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Abstract
Objective: Gait analysis plays a critical role in healthcare, biomechanics, and sports science, particularly for estimating
energy expenditure (EE). This study introduces a hybrid machine learning approach integrating convolutional neural net-
works (CNNs), long-short-term memory (LSTM) networks, and transfer learning (TL) to estimate volume of oxygen
(VO2) and detect heel strikes (HS) using data from a single 9-axis inertial measurement unit (IMU).
Methods: A clinical-grade VO2 machine provided reference data for model training. The hybrid model was designed to
combine spatial and temporal feature extraction capabilities from CNNs and LSTM networks while leveraging pre-trained
weights through TL. The study compared the performance of the hybrid model with an LSTM-only approach to quantify
improvements in VO2 prediction.
Results: The hybrid model significantly reduced the VO2 prediction error from 20% to 3% compared to using LSTM-only
approach. Additionally, the model demonstrated high accuracy for HS detection, achieving 93.53% accuracy as indicated
by training and validation results. The lightweight IMU-based system proved effective for VO2 estimation, offering a prac-
tical alternative to traditional VO2 measurement systems, which are often complex, bulky, and uncomfortable for sub-
jects.
Conclusions: This study highlights the potential of a hybrid machine learning approach using IMU-based systems for
accurate VO2 estimation and HS detection. While the results are promising, the model’s performance is constrained
by 10 healthy subject datasets. Future work will require validation with more diverse datasets to enhance generalizability
and robustness.
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Introduction
Walking impairments resulting from stroke, musculoskel-
etal injuries, and neurological disorders significantly impact
an individual’s functional mobility and overall quality of
life. To address these challenges, assistive devices have
been developed, categorized into passive and active
devices. Passive devices, such as orthotic splints and
crutches, provide external support but are often limited by
size, weight, and restricted degrees of freedom.1,2 On the
other hand, active assistive technologies like exoskeletons
and functional electrical stimulation (FES) have emerged
as promising solutions for rehabilitation and mobility
enhancement.3–5
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A fundamental requirement for the optimal functioning
of FES or exoskeleton systems is precise gait analysis, par-
ticularly the detection of critical gait events such as heel
strikes (HS) and the estimation of EE.6,7 These parameters
are essential for real-time control, adaptive interventions,
and performance monitoring in both clinical and real-world
environments.8,9

Conventional gait analysis methodologies primarily rely
on optical motion capture systems and force plates, which,
despite their high accuracy, suffer from limitations related
to cost, complexity, and lack of portability. IMUs have
emerged as a promising alternative, offering lightweight,
wearable solutions for real-time gait event detection and
EE estimation. However, existing research has predomin-
antly addressed HS detection and EE estimation as separate
tasks, often relying on large subject-specific datasets that
limit generalizability. Furthermore, heuristic-based
approaches and standard machine learning (ML) models
have demonstrated variable accuracy due to data limitations
and the complexity of human gait dynamics.

To provide a comprehensive overview of previous
research in this domain, a comparative literature survey is
presented in Table 1. This table summarizes key studies,
their methodologies, key findings, and how they are com-
pared to this work. To further strengthen the literature
review, an additional dataset details column has been
incorporated to highlight subject size and real-world
applicability.

This study presents a novel hybrid machine learning
framework that integrates long-short-term memory
(LSTM) networks with TL to enhance the accuracy and
robustness of HS detection and EE estimation using a single
nine-axis IMU sensor. The proposed approach leverages TL
to adapt pre-trained models to new subjects and diverse gait
patterns, mitigating the challenge of limited datasets. By
unifying HS detection and EE estimation into a single pre-
dictive model, this work provides a scalable solution with
significant implications for real-time gait analysis in
rehabilitation, sports science, and mobility assistance
applications.

Key contributions of this paper are,

1. Unified model for HS detection and EE estimation:
This study introduces an integrated ML framework
that simultaneously predicts HS events and esti-
mates EE, unlike prior approaches that treat these
tasks independently.

2. Hybrid LSTM-transfer learning (TL) architecture:
The incorporation of TL enhances the model’s
adaptability to new subjects and walking conditions
with minimal additional training, addressing data
scarcity challenges in clinical research.

3. Comparative performance analysis: The proposed
model is benchmarked against existing heuristic
and ML-based methods, demonstrating superior

HS detection accuracy (93%) and a substantial
reduction in volume of oxygen (VO2) prediction
error (from 20% to 9%).

