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Abstract

Real-time gait analysis is essential for the development of responsive and reliable motorized prosthetics.
Deploying advanced deep learning models on resource-constrained embedded systems, however,
remains a major challenge. This proof-of-concept study presents a TinyML-based approach for knee
joint angle prediction using convolutional neural networks (CNNs) trained on inertial measurement
unit (IMU) signals. Gait data were acquired from four healthy participants performing multiple
stride types, and data augmentation strategies were applied to enhance model robustness. Multi-
objective optimization was employed to balance accuracy and computational efficiency, yielding
specialized CNN architectures tailored for short, natural, and long strides. A lightweight classifier
enabled real-time selection of the appropriate specialized model. The proposed framework achieved
an average RMSE of 2.05°, representing a performance gain of more than 35% compared to a generalist
baseline, while maintaining low inference latency (16.8 ms) on a $40 embedded platform (Sipeed
MaixBit with Kendryte K210). These findings demonstrate the feasibility of deploying compact and
specialized deep learning models on low-cost hardware, enabling affordable prosthetic solutions with
real-time responsiveness. This work contributes to advancing intelligent assistive technologies by
combining efficient model design, hardware-aware optimization, and clinically relevant gait prediction
performance.

Keywords: convolutional neural networks; gait analysis; TinyML; embedded systems; real-time
prediction; multi-objective optimization

1. Introduction

Lower-limb loss affects millions of individuals worldwide, primarily due to vascular diseases
and diabetes [1]. The prevalence of these conditions is rising in low- and middle-income countries,
further increasing amputation rates [2]. In Brazil, for example, 31,190 lower-limb amputations were
performed in 2022 through the public health system [3]. Yet, an active knee prosthesis can cost around
R$100,000 [4], while the average monthly per-capita income in the North region is only R$1,107 [5],
making such devices inaccessible to most individuals. This disparity underscores the urgent need for
affordable and scalable prosthetic technologies, particularly in resource-constrained settings.

Beyond economic barriers, limb loss severely impacts mobility, employability, and overall quality
of life [6]. Limited access to prosthetic devices and rehabilitation services further restricts social
participation, reinforcing cycles of exclusion [2]. Expanding access to assistive technologies is therefore
critical to improving independence and social integration [7].

Building on this need, recent advances in active prostheses with powered joints and control
systems offer substantial improvements over traditional passive devices. By using actuators to generate
movement, they closely replicate natural limb function [8], resulting in improved gait symmetry,
walking speed, and metabolic efficiency [9]. These devices also offer superior adaptability to diverse
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terrains and activities, enhancing user mobility and quality of life [10,11]. The effectiveness of such
prostheses depends on their ability to predict and adapt to movement intent in real time. Predictive
control systems interpret signals from sensors such as EMG or IMUs to dynamically adjust actuators,
ensuring smooth transitions between gait phases and adapting to different walking conditions [12,13].
This kind of approach improves safety, reliability, and user acceptance, making efficient predictive
algorithms essential for clinical translation [14,15].

Ensuring responsive and reliable prosthetic control requires models that are not only accurate but
also practical for on-device execution. In this context, embedded systems provide a promising platform
for real-time signal processing and control [16]. Yet, while architectures such as RNNs and LSTMs have
demonstrated strong predictive accuracy [17], their computational demands often exceed the capacity
of low-power hardware [18]. This gap highlights the need for more efficient alternatives—such as
convolutional models optimized for microcontrollers—and for signal processing methods specifically
tailored to constrained environments [19].

This proof-of-concept study addresses these challenges by leveraging affordable IMU sensors,
computationally efficient CNN-based models, and low-cost embedded hardware with dedicated
accelerators for real-time knee angle prediction. The main contributions are:

1. Multi-objective optimization of CNN architectures to balance accuracy and efficiency, yielding
specialized models for short, natural, and long strides.

2. Alightweight gait classifier to select specialized models in real time.

3. Deployment and validation of the optimized framework on a $40 TinyML platform (Sipeed
MaixBit with Kendryte K210), demonstrating robust accuracy and low latency suitable for
prosthetic applications.

