3390/info17090865

https://doi.org/10.3390/info17090865


Information 2026, 17, 865 14 of 30

For each participant-wise split s and observation ratio r, the relative contribution of channel
j was calculated as:

RC(r)
j,s (%) = 100

I(r)j,s

∑60
m=1 I(r)m,s

, (8)

where I(r)j,s denotes the mean absolute class-specific SHAP attribution of channel j. Thus,
the relative contributions of the 60 input channels sum to 100% within each split and
observation ratio. For body-location and sensor-type analyses, the relative contributions of
the corresponding channels were summed. The same normalization was applied separately
within each activity class, and the resulting split-specific contributions were averaged
across the 20 participant-wise splits. This analysis enabled us to identify which body
locations and types of sensor signals were most influential for the model predictions from
early prefixes to full-sequence classification.

3. Results
3.1. Overall Early Activity-Recognition Performance and Robustness
3.1.1. Early-Recognition Performance

The overall test performance across observation ratios is summarized in Table 4. Each
row corresponds to one observation ratio, from 30% to 100% of the complete activity se-
quence, together with the corresponding earliness level. As mentioned above, macro-F1
was used as the primary performance indicator, with accuracy providing a complemen-
tary measure of overall classification correctness. For each observation ratio, the result is
provided as a mean ± standard deviation (SD) across the 20 participant-wise test splits.
Hence, the mean values show the average performance, while SD expresses how much
the performance varied when the unseen test participants changed. Notably, even at 30%
observation, or 70% earliness, the model reached a macro-F1 score of 0.9314 ± 0.0702. The
corresponding accuracy was equal to 0.9327 ± 0.0683. This illustrates that reliable HAR
was possible from the early part of the movement sequence. Increasing the observation
ratio did not result in a monotonic improvement, since both macro-F1 and accuracy re-
mained within a narrow range across all ratios. The highest macro-F1 was observed at
90% observation (0.9500 ± 0.0797), with the corresponding highest accuracy at this ratio
(0.9522 ± 0.0739). The full-sequence condition, namely 100% observation, produced a
macro-F1 of 0.9481 ± 0.0695 and an accuracy of 0.9499 ± 0.0653.

Table 4. Summary of overall LSTM test performance at different observation ratios over the 20
repeated participant-wise test splits.

Observation Ratio (%) Earliness (%) Macro-F1 Accuracy

30 70 0.9314 ± 0.0702 0.9327 ± 0.0683
40 60 0.9446 ± 0.0808 0.9455 ± 0.0789
50 50 0.9410 ± 0.0825 0.9421 ± 0.0799
60 40 0.9389 ± 0.0894 0.9403 ± 0.0858
70 30 0.9498 ± 0.0733 0.9502 ± 0.0729
80 20 0.9400 ± 0.0854 0.9428 ± 0.0782
90 10 0.9500 ± 0.0797 0.9522 ± 0.0739

100 0 0.9481 ± 0.0695 0.9499 ± 0.0653

To determine whether these differences reflected a systematic effect of observation
ratio, the participant-level repeated-measures analysis described in Section 2.3 showed
no significant overall effect on macro-F1, χ2(7) = 6.07, p = 0.532. Thus, there was no
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evidence of a systematic change in participant-level macro-F1 across the eight evaluated
observation ratios.

The paired split-level comparisons, performed as described in Section 2.3, are sum-
marized in Table 5. Differences were calculated as the 100% observation ratio minus each
earlier observation ratio. For the main comparison between 30% and 100% observation, the
mean paired differences were 0.0167 for macro-F1 and 0.0173 for accuracy. The correspond-
ing descriptive 95% confidence intervals were −0.0117 to 0.0451 and −0.0090 to 0.0436,
respectively. Thus, the observed difference between the earliest evaluated observation
ratio and the full-sequence condition was small and not clearly separated from zero. This
supports the interpretation that 30% prefixes provided performance close to full-sequence
classification. These results should not be interpreted as demonstrating formal statistical
equivalence or non-inferiority between the 30% and 100% observation conditions.

Table 5. Paired split-level differences between 100% observation and earlier observation ratios,
reported as mean differences with descriptive 95% confidence intervals.