4. Rigorous statistical validation: A comprehensive
statistical evaluation using Mean Absolute Error
(MAE), and Root Mean Square Error (RMSE) to
ensures the robustness and reliability of the pro-
posed methodology.

5. Future Directions for Generalizability: While this
study primarily evaluates healthy individuals, future
research will extend the dataset to include indivi-
duals with gait impairments and various walking
conditions to enhance real-world applicability.

The remainder of this paper is structured as follows:
Methods section details the underlying machine learning
methodologies, sensor integration, and experimental proto-
cols. Results section presents the experimental results, fol-
lowed by a critical discussion in Results discussions
section. Finally, conclusion section outlines conclusions
and future research directions for enhancing the generaliz-
ability and clinical translation of the proposed approach.

Methods
This section recalls the concepts of TL.17,18 This tech-
nique can achieve reasonable accuracy with limited target
data due to knowledge transfer from the source domain.
Previous work14 used a small dataset (collected from
two adult male subjects) which comprised data from iner-
tial sensors—three axis accelerations, three axis angular
velocities, and the roll, pitch, and yaw angular positions
(in a common reference frame)—and data from a clinical
grade VO2 machine which serves as the truth (reference)
data for gait EE. Using LSTM,14 estimated various gait
cycle parameters such as HS, heel-off, and toe-off and
with these parameters as inputs (along with the IMU
data) an LSTM network was trained to estimate gait EE
(represented by the VO2 values). Figure 1 shows the
example of input data used for training hybrid machine
learning algorithm; it is used to estimate the HS param-
eter. Next using these parameters, the horizontal and ver-
tical walking speeds of the subjects were computed—
which are finally used in the estimation of gait EE (repre-
sented by VO2 values).

Since the dataset was limited (only two subjects) no clear
statistical conclusions could be drawn on the estimated EE
(even though accuracy was closed to 80% over most of the
data). Getting subject data is difficult, especially in clinical
settings. In this work, we build upon this initial model
(obtained through LSTM) by improving it every time a
new dataset is available—using TL. The combination of
TL on top of an LSTM-generated model is a reasonable
approach, as LSTM networks can be adapted to various
gait patterns with enough labeled data. The use of TL can
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help mitigate the computational demands of LSTM net-
works, making themmore suitable for real-time deployment
as and when new data are available.

Transfer learning
Below mentioned steps are used to estimate the EE using a
fusion of TL and LSTM techniques.

Step 1: Pre-training: Train the model on gait data col-
lected from sensors, which provides information about
step length, step frequency, joint angles, and other relevant
features.

(a) Data representation: Let X be the input matrix from
the initial dataset, where each row corresponds to sensor
readings, in the present context the sensor data (features)
include accelerations, angular velocities, the roll, pitch,
and yaw angular positions, this entire matrix of data is
denoted X :

X =
x1,1 · · · x1,n

..

. . .
. ..

.

xm,1 · · · xm,n

⎡
⎢⎣

⎤
⎥⎦ (1)

where m is the number of samples and n is the number of
features.

b) Model training: Train the LSTM model to minimize a
loss function L:

L = 1

m

∑m
i=1

(yi − ŷi)
2 (2)

where yi is the true output and ŷi is the model’s prediction.
Step 2: Feature extraction: Utilize the knowledge gained

during pre-training phase to extract the most relevant fea-
tures from new dataset. These extracted features are crucial

for the accurate prediction and estimation of gait para-
meters, such as VO2 and HS. The LSTM model generates
the weights W of the trained network.

Step 3: Transfer learning setup: Retain the weights W
from the pre-trained model. This allows the model to lever-
age learned representations when encountering new data.

(a) Feature representation: Extract features from a new
dataset X ′:

F = LSTM (X ′, W ) (3)

Here, F summarizes important features of the new
task.Step 4: Fine-tuning: After feature extraction, fine-tune
the model to adapt its earlier representations to the target
task (VO2 and HS prediction).

(a) Model adaptation: Fine-tuning adjusts the weights
from the pre-trained model. The new weights W ′ are
updated during training on the new dataset X ′ using a smal-
ler learning rate α:

W ′ = W − α∇L′ (4)

(b) Loss function: The loss function for the new dataset is:

L′ = 1

m′
∑m′

i=1

(y′i − ŷ′i)
2 (5)

where yi ′ is the true output for the new dataset and ŷ′i is the
predicted output.

