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Abstract

Accurate prediction of foot pattern throughout various terrains is essential for achieving stable and adaptive control in
powered lower-limb prostheses. In this study, a range of predictive models, including regression-based approaches, ensem-
ble machine learning methods, and recurrent neural networks (RNNs), were systematically compared to determine their
capability in generating oscillatory gait signals from tibial angular position while walking on varied terrain. The training
and testing data were collected from ten healthy individuals while level-ground walking, ascending and descending stairs.
Statistical models had poor accuracy and generalization, while ensemble methods (Gradient Boosting, Histogram-Based
Gradient Boosting, and eXtreme Gradient Boosting) had moderate performance but remained sensitive to outliers and
inter-subject variation. In contrast, recurrent architectures, i.e., long short-term memory networks (LSTM), had the highest
predictive accuracy, with a mean correlation of 0.88, and a low root mean square error of 0.09 rad. Although the LSTM-
based method provided slightly lower accuracy than some of the control methods inspired by the central pattern generators
in the literature, it required only prosthesis-embedded sensors, avoiding the need for sensors on the intact or residual limb.
Moreover, the compact network size and low computational load make it well-suited for embedded deployment, reducing
cost, power consumption, and user burden. These findings place RNN-based approaches in line with ongoing research
trends toward dynamic pattern generator—inspired controllers, offering robust, volitional-like control while maintaining
practicality for real-world implementation.
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1 Introduction

According to the International Classification of Func-
tioning (ICF), Disability and Health, limb amputation is a
type of physical disability that impairs the body structure
and limits movement and participation [1]. Lower limb
amputation affects millions worldwide, with current esti-
mates indicating approximately 7 million individuals liv-
ing with lower limb loss [2]. This population is growing
rapidly; in the US alone, annual amputation procedures
increased from 484,000 in 2016 to 566,000 in 2019 [3].
Globally, an estimated 65 million people have undergone
amputations, with 1.5 million procedures performed each
year [4]. Major amputations account for 30-55% of all
cases [5, 6], translating to 19.5-35.75 million individu-
als worldwide. Among these, transtibial amputations are
most prevalent (47%), followed by transfemoral ampu-
tations (31%) [7, 8], representing up to 27.88 million
people who could potentially benefit from advanced
prosthetic solutions. Prostheses are divided into two main
categories based on their functionality, namely passive
and active prostheses. The non-powered passive pros-
theses could be cosmetic or functional, whereas active
prostheses could be bodily or externally powered [9]. The
concept of active powered prosthesis was introduced in
1966 [10]. Since then, many studies have been conducted
to enhance and improve these devices. Despite the sig-
nificant gait improvements and walking symmetry that
the powered prostheses provide compared to the passive
ones [11-14], the passive prostheses remain the default
choice for most users and are considered the clinical stan-
dard for daily mobility due to issues like hefty price tag,
weight, battery life, and lack of waterproofing [15, 16].
The metabolic energy expenditure is, on average, reduced
up to 14% with the use of an active prosthesis [17]. There
are a few considerations to be taken for the development
of an active prosthesis [18]. Firstly, it should be able to
imitate the natural motion of a biological ankle joint and
generate sufficient propulsive force for gait. Secondly,
it should have low energy consumption, and thirdly, its
weight and height must not exceed that of the lost limb. In
[19], the focus was on four elements (mechanism, actua-
tor, sensor, and control) to improve the proposed robotic
prosthesis. The implementation of a control system on
the microcontroller enables the prosthesis to mimic the
biological function of the ankle by varying the torque
and actuator impedance at various terrains and walking
speeds during the gait cycle. Simultaneously, the trajec-
tories of the unaffected joint are still maintained [20].
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For every control system, a good transient response is
produced by reducing the signal errors, maximum over-
shoot, and settling time [21]. The prosthesis control sys-
tem can be classified by position, torque/force, and force
interaction controller based on its control strategy and
action on the position and force/torque parameters [22].
Force interaction controllers are typically implemented
as impedance or admittance controllers. The impedance
controller receives position as input and produces force
as output, whereas the admittance controller operates the
other way around. Both force interaction controllers are
mid-level, whereas the position and force/torque control-
lers are low-level. Powered prostheses show a significant
energy reduction during stair ambulation compared to
passive prostheses. However, the result is far from opti-
mal when compared to able-bodied dynamics due to the
suboptimal behaviour of the impedance control [23]. One
of the most challenging aspects for powered prosthetic
users is transitioning between terrains, which requires
users to reduce ambulation speed, stop, or exaggerate
the motion [24, 25]. In [26], the authors concluded that
terrains and amputation level remarkably impact the
metabolic cost and stability of transfemoral amputees.
Amputees exert more energy and experience reduced sta-
bility when walking on uneven terrain compared to even
terrain. However, there are no significant differences
between indoor and outdoor environments. Additionally,
the impact of amputation level remained apparent across
different environments and terrains, indicating that these
effects are independent of external conditions.