Observation Ratio Compared with 100% ∆ Macro-F1, Mean [95% CI] ∆ Accuracy, Mean [95% CI]

30% 0.0167 [−0.0117, 0.0451] 0.0173 [−0.0090, 0.0436]
40% 0.0035 [−0.0171, 0.0240] 0.0044 [−0.0165, 0.0254]
50% 0.0071 [−0.0098, 0.0241] 0.0078 [−0.0090, 0.0246]
60% 0.0093 [−0.0118, 0.0304] 0.0096 [−0.0112, 0.0303]
70% −0.0016 [−0.0133, 0.0100] −0.0002 [−0.0122, 0.0118]
80% 0.0081 [−0.0111, 0.0274] 0.0072 [−0.0105, 0.0248]
90% −0.0018 [−0.0133, 0.0096] −0.0023 [−0.0131, 0.0085]

Figure 3 further illustrates the distribution of test macro-F1 scores for the 20 repeated
participant-wise splits for each observation ratio. In contrast to Table 4, the boxplots show
the internal distribution of the split-level results. Specifically, in each boxplot, the orange
horizontal line signifies the median macro-F1, while the green triangle indicates the mean
macro-F1. In addition, the box represents the interquartile range, corresponding to the mid-
dle 50% of split-level results. Circles show the outlier split-level results, while the whiskers
show the non-outlier range. As shown in Figure 3, most splits achieved high macro-F1
values for all observation ratios. This supports the stability of the model. However, a
small number of lower-performing outlier splits were also observed for all observation
ratios. This indicated that some combinations of unseen test participants resulted in lower
classification performance. In several observation ratios, the mean macro-F1 was lower
than the median. This reflects the impact of the outliers. Overall, the boxplots indicate
encouraging generalization to unseen participants within the present experimental cohort.
Nevertheless, the lower-performing outlier splits indicate that recognition performance
was not completely uniform across participants. This variability can be attributed to dif-
ferences in how each participant performed the task, such as discrepancies in gait pattern,
ergonomic approach taken during bending, lifting, crate handling, and placing the crate
onto the robot. Therefore, the boxplots provide useful information beyond the mean values.

3.1.2. Sensitivity to Input Representation and LSTM Model Capacity

In order to examine whether the earliest recognition result was affected by the fixed-
length interpolation procedure, an additional sensitivity analysis was performed at the
30% observation ratio, as discussed in Section 2.2.4. This sensitivity analysis showed that
the early-recognition result was not strongly dependent on the fixed-length interpolation
procedure. Using the native variable-length 30% prefixes with zero padding and masking,
the model achieved an accuracy of 0.9524 ± 0.0531 and a macro-F1 score of 0.9512 ± 0.0558
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across the 20 participant-wise splits. These values were close to, and slightly higher than,
the corresponding interpolated-prefix result at the 30% observation ratio, where accuracy
was 0.9327 ± 0.0683 and macro-F1 was 0.9314 ± 0.0702. This indicates that the main early-
recognition conclusion at the 30% observation ratio was preserved under an alternative
variable-length representation using padding and masking.

Figure 3. Boxplots of split-wise test macro-F1 for each observation ratio; orange lines indicate medians,
green triangles indicate means, boxes indicate interquartile ranges, whiskers indicate non-outlier
ranges, and circles indicate outlier split-level results.

To quantitatively assess the effect of LSTM model capacity, the limited architecture-
sensitivity analysis described in Section 2.3 was evaluated at three representative obser-
vation ratios, namely 30%, 70%, and 100%. The results are reported in Table 6. Across the
smaller (32 LSTM units), main (64 LSTM units), and larger LSTM configurations (128 LSTM
units), macro-F1 values remained broadly comparable at all three observation ratios. These
results indicate that the overall early-recognition performance trend was broadly pre-
served across the tested model capacities and was not strongly dependent on the selected
LSTM size.

Table 6. LSTM architecture-sensitivity analysis at representative observation ratios. Values are
reported as macro-F1 mean ± SD.

LSTM Units Dense Units 30% Macro-F1 70% Macro-F1 100% Macro-F1

32 16 0.9398 ± 0.0623 0.9420 ± 0.0897 0.9265 ± 0.0883
64 * 32 0.9314 ± 0.0702 0.9498 ± 0.0733 0.9481 ± 0.0695
128 64 0.9306 ± 0.0836 0.9519 ± 0.0761 0.9437 ± 0.0619

* Main architecture.

