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Multi-Modal Locomotion Mode Recognition in the Real World for

Robotic Hip Complex Exoskeletons

Hyesoo Shin!?, Sangdo Kim!:3, Sunwoo Kim!*, Jongwon Lee!*, Jinkyu Kim?, and KangGeon Kim!*

Abstract—Lower limb exoskeletons assist users by supporting
joint movements. Since joint motion patterns vary depending
on how the user moves, accurately recognizing the type of
movement (locomotion mode) is crucial for controlling the ex-
oskeleton and ensuring user safety. Inspired by how humans use
multiple types of sensory information to control movement, we
developed a multi-modal locomotion mode recognition (LMR)
system that uses both mechanical and visual sensor data to
identify locomotion modes. Our approach utilizes two fusion
methods: intermediate fusion, which combines the data in the
form of features, and late fusion, which integrates the sensor
data by averaging the recognition results from each sensor. By
fusing these two different modalities, the prediction accuracy
improved by an average of 11.7% with the test data. Through
comparisons with uni-modal LMR systems that rely on a single
type of sensor data for locomotion mode recognition, we found
that the improved performance of the multi-modal LMR system
is due to the visual information’s ability to generalize different
gait patterns across users and the mechanical sensor data’s
consistency within the same classes.

Index Terms—Wearable Robotics; Sensor Fusion; Embedded
Systems for Robotic and Automation

I. INTRODUCTION

OWER limb exoskeletons have the potential to signifi-

cantly enhance gait motion in individuals by providing
additional support. To maximize the effectiveness of this
assistance, it is essential to apply the appropriate magnitude
of support at the correct time [1], [2]. To achieve this, control
methodologies have been developed that are tailored to the
joint kinetic and kinematic patterns of each locomotion mode
[3], [4]. For these control systems to be effective and enhance
the exoskeleton’s overall assistive performance, immediate
and accurate locomotion mode recognition (LMR) must occur
before the system is applied [5].
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Fig. 1. Lower-limb wearable hip complex assist robot MoonWalk.Omni with
integrated RGB camera for visual perception

To date, researchers have recognized locomotion modes
using mechanical sensor data, such as inertial measurement
units (IMUs), which capture user’s proprioceptive movement.
Early methods applied classical machine learning models like
Support Vector Machines (SVM) and Random Forests using
handcrafted features [6], whereas more recent work has lever-
aged deep learning architectures such as Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTM)
networks to automatically learn spatiotemporal features [7],
[8]. Although both approaches have shown good LMR per-
formance, methods relying on mechanical sensor data often
struggle to generalize across individuals due to gait variability
[9], and their recognition performance could degrade when
assistive torque from exoskeletons alters joint kinematics [10],
[11].

Recently, inspired by the visual guidance of human locomo-
tion, some studies have utilized environmental information to
recognize locomotion modes. [12] introduced the “ExoNet”
database, the largest and most diverse open-source dataset
of walking environments for environment-adaptive locomo-
tion mode recognition systems. Tricomi et al. [13] demon-
strated that modulating assistance based on walking terrains
improves energy efficiency compared to systems that apply
static assistance magnitudes for all locomotion modes. Despite
their potential, visual sensors primarily capture environmental
context—where the user is moving—rather than the user’s
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movement dynamics, limiting their ability to reflect internal
states.

While most prior studies on LMR have focused on single-
sensor modalities, humans rely on multiple sensory inputs,
such as proprioceptive feedback and visual cues from the en-
vironment, to adapt their locomotion seamlessly [14]. Inspired
by this multi-sensory integration in human movement, we
propose multi-modal LMR methods combining proprioceptive
and visual perceptions to enhance recognition performance.

Previous studies have explored the combination of mechani-
cal sensors and bioelectrical sensors such as electromyography
sensor (EMG), leveraging their complementary roles: EMG
reflects motor intent, while mechanical sensors capture move-
ment kinematics [15]. However, EMG signals are sensitive
to electrode placement and vary across users and conditions,
limiting their use in long-term or outdoor settings [16]. In
contrast, mechanical and visual sensors are easier to integrate
into exoskeleton systems, making them more suitable for
real-time recognition in assistive applications. Based on these
advantages, we implement a multi-modal LMR system that
integrates mechanical and visual sensors for practical use in
wearable robotics.