In this study, we compare the performance and com-
putational load of different regression, machine learning,
and deep recurrent neural networks for generating foot
patterns based on tibial angular position in an applica-
tion for a robotic ankle-foot. While various predictive
models have been proposed for gait estimation, no sys-
tematic comparison has evaluated their suitability for
foot trajectory prediction using minimal sensor feed-
back across multiple terrains. This study addresses this
gap by comparing regression-based models (SARIMAX,
SVR), ensemble methods (Gradient Boosting, HistGB,
XGBoost), and recurrent neural networks (LSTM) for
predicting foot angular position from tibial input alone.
Our key contribution is demonstrating that LSTM-based
prediction achieves high accuracy (mean correlation
0.88, RMSE 0.09 rad) while relying on a minimum num-
ber of sensors, eliminating the need for additional sensors
on the intact limb and maintaining a compact network
size suitable for embedded deployment.
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2 Related work
2.1 Traditional control

The conventional powered prosthesis control system fol-
lows a three-level hierarchy. At the high level, an intent
recognizer identifies the user’s walking task—such as
ground-level walking (GLW), ramp ascent or descent
(RA/RD), stair ascent or descent (SA/SD), or standing
still (SS). At the midlevel, a finite-state machine tailored
to each task detects the walking phase and switches among
low-level controllers or control parameters accordingly.
Although conventional low-level controllers may differ
in aspects such as data preprocessing, feature extraction,
and classification approaches, their most defining distinc-
tion lies in the source of feedback used for intent recog-
nition. Some controllers rely on biomechanical signals,
as demonstrated in studies such as [27] and [28]. Others
use electromyography (EMG) signals, as explored in [29]
and [30]. Beyond EMG, alternative feedback modalities
have been proposed, including capacitive-modulation-
based intent recognition in works such as [31] and [32],
force-sensitive resistor or piezoelectric sensory feedback
as in [33] and [34], and A-mode ultrasound sensing as in
[35]. Additionally, hybrid strategies that combine EMG
with biomechanical signals have been examined in stud-
ies such as [36] and [37]. Environment-aware prosthesis
control approaches that incorporate information about
the surroundings into decision-making have also been
developed, as shown in [38] and [39].

2.2 Alternative approaches

Many control schemes have been developed to overcome
the problems associated with the conventional control
scheme (the intermittent, non-dynamic structure, limited
to certain terrain configurations, and being mostly user-
dependent). The most volitional and can be integrated
with the amputee’s biological system are the proportional
EMG volitional continuous controllers [40—47]. How-
ever, using EMG signals for continuous volitional control
is quite challenging in practice due to major drawbacks.
For instance, the low signal amplitude can be easily
afflicted by external noise, and is difficult to measure
[48], and has non-linear and non-stationary characteris-
tics [49, 50]. In addition, sweaty skin, muscle fatigue,
and misplacement due to donning and doffing can nega-
tively impact the signals [36].

Virtual constraints and inverse dynamic-based con-
troller [51-63] and reference pattern generators [64—70]

are dynamic controllers that provide continuous control
signals synchronizing the foot, tibia, or foot and tibia pat-
terns with the rest of the body segments throughout the
ambulation, inspired by the central pattern generators in
the biological nervous system. In recent years, these types
of controllers have gained popularity among researchers,
and many studies have contributed to their development.
Recent comprehensive reviews of lower-limb exoskel-
etons highlight a clear trend toward intelligent, adap-
tive control systems that integrate multimodal sensing
and learning-based strategies for seamless human-robot
interaction across diverse terrains [71].