Recent studies in the field have been presented as proof-of-concept investigations, emphasizing
technological feasibility as a critical first step toward clinical translation [20-23]. In line with this ap-
proach, our work introduces a TinyML pipeline for knee angle prediction and validates its deployment
on a low-cost embedded platform with real-time inference. By integrating efficient model design
with hardware-aware optimization, this study demonstrates the technical feasibility of real-time gait
prediction on resource-constrained systems. These findings provide a foundation for larger-scale
evaluations and point toward the development of prosthetic solutions that are not only effective but
also economically accessible.

The remainder of this paper is organized as follows. Section 2 reviews related work on IMU-based
gait analysis and predictive modeling for prosthetics. Section 3 presents the materials and methods,
including data acquisition, model architectures, and optimization strategies. Section 4 describes the
experiments and evaluation procedures. Section 5 reports and discusses the experimental results.
Finally, Section 6 concludes the paper with limitations and directions for future work.

2. Related Work

Studies have shown that inertial measurement units (IMUs) can accurately measure joint angles in
gait analysis without magnetometers [24]. However, it often requires complex multistep algorithms to
extract meaningful parameters from the recorded raw data [25]. Building on this, efficient algorithms
using only accelerometers and gyroscopes have been developed for precise limb angle estimation [26].
Sensor placement and computational strategies strongly affect the performance of gait event detection,
with thigh- and shank-mounted sensors proving effective for temporal analysis [27]. Complementary
filtering techniques further improve IMU data fusion accuracy [28]. Our approach leverages these
advancements while addressing cost and complexity considerations.

For predictive modeling, Long Short-Term Memory (LSTM) networks capture temporal dependen-
cies in gait data, showing high predictive accuracy [29,30]. However, deploying LSTMs on embedded
systems remains challenging due to their computational demands. Furthermore, recent efforts in
deploying deep learning models on embedded microcontrollers offer promising, cost-effective solu-
tions for active prosthesis control [31]. These studies find that Convolutional Neural Networks (CNN)
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generally outperform Multi-Layer Perceptrons (MLP) with limited data, although MLPs offer faster,
real-time performance. Real-time knee joint angle prediction using Recurrent Neural Networks (RNNs)
on microcontrollers has also achieved low error rates [32], highlighting the potential of embedded
deep learning for gait analysis.

This study builds on these advances by addressing two key gaps: (i) the limited demonstra-
tion of CNN-based gait prediction on TinyML platforms [31], and (ii) the reliance of prior work on
expensive sensors or proprietary platforms [32]. By leveraging affordable IMUs, multi-objective opti-
mization of CNN architectures, and embedded deployment on a microcontroller, our proof-of-concept
demonstrates the feasibility of real-time knee angle prediction for accessible motorized prosthetics.

3. Materials and Methods

The overall workflow of the proposed framework is summarized in Figure 1. It comprises three
main stages: (i) data acquisition, (ii) model selection, and (iii) system deployment. In the first stage,
thigh- and shank-mounted IMUs capture motion data, which are filtered and transmitted via an ESP32
microcontroller running FreeRTOS. The second stage involves data augmentation, architecture search,
and model selection through a Pareto analysis combined with a weighted evaluation. Finally, the
selected models are deployed on embedded hardware, where a gait classifier dynamically assigns
input sequences to specialized forecast models optimized for short, natural, and long stride patterns.
This modular design ensures both predictive accuracy and computational feasibility on resource-
constrained platforms. The subsequent subsections describe each stage in detail.

/ Data Acquisition \ / Model selecion \ / Model Deploy and \

System design
IMU (Shank) IMU (Thigh) * Data augmentation IMU Data Processed (Thigh)
|—+ ‘,rJ + Specialized Models
Architecture Search .
Complementary Filter Gait
Classifier
lESP32 I FreeRTO% Model Selection I
h 'L 4’ 'L
Queue Queue
Weighted Specialized ||Specialized | |Specialized
'L 1 Pareto Front —> o 1o tion L Forecast || Forecast || Forecast
Model Model Model
UDF Server

N SN /Xl _/

Figure 1. System architecture illustrating the main stages: data acquisition, model optimization, and embedded

deployment.