3.1.3. Computational Feasibility

The computational feasibility of the proposed framework was assessed using an
offline inference benchmark of the selected lightweight LSTM architecture and the fixed-
length 100 × 60 IMU-prefix tensors. The model contained 34,278 trainable parameters,
corresponding to an approximate float32 parameter memory of 0.13 MB, while the mean
saved model size was 0.423 MB. Under CPU-only TensorFlow execution, the mean single-
prefix inference latency was 56.60 ± 4.77 ms. When test prefixes were processed in batches
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of 32, the mean processing time was 1.49 ± 0.31 ms per prefix. These results indicate
that the selected LSTM architecture has a relatively low model-level computational cost.
However, this benchmark reflects only offline model-level inference on preprocessed fixed-
length IMU-prefix tensors. It does not include end-to-end deployment components such as
online IMU streaming, synchronization, prefix construction, scaling/preprocessing, ROS
communication, robot-control execution, or safety-control latency.

3.2. Activity-Level Results

As far as the mean activity-specific test F1-scores are concerned, high scores were
obtained for all six activities, as depicted in Figure 4a. This shows that the proposed
LSTM-based framework was able to distinguish the main activity classes even from early
activity prefixes. Nevertheless, the effect of increasing the observation ratio varied among
activities and did not follow a uniform or monotonic pattern. In particular, “standing”
displayed an overall upward tendency, as it increased from 0.921 at 30% observation to
0.961 at 100% observation. This improvement was accompanied by slight fluctuations in
the interim observations. “Walking without crate” demonstrated the lowest performance at
30% observation (0.875), while it generally benefited from additional temporal information.
“Bending”, “lifting crate”, and “walking with crate” remained consistently well recognized
during all observation ratios, with only minor variations. In contrast, “placing crate onto
the robot” achieved high performance at the early and intermediate observation ratios, but
showed a moderate decrease at 80% and 90% observation. As a complementary heatmap,
Figure 4b presents the variability in activity-specific test F1-score among the repeated
participant-wise evaluations. In general, variability remained relatively limited for most
activities, indicating stable model performance. The highest variability was observed for
“placing crate onto the robot” at the later observation ratios, particularly from 80% to 100%,
which may reflect variations in posture, wrist motion, and crate alignment.

It should also be noted that the same observation ratio does not correspond to the
same absolute amount of temporal information for all activities, since the activity durations
differed. Therefore, a 30% prefix may contain a larger number of samples for longer activi-
ties, such as walking with or without the crate, than for shorter transitional activities, such
as bending. This may have also contributed to the activity-specific differences observed in
Figure 4.

Figure 4. Cont.
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Figure 4. Heatmaps showing the (a) mean activity-specific test F1-score and (b) variability in
activity-specific test F1-score across repeated participant-wise evaluations for each activity and
observation ratio.

With the aim of further investigating the relationship between activity-level perfor-
mance and misclassification patterns, Figure 5 presents the aggregated row-normalized
confusion matrix at an observation ratio of 30%. This ratio was selected because it repre-
sents the earliest evaluated recognition point and, thus, the most relevant condition for
assessing early activity classification. For this analysis, the raw prediction counts from all
20 participant-wise test splits were first aggregated, and the resulting confusion matrix was
then normalized by row.

Figure 5. Aggregated row-normalized confusion matrix at 30% observation.

Overall, the confusion matrix of Figure 5 shows a strong diagonal structure, with
correct classification rates ranging from approximately 89% to 95%. Hence, limited misclas-
sification was observed at this early stage. The remaining errors were mainly noted between
activities with temporally adjacent or biomechanically similar movement characteristics.
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One confusion pattern was between “standing” and “walking without crate”. Specifically,
7.95% of standing samples were classified as “walking without crate”, while 5.11% of
walking-without-crate samples were classified as “standing”. This may reflect the subtle in-
ertial differences between stationary posture, postural adjustments, and early gait initiation
before a clear walking pattern emerges. A second confusion pattern involved “walking
without crate” and the adjacent crate-handling phases, particularly “bending” and, to a
lesser extent, “lifting crate”. This may be explained by the fact that early prefixes captured
transitional movements before the more distinctive bending or lifting patterns became fully
expressed. A further relevant confusion occurred between the two loaded-task phases,
namely “walking with crate” and “placing crate onto the robot”. This is biomechanically
plausible because both activities involve load handling, constrained arm posture, trunk
stabilization, and movement near the robot platform.

In addition to activity-level misclassifications, participant-wise performance variation
was examined using the pooled test predictions across all observation ratios. Participant-
wise accuracy ranged from 71.88% to 100%, while participant-wise macro-F1 ranged from
0.7117 to 1. This indicates that the model did not perform uniformly across all participants,
despite the high overall performance. Moreover, most errors were concentrated in a small
number of anonymized participants, with three participants accounting for approximately
67.2% of all misclassifications. This suggests that part of the remaining error may be
related to inter-individual variability in movement execution rather than only to class-level
ambiguity. Possible contributing factors include differences in walking speed, bending
and lifting strategy, crate-handling posture, trunk stabilization, and small variations in
wearable-sensor placement.