Step 5: Parameter estimation with newly available iner-
tial sensor data: With the fine-tuned LSTM model, estimate
the gait parameters, including VO2 and HS, from the new
gait data.

Overall, the gait parameter prediction using transfer
learning is expected to be more accurate. This is explained
in the following steps:

Figure 1. Example of input data used for training TL algorithm.
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a. Domain adaptation: Transfer learning allows knowledge
from the source domain (initial dataset) to the target domain to
inform learning or findings. The model retains the ability to
recognize features relevant across different datasets.

b. Layer freezing: During fine-tuning, certain layers of
the LSTM model can be frozen (not updated) to retain gen-
eral features while updating others to adapt to the new task.
This can be expressed as:

For layers frozen: Wfrozen = Wfrozen (6)

c. Gradual unfreezing: Optionally, a gradual unfreezing
strategy can be employed, where progressively more layers
are unfrozen during training to allow deeper feature adapta-
tion:

W ′ = W if layer is frozen
W − α∇L′ if layer is unfrozen

{
(7)

This comprehensive framework outlines the detailed
mathematical steps involved in using IMU data with
LSTM and transfer learning for predicting VO2 and HS.

Implementation methodology
The flowchart shown in Figure 2 is the proposed hybrid
machine learning framework for predicting VO2 using a

wearable and efficient system. This methodology is built
to address the limitations of traditional VO2 estimation sys-
tems by leveraging advancements in machine learning and
sensor technology. The steps involved in prediction of HS
and VO2 are discussed further:

(a) Data collection: Data are acquired from three key
sources such as nine-axis IMU sensor that measures
accelerations, angular velocities, and magnetic field
intensities during movement. A clinical-grade VO2

machine, which provides ground-truth measure-
ments of oxygen consumption for supervised learn-
ing. Tap sensor, which captures specific gait-related
events to complement IMU data. This multi-modal
data acquisition ensures the capture of both spatial
(postural or movement patterns) and temporal
(sequential time-series) information relevant to
gait analysis and oxygen consumption.

(b) Data preprocessing: Preprocessing involves remov-
ing noise and synchronizing the data streams from
IMU sensors, VO2 measurements, and HS events.
This ensures that all signals are temporally aligned.
Features are normalized to mitigate scaling differ-
ences across modalities, ensuring compatibility
with the machine learning algorithms.

Figure 2. Flow diagram for estimation of VO2 from IMU sensor data.

Vidyarani et al. 5



(c) Model training: The core of the framework is a
hybrid machine learning model that combines con-
volutional neural networks (CNNs) and LSTM net-
works. CNNs extract spatial and temporal features
from the sequential IMU data, focusing on local
dependencies such as stride patterns or motion
bursts. LSTM networks are incorporated to model
long-term dependencies in the time-series data,
capturing recurrent patterns like breathing rate
changes or gait cycles. The hybrid architecture is
designed to account for the hierarchical nature of
movement data, where CNNs identify low-level
movement characteristics, and LSTMs model high-
level, long-range dependencies.

(d) Transfer learning: To generalize the model across dif-
ferent subjects, transfer learning is applied. Learned
features from the CNN-LSTM network are fine-tuned
using smaller datasets from new subjects or activity
conditions. This reduces the dependency on extensive
subject-specific training data, addressing variability
and ensuring scalability for broader applications.

(e) VO2 prediction: After training, the model predicts
VO2 values for new, unseen input data (e.g. data
collected from a subject not included in the training
dataset). This step integrates predicted VO2 outputs
with clinical ground-truth measurements to validate
the system’s accuracy.

(f) Calibration, validation, and output visualization:
Calibration involves fine-tuning the model’s para-
meters to minimize prediction error, ensuring con-
sistency with gold-standard VO2 machine outputs.
The model is validated using statistical metrics
such as Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and correlation coefficients.
This step ensures reliability, especially in dynamic
settings like sports or clinical trials. Predicted VO2

values, alongside other related metrics, are visua-
lized in a user-friendly format. This is essential
for end-users such as clinicians or sports profes-
sionals to interpret and utilize the results effect-
ively. The outputs enable applications such as
real-time fitness tracking, rehabilitation monitoring,
and personalized athletic training.

Model architecture
The proposed architecture is well-suited for sequential data
tasks, such as physiological signal analysis where accurate
representation of spatial–temporal dependencies is critical.
The proposed model integrates CNNs and LSTM networks,
capitalizing on their complementary strengths. The archi-
tecture is designed to effectively extract hierarchical spatial
features while capturing temporal dependencies, making it
ideal for tasks requiring high-dimensional feature analysis
and temporal reasoning.

