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Abstract

Foot placement position (FP) and step height (SH) are needed to control walking-assistive
systems on uneven terrain. This study proposes a novel model that predicts FP and SH
before a user takes a step. The model uses a stereo vision system mounted on the upper body
and adapts to various terrains by incorporating foot motions and terrain object information.
First, FP was predicted by visually tracking foot positions and was corrected based on the
types and locations of objects on the ground. Then, SH was estimated using depth maps
captured by an RGB-D stereo camera. To predict SH, several RGB-D frames were considered
with homography, feature matching, and image transformation. The results show that
the heatmap trajectory improved FP prediction on the flat-walking dataset, reducing the
root mean square error of FP from 20.89 to 17.70 cm. Furthermore, incorporating object
preference significantly improved FP prediction, resulting in an accuracy improvement
from 52.57% to 78.01% in identifying the object a user stepped on. The mean absolute error
of SH was calculated to be 7.65 cm in scenes containing rocks and puddles. The proposed
model can enhance the control of walking-assistive systems in complex environments.

Keywords: foot placement position; step height; uneven terrain; stereo vision; foot
trajectory

1. Introduction

Walking-assistive systems have the potential to assist hikers carrying heavy loads
on uneven terrains [1-3]. Controlling assistive systems in environments with varying
elevations due to rocks, trees, and slopes is significantly challenging [4]. To consider
walking motion on uneven terrains, foot placement position (FP) and step height (SH) are
required. FP represents the location where the swing foot lands upon ground contact, as
shown in Figure 1. SH refers to the height difference between the supporting foot and the
future FP of the moving foot. For example, when a user walks on flat ground, SH is always
zero. If the user is ascending the stairs, SH equals the stair height. To enhance the efficiency
of assistive systems in uneven terrain, they should be controlled according to the SH. For
SH prediction, the assisting system must predict the FP of the moving foot. Then, the SH
can be estimated by calculating the FP height. Next, the system controls its assisting force
to step up (or down) the predicted SH.
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(a) (b)

Figure 1. FP and SH definitions: (a) When walking on flat ground, SH is zero; (b) When climbing
stairs, SH equals the stair height.

Terrain information is essential for a more accurate FP prediction because walking
motions are significantly influenced by the characteristics of the terrain. Terrain information
can be indirectly recognized by measuring body movements using inertia measure units
(IMUs) [5,6] and electromyography (EMG) [7]. For example, Su et al. [5] attached IMUs to
the thighs, shanks, and ankles. Sensor signals collected during the early swing phase were
analyzed using a convolutional neural network (CNN) to classify the following motions:
level walking, stair ascent/descent, ramp ascent/descent, and transitional states between
these steady states.

Vision sensors outperform IMU and EMG when classifying various terrain types.
Kurbis et al. [8] classified flat ground and stairs by using a CNN trained with RGB images
captured by an on-body camera. Laschowski et al. [9] developed a CNN-based model
trained with chest-mounted RGB images to classify three walking environments (i.e., level
ground, inclined staircases, and declined staircases) with 94.85% accuracy. Pham et al. [10]
used an RGB-D sensor attached to a user’s body and processed point-cloud data using a
Random Sample Consensus (RANSAC) algorithm to classify the environmental context.
Qian et al. [11] analyzed walking modes using a CNN trained on 3D point-cloud data
obtained from an RGB-D camera to classify five terrain types.

However, the terrain classification approach has limitations in irregular environments.
Moreover, controlling wearable robots based on the simple terrain classification limits
their applicability in uneven and complex terrains. Thus, FP prediction is needed to
effectively assist users because SH can be estimated from the FP. Lee et al. [12] used
three IMUs attached to the feet and body for FP prediction. Several features including
acceleration, orientation, velocity, displacement, and gait phase were extracted from the
IMU signals. These features were used to train a recurrent neural network (RNN)-based
model. Finally, the three-dimensional (3D) FP was predicted with a mean distance error of
5.93 £ 1.69 cm. Although they successfully predicted FP, the model was tested on terrains
with small variability such as flat ground and stairs. Xiong et al. [13] predicted FP by
training a CNN with IMU signals and gait phases. Then, FP prediction uncertainty was
modeled using a two-dimensional Gaussian distribution. Next, steep regions in the terrain
were identified by obtaining the height map gradients using an RGB-D camera. Although
these methods can obtain the terrain geometry, they cannot consider semantic information.
Furthermore, IMU signals cannot respond to sudden changes in terrain because of their low
signal-to-noise ratio. Li et al. [14] utilized a user’s gaze for FP prediction. They assumed
that users always stepped on objects on the terrain. An object inside the gaze region was
determined to be an FP. However, this approach is available only when the user’s gaze is
directed toward the FP. In addition, previous studies focused on predicting FP and did not
consider SH, which is essential for wearable robot control.