3.3. Interpretation of LSTM Predictions Using SHAP Values
3.3.1. SHAP Contribution Patterns over the Full Range of Observation Ratios

In this section, our focus is shifted to interpreting the contribution of the wearable
IMU inputs to the LSTM predictions following the analysis detailed in Section 2.4. The
following biomechanical interpretations should be considered plausible interpretations of
the learned attribution patterns and not direct causal biomechanical evidence [46].

First, we examine the body locations that contributed most to the model’s predictions.
Figure 6a shows the SHAP relative contribution of each body location for the observation
ratios studied. Overall, the contribution pattern remained relatively stable from 30% to
100% observation. The chest sensor showed the highest contribution at all observation
ratios, ranging from 23.4% to 24.5%. The cervical-region and lumbar-region sensors also
contributed substantially. Their corresponding contributions ranged from 19.8% to 21.1%
and from 20.4% to 21.8%, respectively. The right wrist showed a more moderate contri-
bution, ranging from 18.1% to 19.5%, whereas the left wrist had the lowest contribution,
ranging from 15.1% to 16.2%. From a biomechanical perspective, the higher contribution
of the chest, cervical region, and lumbar-region sensors is meaningful because these body
locations are directly relevant to the examined task sequence, as highlighted in previous
studies [22–24].

The SHAP contributions were further grouped by sensor type. As shown in Figure 6b,
the contributions at the modality level were relatively balanced for all observation ratios
examined. Magnetometer signals showed the highest mean relative contribution, with an
average value of 35.5%. The mean contribution of gyroscope signals followed closely with
34.7%, while accelerometer signals showed the lowest mean contribution of 29.8%. These
results imply that the present LSTM model does not rely on a single signal modality. Instead,
acceleration, angular velocity, and magnetic field signals provide useful information for
capturing different aspects of movement execution.
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Figure 6. Relative SHAP contribution of each (a) body location and (b) sensor modality for each
observation ratio.

As described in Section 2.3, the selected LSTM architecture was retrained and eval-
uated at the 30% observation ratio after removing all magnetometer-derived channels
from the five IMUs. The resulting accelerometer–gyroscope model achieved a macro-F1 of
0.8765 ± 0.1263, compared with 0.9314 ± 0.0702 for the full multimodal model. Because
“walking without crate” and “walking with crate” were performed in opposite directions
along the experimental route, these two activities were examined specifically. Without
magnetometer inputs, their F1 scores were 0.8571 ± 0.1259 and 0.9146 ± 0.0997, respectively.
Mutual confusion between the two classes remained low, at 0.57% and 1.70%, respectively.

Focusing on the earliest evaluated recognition point at 30% observation, the body-
location analysis (Figure 6a) showed that the chest sensor had the highest relative contribu-
tion, equal to 24.3%. This was followed by the cervical-region and lumbar-region sensors,
with contributions of 21.1% and 21.0%, respectively. The right wrist accounted for 18.1%,
while the left wrist had the lowest contribution, at 15.5%. At the modality level, Figure 6b
showed that magnetometer signals had the highest contribution, equal to 36.6%, followed
by gyroscope signals at 32.8% and accelerometer signals at 30.6%. Overall, the early LSTM
predictions followed the same SHAP contribution pattern observed when considering
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the full set of observation ratios. This confirms the joint importance of trunk sensors and
multimodal IMU information for early recognition.

3.3.2. Activity-Specific SHAP Contribution Patterns at the Earliest Observation Ratio

Examining SHAP contributions at 30% observation allows the identification of the
body locations, sensor modalities, and individual IMU channels that support the model’s
earliest decisions. Figure 7a,b demonstrate that the relative importance of specific body
locations and sensor modalities, respectively, varied by activity when observed at 30% observation.

Figure 7. Activity-specific relative SHAP contribution patterns at 30% observation for each: (a) body
location and (b) sensor modality within each activity class.