To make this system feasible for embedded devices of
the exoskeleton, we utilize two lightweight fusion strategies:
intermediate fusion and late fusion. These approaches strike
a balance between computational efficiency and recognition
accuracy, making them suitable for embedded systems. More-
over, although multi-modal fusion shows intuitive benefits, the
individual contributions of proprioceptive and visual modali-
ties in LMR remain underexplored. To address this, we per-
form a systematic comparison of uni-modal and multi-modal
models. Additionally, to support this analysis, we constructed
a novel multi-modal outdoor dataset using MoonWalk.Omni, a
lower-limb wearable hip-assist robot (Fig. 1). This dataset cap-
tures synchronized mechanical and visual sensor data across
diverse real-world environments and under varying assistive
conditions, enabling comprehensive evaluation of both uni-
modal and multi-modal LMR models.

The main contributions of this work are as follows:

o A lightweight multi-modal LMR system is proposed,
combining proprioceptive and visual inputs inspired by
human locomotor control.

o A systematic comparison of uni-modal and multi-modal
recognition models is conducted to analyze the contribu-
tions of each modality.

« A novel outdoor dataset is developed, comprising syn-
chronized mechanical and visual data collected across
diverse environments and assistive conditions, enabling
robust evaluation of LMR performance.

II. METHOD

A. Uni-modal Locomotion Mode Recognition

To evaluate the effect of two modalities: 1) mechanical
sensor data from proprioceptive perception, 2) visual sensor
data from visual perception, we adopted a deep neural network
specified to each single modality data.

1) Mechanical LMR: We employed the LSTM-CNN archi-
tecture (Fig. 2(a)) to train a deep neural network that predicts
locomotion modes using mechanical sensor data. The LSTM-
CNN architecture is commonly used for human activity recog-
nition [8]. It combines both LSTM and CNN components: the
LSTM component automatically learns temporal patterns from
sequential data, while the convolutional layers extract spatial
features. By integrating both temporal and spatial features, this
model achieves high accuracy and generalization capability
with a lightweight architecture. For mechanical LMR, we
implemented the LSTM-CNN architecture with two layers in
both the LSTM and CNN components, following the design
described in [8]. Three fully connected (FC) layers were added
to the end of the LSTM and CNN components to generate the
final prediction.

2) Visual LMR: For the lower-limb exoskeleton robot to
use the LMR system in real time, the recognition network
must have low computational cost. While videos provide more
information including temporal data, leading to potentially
higher accuracy, they also require more computation, making
them unsuitable for real-time use. Therefore, we used an
image classification model to process visual sensor data. The
MobileNetV2 network (Fig. 2(b)) was selected for its high
accuracy and low computational demand, making it ideal
for mobile and resource-constrained environments [17]. The
network consists of bottleneck blocks with inverted residuals.
Inverted residuals are based on residual layers, which use
connections between the input and output of the layer to
facilitate efficient training of deep neural networks. Unlike
standard residual layers, the bottleneck inputs in inverted
residual blocks are expanded into a high-dimensional space to
learn more representative features, which are then projected
back to the input dimension to be connected to the input.
The MobileNetV2 structure described in [17] was used for
the image classification model, followed by the three-layer FC
prediction head.

Additionally, to assess whether temporal information was
useful enough to justify the higher computational cost, we
trained a video classification network. We implemented the
ResNet architecture with 18 layers, using R(2+1)D convolu-
tion (Fig. 2(c)) [18]. R(2+1)D convolution decomposes 3D
convolutions into 2D spatial and 1D temporal convolutions,
increasing the number of nonlinearities and improving opti-
mization performance while maintaining high accuracy.

B. Multi-modal Locomotion Mode Recognition

Three levels of fusion—Early, Intermediate, and Late—are
commonly used to integrate multi-modal data [19], [20], [21].