To overcome these limitations, a new step prediction model was developed in this
study. The main contributions can be summarized as follows:
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e  FP was predicted using a stereo camera and a camera-mounted IMU, without addi-
tional IMU or EMG sensors attached to the lower limbs, to minimize hardware and
model complexity.

e  SHwas estimated from the FP height using an RGB-D stereo camera, which is essential
for wearable robot control on irregular terrains.

e Both lower-limb motion and the environmental information were extracted from
on-body RGB-D images and considered to increase FP prediction accuracy.

e Real-time inference was evaluated using an embedded system to verify its
practical applicability.

The remainder of this paper is organized as follows. Section 2 presents a detailed
description of the FP and SH prediction model. Section 3 describes the experiments
conducted and data acquisition process. Section 4 presents the model prediction results,
including the effects of the trajectory heatmap and object detection on FP errors and SH
prediction in elevation-varying environments. Section 5 presents a summary, the study’s
limitations, and future prospects.

2. Materials and Methods

The proposed model predicts foot motion, recognizes objects on the terrain, calculates
the FP probability, and estimates the SH, as shown in Figure 2. Initially, an RGB image and
a depth map are captured using an RGB-D stereo camera (Stereolabs, ZED 2i, San Francisco,
CA, USA). The feet and ground objects in the RGB image are simultaneously detected
using Yolo-v8s Seg [15]. The bounding box of the feet is used as input for the FP prediction
network. A foot-trajectory heatmap is created using the foot-position history combined
with the current RGB image. This four-channel input is fed into the CNN for FP prediction.
Subsequently, an FP probability distribution is generated. The object segmentation results
of the RGB image are fed into the environment-recognition network. An environmental
score map can be created using score values determined based on human preferences. For
example, humans tend to step on flat rocks while avoiding puddles. Note that FP prediction
and environment recognition are computed in parallel to reduce latency. Subsequently, the
FP probability is corrected using an environmental score map. The final FP is determined as
the point at which the FP probability reaches its maximum value. Finally, the SH of the final
FP is calculated via homography. Foot-motion prediction, terrain object recognition, FP
probability, and SH calculation are described in detail in Section 2.1, Section 2.2, Section 2.3,
Section 2.4, respectively.
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Figure 2. Flowchart of the SH prediction model; FP and SH represent foot placement position and
step height, respectively.
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2.1. Foot-Motion Prediction

For robust FP prediction, a trajectory heatmap and grid-based classification were used.
First, the trajectory heatmap can improve the FP prediction accuracy because it contains a
history of foot motion. A heat map was created using the following procedure. Initially,
the RGB image was cropped to 260 x 260 pixels because the feet and legs remain in this
region, as shown in Figure 3. The computational cost can be reduced by focusing on this
region instead of on the full image. To capture walking motion on uneven terrain, the
trajectory was created using the center of the foot bounding box over the last 30 frames,
corresponding to 2.4 s of foot motions. Because this window size consistently contains
at least one stride, it can provide sufficient foot-trajectory information for FP prediction.
Furthermore, sequential information on foot positions was represented in the heatmap by
assigning different pixel values to past foot positions. Specifically, a grayscale image was
created, and the default pixel value was set to zero. The pixel value was set to 255 if the
pixel corresponded to the current foot position. The pixel value was set to 8.5 if the pixel
corresponded to the position 2 s before. The values at the other timesteps were linearly
interpolated between 255 and 8.5. Subsequently, a Gaussian filter was applied to finalize
the heatmap. Finally, a four-channel matrix stacking the heat map and RGB image was
used as the input for the FP predictor.

376!

(220,376) (480, 376
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Original image Cropped image

Heatmap
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S~ Foot trajectory

[] Bounding box of the foot

Heatmap

Figure 3. Pipeline of the FP prediction model.