3.1. Data Acquisition

Our system uses an ESP32 microcontroller running FreeRTOS to interface with two MPU6050
IMU sensors via I12C. The ESP32 initializes the sensors, establishes a Wi-Fi access point, operates a
web server, and manages data transmission to external clients. Leveraging its dual-core architecture,
the ESP32 assigns each core to process data from one IMU sensor: Core 1 handles the thigh sensor,
calculating angles and queuing the data, while Core 2 processes the shank sensor data similarly. This
dual-core processing enables efficient, simultaneous data handling, essential for high-fidelity gait
analysis and aligned with best practices in the field [24].

Data collection is managed through structured timers that trigger data-reading functions at precise
intervals, ensuring accurate and synchronized acquisition (see Figure 2). To enhance signal quality, we
apply a complementary filter in conjunction with a low-pass filter, effectively minimizing noise while
preserving motion integrity [28]. This approach aligns with recommended practices for IMU-based
gait analysis, maintaining high fidelity in motion tracking [24,33].
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Figure 2. Timing diagram of data acquisition system.

Following best practices [27], the IMU sensors were positioned on the thigh and shank areas to
optimally capture flexion and extension during gait cycles, enabling more accurate angle computation,
as shown in Figure 3.

Figure 3. Placement of the IMU (MPU6050)

3.2. Learning Models
3.2.1. Neural Networks

To effectively estimate knee joint angles from thigh motion data in embedded systems, selecting
an appropriate neural network architecture is crucial. Each architecture offers different trade-offs in
terms of computational efficiency, memory requirements, and ability to model temporal dynamics. In
this study, we focused on three well-established types of neural networks — MLP, CNN, and LSTM —
based on their relevance in time series prediction tasks and their potential adaptability to low-power
microcontrollers:

®  Multi-Layer Perceptrons (MLP): Consist of fully or densely connected layers. They are effective
for approximating complex functions but may struggle with capturing temporal dependencies
inherent in gait data [34]. Despite their simplicity, MLPs often serve as a lightweight baseline in
embedded applications.

e  Convolutional Neural Networks (CNN): Traditionally applied to two-dimensional image data,
they can be adapted for time series analysis by using one-dimensional convolutional layers.
In this setup, filters slide across the temporal axis of the input data to extract local sequential
patterns. This adaptation allows CNNss to effectively model temporal dependencies in sensor
signals, offering structural advantages such as parameter sharing and locality, which contribute
to improved performance and reduced computational load on embedded systems [31,35].

¢  Long Short-Term Memory Networks (LSTM): A type of recurrent neural network designed to
model sequential data and capture long-term dependencies through memory cells and gating
mechanisms [36]. Nevertheless, LSTMs may not perform optimally in our application due to
compatibility issues with TensorFlow Lite on embedded systems like the K210 microcontroller
[37] and due to their higher memory footprint compared to feedforward models.
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3.2.2. Complexity and Depth Modulation with « and

Parameters are defined to control neural network architectures by adjusting their width « and
depth B. This parametrization allows for systematic exploration of model complexity within embedded
constraints. Modulating a affects the number of neurons or filters per layer, directly influencing
the network’s capacity, which is crucial for performance and generalization, especially in resource-
constrained devices [38]. Modulating B adjusts the number of layers or blocks, impacting the network’s
depth and ability to learn hierarchical representations.

®*  MLP: Increasing a adds more neurons per hidden layer, enhancing the ability to capture complex
nonlinear relationships. Increasing f adds more hidden layers, improving modeling of intricate
data patterns but may lead to vanishing gradients.

¢  CNN: Higher & increases the number of filters per convolutional layer, allowing learning of more
diverse features. Higher f adds more convolutional and pooling blocks, enabling deeper feature
extraction but possibly causing training difficulties [38].

¢ LSTM: « adjusts the number of memory units per layer, improving the capture of temporal
dependencies. Increasing p stacks more LSTM layers, enhancing pattern learning across different
time scales but increases computational complexity.