For “standing”, the right wrist showed the highest SHAP contribution (22.7%), fol-
lowed by the chest (20.8%), lumbar region (20.1%), left wrist (18.6%), and cervical region
(17.8%). This difference may indicate minor variations, depending on the arm posture,
balance adjustments, or preparatory movements of the upper limbs before gait initiation. It
may also be associated with participant-specific movement habits. Overall, this difference
should be interpreted cautiously and not as evidence of a general dominance of the right
wrist over the left wrist. At the modality level, the signals were ranked by contribution
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as follows: gyroscope (42.2%), magnetometer (31.8%), and accelerometer (26.0%). This
suggests that subtle angular-velocity information contributed to distinguishing the early
standing phase from movement-related activities. However, the additional information
from the other modalities was valuable.

For “walking without crate”, the body-location contributions were relatively balanced,
with the lumbar region (21.9%) and chest (21.8%) showing the highest values, followed by
the right wrist (20.1%). The cervical region and left wrist contributed equally (18.1%). This
pattern seems biomechanically plausible, as early walking involves coordinated whole-
body motion, including trunk stabilization, lumbar-region movement, and natural arm
swing. As shown in Figure 7b, the magnetometer accounted for 35.3%, the accelerometer
for 35.0%, and the gyroscope for 29.7%.

For “bending”, the chest showed the highest SHAP contribution (28.2%), followed
by the cervical region (23.8%) and lumbar region (19.7%). In contrast, the right and left
wrists showed lower contributions. This pattern appears biomechanically meaningful,
since the early phase of bending is mainly characterized by trunk inclination and upper-
body reorientation toward the crate. The high contribution of the chest and cervical-region
sensors may therefore indicate changes in upper-trunk posture and spinal alignment. In
turn, the lumbar-region contribution may capture lower-trunk motion during flexion. At
the modality level, gyroscope signals showed the highest contribution (35.8%), followed by
accelerometer (32.5%) and magnetometer signals (31.6%).

The “lifting crate” activity showed similar qualitative patterns to “bending”. Specifi-
cally, the chest had the highest SHAP contribution (27.9%), followed by the cervical region
(23.1%) and lumbar region (21.3%), while the wrists showed lower contributions. This
finding is biomechanically reasonable, as the early lifting phase involves a transition from
a flexed posture toward a more upright stance. The high contribution of the chest and
cervical-region sensors may reflect upper-trunk reorientation and changes in spinal align-
ment. The lumbar-region contribution may capture lower-trunk involvement during the
lifting transition. The accelerometer (39.1%) and magnetometer (36.2%) were the primary
contributors to the initial lifting phase, highlighting the importance of movement intensity
and body orientation. Rotational dynamics, driven by the gyroscope (24.7%), played a
secondary role.

For “walking with crate”, the patterns were similar to the above two activities: the chest
and cervical region had the highest SHAP contributions, at 23.4% and 23.3%, respectively,
while the lumbar region followed with 21.3%. The strong contribution of the chest, cervical
region, and lumbar-region sensors may reflect the central role of trunk motion and body
alignment during loaded gait. Magnetometer signals showed the highest contribution
(39.1%), followed by gyroscope (34.8%) and accelerometer signals (26.1%). This indicates
that, during this activity, the model mainly used information related to body orientation
and rotational movement, probably because carrying the load reduced free arm motion
and made trunk alignment more important.

For “placing crate onto the robot”, the chest again showed the highest SHAP con-
tribution at very early observation (24.4%), followed by the lumbar region (21.7%) and
cervical region (21.1%). The high contribution of the chest, lumbar-region, and cervical-
region sensors may therefore reflect the central role of trunk reorientation and spinal-region
movement during the transition from carrying the crate to positioning it onto the robot.
At the modality level, magnetometer signals showed the strongest contribution among
all activities (46.7%), followed by gyroscope (29.3%) and accelerometer signals (24.0%).
This suggests that orientation-related information was especially important during the
early placement phase, where the participant had to align the body and crate toward the
robot platform.
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Finally, a channel-level SHAP analysis was performed to interpret the earliest LSTM
predictions. Each channel corresponds to a specific combination of body location, sensor
modality, and signal axis or resultant magnitude. Since five body locations were used and
each IMU provided twelve signals (ax, ay, az, a, gx, gy, gz, g, mx, my, mz, and m), a
total of 60 input channels were examined. To facilitate our analysis, these variables are
presented as “IMU signal_ body location”. Figure 8 presents the top 20 individual IMU
channels at 30% observation. In summary, most of the highly influential channels were
related to trunk-mounted sensors, namely the chest, cervical region, and lumbar region.
The highest-ranked channels were mainly gyroscope and magnetometer signals, including
gy_chest, gy_cervical_region, gy_lumbar_region, and my_cervical_region. These findings
indicate that angular-velocity and orientation-related information from central body lo-
cations strongly supported early activity recognition. Several accelerometer channels,
including azchest, az_lumbar_region and ax_cervical_region, also appeared as top-ranked
inputs. This result shows that linear movement and movement-intensity information con-
tributed to the model’s decisions. Finally, channels related to the wrists, like g_right_wrist
and g_le f t_wrist, were also included in the top 20. Yet, they were less dominant com-
pared to channels related to the trunk. This suggests an overall complementary role of
wrist sensors.