2.3 Machine learning approach in prosthesis
control

Terrain estimation methods typically depend on dynamic
signals from IMUs and joint encoders. Earlier work esti-
mated slopes using stance-phase foot-tilt calculations
[72—74] and forward kinematics [59, 62, 75]. However,
these techniques introduce a one-step delay because
updates occur only after heel strike. IMU signal integra-
tion between heel contacts and swing mitigates this delay
in able-bodied individuals [76-78]. However, the chal-
lenge to achieve a universal robotic prosthesis control is
the estimation of height changes before swing without
information [79]. Data-driven approaches address this
limitation by enabling continuous slope prediction with-
out requiring foot-tilt geometry. XGBoost models trained
on body-mounted mechanical sensors have demonstrated
continuous slope estimation across full gaits [77], while
CNN-based methods support real-time incline prediction
[80, 81]. More recently, Temporal Convolutional Net-
works (TCNs) [82] have shown superior performance in
real-time robotic applications [83, 84]. Authors in [85]
developed a neural network—based dynamic gain con-
troller to improve the NAO humanoid robot’s trajectory
tracking performance. The controller adapts online via
backpropagation, adjusting its gains in real time, elimi-
nating the need for manual tuning. Experiments in Cop-
peliaSim with predefined trajectories (circular, square,
and lemniscate) showed that the proposed adaptive con-
troller achieved smoother motion, reduced oscillations,
and improved tracking accuracy compared to a conven-
tional proportional controller. While comparative studies
of predictive models exist in biomechanics, this work
makes several distinct contributions toward practical,
user-centred prosthetic control. First, it provides a com-
prehensive survey and direct comparison of multiple pre-
dictive modelling approaches from classical regression to
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ensemble learning and deep recurrent networks, toward
the development of a unified, continuous control system
for robotic lower-limb prostheses. Second, the proposed
system relies on a minimal number of sensors and input
features, requiring only prosthesis-embedded inertial
sensors rather than those in close contact with the ampu-
tee’s residual skin or attached to the intact limb. This sim-
plification reduces computational load, prosthesis size,
user burden, and potential points of failure, enhancing
practicality and wearability. Third, the study is validated
on a relatively large and varied dataset comprising ten
healthy subjects performing multiple locomotion tasks
across level ground and stairs. This extensive data col-
lection enhances the robustness and generalizability of
the findings across subjects and terrains, compared with
many existing studies.

3 Method

The selection of predictive models in this study was
guided by their inherent suitability for capturing the oscil-
latory, periodic, and non-linear dynamics characteristic
of human gait. Seasonal AutoRegressive Integrated Mov-
ing Average with eXogenous regressors (SARIMAX) has
the ability to account for seasonal trends and incorpo-
rate covariate variables, making it a suitable choice for
predicting periodic biomechanical time series such as
walking patterns [86]. Support Vector Regressor (SVR)
was chosen for its capacity to model complex nonlinear
relationships in high-dimensional spaces, which aligns
with variations in gait kinematics [87]. Long Short-Term
Memory (LSTM) networks were selected for their ability
to capture long-term temporal dependencies and sequen-
tial patterns, essential for modelling the nonlinear and
time-varying nature of gait cycles [65]. Gradient Boost-
ing Regressor (GBR), Histogram-Based Gradient Boost-
ing (HGBR), and eXtreme Gradient Boosting (XGBoost)
were included as ensemble methods capable of learning
complex mappings through iterative error correction,
which is advantageous for handling inter-subject vari-
ability and outliers in gait data without assuming linear-
ity [88, 89].

3.1 Data collection and formulation

Ten healthy subjects (eight males and two females: S3
and S6), with no reported history of musculoskeletal,
neurological, or balance disorders, were recruited for
the experiments. Subjects were instructed to ascend and
descend 140 steps, walk 100 steps on the ground level
at their own pace, and pause for 1 min before walking.

@ Springer

Additionally, one participant (S6) performed extra ran-
domized movements (two stair descents/ascents, pauses,
and rapid switching between terrains). All activities were
performed indoors; ground-level walking was conducted
on a flat laboratory floor, and stair trials were conducted
on an indoor staircase with a step height of 13 cm and a
tread depth of 27.6 cm, without handrails.

The data were collected using wearable 10 OPAL sen-
sors (OPAL, APDM Inc., Portland, USA) placed on ten
body segments (feet, hands, shanks, thighs, waist, and
torso), as shown in Fig. 1. The sensors were placed at
the midpoint of the segment, considering the joints (i.e.,
toe, ankle, knee, and hip). Placing the sensors in such
an arrangement will provide accurate results, and by
ensuring the sensors are attached to bone, the relative

Fig. 1 The placement of the sensors on the subject’s body
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movement between the sensor frame and the foot tibia
frame is assumed to be zero. The data was collected at
128 Hz.

Ethical approval was granted by the Medical Research
and Ethics Committee (UMREC reference: UM.TNC2/
UMREC 2320). Written consent was gained from all
participants, and their identities anonymized by date and
order of participation. Data were kept secure and acces-
sible only to authorized staff.

3.2 Data preprocessing

The data collection includes some procedures that par-
ticipants were asked to perform for the sensor alignment
procedure, i.e., aligning the Z axis with gravity and the Y
axis with the sagittal plane. First, participants were asked
to stand still for 10 s, and from the standing data, a trans-
formation matrix was calculated for each sensor to fulfil
Eq. 1, where R; is the transformation matrix for sensor i.
accX, accY, and accZ are the accelerometer data for sen-
sor i. For sagittal-plane alignment, each participant was
asked to perform a strict sagittal-plane motion, and a sec-
ond transformation matrix was then calculated from the
gyroscope data collected during the motion.

0
0
9.81

The rotation matrix (R;) was calculated to align the sensor
axes with gravity and the sagittal plane, enabling meaning-
ful orientation data to be obtained. This is necessary to gain
useful kinematic data from the IMU sensors.