3.3. Model Selection
3.3.1. Pareto Frontier

This is a method used to identify solutions that achieve optimal trade-offs between objectives
that are typically inversely correlated. In this study, it is employed to select models for embedded
systems by balancing two critical factors: prediction accuracy and computational efficiency. Given
the limited memory and processing power of embedded devices, this approach ensures that any gain
in one objective (e.g., lower error) does not result in an excessive increase in computational cost. The
outcome is a set of non-dominated solutions—models that are optimal in terms of both accuracy
and efficiency—allowing us to select configurations that maximize performance while respecting the
hardware constraints of the embedded system [39].

3.3.2. Weighted Metrics

Complementing the Pareto frontier analysis, weighted metrics allow for prioritization among the
optimal choices based on the relative importance of each criterion. After normalizing the metrics to a
common scale, we assigned weights reflecting the strategic relevance of each one. The final score for
each model was calculated by multiplying each normalized metric by its corresponding weight and
summing the results as depicted in Equation (1):

n
Weighted Score = Z w; X norm_metric; (1)
i=1

3.4. Evaluation Metrics

To measure performance, we used the following metrics. In all equations, y; represents the
sampled value, §; the predicted value, and n the number of observations.

3.4.1. Root Mean Squared Error (RMSE)

It measures the average magnitude of prediction errors. It is defined as:

RMSE = % _E(yi —7:)? 2)
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3.4.2. Mean Squared Error (MSE)

It calculates the average squared differences between predicted and actual values. It is defined as:
1¢ 2
MSE = 3 (vi — 9:) 3)
i=1

3.4.3. Coefficient of Determination (R?)

R? indicates how well the model explains the variability of the data. It is defined as:

24 Z?:l(yi_?i)z
A VTS L[ O @

4. Experiments
4.1. Data Acquisition

We collected data from four healthy adult participants (two male, two female), selected to ensure
consistent walking patterns. All participants had no history of musculoskeletal or neurological
conditions affecting gait. Informed consent was obtained from all participants prior to data collection.
The sample size was defined in alignment with the exploratory scope of the study, allowing controlled
evaluation while incorporating basic variability in gender and age group (young and middle-aged
adults). While the cohort size is limited, this design is consistent with other exploratory studies in
biomedical signal processing, where the objective is to establish feasibility of the approach [23]. Table 1
summarizes their demographic information.

Table 1. Demographics of the study participants (mean + standard deviation)

Gender Age (years) Height (cm)
Male 21.5+35 175+5
Female 36 £13 163 +3

Participants performed walking trials using three different stride lengths to simulate realistic gait
variations:

e  Short strides measuring 0.6 meters.
e Natural strides, equivalent to the participant’s average step length, at 0.82 meters.
e  Extended strides of 1 meter.

For each stride length, participants performed five trials, producing approximately 2-3 minutes
of recordings per stride type. Samples identified as inconsistent or noisy were subsequently removed
to ensure data quality and reliability.

All tests were conducted on a flat, uniform surface, with participants wearing standardized
footwear to minimize external variability. Prior to data collection, participants underwent a familiar-
ization period to ensure consistent execution of each stride length condition.

4.2. Data Processing

In our methodology, the thigh angle was treated as the independent variable (X), while the knee
angle was defined as the dependent variable (Y), computed as the angular difference between the thigh
and shank segments at each point in the gait cycle (Y = Thigh Angle — Shank Angle). This approach
enabled modeling how variations in thigh movement influence knee behavior across different stride
lengths.

4.3. Data Preprocessing and Augmentation

To improve model robustness and generalization, we applied data augmentation techniques
inspired by [40], including Gaussian noise addition, scaling, Arbitrary Time Deformation (ATD), and
Stochastic Magnitude Perturbation (SMP). These transformations expanded the dataset from 33,800 to
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169,000 data points. The data from all subjects were then combined into a single dataset before being
randomly split into training (70%), validation (20%), and testing (10%) sets.

4.4. Training Methodology

A range of neural network architectures were trained and adapted for deployment using Ten-
sorFlow Lite for Microcontrollers. Each model was trained for a maximum of 1000 epochs, using an
EarlyStopping callback with a patience of 20 epochs to prevent overfitting. An adaptive learning rate
was employed, starting with an initial value of 0.001 and utilizing a learning rate decay. Specifically,
the ReduceLROnPlateau callback was configured to monitor the validation loss (val_loss). If this
metric did not improve after 5 consecutive epochs (patience=5), the learning rate was reduced by
50% (factor=0.5). The minimum learning rate was set to 1 x 10~ (min_lr=1e-6) to prevent it from
becoming too low.