Grid-based classification was used for FP because the prediction was unreliable when
the position was directly regressed. Instead, a regression approach based on the classifica-
tion results was used to obtain a more accurate regression outcome [16]. A 4 x 2 grid was
used to improve separability and class balance. The two columns are useful to discern left
and right foot motion. Two columns were used to balance the sideway foot placement (FP)
distribution. Along the longitudinal axis, entropy values were obtained as 0.8222, 0.831,
0.827, and 0.827 for the 3 x 2,4 x 2,5 x 2, and 6 x 2 grids, respectively. This indicates that
the four rows provide balanced distribution, reducing unbalancing problems for classifica-
tion. Accordingly, MobileNet-v2 [17] was trained to classify eight classes corresponding to
a4 x 2 grid, as shown in Figure 4. FP (i.e., x, and y.) was calculated as follows:

7 7
Xe =Y PiXeeliYe = Y, Pi-Yeell ir 1)
i=0 i=0

where p; is the i" cell probability obtained from the grid-based classification result; Xeell i
and y,.j;, ; represent the center position of the ith cell.
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Figure 4. Class regions for FP.

When a user takes a step, the predicted FP can change due to the environment and
the user’s intention. To model this uncertainty, the probability Prp was modeled using a

Gaussian distribution as follows:
1 _G=x?  (we?
Pep(x,y) = e oy, 2)

27T(Tx0’y

where 0y and 0, are the variances along x and y, respectively. Because the variation along
the walking direction is more significant than that along the perpendicular direction, oy
was set to 83.5, which is 1/4.5 of the vertical size of the image, and ¢ was set to 112, which
is 1/6 of the vertical size of the image.

2.2. Terrain Object Recognition

Objects on the ground can affect the FP and walking motion. For example, users prefer
to step on stones and hard roots to avoid slippery spots, whereas holes, mud, and puddles
are undesirable. To consider this environmental information, objects were segmented from
the RGB image using Yolo-v8s Seg. In this study, rocks and puddles were regarded as
preferred and undesired objects, respectively. Because users are unlikely to step on the
edges of rocks, the rock boundaries were shrunk, as shown in Figure 5. Similarly, since
users tend to avoid stepping near puddles, the puddle boundaries were expanded. As the
FP corresponds to the center of the foot, the amount of shrinkage and expansion should be
set to half the foot size. Considering that foot sizes range from 22 and 28 c¢m, the shrinkage
and expanding size should be 11-14 cm. The sizes of the rocks and puddles used in the
experiments are approximately 43 and 112 cm. Thus, the rock boundary shrank by 30%,
while the puddle boundary expanded by 10%. A score map was created by assigning
preference scores of 2, 1, and 0.01 to the image pixels of rocks, ground, and puddles,
respectively. These score values were empirically determined. If the rock score is too high,
the model can select the rock as the FP even when the foot is moving away from it. The
puddle score is very small but not zero because users can step on the puddle to maintain
their body balance.
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Figure 5. Preference probability distribution.

2.3. FP Probability

FP is affected by walking motion and object preference. Therefore, in this study, the FP
probability was computed using the Hadamard product of the preliminary FP distribution
and the object preference distribution, as shown in Figure 2. The pixel with the highest
probability was selected as the final FP prediction.

2.4. SH Calculation

To compute SH, the FP and supporting foot height are required, as shown in Figure 1.
A 3D displacement vector , from the camera to the FP (or the supporting foot), represented
in a fixed frame with a vertically aligned z-axis, was calculated as:

fu = AR'K img, ®)

where R represents the rotation matrix of the camera orientation, which measured using
the IMU attached to the camera. K and d are the camera matrix, and depth, respectively.
Timg is 3D vector consisting of the 2D position in the image and a homogeneous coordinate
of 1.