After alignment, the training and evaluation data set
includes four tasks (SS, GLW, SD, and SA) and five tran-
sitions (SS to GLW, GLW to SD, SD to GLW, GLW to SA,
and SA to GLW). SS, GLW, SD, and SA stand for standing
still, ground-level walking, descending stairs, and ascend-
ing stairs, respectively.

The participants’ details and experimental sequences are
listed in Table 1. It is noteworthy that only the raw data from
the three-axis accelerometer and three-axis gyroscope of the
OPAL sensors were attached to the femurs, tibias, and feet.

accX
accY
accZ

=R, (1

3.3 Feature selection and model training

In our previous study [90], feature selection was per-
formed using ANOVA and linear regression analyses,
which demonstrated that tibial angular position alone is
sufficient to accurately predict foot angular position. For
model development, a mixed dataset comprising record-
ings from four subjects (S2, S5, S6, and S9) was utilized.

Table 1 Information About the Subjects and Experiment Sequences,
S1, S2, S3, etc. stand for Subjectl, Subject2, Subject3, etc

Subjects  Weight (kg) Height (cm) Age  Sequence

S1 75 168 28 Day1 (morning)
S2 65 179 30 Day1 (morning)
S3 58 163 35 Dayl (morning)
S4 108 185 23 Day]1 (afternoon)
S5 100 193 30 Day2 (afternoon)
S6 60 175 30 Day? (afternoon)
S7 66 169 36 Day3 (morning)
S8 52 168 25 Day3 (morning)
S9 60 165 27 Day3 (morning)
S10 80 174 28 Day3 (afternoon)

Average 66.6 173.9 29.2

The training dataset consisted of 20,000 samples (5,000
samples per subject) and included multiple locomotion
conditions: GLW, SA, SD, and SS. The training data set
representing less than 17% of each of these subjects’
total data (30,720 samples per subject). The remaining
data from these four subjects (approximately 102,880
samples), along with all data from six additional subjects
(S1, S3,S4,S7, S8, and S10) 184,320 samples, were used
exclusively for testing. These six subjects were com-
pletely held out from all phases of model development,
providing a rigorous assessment of generalization to
unseen individuals. We excluded ramp ascent and descent
from this study based on preliminary findings from a
parallel investigation [91]. That analysis showed that a
nonlinear autoregressive network with exogenous inputs
(NARX RNN), trained solely on ground-level walking
(GLW) data, successfully generalized to ramp walking
(10° slope), achieving a mean correlation of 0.98 = 0.004
and RMSE of 2.95° + 0.30 across six healthy subjects.
This indicates that models capable of generalizing GLW
across subjects and speeds can feasibly transfer to mod-
erate inclines without task-specific retraining. We imple-
mented and compared a range of forecasting, machine
learning, and deep learning models. Each was selected
based on its unique capacity to handle time-series pat-
terns, non-linear mappings, or sequential dependencies.
The goal was to identify the most accurate and general-
izable estimator across varying locomotion modes. For
all models, final hyperparameters were selected based on
validation set performance using grid search and cross-
validation where applicable, balancing prediction accu-
racy with generalization capability.

3.3.1 SARIMAX
The Seasonal AutoRegressive Integrated Moving Aver-

age with eXogenous regressors (SARIMAX) model was
selected for its ability to model temporal dynamics and

@ Springer
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periodicity, both of which are fundamental in gait data.
Its ability to capture autoregressive structure and seasonal
behaviour made it a suitable candidate for foot-angle
estimation based on tibial motion. Table 2 summarize the
models hyperparameters.

Stationarity of both input and output signals was con-
firmed via the Augmented Dickey-Fuller test, allowing
direct model implementation without differencing.

3.3.2 Support vector regression (SVR)

SVR was employed due to its great ability to learn complex
non-linear relationships, particularly in the case of limited
input signals [92], which gives it a high potential of predict-
ing the foot position accurately, relying on the tibia angular
position alone (Table 3).

3.3.3 Long short-term memory (LSTM) recurrent neural
network

LSTM networks were chosen for their well-established
strength in learning long-term dependencies and capturing
the temporal structure of sequential biomechanical data.
The architecture was tuned to process sequences of tibia
angles and predict the corresponding foot angles.