Figure 8. Top 20 IMU channels by SHAP importance at 30% observation, with stacked colors showing
activity-specific contributions.

Focusing on the two most dominant channel contributions for each activity, the fol-
lowing patterns were observed:

• The recognition of “standing” was mainly supported by g_right_wrist and g_le f t_wrist,
indicating that wrist angular-velocity magnitude helped capture subtle upper-limb
adjustments during the initial low-motion phase.

• For “walking without crate”, the most important channels were az_lumbar_region
and gy_chest, showing that lumbar-region acceleration and chest angular velocity
contributed to the recognition of early gait-related movement.

• For “bending”, the central channels were gy_chest and gy_cervical_region which are
consistent with the rotational nature of trunk flexion during the onset of bending.
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• For “lifting crate”, az_chest and gy_cervical_region showed the strongest channel-
level contributions, indicating that chest acceleration and cervical-region angular
velocity provided important cues for recognizing the initial transition from bending
toward lifting.

• For “walking with crate”, gy_chest and gy_cervical_region showed strong contribu-
tions, reflecting the importance of trunk and upper-body rotational motion during
loaded gait.

• For “placing crate onto the robot”, gy_cervical_region and my_lumbar_region showed
the strongest channel-level contributions, showing that upper-body angular motion
and lumbar-region magnetic-field information supported the early recognition of
crate placement.

It should be noted that additional channel inputs also supported the recognition of
each class. However, only the two most influential channels were discussed here for brevity.

4. Discussion
The examined scenario was motivated by a collaborative harvesting operation, in

which a human operator handles crop crates and a UGV may assist by transporting them
to the desired location, similar to previous studies [17,32,33]. In this context, HAR based
on wearable sensors can provide an important perception component for HRI. [9,47]. This
study extends existing research involving wearable IMUs for human–robot collaboration
in the agricultural sector. However, instead of classifying complete activities after the full
movement sequence, it considers early partial movement information. This distinction can
be decisive in agricultural HRI, where relying on retrospective HAR creates a lag that may
prevent robots from responding effectively in real time. Conversely, early recognition could
support more proactive robot behavior while human activity is still in progress [48]. This
could provide additional time for decision-making, support smoother coordination with
the human operator, and enable safer adaptation of robot behavior [6,49].

The strength of the proposed framework lies in the dual benefit it offers. On the one
hand, the present LSTM model achieved high recognition performance even when only
the first 30% of each activity was available. In absolute terms, the median 30% prefix
corresponded to approximately 0.30–0.98 s across the examined activities, providing a
practical indication of the temporal information available at the earliest evaluated observa-
tion point. These values represent the amount of activity observed in the present offline,
pre-segmented analysis and should not be interpreted as end-to-end online decision or
robot-response times. The high recognition performance at this early observation point may
be related to distinctive movement signatures already being present during the onset of
each activity. In particular, the initial phases of gait, trunk flexion, lifting, and load handling
may already generate sufficiently distinct inertial patterns for the model to differentiate the
examined activities before the complete movement is observed.

The additional robustness analyses further support this early-recognition finding. The
paired split-level comparison showed only small differences between the 30% and 100%
observation conditions, with the corresponding descriptive 95% confidence intervals span-
ning zero. Moreover, the early-recognition performance was preserved when native-length
prefixes with padding and masking were used instead of fixed-length interpolation. The
overall performance trend also remained broadly comparable across the examined smaller,
main, and larger LSTM configurations. Nevertheless, performance was not completely
uniform across unseen participants, indicating that inter-individual variability remains an
important consideration.

The second benefit relates to explainability. The explainability analysis showed that
“standing” was mainly supported by wrist angular-velocity magnitude signals, while
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“walking without crate” was supported by lumbar-region acceleration and chest angular
velocity. “Bending” recognition was mainly supported by chest and cervical-region gy-
roscope signals, while “lifting” was supported by chest acceleration and cervical-region
angular velocity. Finally, “walking with crate” was supported by chest and cervical-region
gyroscope signals and “placing crate onto the robot” by cervical-region angular velocity
and lumbar-region magnetic-field information.