Calculating the SH in a single image frame is difficult because the FP of the swing and
supporting feet are often occluded by the user’s lower limbs in some frames. To address
this issue, a “reference frame” technique was developed. When a user takes steps on
the ground (or on objects), the corresponding image is designated as a reference frame.
The stepping time was detected when the FP point transitions between columns of the
4 x 2 FP grid, since each column corresponds to each foot’s FP (left or right). Figure 6
shows an example of how a reference frame can be used. Figure 6(al) shows an image
captured by the on-body camera when the user takes a step on the ground using the right
limb. This frame can be saved as the reference frame, i.e., the i reference frame in this
example. At this point, the FP of the left foot, indicated by the red dots in Figure 6(al), is
clearly visible. Therefore, the SHy, of the swing foot (i.e., the left foot in this case) can be
calculated as follows:

i i
SHL = zgp sw — Zppsp 4

where zip op and zkp g,y are the heights from the camera to the supporting and swing
feet, respectively.
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(a1) Frame #100 (a2) Frame #147 (a3) Frame #212
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(b1) Motion at Frame #100 (b2) Motion at Frame #147

Figure 6. Reference frame and SH: (al-a3) Exemplar reference frames captured by the camera; (b1,b2)
User’s motion and heights.

When the swing foot approaches the ground (or an object), the FP is often occluded
by the swing foot, as shown in Figure 6(a3). Therefore, direct Z{;P,SW measurement from
the depth map is infeasible. To address this issue, the FP was retrieved from the reference
frame in which it was not occluded. Through this process, zpp sw can be estimated even in
the presence of occlusions.

Although Z{;P,SW can be measured from the depth map of the i reference frame, Z%PISP
cannot be measured because the FP of the supporting foot is occluded. The method used to
obtain Z{JP’SP is described later (in the next paragraph). Subsequently, when the user places
their left foot on a rock, as shown in Figure 6(a2,b2), the image is designated as the (i + 1)th
reference frame. The SHy of the swing foot (i.e., the right foot in this case) can then be
calculated as

_ i+l il it i _ i+l i ity i
SHR = zppsw — Zppsp = Zppsw — (Ah + ZFP,SW) = ZFPSW ((ZG —zg )+ ZFP,SW)' ®)

where zZ- is the distance from the ground to the camera in the ith reference frame, as shown
in Figure 6(b1). As the FP of the supporting foot is occluded, the Z;;}SP is not measurable in
this image. Therefore, this value should be calculated using zg, zé’l, and Z{;P,SW, as in (5).
To compute zg;, the height values of the pixels in the center row, indicated by the dotted
line in Figure 6(al), are collected. Subsequently, z/, is determined as the median value
among the heights because the median value is likely to be the height from the ground to
the camera, even when several objects exist on the ground.

Note that Z%P,SW is measured as the height of the predicted FP before the step was
performed. After the stepping is complete, the FP of the foot can be corrected to the actual
step point. Therefore, to increase the SH accuracy, Z%P,SW is updated with the actual step
point after the stepping is complete. In particular, the FP of the foot is corrected, and
its height is obtained from the previous reference frame because the FP is occluded in
the current reference frame (i.e., the reference frame after the stepping is complete). A
transformation between the frames is required to extract the height from the reference
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frame. The ORB algorithm [18] was used for this purpose because of its fast and accurate
calculation process. Although other algorithms (e.g., SIFT and SURF) offer greater accuracy
and robustness, they are unsuitable for this system, which requires real-time SH estima-
tion. zi. psp in (4) can be calculated using zic_l, zg, and ZiF_P%SW and the approach used to
obtain z's .

When the user moves, the visual overlap between the reference frame and current
frame decreases, yielding an insufficient number of matched points to compute reliable
transformation. To mitigate this, we select an additional frame, the checkpoint frame. After
checkpoint frame is selected, instead of conducting the transformation from the reference
frame and the current frame, two consecutive transformations were conducted. The first
transformation was carried out from the last reference frame to the checkpoint frame. Then,
the second transformation was conducted from the checkpoint and the current frame. This
approach alleviates the transformation accuracy problem because it has more matched
feature points than the single transformation case. We enable the checkpoint only if the
inlier matched points between frames fall below a threshold (i.e., 70 points).

3. Experiments and Dataset

This section describes the experimental setup and introduces the data acquisition,
augmentation, and annotation methods used to train the preliminary FP prediction model.

3.1. Experimental Setup

Experiments were conducted in the presence of various ground objects to create an
environment similar to that of forested terrain. Objects such as leaves and gravel were
scattered on the ground, as shown in Figure 7a. To build an environment with various
heights, rocks with 4 cm height were stacked, as shown in Figure 7b. The height was
categorized into three levels: Level 0 represents flat ground without obstacles; while Levels
1 and 2 were created by stacking three and six rocks, respectively. Puddles, which are
objects that are undesirable to hikers, were also placed on the hiker’s trajectory.