The LSTM architecture with hidden layer dimensions
(12—13—12—10) was selected after exploratory trials in
which layer depth was varied between 2 and 4 layers, and
the number of units in each layer was independently var-
ied between 8 and 20. The final configuration represents
the combination that achieved the best trade-off between
model capacity and overfitting risk, while maintaining
a compact structure suitable for embedded deployment.
This configuration offered the best trade-off between
model capacity and overfitting risk, while maintaining
a compact structure suitable for embedded deployment.
Hyperparameter tuning included initial learning rates from
0.007 to 0.2, where values below 0.009 resulted in slower
convergence and reduced accuracy even with extended
training, as well as varied learning rate drop periods and

Table 2 SARIMAX model hyperparameters

Parameter Value
Order (12,0, 0)
Seasonal Order (7,0,0,13)
Enforce Invertibility True

Table 3 Support Vector Regression (SVR) model hyperparameters

Parameter Value
C 70
Epsilon 0.0008
Kernel Linear

factors. The mini-batch size was tuned between 120 and
500 samples, with the range of 160-250 yielding the high-
est accuracy, likely because this span aligns with the typi-
cal duration of multiple gait cycles, thereby improving
temporal feature learning. After extensive experimenta-
tion, the configuration presented in Table 4 was selected
as it provided the optimal balance between prediction
accuracy, generalization, and computational efficiency for
embedded implementation.

3.3.4 Gradient boosting regressor (GBR)

This ensemble method was selected for its high predic-
tive performance and ability to model complex non-linear
relationships between input and output. We applied Grid-
SearchCV to tune the model (Table 5).

3.3.5 Histogram-based gradient boosting regressor (HGBR)

This variant improves training speed through histogram bin-
ning, making it highly efficient for larger datasets. It retains
the benefits of gradient boosting while significantly reduc-
ing computational cost (Table 6).

3.3.6 Extreme gradient boosting (XGBoost)
XGBoost was included due to its performance in handling
structured data, built-in regularization, and resistance to

overfitting. It is particularly well-suited for capturing non-
linear dependencies with high accuracy (Table 7).

Table 4 LSTM network architecture and training parameters

Parameter Value

Hidden layers 12-13—-12—-10
Optimizer Adam

Max Epochs 4000

Initial Learning Rate 0.009

Learning Rate Drop Period 500

Learning Rate Drop Factor 0.8

Mini-batch Size 210

Shuffle Never

Table 5 Gradient Boosting Regressor (GBR) model hyperparameters

Parameter Values

Loss ‘squared_error’
Learning_Rate [0.01, 0.05, 0.1]
N_Estimators [1000, 2000, 4000]
Max_Depth [None, 5, 10]
Subsample [0.7,0.9, 1.0]
Random_State seed

Scoring neg_mean_squared_error
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Table 6 Histogram-Based Gradient Boosting Regressor (HGBR)
model hyperparameters

Parameter Values

Loss ‘squared_error’
Learning_Rate [0.01, 0.05, 0.1]
Max_Iter [1000, 2000, 4000]
Max_Depth [None, 5, 10]

L2 Regularization [0.0, 0.1, 1.0]
Random_State 42

Cv 3

Scoring neg_mean_squared_error

Table 7 Extreme Gradient Boosting (XGBoost) model hyperparam-
eters

Parameter Values

Objective
Learning_Rate
N_Estimators

‘reg: squarederror’
[0.01, 0.05, 0.1]
[1000, 2000, 4000]

Max_Depth [5,10]
Subsample [0.7,0.9, 1.0]
Colsample Bytree [0.7,0.9, 1.0]
Random_State 42

Cv 3

Scoring neg_mean_squared_error

For ensemble methods including XGBoost, hyperpa-
rameter ranges were selected in alignment with values
reported in prior biomechanical signal estimation and
gait prediction studies [89, 93], and were further refined
through preliminary grid-search experiments. Specifi-
cally, the learning rate (0.01-0.1), maximum tree depth
(5-10), and number of estimators (1000—4000) were
chosen to balance model complexity, training efficiency,
and generalization, while mitigating overfitting in sub-
ject-varied gait data.

4 Results
4.1 Models’ prediction accuracy

The selected methods were tested on the database with
10 participants; the database includes data from partici-
pants included in the training set and 6 participants who
were selected only for testing the ability of the methods
to generalize the estimation for new data. Three statisti-
cal parameters were used to assess each method; Spear-
man correlation was used to determine the similarity
between the measured and estimated values. Spearman
correlation was preferred over Pearson correlation due to
its non-parametric nature, which does not assume nor-
mally distributed data and is more robust to outliers,

both common characteristics of gait data across different
subjects and terrains. This makes Spearman particularly
suitable for evaluating monotonic relationships between
measured and estimated foot trajectories without being
disproportionately influenced by extreme values or inter-
subject variability [94]. Moreover, RMSE and MAE were
used to assess the accuracy of the models. The difference
between the RMSE and MAE indicates that outliers are
present.

Table S1 shows the results of the SARIMAX model,
which has the worst performance among all the models
presented in this study. The model failed to generalize the
estimation for the data of two participants (S3 and S10).
The model’s variation is twice that of other models, with an
average RMSE of 0.169. However, the model performance
shows no significant statistical variation, as indicated by the
Kruskal-Wallis test, H(19)=5.13.