Model structure and design rationale. Figure 3 provides a
detailed illustration of the architecture used in this paper,
outlining its various components and their interactions.
The model consists of an input layer, multiple hidden layers
with activation functions, and an output layer, where each
layer performs specific transformations on the data.
Training is achieved through a loss function and optimiza-
tion techniques like gradient descent, allowing the model to
adjust its parameters for improved performance.

Feature extraction using convolutional layers. Conv1D
Layers: The initial layers utilize 1D convolutions with pro-
gressively decreasing filter sizes (512 and 256 filters, kernel
size= 2) to extract spatial features from input sequences.
These layers capture localized patterns, enabling hierarch-
ical representation of features at different levels of granular-
ity. The first Conv1D layer applies 512 filters (K= 2) to the
input, followed by a second Conv1D layer with 256 filters,
reducing feature dimensionality. The convolutional layers19

aim to extract spatial features from the sequential input
X ∈ RT ×C , Where T is the number of time steps and C
is the number of input channels. The output of a 1D convo-
lutional layer can be mathematically expressed as in equa-
tion (8):

Y [t, k] = σ
∑C
c=1

∑K−1

j=0

X [t − j, c] ·W [ j, c, k]+ bk

( )

(8)

where:

Figure 3. Training model architecture.
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X is the input,
W is the kernel/filter of size K,
bk is the bias term for filter k,σ(⋅)is the ReLU activation

function σ(x)=max(0,x).
MaxPooling layers: Following each convolutional oper-

ation, MaxPooling1D reduces dimensionality while retain-
ing critical features, thereby improving computational
efficiency and focusing on prominent patterns. The use of
padding=’same’ ensures that spatial dimensions are pre-
served when necessary. MaxPooling1D is applied to reduce
the temporal resolution. The pooling operation is defined as
in equation (9):

Y [t, k] = max
j ∈P

X [t + j, k] (9)

where P is the pooling window size (here P= 2).
Batch normalization: Applied after each convolutional

block, batch normalization ensures faster convergence and
prevents the vanishing or exploding gradient problem by
stabilizing activation distributions across layers. Batch nor-
malization20 normalizes the output using is as in equation
(10):

Ŷ [t] = Y [t]− μ�������
σ2 + ϵ

√ · γ + β (10)

where µ and σ2 are the mean and variance of the mini-
batch, and γ, β are learnable scaling and shifting
parameters.

Temporal dependency modeling with LSTM. LSTM Layer:
The model incorporates a single LSTM21 layer with 128
units and ReLU activation to capture temporal dependen-
cies inherent in sequential data. This enables the architec-
ture to model long-term relationships within the data,
which are often crucial for tasks like time-series forecasting
or physiological signal processing.

The LSTM layer processes the output of the convolu-
tional layers to model temporal dependencies. Given input
sequences X = (x1, x2, . . . , xT ), the LSTM21 computes
hidden states ht and cell states ct using the following equa-
tions (11) to (16) :

Forget gate:

ft = σ (Wf · [ht−1, xt]+ bf ) (11)

Input gate:

it = σ (Wi · [ht−1, xt]+ bi) (12)

Cell update:

c̃t = tanh (Wc · [ht−1, xt]+ bc) (13)

ct = ft ⊙ ct−1 + it ⊙ c̃t (14)

Output gate:

ot = σ(Wo · [ht−1, xt]+ bo) (15)

Hidden state:

ht = ot ⊙ tanh(ct) (16)

Here, σ(·) denotes the sigmoid function, ⊙ represents
element-wise multiplication, and tanh(⋅) is the hyperbolic
tangent function.

Dropout regularization is applied to the LSTM outputs to
reduce overfitting, defined as:

hdropt = ht · m
where m∼Bernoulli(p) is a mask with dropout probabil-
ity p= 0.2. Here dropout rate of 20% is applied to
reduce overfitting by introducing stochasticity during
training.22

Activation and Non-Linearity: Additional ReLU activa-
tion layers ensure that the model captures complex non-
linear patterns in the sequence data.

Dense layers for feature aggregation and decision making.
Fully Connected Dense layers: The architecture includes a
dense layer with 50 neurons to compress high-dimensional
feature representations into a lower-dimensional space.
This layer acts as a feature aggregator, synthesizing infor-
mation from both convolutional and LSTM outputs.