The hardware used to train the model was an NVIDIA GeForce GTX 960M GPU, with TensorFlow
version 2.12.0 and Python version 3.11.1.

4.5. Multi-Objective Optimization

To systematically explore the trade-offs between model complexity and its predictive performance,
we conducted a structured hyperparameter search. Table 2 summarizes the discrete values tested
for & (model width), B (model depth), input window size, and prediction horizon during the multi-
objective optimization process. By integrating methods outlined in Sections 3.3.1 and 3.3.2, these
hyperparameters were systematically adjusted to select the best model configuration. This approach
allowed simultaneous optimization of generalization capabilities, minimization of overfitting, and
maintenance of computational efficiency, essential for deployment in embedded environments.

Table 2. Hyperparameter variations used in Multi-Objective Optimization.

Parameter Variations
a 16, 32, 64, 128, 256
2,3,4,5,6
Input Window Size 16,32, 64,128
Prediction Horizon 1,3,5,10

The optimization procedure begins with the computation of the Pareto Frontier, capturing the
trade-offs between model accuracy and computational complexity. Root Mean Square Error (RMSE)
and model size (in bytes) were used as primary metrics, with each model configuration defined by
different & and g values.

To incorporate additional architectural considerations, such as input window size and forecast
horizon, we adopted a weighted metric approach as described in Section 3.3.2. Table 3 details the
empirical weights assigned to each metric, reflecting the constraints and priorities defined in [38].

The input window size and forecast horizon are key parameters that significantly impact model
performance. Larger input windows can capture more temporal dependencies, potentially enhancing
accuracy for long-term patterns [41], but they also increase computational complexity and the risk
of overfitting [36]. In contrast, smaller windows reduce computational demands but may overlook
essential patterns.

Longer forecast horizons, though more challenging due to increased uncertainty [41], are vital
in active prostheses to predict user intentions over sufficient time spans for smooth movements [42].
Short-term predictions may not allow proactive adjustments, leading to delayed responses. Balancing
the forecast horizon ensures meaningful predictions with acceptable accuracy, enhancing prosthetic
functionality by enabling anticipatory responses.

The results of our model selection process are illustrated in Figure 4. Models marked with a
red cross (x) represent those on the Pareto Frontier, indicating they offer the most efficient trade-offs
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Table 3. Weights assigned to each metric in the Weighted Method for model selection.

Metric Weight
RMSE 0.3
Model Size 0.3
Forecast Horizon 0.3

Input Window Size 0.1

between the evaluated metrics. The model highlighted with a green circle is the one selected through
this weighted evaluation (knee point).
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Figure 4. Scatter Plot with Pareto Frontier and Highlighted Optimized Model

4.6. Combined vs. Specialized Gait Prediction Models

The combined gait prediction model was trained on a unified dataset comprising short, natural,
and long stride data, aiming to predict knee joint angles from thigh motion sequences in a generalized
fashion. While this approach captures common temporal and spatial patterns across gait types, it may
underperform when facing type-specific variability.

To overcome this limitation, we adopted a dynamic gait adaptation strategy that classifies stride
type in real time and routes the input to a specialized model optimized for that pattern. This modular
design enables each predictor to capture the distinct dynamics of its respective gait type, thereby
enhancing predictive accuracy while maintaining computational efficiency [43,44]. As illustrated in
Figure 5, thigh motion data are first processed by a lightweight gait classification module. According to
its output, the system dynamically selects the appropriate specialized predictor. Both the classifier and
the specialized models were deployed on the embedded platform, enabling fully on-device end-to-end
inference.

Using specialized models for each gait type reduces the learning demand on individual models,
enhancing their performance [45]. This approach combines the advantages of model specialization
and adaptive selection, resulting in better performance compared to a single, generalized model.