Table S2 shows the performance parameters of the
SVR model; the SVR model slightly outperforms the
SARIMAX model with an average correlation of 0.669.
However, the SVR model still fails to generalize for all
participants’ data (S3 correlation is less than 0.6). The
average RMSE is 0.134 rad, and the performance is con-
sistent with no statistically significant changes regarding
the participants and the ambulation modes H(19)=3.13.

Table S3 shows the average results of GB performance
in three different ambulation modes, including transition
steps between the terrains. The model shows a good per-
formance with an average correlation of 0.739 with low
variation across the participants’ data. The overall RMSE
is 0.132 rad, with robust performance across the subjects
and terrains with no statistically significant variation
based on the Kruskal-Wallis test H(19)=2.95.

Table S4 presents the performance parameters of the
HGB model, which indicate less successful performance
than those of the GB model. However, the model per-
formance is still acceptable with an average correlation
of 0.728. The model shows greater variation, which may
be linked to the presence of outliers, as the difference
between the MAE and RMSE is higher than in the GB
model. The overall performance is still acceptable, with
no statistically significant differences across terrains or
participants (Kruskal-Wallis test, H(19)=3.03).

Table S5 shows the performance matrix of the XGB
model. Although the average correlation (0.74) is higher
than that of HGB and GB models, the XGB failed to gen-
eralize for participant S8, with a correlation lower than
0.6. The model’s overall accuracy is comparable to that
of GB and HGB. Nonetheless, the model exhibits higher
variation with a higher standard deviation value and
H(19)=3.2.
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Finally, Table S6 depicts the performance of the LSTM
model. The LSTM model has an accurate performance
and solid generalization capability. The average correla-
tion is 0.880, the RMSE is 0.090, and the performance
shows no outliers, with a 2-degree difference between
RMSE and MAE. The LSTM shows robust performance
across subjects and terrains, with no statistically signifi-
cant differences based on the Kruskal-Wallis test (chi-
square=2.6, df=19).

4.2 Analytical computation cost estimate

The selected controller is a Cortex-M7 MCU operating at
300 MHz with a single-precision FPU enabled, with esti-
mation of a single multiply—accumulate (MAC) operation
requiring approximately 3—5 clock cycles.

While MAC counts capture the dominant arithmetic
workload of neural network inference, embedded inference
frameworks incur additional control and memory overheads
[95]. Therefore, an overhead scaling factor n € [1.5-2] was
applied to account for these effects.

4.2.1 SARIMAX computation cost

SARIMAX computation cost depends mainly on the
order of the AutoRegressive (AR) and seasonal terms.
Giving Eq. (2), where T, is the total number of clock
cycles per prediction, o is the MAC execution cost, and g
is the overhead scaling factor. The estimated computation
cost of SARIMAX ranges between 2 and 3 ps.

Tce(SARIMAX) ~ a x b
(AR order + Seasonal AR order x season length) x n 2

4.2.2 SVR computation cost

For Support Vector Regression (SVR) with a linear kernel,
the inference cost depends primarily on the number of sup-
port vectors (SV) and the input dimension. Since the kernel
is linear, the computational burden is limited to weighted
sums without kernel expansion. As a result, the computation
cost of SVR inference does not exceed 2 ps on the target
MCU.

4.2.3 GBR/HGBR/XGBoost computation cost

The computation cost of ensemble models is mainly depen-
dent on the number of trees and average tree depth. XGBoost
and HGBR are known to be faster than GBR. Given that the
GBR number of estimators is 4000 and the depth is 10, and
taking the scaling factor and MAC execution cost, the com-
putation cost of GBR ranges between 0.6 and 1.3 ms. With
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similar analysis, both XGBoost and HGBR range between
0.34 and0.78 ms.

4.2.4 LSTM computation cost

Each LSTM cell has 4 gates. For input size (I) and hidden
size (H): MACs=4 H(I + H+1). Table 8 shows the num-
ber of estimated MACs on each layer. Additionally, the
sigmoid activation function needs 15-20 flops, and the
tanh activation function needs 10-15 flops, each LSTM
cell has three sigmoid and two tanh functions. Therefore,
each cell requires (65-90) clock cycles, giving that 1flops
=1 clock cycle. Equation (3), where T is the total num-
ber of clock cycles per prediction, a is MAC execution
cost, and B is the activation functions cost, while 1 is the
overhead scaling factor. Based on the Tcc estimation of
the LSTM, the computation cost per prediction ranges
from 78.32 to 168.3 pus, which is comparable to the realis-
tic computation cost of the GRU RNN developed in [90],
i.e., 114 ps.