Final output layer: The final dense layer outputs a single
value, suitable for regression tasks, making the model
applicable to problems like predicting continuous outputs
from sequential data. Given input z, the dense layer output
is in equation (17):

y = σ (Wd · z+ bd) (17)

where Wd and bd are the weights and biases, and σ(⋅) is
the activation function.

Hybrid extension using transfer learning. After initial train-
ing, a top-5-layer model is extracted to reuse the pretrained
feature extraction capabilities is as shown in Figure 4. The
top-5-layer model extracts features f from the pretrained
model as in equation (18).

f = g(X ) (18)

where g(⋅) represents the output of the frozen feature
extractor.

This pre-trained model followed by extending the archi-
tecture with an additional convolutional-LSTM pipeline,
comprising of a Conv1D layer with 512 filters and kernel
size 3 to refine the extracted features, an LSTM layer
with 128 units to further model sequential dependencies
and additional dense layers, dropout regularization, and
batch normalization to ensure robust training and prevent
overfitting.

This hybrid extension leverages transfer learning by
freezing the feature extraction layers (top-five-layer model),

Vidyarani et al. 7



enabling efficient training on downstream tasks with limited
computational resources or data.

The following points are the capabilities of the devel-
oped model:

• Spatial and temporal feature learning: The model’s
combination of CNNs and LSTMs provides an opti-
mal tradeoff between feature extraction and sequence
modeling. CNNs effectively identify localized pat-
terns, while LSTMs model temporal relationships
across sequences.

• Regularization and stability: Dropout and batch nor-
malization layers improve generalization by addres-
sing overfitting and stabilizing training dynamics,
respectively.

• Transfer learning efficiency: The two-stage training
process (pretraining and hybrid extension) maxi-
mizes feature reuse, improving the model’s perform-
ance on complex tasks while reducing computational
overhead.

Experimental details
The deep learning model considers parameters like angular
velocity, acceleration, and Euler angles as inputs. These
inputs are obtained from healthy subjects who were walking
at different speeds on flat ground, specifically on a tread-
mill. The model predicts gait events such as HS events
using IMU data. Figure 3 shows the classification report

for the HS prediction using TL with LSTM. Table 2 clearly
indicates that the model performs exceptionally well, par-
ticularly for class 0, with high precision, recall, and F1
scores. While the performance for class 1 is slightly lower,
the overall accuracy and weighted metrics suggest that the
model is robust and effective for the given task. However,
attention should be paid to the class imbalance, which
may impact the model’s performance on the minority class.

Volume of oxygen computation. Gait EE computation
involves measuring the EE of a person during an activity, typ-
ically assessed using a Clinical grade VO2 machine. This dir-
ect method requires wearing a mask to collect respiratory
gases, determining the flow of inspired and expired O2 and
CO2, and inferring metabolic rate from the obtained data.
Although using a clinical-grade VO2 machine for measuring
VO2_truth is a clinically accepted method, it is not always
feasible and can be expensive. To address this, an indirect
EE computation system is proposed, utilizing concepts of
deep learning (specifically transfer learning and LSTM) and
measurements from an IMU sensor strapped to the subject.

The procedure for training the machine learning models
and estimating EE involves:

(a) Collecting VO2 data while the subject walks on a
treadmill, simultaneously capturing IMU data fixed
at the calf muscle.

(b) The collected VO2 data serves as ground truth, and
the transfer learning model is trained to compute
EE using IMU data, with VO2 as reference data.

Experimental setup
Figure 5 shows a subject wearing a mask and IMU sensors.
In this, only the IMU data from the sensor placed at the calf
muscle is used as the data from the other sensor did not cor-
relate well with gait parameters (possibly due to improper
placement). Data from a VO2 machine is taken as ground
truth. The Bruce Protocol is adopted during the experiment
as shown in Table 3.

Figure 4. Hybrid CNN and LSTM model by leveraging transfer
learning model architecture.

Table 2. Classification Report for the prediction of HS from TL
with LSTM.