4.7. Embedded Hardware and Implementation

Based on the efficiency of CNNs in embedded scenarios reported in [31], we selected the Sipeed
MaixBit development board for our implementation. This board features the Kendryte K210 system-on-
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Figure 5. System diagram illustrating the dynamic gait adaptation approach with gait classification and specialized
models.

chip, a dual-core 64-bit RISC-V processor integrating a high-performance Neural Network Processor
(KPU) designed for efficient execution of convolutional neural networks.

To leverage the dual-core architecture of the Kendryte K210 microcontroller, our system assigns
real-time gait classification to one core, while the second core executes the corresponding specialized
prediction model. This division of labor allows for low-latency operation and ensures the entire
pipeline meets real-time processing requirements without excessive computational overhead.

5. Results and Discussion
5.1. Combined Gait Model

We tested combinations of different neural network architectures, including MLP, CNN1D,
CNN2D and LSTM, to predict knee joint angles from thigh motion data. The values of x were
powers of 2", ranging from 16 to 128, while B ranged from 2 to 6. These ranges were selected to balance
computational complexity and memory efficiency, based on the analysis of memory alignment and
optimization techniques from the literature [38]. The choice of powers of 2 for « leverages efficient
memory access, while the range of  ensures fine granularity in model tuning without excessively
increasing the number of operations.

Table 4 lists the models on the Pareto Frontier. We applied a weighted evaluation to these models,
considering only non-dominated solutions. The “Score” column reflects overall performance, with the
highest score indicating the optimal model (highlighted row). Every solution on the Pareto frontier
was based on CNN architectures, suggesting that LSTM networks are less suitable for embedded
deployment due to deployment challenges [37]. Prior studies have shown that CNNs can match LSTM
performance [31,46], which is consistent with our findings.

Table 4. Model parameters and performance metrics including the Score column

Alpha RMSE Model Size Model Wdw. Size Horizon Beta Score

16 7.160 8,644 CNN1D 16 1 2 0.418
16 5.630 33,220 CNN1D 64 1 2 0.509
16 7.547 6,660 CNN1D 16 1 3 0.402
16 7.484 6,796 CNN1D 16 3 3 0.555
16 6.238 10,756 CNN1D 32 1 3 0.469
16 4.894 18,948 CNN1D 64 1 3 0.506
16 4.869 19,084 CNN1D 64 3 3 0.657
16 3.166 19,220 CNN1D 64 10 4 0.807
16 3.105 35,332 CNN1D 128 1 4 0.607
32 3.063 263,044 CNN1D 128 5 2 0.500
32 3.021 140,292 CNN1D 128 3 4 0.564
64 2.424 559,108 CNN1D 128 5 4 0.374
64 1.894 560,148 CNN1D 128 10 4 0.700
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The evaluation of combined models showed that the top-performing configuration achieved an
RMSE of 3.166°, comparable to results reported for similar CNN architectures [46]. Although more so-
phisticated approaches have achieved lower RMSE values [47,48], their computational demands make
them less practical for real-time embedded deployment. Given these results, we hypothesized that
model specialization by gait type could further enhance prediction accuracy without compromising
efficiency (see Section 4.6).

5.2. Gait Classification and Specialized Models

Recognizing the variability inherent in different stride types, we developed specialized regression
models for short, natural, and long gait patterns. Each model was independently trained using input
sequences classified by the gait recognition module described in Section 4.6. This modular design
enables each model to focus on the temporal dynamics specific to its type, improving predictive
performance without compromising embedded deployment feasibility.

Tables 5 to 7 present the best hyperparameter configurations and model sizes for each special-
ized architecture, reflecting the trade-offs between accuracy and resource usage. Table 8 details the
architecture of the stride classifier responsible for real-time model selection during inference.