Tce (LSTM) =~ 3
(@ x MACs+ a x Activations) x 7 3)

Table 9 presents the performance metrics for all six evaluated
methods. The LSTM model demonstrates superior perfor-
mance across all metrics, with the highest Spearman corre-
lation (0.880+0.044) and lowest RMSE (0.090+0.025 rad).
Notably, the LSTM also exhibits the lowest H(19) statistic
(2.60), indicating the most consistent performance across
subjects and terrains. The high p-values (>0.98) indicate
no statistically significant differences in median perfor-
mance across subjects, but do not imply uniform accuracy.
Subject-level metrics (Tables S1-S6) reveal inter-subject
variability (e.g., SARIMAX p ranged from 0.360 to 0.888),
which the rank-based Kruskal-Wallis test is less sensitive to
detect as significant. Among the tree-based ensemble meth-
ods, GB and XGB achieve comparable average correlation
(=0.74), though XGB shows higher variability (SD=0.091
vs. 0.078), suggesting less reliable generalization, particu-
larly for participant S8 where correlation dropped below 0.6.
The traditional statistical approach (SARIMAX) performs
worst overall (p=0.646, RMSE=0.169), highlighting the
limitations of linear time-series models for this task.

Table 8 MACs cost per LSTM layer

Layer Input size Hidden size MACs
LSTM1 1 12 672
LSTM2 12 13 1352
LSTM3 13 12 1248
LSTM4 12 10 920
FC 10 1 11
Total - 4203
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Tablg 9 Models performance Model Spearman p MAE (rad) RMSE (rad) Computation H(19)

matrix Time (ps) Statistic

(p-value)

SARIMAX 0.646+0.132 0.118+0.023 0.169+0.035 2-3 5.13 (0.98)
SVR 0.669+0.093 0.093+0.012 0.135+0.015 <2 3.13(0.99)
GB 0.740+0.078 0.093+0.011 0.132+0.014 600-1300 2.95(0.99)
HGB 0.728+0.081 0.093+0.011 0.132+0.014 340-780 3.03 (0.99)
XGB 0.740+0.091 0.092+0.011 0.132+0.015 340-780 3.20(0.99)
LSTM 0.880+0.044 0.052+0.017 0.090+0.025 78-168 2.60 (0.99)

5 Discussion

This study compared statistical regression-based, machine
learning, and recurrent neural network approaches to
predict foot patterns over level ground, stairs ascend
and descend with their transitions, from tibial angular
position. The findings highlight the formidable differ-
ences between traditional statistical models, ensemble
learning algorithms, and deep recurrent neural networks
with respect to accuracy, robustness, and generalization
between subjects and walking tasks.

The SARIMAX model had the worst performance
with a mean correlation of 0.65 and wide variation across
participants. SARIMAX was able to give acceptable pre-
dictions for GLW and SA. However, SD prediction was
poor. Although both input and output signals were con-
firmed to be stationary, the model still failed to generalize
well to unseen subjects whose data were not included in
the training, which indicates the limitation of autoregres-
sive models in handling complex biomechanical signals.
Similarly, SVR yielded only marginal improvements,
with stable performance but insufficient precision to meet
the demands for various prosthetic control.

Ensemble learning models, i.e., Gradient Boosting,
Histogram-Based Gradient Boosting, and XGBoost were
marginally better with mean correlations of 0.728-0.740.
These methods provided more stable predictions across
terrains and participants, as illustrated in the appendix
figures, where estimated trajectories closely followed
measured signals with modest deviations in standard
deviation bands. Moreover, they were highly affected
by susceptibility to outliers and inter-subject variabil-
ity. The tibial angular position used as model input was
obtained via sensor fusion without subsequent outlier
filtering. Thus, the observed sensitivity of ensemble
methods to outliers stems from their inherent susceptibil-
ity to extreme values within the naturally varying gait
kinematics. In contrast, the LSTM’s sequential learning
mechanism appears to inherently attenuate the influence
of such points, contributing to its consistent performance.

XGBoost achieved the highest correlation among the
ensemble models, but it failed to generalize to one par-
ticipant, i.e., S8, raising concerns about potential overfit-
ting to the training distribution.

The LSTM recurrent neural network surpassed all
other models with a mean correlation of 0.88 and RMSE
of 0.09 rad. Its superior ability to capture long-term
dependencies and nonlinear sequential dynamics allowed
accurate reconstruction of foot trajectories across all
locomotion tasks, including transitions. Particularly, the
robustness of the performance with respect to subjects, in
terms of having fewer outliers and tighter error bounds,
reflects the generalization capacity of deep recurrent net-
work models over regression or boosting models. The
strong generalization capability of LSTM across sub-
jects and terrains aligns with findings from robust fault
diagnosis models [96], where parallel attention mecha-
nisms and multi-scale feature learning have been shown
to effectively mitigate noise and data imbalance. These
findings and the findings of the GRU-based model in [90]
indicate that recurrent neural networks are particularly
well-adapted for modeling oscillatory biological signals
due to their intrinsic temporal structure.