(b)

Figure 7. Experimental environment and device setup: (a) Ground with objects; (b) Three ground
height levels; (c) Data acquisition and processing devices.

A standalone hardware system was developed for outdoor applications. A stereo
camera (StereoLabs, ZED 2i, San Francisco, CA, USA) and IMU (Xsens Technologies B.V.,
MTI-1A, Enschede, The Netherlands) were installed on the front of the harness, as shown in
Figure 7c. An NVIDIA Jetson AGX Orin Developer Kit (64 GB) (Nvidia Corp., Santa Clara,
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CA, USA) and battery (30 Ah; 65 W) (INOVIA, Seoul, Republic of Korea) were attached to
the user’s back.

3.2. Data Acquisition and Preprocessing

The preliminary FP predictor was trained using images captured when no objects were
present on the ground. These training data were used because this predictor is responsible
for predicting the generalized human walking motion. The reference frame described
in Section 2.4 should be updated when supporting foot changes between the left and
right. The system estimates the transition timing using the image frames. To train this
transition predictor, the ground truth of left-right foot contact time is needed. To obtain
this ground truth, pressure sensors (Interlink FSR 406; single channel; 39.6 x 39.6 mm?)
attached to the left and right insoles were used. The noise regarding the pressure sensor
can indirectly affect the reference frame selection, which influences the SH error. However,
this effect is relatively small compared to the effects of FP prediction error. Table 1 lists the
physical characteristics of the participants. Each subject walked along 6 m of flat ground
ten times; and 6578 walking images were obtained from the experiment. This experiment
was approved by Institution Review Board of Chung-Ang University (Protocol number:
1041078-202106-HRZZ-165-01, date of approval: 8 September 2021).

Table 1. Physical information of the subjects.

Subject Age Height (cm) Weight (kg)
1 26 170 62
2 27 178 82
3 26 176 73
4 27 175 68
5 24 184 78
6 27 169 58
7 24 183 71

FP were mostly distributed in Regions 2-5, as shown in Figure 4; the samples cor-
responding to Regions 0, 1, 6, and 7 were deficient. Data augmentation was applied to
address this data imbalance. Samples from Regions 0, 1, 6, and 7 were augmented via
flipping. If the prediction model is trained with images about walking with objects, training
data on various terrain environments are needed. Otherwise, the model can be overfitted to
the training environments. Thus, the preliminary FP predictor was trained with flat-ground
walking in the absence of objects. Then, the effects of ground objects were considered
using the object preference distribution. Adam optimization with a weight decay of 10~%, a
learning rate of 1075, 100 epochs, and a batch size of 16 was used to train the FP predictor.
The optimal model weights were selected when the validation loss did not decrease for ten
consecutive iterations. The training was conducted on a computer with an Intel Xeon Gold
6248 CPU (2.50 GHz), 128 GB RAM, and an NVIDIA GeForce RTX 3090 GPU.

4. Results and Discussion
4.1. Effects of the Foot Trajectory Heatmap

The backbone network FP predictor was built using VGG16 [19] and MobileNet-
v2 [17], which are widely used CNNs for image analysis. To validate the effect of the
trajectory heatmap on FP prediction, the errors, in terms of the root mean square error
(RMSE), were calculated when only the RGB image was used and when the foot trajectory
heatmap was used with the RGB images. Table 2 presents the distance error, accuracy for
the classes shown in Figure 4, and the p-value between the RGB only and RGB + heatmap
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datasets. The distance error obtained using MobileNet-v2 was similar to that obtained using
VGG16. Notably, the distance error considerably decreases when a trajectory heatmap was
added. MobileNet-V2 was adopted as the prediction model for the embedded system, as
its lightweight architecture provides faster inference than VGG16.

Table 2. Errors of the preliminary FP predictor.