Table 5. Summary of Short Gait Model

Parameter Value
alpha («) 16
beta (8) 4
rmse 2.558
model_size 19,220
model CNN1D
window_size 64.0
horizon 10.0
Table 6. Summary of Normal Gait Model
Parameter Value
alpha («) 16
beta (8) 4
rmse 1.486
model_size 19,220
model CNN1D
window_size 64.0
horizon 10.0
Table 7. Summary of Long Gait Model
Parameter Value
alpha («) 8
beta (8) 5
rmse 2.108
model_size 15,360
model CNN1D
window_size 64.0
horizon 10.0

The proposed strategy produced substantial improvements in predictive accuracy across all gait
types. As shown in Figure 6, the specialized models consistently reached lower validation losses
than the combined model throughout training. In the final evaluation window, this translated into
performance gains of 48.51% for short strides, 66.65% for natural strides, and 45.06% for long strides.

While this approach required additional memory to store three specialized regressors and a gait
classification model, it did not introduce any latency overhead during inference. This efficiency was en-
abled by leveraging the dual-core architecture of the embedded system. Overall, the specialized models
offer a considerable performance boost while maintaining efficient computational requirements.
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Table 8. The classifier model used for selecting the appropriate gait regression models. The classifier was designed
to identify the gait type and route the input to the corresponding specialized model.

Parameter Value
alpha («) 16
beta (8) 4
accuracy 0.9183
model_size 9,180
model MLP
window_size 64
horizon 10

Different gait models performance
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Figure 6. Improvements in performance

5.3. Model Performance Across Different Stride Types
5.3.1. Local Evaluation

Before deploying the models on the embedded system, we conducted local tests on a standard
machine to validate their performance. We compared the performance of the combined model and the
specialized models across different stride types.

Table 9 summarizes the MSE values for each gait type obtained from the validation set. The
combined model was trained on data encompassing all gait types, whereas the specialized models
were tailored to each specific gait pattern. The results show a notable improvement for all gait types
when using specialized models (51.41%, 65.53% and 51.03%), demonstrating the effectiveness of model
specialization in capturing the nuances of each gait type. Interestingly, the greatest improvement was
observed for natural strides (66.65%), which may be attributed to their more stable and consistent
motion patterns compared to short and long strides. Such regularity likely facilitated the ability of
specialized models to capture underlying dynamics more effectively.

Figure 7 shows the measured knee angle (blue line) alongside the predictions from both the
combined model (green line) and the specialized model (red line) throughout complete gait cycles. The
specialized model closely tracks the actual knee angle, while the combined model shows discrepancies,

especially during rapid flexion and extension phases, highlighting the specialized model’s superior
predictive capacity.
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Table 9. MSE for each gait type using the combined and specialized models

Gait Type Combined Model MSE (®)  Specialized Model MSE (¢)  Improvement (%)

Short 13.467 6.543 51.41%
Natural 6.407 2.208 65.53%
Long 9.074 4.443 51.03%

Comparison between Real Data and Predictions

801 n —— Real Data
=== Predictions Combined
—-= Predictions Specialized

60

Knee Angle

] 50 100 150 200 250 300 350 400
Samples

Figure 7. Comparison of model predictions during a normal gait cycle. The blue line (solid) represents the actual
knee angle, the red line (dashed-dotted) represents the predictions from the specialized model, and the green line
(dashed) represents the predictions from the combined model.

5.3.2. Embedded Evaluation

As shown in Table 10, the MSE results obtained on the embedded system closely align with
those from the offline validation phase (Table 9), confirming the system’s ability to preserve predictive
accuracy despite limited computational resources.

Table 10. MSE and percentage improvement for each gait type on the embedded system

Gait Type Combined Model MSE (°?)  Specialized Model MSE (°?)  Improvement (%)

Short 13.665 6.909 49.43%
Natural 6.634 2.552 61.53%
Long 9.350 4.793 48.75%

Specialized models consistently outperformed the combined model across all gait types, yielding
MSE improvements of 49.43% for short strides, 61.53% for natural strides, and 48.75% for long strides.
The uniform performance between local testing and embedded deployment demonstrates the models
robustness and suitability for resource-constrained environments, highlighting their potential for
real-world gait analysis applications.

5.3.3. Comparison with Prior Work

Table 11 summarizes performance metrics from recent studies and compares them with our
results. Our specialized models achieved an R? of 0.9804 and an RMSE of 2.050°, placing them
within the range of top-performing architectures while remaining deployable on low-power hardware.
They also achieved an inference time of 16.845 ms per prediction, well within real-time requirements
for embedded applications. While direct comparison across datasets and hardware platforms has
limitations, our models outperformed the 27.327 ms inference time reported in [31], suggesting that
specialization and optimization can substantially improve computational efficiency.