Class Precision Recall F1-score Support

0 0.96 0.96 0.96 10,610

1 0. 86 0. 86 0.86 3116

Accuracy 0.94 13,726

Macro Avg 0.91 0.9 0.91 13,726

Weighted Avg 0.94 0.94 0.94 13,726
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The Bruce protocol is a widely used exercise protocol for
measuring and collecting data on the maximal oxygen con-
sumption (VO2 max) of individuals. It involves a series of
progressively increasing workload stages that aim to bring
the participant to their maximum exertion level. Here is a
brief explanation of the data collection stages as per the
Bruce protocol:

The treadmill protocol involves five stages: starting with
a 1-min walk at 2.575 km/h on a flat surface, then increasing
to 4.345 km/h with a 10% incline for 3 min, followed by a
12% incline at the same speed for another 3 min. It then
advances to 6.437 km/h with a 14% incline for 3 min and
concludes with a cool down at 0 km/h and 0% incline.

During each stage, various physiological parameters are
measured and recorded, including heart rate, blood pres-
sure, respiratory rate, and possibly expired gases.
Additionally, the participant’s perceived exertion level
may be assessed using a standardized scale, such as the
Borg Rating of Perceived Exertion. By following this modi-
fied Bruce protocol and systematically progressing through
the stages, researchers can collect valuable data on cardio-
vascular responses and estimate an individual’s maximal
oxygen consumption (VO2 max). During the experiment,
measurements are also made with IMU sensor which is
set at 100 Hz sampling rate. This results in a dataset that
has close to 1,00,000 samples per subject and is sufficient
for training the model using TL.

The new datasets are collected from eight additional sub-
jects who are healthy with details shown in Table 4. The
two subjects whose data was used to train the original
LSTM model in,14 their data are retained in this work, and
data from three subjects are used for training transfer learning
model. The remaining subject dataset is used for testing.

The theoretical way of finding VO2 using IMU data is
suggested by the ACSM approach.23 Determining EE based
on the ACSM method involves computing the oxygen con-
sumption (VO2) using the equation (19):

VO2 = RMR+ HM + VM (19)

where,
RMR=Resting Metabolic Rate calculated using equa-

tion (20),
VM=Vertical Movement calculated using equation (21)
HM=Horizontal Movement calculated using equation

(22).The resting metabolic rate which contributes to add-
itional HM and VM is calculated using,

RMR = 3.5ml ×
1

kg
×

1

min
(20)

Specifically, for Walking activity,23

HM = 0.1 × speed in
m

min

( )
ml ×

1

kg
×

1

min
(21)

Table 3. Data collection stages as per the Bruce protocol.

Stage Speed (km/h) Grade (%) Duration (min)

1 2.575 0 1

2 4.345 10 3

3 4.345 12 3

4 6.437 14 3

5 0 0 3

Table 4. Subject’s details.

Subject numbers Height (in cm) Weight (in kg) Gender

Subject-1 170.688 49 Male

Subject-2 182.88 58 Male

Subject-3 173.7 70 Male

Subject-4 170.68 45 Female

Subject-5 167.3 65 Male

Subject-6 155.5 55 Male

Subject-7 173.0 65 Male

Subject-8 163.0 60 Male

Subject-9 161.0 49 Female

Subject-10 152.0 49 Female

Figure 5. Subject wearing VO2 mask (middle), a medical expert
is adjusting the treadmill using Bruce protocol (left side of image)
and doctor who is operating manual push button (right side of
image).
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VM = 1.8 × speed in
m

min

( )
ml ×

1

kg
×

1

min
× grade (22)

Both HM and VM are dependent on a person’s weight,
height, and speed of movement. VM computation also con-
siders movement uphill. The speed can be directly esti-
mated using the stride lengths through the equation (23):

speed = k × height × Savg (23)

Where k is a constant (0.415 for males and 0.413 for
females) and Savg is the average stride per second.23

This section presents an approach to estimating EE dur-
ing gait by combining TL with LSTM networks. It builds on
prior work where an LSTM model is estimated such as HS
using data from IMUs and a clinical-grade VO2 machine.
The main challenge addressed is the limited availability of
subject data, especially in clinical settings, which is miti-
gated by applying TL. This allows the model to be continu-
ously improved as new data becomes available, reducing
the need for large datasets for training. The approach con-
sists of several steps: pre-training an LSTMmodel on initial
data, extracting features, retaining learned weights from the
pre-trained model, and fine-tuning the model on new data-
sets. By leveraging TL, the model adapts to new subjects
and gait patterns, making it more efficient for real-time
deployment. The hybrid architecture combines CNNs and
LSTMs, which enables both spatial and temporal feature
extraction. Additionally, the proposed methodology ensures
scalability and robustness by using multi-modal data, such
as IMU sensors, VO2 machines, and gait sensors.
Through this framework, the model can predict VO2 values
and assess EE during walking activities, offering a viable
solution for real-time and personalized health monitoring.