Model FP RMSE (cm) p-Value
Mobilenet-v2 (RGB + H) 17.70 0.0136
Mobilenet-v2 (RGB) 20.89 ’
VGG16 (RGB + H) 16.81
VGG16 (RGB) 20.66 0.0251

4.2. Effects of the Checkpoint Frame

To verify the effects of the checkpoint frame, the number of matched features was
compared between scenarios with and without the checkpoint frame. When the checkpoint
frame was not applied, the number of matched features decreased continuously over
time, as shown in Figure 8(al). This decrease resulted in an image transformation with
significant errors, as shown in Figure 8(b1). To visualize these errors, the current frame
was transformed into reference frame coordinates. The transformed current frame was
stitched onto the current frame. However, when the checkpoint frame was introduced, the
number of matched features recovered ranged from approximately 50 to 240, as shown in
Figure 8(a2). Consequently, the transformation error decreased significantly, as shown in
Figure 8(b2).

350 4 350 Check point

300 300

250
250
200 4
200
150 1
150 1
100 1

100

Number of matched points

50 4

0 5 10 15 20 Frame 0 5 10 15 20 Frame

(a1) (a2)

(b1) (b2)

Figure 8. Examples of image transformation; Number of matched features (al) without and (a2)
with the checkpoint frame; (b1,b2) Stitched images of the reference and current frames; the latter is
transformed into reference frame coordinates.

4.3. Effects of Object Preference

To consider the effects of object preference on FP prediction, FP values with and with-
out the object preference probability (OPP) were compared. Participants were instructed
which objects are regarded as preferred or undesired ones. Apart from the object prefer-
ences, they were free to plan their locomotion. In the experiment, preferred (e.g., rocks)
and undesired (e.g., puddles) objects were randomly positioned, as shown in Figure 9a.
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(a1) Scene #1 - Puddles

FPOS (%)

S1 S2 S3

The RMSE of the FP prediction for the seven subjects listed in Table 1 was averaged. For
Scene #1, which contained puddles, the average RMSE of the preliminary FP was 26.14 cm.
This error was reduced to 25.56 cm when the OPP was considered. For Scene #2, which
contained rocks, the average RMSE of the preliminary FP method was 20.16 cm. The OPP
decreased the error to 19.32 cm. For Scene #3, which contained both puddles and rocks, the
FP errors without and with the OPP were 25.55 and 23.70 cm, respectively. The average
RMSE was reduced by 2.22%, 4.17%, and 7.24% for Scenes 1-3, respectively. This error
reduction suggests that the walking motion strongly depends on ground objects; therefore,
the FP should be predicted based on the location of ground objects.

(a2) Scene #2 - Rocks (a3) Scene #3 - Rock & Puddles

Without OPP m With OPP

s7 S1 S2 S3 sS4 S5 s ST S1 S2  S3 sS4 S5 se  s7
(b2) FPOS of Scene #2 (b3) FPOS of Scene #3

s5  S6
(b1) FPOS of Scene #1

Figure 9. Effects of the OPP: (al-a3) Scenes used in the experiments; (b1-b3) FPOS with and without
the OPP for each scene.

If FP is predicted as a point on the object where the foot is placed, SH can be accurately
estimated despite substantial FP errors. Because predicting SH is the final goal of the
proposed model, the FP-object success ratio (FPOS) was defined to quantify whether the
FP-object was identified correctly. FPOS is defined as the ratio of the number of frames in
which the FP-object is correctly predicted to the total number of frames in the experiment.
Table 3 presents the FPOS results. For Scene #1, the FPOS was 56.32% when only the
preliminary FP prediction was performed. This success ratio increased to 75.56% when the
preference probability was added, as presented in Table 3. For Scene # 2, the FPOS with
and without preference probability were 70.11% and 78.19%, respectively. For Scene #3, the
FPOS increased from 52.57% to 78.01% with the addition of preference probability.

Table 3. Average FPOS and FP RMSE.

S Average FPOS (%) Average FP RMSE (cm)
cene Without OPP With OPP Without OPP With OPP
1 (Puddles) 56.32 75.56 26.14 25.56
2 (Rocks) 70.11 78.19 20.16 19.32
3 (Puddles + Rocks) 52.57 78.01 25.55 23.70
Average 59.67 77.25 23.95 22.86
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4.4. SH Prediction