These findings are consistent with previous studies, although the relevant literature
covers full-activity classification. In particular, the higher contribution of the sensors on
the chest, cervical region, and lumbar region agrees with the results of [22]. In that study,
the combination of inertial sensors placed at these body locations yielded the highest F1
score compared to the other placement combinations for the three anatomical positions.
Our results also mirror the trends identified by [24], where the SHAP analysis was also
presented. That study also stressed the importance of trunk-related sensors, with wrist
sensors providing complementary information. It is worth noting that the remarkable con-
tribution of sensors worn on the chest, as shown in Figure 6a, was also reported in [22,23]. A
quantitative comparison with closely related agricultural HAR studies provides additional
context for the present results. Using all five IMUs, an F1-score of 0.908 was reported in [22],
while the framework of [24] achieved a macro-F1 of 0.910. In comparison, the present
analysis reached a macro-F1 of 0.948 at 100% observation. Although direct comparison
should be interpreted cautiously because of differences in datasets, activity definitions,
preprocessing, and evaluation protocols, these results indicate that the proposed framework
achieves competitive full-sequence performance.

The aforementioned studies, including the present one, support the value of combin-
ing different sensor signals. This is because each modality captures different aspects of the
activities: accelerometers capture linear movement, gyroscopes capture angular motion,
and magnetometers provide orientation-related information. The magnetometer-removal
analysis further supported the value of multimodal sensing, as performance decreased
when magnetometer-derived channels were excluded. The low mutual confusion between
the two walking classes also suggests that this effect was not solely due to their opposite
walking directions. From a practical perspective, these attribution patterns may guide the
design of more efficient wearable configurations. For example, the higher contribution of
trunk-mounted sensors motivates future sensor-ablation studies of reduced wearable con-
figurations. Such studies could determine whether fewer sensors can maintain classification
performance while reducing hardware requirements, implementation costs, and wearable
burden [50]. The relatively low model-level computational cost also supports the suitability
of the selected lightweight LSTM architecture for further deployment-oriented evaluation.

At the channel level, the present findings show partial agreement with [24]. In that
study, magnetometer-related channels were among the top-ranked features, stressing the
role of magnetometers in predicting the examined activities. However, while that study
emphasized mainly magnetometer-related channels, the present early-prefix analysis draws
attention to both gyroscope and magnetometer channels from central body locations. This
difference may be related to the different modelling approaches (LSTM instead of an
XGBoost classifier) and the use of early prefixes. A different robot configuration was used
in [24] with a crate-deposit height of 80 cm, whereas this analysis focused on a lower
deposit height of 40 cm. In addition, the present study considered both axis-specific signals
and resultant magnitudes, allowing a broader interpretation of the IMU information. The
inclusion of resultant magnitudes is also consistent with previous HAR studies, such
as [51,52], in which magnitude-derived features have been used as informative inputs for
activity classification. In this context, it should be mentioned that, overall, SHAP values
should be interpreted as model-attribution results and not as direct causal biomechanical
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evidence. They indicate how each feature contributed to the model predictions, while the
associated biomechanical explanations should be considered plausible interpretations of
the learned decision patterns [53].

It is important to note the limitations of this study. First of all, the dataset included
20 participants who were not professional agricultural workers. Consequently, the recorded
movement patterns may not fully represent those of experienced workers. These work-
ers may use different walking, bending, lifting, carrying, and crate-placement strategies
due to experience, work habits, or repeated exposure to material-handling operations [54].
Therefore, the findings should be interpreted within the context of a controlled outdoor agri-
cultural HRI scenario and not as a fully generalizable validation across broader agricultural
populations or more diverse working conditions. Furthermore, our sensor configuration
was limited to five IMUs at the specific body locations. This setup captured the main
trunk and upper-limb movements of the examined task. However, sensors placed on the
thighs, shanks, ankles, or feet could provide more direct information on step initiation,
lower-limb coordination, as well as changes in gait caused by carrying a load [55]. A
further limitation is that SHAP was applied to the interpolated prefixes. Although the
padding-and-masking sensitivity analysis preserved the 30% classification performance,
robustness of classification performance to the input representation does not necessarily
imply identical SHAP attribution rankings. Therefore, some influence of interpolation on
the SHAP attribution rankings, particularly for the shortest prefixes, cannot be excluded.
Another limitation is that the study was based on offline analysis. The IMU data were
collected, annotated, and then used to train and evaluate the LSTM models. No real-time
HRI or online robot response was implemented, as this was outside the scope of the present
study. Moreover, the present early-recognition protocol relied on pre-segmented activity
sequences and did not include online activity-onset detection, transition detection, or
prefix construction without prior knowledge of the final activity duration. As shown by
Moysiadis et al. [17], real-time HRI requires additional system integration. This includes
online data processing, communication with ROS nodes, translation of recognized human
actions into robot commands, navigation control, obstacle avoidance, and safety validation
under field conditions.