Results
This study evaluates the performance of a hybrid
CNN-LSTM model in predicting HS events and estimating
VO2 using single IMU sensor data. The results demonstrate
the model’s ability to accurately capture gait dynamics and
physiological parameters, validated through statistical
metrics and comparative analysis. Comparative analysis
with an LSTM-only model demonstrates the superiority
of the hybrid approach, leveraging CNN’s spatial feature
extraction combined with LSTM’s temporal learning cap-
abilities. The following sections provide a detailed break-
down of the model’s performance for HS detection and
VO2 estimation.

Heel strike prediction performance
The performance of the proposed hybrid CNN-LSTM
model for HS detection was evaluated using key classifica-
tion metrics. The model achieved an accuracy of 93.53%,
demonstrating its robustness in correctly identifying HSs.

The precision, recall, and F1-score were 85.87%, 85.59%,
and 85.73%, respectively, indicating a balanced predictive
capability with a minimal bias towards false positives or
false negatives is also shown in Figure 6(a) and (b).

Statistical analysis revealed that the Hybrid CNN-LSTM
model significantly outperforms the LSTM-only approach.
The t-statistic (0.3355) and p-value (0.7372) suggest no sig-
nificant difference in overall performance variability, while
improvements in precision and recall indicate better robust-
ness in real-world gait conditions (Table 5).

Table 6 compares HS detection accuracy across different
studies, showing that the proposed Hybrid CNN-LSTM
model achieved 93.53% accuracy using a single IMU, out-
performing previous IMU-based models.

Vo2 estimation performance
For VO2 estimation, the Hybrid CNN-LSTM model
demonstrated superior accuracy and robustness compared
to the LSTM-only approach, as detailed in Table 5.

The Hybrid CNN-LSTM model significantly reduced the
error rates (MSE, RMSE, MAE) while achieving a higher R²
value (0.9934), indicating a better fit for VO2 estimation.

Figure 6. Hybrid CNN-LSTM model performance metric for HS
prediction.
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Table 5. Performance metrics for HS prediction and VO2 estimation using hybrid CNN and LSTM model.

Metric

Hybrid CNN and LSTM model LSTM only approach

HS prediction

Accuracy 93.53% 88.41%

Precision 85.87% 76.05%

Recall 85.59% 71.44%

F1-Score 85.73% 73.67%

Confusion matrix Class HS Non-HS Class HS Non-HS

HS 2667 439 HS 2226 890

Non-HS 449 10,171 Non-HS 701 9909

t-statistic 0.3355 4.742

p-value 0.7372 2.136 × 10−6

VO2 estimation

MSE 0.2317 1.2007

RMSE 0.4813 1.0957

MAE 0.2862 0.7879

Standard deviation 0.4689 1.0942

95% confidence interval for MAE (CI) ±0.0169 ±0.0354

R-squared (R2) 0.9934 0.9654

t-statistic 2.1258 3.2896

p-value 0.0336 0.0010

Table 6. Comparison of HS detection accuracy estimation.

Study Methodology Data source
HS detection
accuracy Remarks

Chen and Martin
(2025) 23

LSTM-based model with
force plate & heel marker
data

Exoskeleton-assisted
walking trials

98% (within 16
ms margin)

Focused on exoskeleton-assisted
gait analysis

Vidyarani KR
et al. (2021) 14

LSTM-based model with IMU IMU-based gait dataset
(n= 2)

91% and 10 ms
Margin

Deep learning approach leveraging
temporal dependencies

IMU-based gait dataset
(n= 10)

88.41%

Proposed model
(this study)

Hybrid CNN-LSTM with
single IMU

IMU-based gait dataset
(n= 10)

93.53% Comparable accuracy with minimal

Vidyarani et al. 11



Statistical analysis demonstrated a t-statistic of 2.1258 and a
p-value of 0.0336, confirming the model’s statistical signifi-
cance and improved reliability compared to the LSTM-only
approach.

To evaluate the effectiveness of the proposed method in
estimating VO2, a comparative analysis was conducted against
existing VO2 prediction models and summarized in Table 7.

Figure 7 further compares the VO2 predictions using dif-
ferent techniques. Figure 7(a) shows theoretical VO2 values
calculated using established equations (see reference14),
while Figure 7(b) depicts VO2 values predicted using the
basic LSTM model. The results reveal notable deviations
and errors in the LSTM predictions. However, when trans-
fer learning was applied, as shown in Figure 7(c), the pre-
dictions closely follow the ground truth, demonstrating
the effectiveness of the deep learning approach.