Early Fusion integrates raw sensor data directly into a joint
representation. Since sensor data are merged before being
processed through the network, it can effectively learn the
correlations between different data types. However, due to the
heterogeneous nature of raw data, early fusion is difficult to
implement as direct combination of disparate modalities poses
significant challenges.

Intermediate Fusion merges features extracted from multiple
modalities and learns a joint representation using an additional
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Fig. 2. Uni-modal locomotion mode recognition network architecture

network. This approach allows the model to utilize data from
different sources to make predictions automatically. Since
features are easier to merge than raw data, various integration
methods can be applied with this technique.

Late Fusion combines data at the decision level, allowing
the model to be trained separately on each modality while
still being indirectly influenced by the other. Although this
approach does not directly combine the information from
different modalities, it can still perform well, especially in
cases where one sensor fails.

Since early fusion of heterogeneous sensor data could be
challenging, intermediate and late fusion methods were em-
ployed. For intermediate fusion (Fig. 3(a)), the same network
architectures used in the uni-modal models were adopted as
feature extractors. Features from each modality were concate-
nated at the feature level to learn correlative information and
passed through a three-layer fully connected network, followed
by a softmax function that converts the output logits into a
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Fig. 3. Multi-modal locomotion mode recognition network architecture
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probability distribution:

Z = FC (concat ( zmec, Zvis ) ) (1)

LMuyrrp = argmazx (softmax (Z)) (2)
where LM denotes the recognition result of the method, and
argmaz represents the argmax function, which returns the
index of the largest value. softmaxz, F'C and concat denote
the softmax function, the final fully connected layer, and the
concatenation function, respectively. 2. and z,;s are the
output logits from the LSTM-CNN and MobileNetV2, which
have the same architecture as used in the uni-modal methods.
For late fusion (Fig. 3(b)), the architecture used in the uni-
modal methods was applied. The scores from the final fully
connected layer of each model were averaged to produce the
final result as follows:
LMparg = argmaz (az,..+(1—a)zl..))

Vs (3)
where 2/ = softmax (z) and a were set to 0.5 to obtain
the average of the two values. These fusion strategies were
chosen not only for their conceptual simplicity but also for
their compatibility with embedded systems in exoskeletons,
where memory and latency constraints are critical.

Table I showed more detail of the architectures such as
number of parameters, input sizes and average inference
latency over 100 runs on the NVIDIA GeForce RTX 4090
GPU. Due to the inherent differences in input structure and
the architectural demands of each modality, the capacity of
the models is different. Rather than matching models by size,
we aimed to use architectures that are representative and
effective for their respective data types. While the network
structures differ depending on the modality, the same FC
structure is consistently used across all models. This design
choice helps to ensure that performance differences can be
primarily attributed to the modality or fusion strategy, rather
than to differences in prediction head capacity.
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TABLE I
COMPARISON OF DIFFERENT MODELS WITH VARIOUS INPUT MODALITIES AND ARCHITECTURES. FE+MAG(IMU) CONSISTED OF HIP
FLEXION-EXTENSION ANGLES (FE) AND THE MAGNITUDES OF ACCELEROMETER, GYROSCOPE, AND QUATERNION DATA (MAG(IMU)). FC STRUCTURE
REPRESENTS THE NUMBER OF OUTPUT UNITS IN EACH OF THE THREE FULLY CONNECTED LAYERS, IN ORDER.

Model | Input Modality | Input Size | Backbone | # Params | Latency (ms) | FC Structure
MEC FE+MAG(IMU) 200x5 LSTM+CNN 73,928 1.8 [128,64,8]
MG Image 640x360x3 MobileNetV2 2,396,616 14 [128,64,8]
VID Video 16x640%x360x3 ResNet18 with R(2+1)D 31,553,553 103.5 [128,64,8]
MID FE+MAG(IMU), Image | 200x5, 640x360x3 LSTM+CNN, MobileNetV2 2,478,152 32 [128,64,8]
LATE FE+MAG(IMU), Image | 200x5, 640x360x3 LSTM+CNN, MobileNetV2 2,487,056 3.3 [128,64,8]

C. Multi-modal Outdoor Dataset

To evaluate and compare the performance of various LMR
network architectures, we constructed a comprehensive multi-
modal outdoor dataset integrating mechanical and visual sen-
sor data. The dataset was used to assess three uni-modal
LMR networks: a mechanical sensor LMR network (MEC), an
image LMR network (IMG), and a video LMR network (VID)
as well as two multi-modal networks: an intermediate fusion
network combining mechanical sensor and image data (MID),
and a late fusion network integrating mechanical sensor and
image data (LATE).