Based on the above limitations and the encouraging results of this work, future work
should include professional agricultural workers, larger participant groups, and additional
handling tasks performed under real field conditions. Such an evaluation could validate
the ability of the early-recognition framework to maintain performance despite the inherent
variability of real-world tasks. This variability includes the effects of worker experience,
fatigue, environmental conditions, terrain variability, and task-specific movement strategies.
Additional sensor configurations should also be investigated, such as lower-body IMU
placements and other sensing sources like electromyography [56], which may provide
complementary information. From a practical deployment perspective, future studies
should also assess the stability, repeatability, and comfort of wearable-sensor placement
during prolonged agricultural work. This is important because changes in attachment
tightness, sensor orientation, or sensor displacement may affect signal consistency and
recognition reliability [57]. Future studies should examine magnetometer robustness
under different walking directions, route orientations, robot positions, and environmental
conditions. This would help clarify whether the recorded magnetic information mainly
reflects body orientation or experiment-specific heading and local magnetic-field effects.

Future research could also assess whether similar or improved performance can
be achieved without increasing system complexity. Comparative evaluation could also
include alternative sequence-learning architectures, such as Gated Recurrent Unit (GRU),
one-dimensional Convolutional Neural Network (1D CNN), and Temporal Convolutional
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Network (TCN) models. Conventional machine-learning baselines, such as XGBoost,
could also be evaluated under the same participant-wise protocol. Finally, an important
next step could be to integrate the proposed early-recognition model into an online HRI
pipeline, where real-time early predictions could be translated into robot actions during
field operation. Such integration should include end-to-end reliability assessment under
field conditions, including failure detection, confidence-based decision thresholds, safe
robot behavior under uncertain predictions, and the possibility of human override. Future
SHAP-based analyses could also examine misclassified and low-confidence pre-dictions, as
these cases are particularly relevant for assessing model behavior in safety-oriented HRI
applications. For practical deployment, worker feedback and usability evaluation would
be of major importance [58], as the collaborative system must be practical, inherently safe,
and able to adapt to the unpredictable nature of agricultural environments.

5. Conclusions
In the present study, an explainable early activity-recognition framework was de-

veloped that uses wearable IMU sensors and LSTM models to recognize agricultural
material-handling tasks. The main contribution of this work is that it moves from conven-
tional full-activity HAR toward explainable early recognition, showing how accurately
agricultural material-handling activities can be identified from partial movement informa-
tion. It also identifies which body locations, IMU modalities, and individual signal channels
support these early decisions. This can help move agricultural HAR from retrospective
activity classification toward more proactive robot-assistance systems, where early activity
predictions could support robot responses before the human activity is completed.

The main conclusions of the present study are summarized as follows:

• At 30% observation, corresponding to 70% earliness, the model reached a macro-
F1 of 0.9314 ± 0.0702, which was only slightly below the full-sequence score of
0.9481 ± 0.0695. Notably, performance did not increase monotonically as the ob-
servation ratio increased. This indicates that the early part of the movement already
contained substantial information for classification under the present experimen-
tal conditions.

• High activity-level performance was observed for all six activity classes, while limited
misclassification was observed, mainly between activities with adjacent or similar
movement characteristics.

• SHAP analysis showed that early LSTM predictions were mainly supported by trunk-
related sensors, namely the chest, cervical region, and lumbar region. However, wrist
sensors provided complementary information, particularly for the “standing” activity.

• The LSTM model did not rely on a single IMU modality. Instead, accelerometer, gyro-
scope, and magnetometer signals all contributed to early predictions. This stresses the
value of combining linear-motion, angular-motion, and orientation-related informa-
tion for predicting the activities examined in the present study.

• At the channel level, early recognition was mainly supported by gyroscope channels
from central body locations, especially gy_chest, gy_cervical_region and gy_lumbar_
region. Other important inputs included magnetometer and accelerometer channels,
such as my_cervical_region and az_chest.
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