Approaches based on LSTMs and Transformers [47,48] report slightly lower RMSE values but
require significantly greater computational resources, limiting their suitability for resource-constrained
platforms. In contrast, our CNN-based framework achieves an effective balance between predictive ac-
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Table 11. Overview of performance metrics from different studies.

Reference Approach R?  RMSE(°) Inf. Time (ms)
[30] LSTM 0.98 - Z

[46] CNN 0.98 34 -

[47] LSTM 0.983 1.80 -

[32] RNN - 2.93 -

[48] Transformer 0.9965 1.794 -

[31] CNN 0.944 - 27.327
Ours (Comb.) CNN 0.965 3.166 18.257
Ours (Spec.) CNN 0.9804 2.050 16.845

curacy, inference speed, and hardware feasibility, which is particularly important in low-cost prosthetic
applications.

These results indicate that model specialization and hardware-aware optimization can enable
lightweight CNNs to close much of the gap with more complex architectures, while maintaining
affordability and real-time responsiveness. Such characteristics are essential for scaling intelligent
prosthetic technologies to broader populations, especially in resource-limited settings.

5.4. Hardware Considerations and Model Deployment

Our specialized CNN models achieved high predictive accuracy and low inference times, making
them suitable for deployment on cost-effective hardware such as the $40 Sipeed MaixBit with the
Kendryte K210 SoC. The K210 features a CNN accelerator, enabling efficient execution of our models.
Complex architectures like LSTMs and Transformers require higher-end platforms like the NVIDIA
Jetson Nano, which are less suitable for prosthetic applications due to increased cost and power
consumption. In contrast, general-purpose microcontrollers like the ESP32 lack dedicated neural
accelerators, leading to significantly higher inference times for CNN-based models [31].

Table 12 compares different hardware platforms, their prices, and suitable applications. By
deploying our specialized CNN models on the K210, we achieved a balance between performance and
cost, facilitating the development of affordable and efficient prosthetic solutions. By achieving accuracy
comparable to state-of-the-art methods while remaining deployable on affordable hardware, this proof-
of-concept demonstrates the feasibility of extending advanced prosthetic control to economically
constrained settings.

Table 12. Comparison of embedded hardware platforms and suitable models.

Hardware Price (USD) Accelerator Suitable Models/Projects
ESP32 $10 None Simple ML models
Sipeed MaixBit $40 KPU (CNN accelerator) CNNs, Real-time applications
Jetson Nano $240 128-core Maxwell GPU LSTMs, Transformers

6. Conclusions

This proof-of-concept study introduced efficient CNN models for knee angle estimation in lower-
limb prosthetics using low-cost IMUs and multi-objective optimization, optimized for deployment on
resource-constrained microcontrollers. Specialized CNN models tailored to short, natural, and long
strides consistently outperformed a combined baseline model, achieving an average RMSE of 2.050°
(over 48% improvement) with inference times of 16.8 ms, thereby demonstrating both high predictive
accuracy and real-time feasibility.

Deployment on the $40 Sipeed MaixBit with the Kendryte K210 further validated that advanced
deep learning models can be executed on affordable hardware without compromising performance.
Leveraging hardware accelerators and optimization strategies enabled competitive accuracy with low
resource utilization, highlighting the potential for practical, low-cost prosthetic implementations.
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As with other exploratory studies, the main limitation lies in the small participant pool, which
constrains generalizability. Future work will focus on expanding the dataset to include a broader cohort
and diverse gait patterns, and on integrating the framework into motorized prosthetic prototypes for
evaluation in real-world conditions.

In summary, this work demonstrates the feasibility of specialized CNN-based TinyML models
for real-time gait analysis on embedded platforms. By bridging efficient model design with low-cost
deployment, it paves the way toward more responsive, adaptive, and accessible prosthetic technologies
that can enhance mobility and quality of life for individuals with lower-limb impairments, particularly
in resource-constrained communities.
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