As shown in Fig. 1, data collection was conducted using
MoonWalk.Omni, a wearable hip-assist robot designed to
support older adults experiencing age-related mobility decline.
The robot’s sensing system included a 6-axis IMU mounted
on the back, which captured trunk movement, and two joint
encoders mounted on the hips to measure flexion-extension
and abduction-adduction angles for each leg. Consequently,
the mechanical sensor data consisted of hip flexion-extension
angles, hip abduction-adduction angles, and accelerometer and
gyroscope readings from the trunk-mounted IMU.

The visual data consists of egocentric RGB video capturing
the environment approximately 2-3 steps ahead, consistent
with prior findings on human gaze behavior during walking
[22], [23]. This was collected using an RGB-D camera (OAK-
D-I0T-40, Luxonis) mounted on the front of the trunk with a
pitch angle of 75 degrees, offering a stable and forward-facing
egocentric view. Compared to head- or leg-mounted cameras,
this placement provides a more stable and consistent visual
perspective, integrated with the movement of the robot [24].

In the assist-on condition, where the robot supports mus-
cle strength, differences occur in the joint angles, angular
velocity, and posture information during walking compared
to the assist-off condition, where no muscle assistance is
provided. To examine the generalizability of LMR models
across different motor dynamics caused by robotic assistance,
the multi-modal sensor data collected under two conditions,
assist-on and assist-off. In the assist-on condition, the robot
provided muscle support via adaptive torque generation using
the Delayed Output Feedback Control (DOFC) method [25].
This controller produces assistive torque proportional to the
leg joint’s range of motion and dynamically adapts to changes
in terrain and speed, without requiring manual parameter
adjustment.

To capture the distinct gait requirements such as joint
kinematics, timing, and control strategies, induced by environ-

mental conditions, we focused on three environmental factors
that substantially alter the hip mechanics: slope direction
(ascent vs. descent), vertical-path type (ramp vs. stair), and
surface condition (paved vs. unpaved) [26], [27]. Based on
these factors, the dataset consisted of eight labeled classes that
reflect common and biomechanically distinct conditions en-
countered in daily walking environments, providing a practical
yet comprehensive basis for real-world deployment: unpaved
ramp ascent (URA), paved ramp ascent (PRA), unpaved ramp
descent (URD), paved ramp descent (PRD), unpaved flat (UF),
paved flat (PF), upstairs (US), and downstairs (DS).

III. EXPERIMENTS
A. Experimental Protocol

To collect the dataset described above, we conducted struc-
tured walking trials with thirteen healthy adult participants
(height: 171.0£9.4 cm; weight: 67.9£12.9 kg; age: 26.1+1.7
years) approved by the Korea Institute of Science and Tech-
nology Institutional Review Board (KIST-202310-HR-003).
Although the exoskeleton used in this study is designed to
assist older adults with age-related mobility decline, healthy
participants were selected to evaluate the baseline performance
of the proposed LMR system under controlled conditions.
Future work will extend this approach to the intended target
population to assess generalizability and robustness in more
variable real-world scenarios.

Data were collected outdoors in a natural and built envi-
ronment spanning approximately 40,800 square meters, which
included elevation changes of around 60 meters. The walking
paths included a mix of paved roads, mountain trails, sloped
paths, and stairs (Fig. 4). Three courses (yellow, green, and
blue) covering approximately 1.3—1.4 km were used to capture
diverse walking conditions.

Participants were divided into three groups, ensuring a range
of heights across three walking paths: yellow, green, and
blue. Each group walked their assigned path at a self-selected
pace while wearing the hip-assist exoskeleton. To account
for both assistive conditions (assist-on and assist-off) and to
balance ascent and descent classes, each participant walked
the route four times: twice in each direction (clockwise and
counterclockwise), accompanied by the same labeler. Assistive
torque was provided using the DOFC method and the root
mean squared (RMS) torque delivered was 3.54 Nm, with a
maximum of 11.39 Nm.