Many of the previous studies have used finite state
machines with intent recognizers that operate on biome-
chanical, EMG inputs, or a combination of these signals.
While these methods demonstrated acceptable perfor-
mance in constrained conditions, they often suffered from
wrong decision-making and limited adaptability across
ambulation modes [97]. Our study is in line with the
broader research trend toward utilizing dynamic pattern
generators to provide more volitional and adaptive control
in powered prostheses. Although the predictive accuracy
of our GRU- and LSTM-based models is slightly lower
than some of the reported in other control paradigms, they
achieve this performance using only minimal feedback
signals from sensors embedded within the prosthesis. No
sensors are required on the intact or residual limb, which
not only lowers hardware complexity but also avoids
user discomfort, calibration drift, and reliability issues
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associated with external electrodes or wearable devices.
Furthermore, the relatively low computational load and
the compact size of our neural networks, which are much
smaller than many architectures reported in the literature,
e.g. [64, 65].,, translate into reduced power consumption,
faster inference, and lower system cost. This makes our
approach more practical for long-term daily use and more
suitable for embedded deployment.

Volitional EMG-based controllers represent another
major research direction, as they offer the highest theo-
retical potential for integrating prosthesis control with
the biological locomotion system [40—47]. EMG signals
precede motion onset and provide a direct window into
neuromuscular intent, which in principle makes them
the most natural interface for volitional control. How-
ever, their practical application is hindered by low signal
amplitude, high susceptibility to noise, sweat, electrode
displacement, and muscle fatigue. These inconsistencies
make EMG-based controllers difficult to rely on in real-
world use, despite their high potential. By comparison,
recurrent neural networks such as GRU and LSTM offer
a pragmatic middle ground: they capture nonlinear tem-
poral dependencies and provide adaptive, volitional-like
control with minimal sensing requirements, low compu-
tation, smaller network size, and greater robustness for
everyday prosthesis use.

While the current study demonstrates strong predictive
performance of the LSTM-based model using data from
healthy participants for level ground and stair ambula-
tion, its generalizability to the target amputee population
remains to be validated. Moreover, although findings from
our parallel investigation suggest that models capable of
generalizing ground-level walking prediction across sub-
jects and walking speeds can extend to 10° incline ramps
(mean p = 0.98) [91], we acknowledge that systematic
evaluation across multiple incline angles (e.g., 5°, 10°,
15°) and decline angles is necessary before claiming gen-
eralizability to ramp ambulation at varying inclines, both
ascent and descent. Future work will focus on evaluating
the model with transtibial amputee subjects using the pro-
posed approach as the control architecture for a powered
prosthetic foot. This validation will assess how critical
factors such as residual limb kinematics, compensatory
gait strategies, altered muscle dynamics, and socket-
prosthesis interaction influence model accuracy and
adaptability. Additionally, we will investigate whether
the model requires subject-specific fine-tuning or can
maintain robust performance across diverse amputation
levels and residual limb conditions. These experiments
will provide crucial insights into the clinical viability of
recurrent neural network-based pattern generators for
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real-world prosthetic control and their ability to accom-
modate the unique biomechanical characteristics of indi-
vidual amputee users. Moreover, further investigation is
needed to evaluate model performance on ramp ambu-
lation at varying incline and decline angles, walking on
uneven terrains, and other locomotor tasks that amputees
may encounter during daily activities. These validations
are essential to establish whether the model can gener-
alize across the full spectrum of real-world ambulation
demands without task-specific retraining.

6 Conclusion

This study systematically compares regression mod-
els, ensemble learning algorithms, and recurrent neural
networks for predicting foot angular motion from tibial
angular position across different terrains and transitions.
The findings demonstrate that statistical models such
as SARIMAX and machine learning methods like SVR
provide only limited predictive accuracy and poor gen-
eralization to unseen subjects. Ensemble methods (GB,
HGB, and XGB) improved stability but remained highly
susceptible to inter-subject variability and outliers, with
XGBoost showing signs of overfitting.

Recurrent neural networks, particularly GRU and
LSTM, consistently outperformed all other approaches,
achieving a mean correlation of 0.88 with lower error
margins and stronger generalization across ambulation
modes. While their accuracy is slightly lower than some
advanced control paradigms reported in the literature,
GRU and LSTM achieve robust performance with mini-
mal sensing requirements, relying only on prosthesis-
embedded sensors. This eliminates the need for additional
sensors on the intact or residual limb, reducing hardware
complexity, cost, and user discomfort. Furthermore, the
compact size of the implemented networks and their rela-
tively low computational load make them well-suited
for embedded deployment, offering faster inference and
lower power consumption compared to larger architec-
tures previously proposed. While RNN-based models
depicted promising results, still these results require
validation with individuals with transtibial amputation to
establish clinical applicability.

In future studies, an investigation of the system
viability for real-time control in multiple terrains, and
fast transition between the terrains, will be carried out
to further confirm the reliability of the machine learn-
ing pattern generators and the capability to provide an
improved performance compared to other intent recogni-
tion approaches.
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