The levels of SH are assigned based on rock heights of 0 cm, 15 cm, and 28 cm,
respectively. Level-1 and -2 represent descending height from 15 cm and 28 ¢cm to the
ground, respectively. Figure 10 shows the SH when the subjects walked along paths where
rocks with heights of 12 and 24 cm were present. Details of the environment are shown in
Figure 10a. In this scenario, the mean absolute error (MAE) of SH was 7.65 cm. The model
successfully predicted the SH, except in a few cases, as shown in Figure 10b. Large SH
errors were observed when descending from the rock, as shown in Figure 10. Although the
FP needs to move down to the ground, the model predicts it to remain on the rock due to
the object-preference map. The real-time predictions of FP and SH were visualized in the
supplemental video (Video S1 in Supplementary Materials).
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Figure 10. Predicted SH and the corresponding ground truth; SH is positive when the subjects
stepped on the object and negative when they descend; (a) Example SH experimental actions for level
0,1, and 2. (b1-b7) Comparison between the predicted SH and the ground truth.
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4.5. Inference Speed in Embedded Systems

The proposed FP prediction model was tested using an embedded system to assess its
applicability to assistive systems. ROS2 was used to integrate the signals acquired from the
RGB-D camera and the IMU. Real-time inference was conducted using NVIDIA Jetson AGX
Orin. Yolo-v8s Seg model was selected in this study considering its reliable accuracy and
fast inference speed. First, the mean Average Precision (mAP) for segmentation improves
from 30.5 (nano) to 36.8 (small), and further to 40.8 (medium) [15]. Second, the inference
times were 1.21 ms (nano), 1.47 ms (small), and 2.18 ms (medium) when an A100 GPU
was used. Considering the mAP and inference time, Yolo-v8s was used in this study
because it offers the most suitable accuracy and latency for the system. Furthermore,
the inference time of Yolo-v8s on the Jetson AGX Orin was reduced from 56.94 ms to
35.54 ms using Tensor-RT [20], while preserving FP32 precision. The FP model and image-
matching disparity calculation recorded inference times of 24.24 and 20.01 ms, respectively.
The subsequent FP prediction calculations required 24.24 ms. The inference time for SH
estimation was 20.01 ms. The total inference time was 79.78 ms (12.53 FPS). Considering
that the walking stride time is approximately 1 s, the proposed model allows real-time SH
prediction and is sufficiently fast for use in assistive systems.

5. Conclusions

This study proposed an SH prediction method to control assistive-walking systems
on uneven terrain. The model predicts the FP by considering walking patterns and terrain
preferences based on vision data. The locomotion pattern is learned by training a CNN
with lower-body images and foot trajectories. The model (i.e., Mobilenet-v2) achieved an
FP RMSE of 17.70 cm on the flat-walking dataset, as provided in Table 2. Additionally,
surrounding objects are classified based on user preferences. The final prediction is made
by integrating the walking patterns and terrain preferences. In diverse object environ-
ments, the average RMSE decreased from 23.95 to 22.86 cm by using OPP, as shown in
Table 3. These results indicate that object preference enhances FP prediction. The method
achieved an MAE of 7.65 cm in predicting SH by leveraging image perspective transfor-
mation and checkpoint frames to resolve the occlusion of FP. Although the method is not
directly applicable to walking-assistive systems, the results show that incorporating object
preference provides more accurate inputs (e.g., height dependent torque information) for
such systems.

Although the developed model successfully predicted FP and SH, it had some lim-
itations. First, the object types were not sufficiently diverse. Only rocks and puddles
were considered objects on the terrain. Therefore, future studies should consider forests
that are more realistic. In addition to objects on the terrain, other geometric information
such as terrain slope should be considered. Second, the scope of this study was limited
to straight walking. Therefore, FP should be predicted even when the user changes the
walking direction. Third, an RGB-D camera is vulnerable to noise, such as changes in
lighting conditions, shadows, and vibration caused by user movements. To address this
issue, post-processing algorithms, calibration techniques, and a gimbal should be used to
minimize noise effects. Fourth, the camera was installed slightly away from the user to
effectively capture both the lower-limb motion and objects. However, this configuration
can obstruct the user’s perspective. For a user-friendly design, the camera must fit the
body more closely. Fifth, this study assumes users are walking on flat terrain with various
objects. However, if the terrain surface is too steep or irregular, the SH estimation error
can become significant. This limitation can be addressed in future work. For example,
by incorporating IMU sensor fusion to improve robustness on steep and uneven surfaces.
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Finally, the predicted SH must be used to determine the torque of the assisting systems to
maximize their efficiency on uneven terrain.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/technologies13090399/s1, Video S1: FP and SH of the final
algorithm for each scene.
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