Multi-modal sensory data were collected sequentially and
time-aligned. All mechanical sensor data were sampled at
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Fig. 4. Real-world locomotion mode recognition experiment course. Map of the 1.3-1.4km course used for real-world data acquisition and validation.

100 Hz, and visual data were recorded as video at 30 Hz
with a resolution of 640x360. For training, we processed the
sequential mechanical sensor data into two-second segments
with a 50% overlap, providing sufficient information while
keeping the segments small enough for processing within
the robot. For visual sensor data, 16 frames were uniformly
sampled from the two-second clip to serve as input for the
video network, and one frame from the middle of the clip was
used as input for the image network.

B. Training and Evaluation Setup

Although the dataset included both assist-on and assist-off
conditions, only the assist-off data were used for training to
promote adaptability across control methods. Both conditions
were used in the test set to evaluate the impact of assistive
torque on LMR performance. The dataset consisted of 2,664
training samples, with 333 samples per class, and 840 testing
samples across both torque settings, with 105 samples per
class.

Since the collected sensor data were insufficient to cre-
ate additional validation sets, we employed K-fold cross-
validation to fully utilize the dataset and prevent overfitting.
We selected a K value of 5 and trained the model with early
stopping set to 20 epochs. The visual sensor data were ran-
domly augmented using color jitter, greyscale, and horizontal
flip to improve generalization. We fine-tuned all layers using
the ImageNet pre-trained model for all models utilizing visual
sensor data to enhance training efficiency.

Except for the VID network, which requires more compu-
tational memory, we used a batch size of 30 for all methods
(8 for the VID network). The initial learning rate was set to
0.000002 for the MEC method and 0.0002 for the other net-
works, with the cosine annealing algorithm used for learning
rate scheduling. All training and evaluation processes were
conducted on the NVIDIA GeForce RTX 4090 GPU.

C. Mechanical Sensor Configuration

Both uni-modal and multi-modal LMR networks require
consistent training conditions. In our dataset, the mechan-

TABLE I
THE LOCOMOTION MODE RECOGNITION ACCURACY OF MEC METHOD
WITH VARIOUS SENSOR CONFIGURATIONS. TESTED WITH THE DATA
COLLECTED WITH ASSIST-OFF CONDITION

| FE FE+IMU FE+MAG(IMU)
Acc (%) | 554 459 63.0

|  AA AA+IMU AA+MAG(IMU)
Acc (%) | 9.5 21.6 21.5

| FE+AA  FE+AA+IMU  FE+AA+MAG(IMU)
Acc (%) | 434 38.2 50.6

‘ - IMU MAG(IMU)
Acc (%) ‘ - 26.8 29.0

TABLE III

LOCOMOTION MODE RECOGNITION ACCURACY (%) AND ACCURACY
DIFFERENCE BETWEEN ASSIST-OFF AND ASSIST-ON CONDITION OF EACH

NETWORK
| MEC IMG VID MID LATE
assist-off 63.0 74.1 74.9 79.9 83.2
assist-on 51.7 77.8 78.9 81.3 82.5
accuracy diff \ -11.3 +3.7 +4.0 +1.4 -0.7

ical sensor data included a 6-axis IMU and two encoders
mounted on the hip joint to measure hip flexion-extension and
abduction-adduction angles. We first investigated performance
using various mechanical sensor configurations to determine
the optimal sensor configuration for LMR.

We integrated the quaternion values computed from the ac-
celerometer and gyroscope data for the IMU sensor data. The
configuration included the magnitudes of the accelerometer,
gyroscope, and quaternion data. The possible sensor config-
urations consisted of hip flexion-extension angles (FE), hip
abduction-adduction angles (AA), accelerometer, gyroscope,
quaternion data (IMU), and the magnitudes of accelerometer,
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Fig. 5. Confusion matrix of each network. Each row means the ground truth label, and each column represents the prediction result of the network. The
numbers represent the classification accuracy for each class using test data collected without the assistive torque of the exoskeleton. Eight classes are shown
in the confusion matrix: unpaved ramp ascent (URA), paved ramp ascent (PRA), unpaved ramp descent (URD), paved ramp descent (PRD), unpaved flat

(UF), paved flat (PF), upstairs (US), and downstairs (DS)

gyroscope, and quaternion data (MAG(IMU)).

We trained the mechanical LMR method using all combina-
tions of these sensor configurations. Table II shows the LMR
accuracy for each case using the MEC method. The network
showed worse classification performance when hip abduction-
adduction angles were included, compared to when these data
were excluded. Including the magnitude of IMU sensor data
improved the model’s ability to learn more representative
features for each class. The configuration that combined hip
flexion-extension angles with the magnitudes of accelerometer,
gyroscope, and quaternion data predicted locomotion modes
most accurately, achieving 63.0% accuracy among other con-
figurations.

As a result, we used the mechanical sensor configuration of
hip flexion-extension angles and the magnitudes of accelerom-
eter, gyroscope, and quaternion data for all other networks
utilizing mechanical sensor data.

D. Recognition Results

The evaluation results of all LMR networks are shown in Ta-
ble III in terms of accuracy. For the test dataset under the same
condition (assist-off) as the training data, the MEC method
achieved a recognition accuracy of 63.0%. This performance
was lower than that of the other uni-modal LMR methods,
with IMG and VID achieving accuracies of 74.1% and 74.9%,
respectively.

Moreover, since gait features can be altered by the assistive
torque of the exoskeleton, the MEC method experienced
the largest performance drop, with an 11.3% decrease when

tested on data collected under the assist-on condition. In
contrast, when tested with the assist-on dataset, the IMG
network showed a 3.7% improvement in accuracy. Since the
image classification network does not directly rely on joint
movement, it demonstrated better generalization to varying
gait characteristics.

By fusing the two modalities, accuracy improved for both
test datasets compared to all uni-modal methods. In the assist-
off test dataset, intermediate fusion achieved 79.9% accuracy,
while late fusion reached 83.2%. For the assist-on test dataset,
intermediate fusion achieved 81.3% accuracy, while late fusion
reached 82.5%.

IV. DISCUSSION

Since the multi-modal approach yielded superior overall
performance, it is essential to interpret the results beyond
raw accuracy. Each input modality provides different levels
of information richness and structural complexity, influencing
learning dynamics and model behavior. Therefore, accuracy
alone may not fully capture the relative strengths of each
model. To complement quantitative metrics, we include quali-
tative analyses—such as confusion matrices and case-specific
error analysis—to better understand the role of each modality
while reducing structural and procedural bias.

1) Mechanical LMR: The classification performance for
each class in the test dataset with the assist-off condition
is visualized as a confusion matrix (Fig. 5). As shown in
Fig. 5(a), the lower performance of the MEC method was
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(a) The effect of a subject’s height on a camera’s field of view (L:
169cm, R: 189cm)

(b) The effect of the movement of the trunk (L: Paved Ramp Descent,
R: Paved Flat)

(c) The effect of the movement of the trunk (L: Unpaved Flat R:
Unpaved Ramp Ascent)

(d) The effect of the slope of the experimental environment (L: Unpaved
Ramp Descent, R: Down Stair)

Fig. 6. Visual sensor data from multi-modal outdoor dataset showing the
effect of subject’s height (a), movement of the trunk (b),(c) and the slope of
the experimental environment (d), which lead to misclassification.

primarily due to the misclassification of paved classes as
unpaved classes. Distinguishing between paved and unpaved
surfaces based solely on joint movement is challenging, which
may have disadvantaged the MEC method.

However, the well-classified results for unpaved ramp
classes suggest that unpaved environments exhibit distinc-
tive features, indicating a need for different assistive control
strategies. Apart from the difficulty in distinguishing between
paved and unpaved surfaces, the network showed strong intra-
class consistency. Compared to other uni-modal methods, it
displayed less confusion among ramp ascent, ramp descent,
and flat classes.

2) Visual LMR: Fig. 5(b) shows the image classification ac-
curacy for each class. Although the IMG network outperforms
MEQC, it exhibits a high error rate of 45% in misclassifying the
unpaved flat class as unpaved ramp ascent. Additionally, it has
a 21% error rate in confusing the paved ramp descent class
with the paved flat class—errors rarely seen with the MEC
method.

Since the visual sensor is mounted on the trunk, differences
in user height could cause inconsistencies in visual data

within the same class (Fig. 6(a)). Misclassifications could
also arise when environmental features from different classes
appear similar due to trunk movement (Fig.6(b), Fig.6(c)). In
addition, the slopes of unpaved ramps and stairs are often
similar in our dataset (Fig.6(d)), resulting in high error rates
when distinguishing between these classes across all uni-
modal methods.

For the VID method, despite the network having access to
more information from the sensor data, it does not demonstrate
significant performance improvement over the IMG method.
This may be due to the nature of our dataset, which lacks
substantial temporal information that could aid in classifying
locomotion modes.

3) Multi-modal LMR: Due to the inclusion of consistent
within-class data from mechanical LMR, except for confusion
between unpaved and paved surfaces, both multi-modal LMR
networks demonstrated consistent and robust performance in
recognizing locomotion modes in both test settings (assist on
and off). The generalization properties of visual LMR across
different gait characteristics further contributed to performance
gains, with LATE fusion outperforming MEC by approxi-
mately 30.8% in the assist-on setting and multi-modal models
surpassing uni-modal ones by an average of 11.7% across all
test conditions.

However, the observed influence of each modality suggests
an imbalance in informational richness between proprioceptive
and visual inputs. For example, fusion reduced misclassifica-
tion of unpaved ramp descent as down stair—a case difficult
for both uni-modal models—but visually induced errors, such
as confusion between paved ramp descent and paved flat class,
remained. These errors were more effectively mitigated by the
LATE method (9.4%) than by MID (2.1%), indicating MID’s
higher sensitivity to visual noise.

This difference could reflect how each fusion strategy han-
dles heterogeneous information. Although intermediate fusion
has the potential to capture feature-level correlations between
modalities [19], it typically requires more expressive archi-
tectures to integrate heterogeneous features effectively [28].
In our implementation, the feature concatenation followed by
fully connected layers used in MID may have been insuf-
ficient to fully exploit the complementary characteristics of
mechanical and visual signals. In contrast, LATE fusion, which
aggregates decisions at the score level, likely helps avoid
such interference, contributing to greater robustness and better
performance.

V. CONCLUSIONS

Inspired by the human locomotor control system, we pro-
posed a lightweight multi-modal locomotion mode recognition
(LMR) system that integrates mechanical sensor data for
proprioceptive input and visual sensor data for environmental
perception.

To support its development and evaluation, we constructed a
multi-modal outdoor dataset encompassing eight distinct gait
environments, with data collected under both assist-off and
assist-on conditions.

The effectiveness of multi-modality was evaluated by com-
paring three uni-modal LMR networks with two multi-modal
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fusion models. The multi-modal networks achieved an over-
all accuracy of 81.7%, outperforming all uni-modal base-
lines across both assistive settings. Visual modality offered
strong generalization across varying gait dynamics, while
mechanical signals provided consistent intra-class represen-
tations. These complementary characteristics were effectively
exploited through fusion, leading to enhanced LMR per-
formance. The results show that lightweight fusion strate-
gies—such as intermediate feature concatenation and late
score-level averaging—can substantially improve recognition
accuracy without compromising real-time feasibility, making
them well-suited for deployment on wearable robots.

While our findings offer valuable insight into the respective
roles of proprioceptive and visual modalities in LMR, they
are based on a specific sensor configuration and dataset.
Given the variability in sensor types and locomotion settings
across real-world scenarios, future research is needed to assess
the generalizability of our approach. Additionally, as our
multi-modal LMR system is intended for integration with a
lower-limb exoskeleton, future work will focus on real-time
implementation and incorporation into a control framework
that dynamically adjusts assistive torque profiles based on
predicted locomotion modes.
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