Error analysis of Vo2 estimation
The percentage error is determined using the equation:

percentage error=
∑

estimatedVO2−
∑

groundtruthVO2

∣∣ ∣∣∑
groundtruthVO2

×100

The percentage error for VO2 prediction is illustrated in
Figure 8(a) and (b). The basic LSTM model produced a
maximum error of 11% with average errors around 3%–
4%, while the percentage of error further, from 20% (see
reference 14) to 11%, demonstrating the importance of train-
ing on a larger dataset for improving predictive accuracy.
The error graph of the Hybrid CNN-LSTM model demon-
strates significant advantages over the LSTM-only
approach. This proposed model is particularly used in min-
imizing prediction errors and improving model generaliza-
tion and it provides enhanced stability and robustness
across different VO2 estimation scenarios.

Results discussions
A statistical comparison between the two models was con-
ducted using t-tests to determine whether the observed dif-
ferences were statistically significant.

Heel Strike Prediction: The t-statistic (0.3355, p=
0.7372) suggests no significant difference in overall vari-
ability, though improvements in precision and recall indi-
cate better performance in detecting true positive HS
events.

VO2 Estimation: The Hybrid CNN-LSTM model exhib-
ited a statistically significant improvement in VO2 predic-
tion, with a t-statistic of 2.1258 and a p-value of 0.0336,
indicating enhanced model reliability.

The results of this study emphasize the advantages of
using transfer learning with LSTM for predicting VO2

values and detecting HS, particularly when dealing
with limited datasets. While the LSTM model demon-
strated potential for VO2 prediction, it exhibited signifi-
cant errors due to the complexity of the task and the
limited data available. LSTM networks are powerful
tools for analyzing sequential data, but they often require
large amounts of training data to generalize effectively.
When data are insufficient, as in this study, LSTM mod-
els may struggle to capture the intricate patterns in the
dataset, resulting in higher prediction errors. However
the percentage error reduction from 20% to 11%,
achieved through increasing the dataset size, further
underscores the significance of data availability for
improving model accuracy.

The application of transfer learning proved to be more
effective, as it allowed the model to generalize better despite
the small dataset size. By utilizing pre-trained weights from
the top layers of the base LSTM model, transfer learning
improved prediction accuracy and reduced errors. This is
particularly advantageous when working with datasets con-
taining limited subject variability, as transfer learning
leverages prior knowledge to enhance model performance
on new, unseen data.

The reduction in percentage error from 20% in previous
studies14 to 11% in this study, achieved using LSTM, and
further to a maximum error of 3% from the integration of
customized transfer learning techniques with LSTM is a
key contribution of this work. This customized method is
driving significant improvements in accuracy and perform-
ance. Furthermore, the increase in dataset size played a

Table 7. Comparison of HS detection accuracy estimation.

Study Methodology Data source
Max %
error Remarks

Vidyarani et al.
(2021) 14

LSTM-based model with
IMU

IMU-based gait dataset
(n= 2)

20% Deep learning approach leveraging
temporal dependencies

IMU-based gait dataset
(n= 10)

12%

Proposed Model
(This Study)

Hybrid CNN-LSTM with
single IMU

IMU-based gait dataset
(n= 10)

3% Achieved low estimation error with a
single IMU
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critical role by enabling the model to learn from a broader
range of samples, thereby capturing the underlying data pat-
terns more effectively.

In summary, The Hybrid CNN-LSTM model outper-
forms the LSTM-only approach in both HS prediction
and VO2 estimation, offering enhanced accuracy, preci-
sion, and generalizability. These findings underscore
the efficacy of integrating deep learning models for

real-time gait analysis and metabolic estimation, sup-
porting their application in wearable and rehabilitation
technologies.

Limitations
Despite these promising results, the study has limitations
that must be acknowledged. The dataset used consists of
only ten subjects, with nine subjects for training and one
for testing. This small sample size restricts the model’s abil-
ity to capture the variability inherent in larger, more diverse
populations, potentially limiting its generalizability to
unseen data. The subject-specific evaluation approach may
also impact the model’s robustness, particularly when
applied to datasets with significant inter-subject variability.

Conclusion
This study demonstrates the potential of a hybrid machine
learning model combining CNNs, LSTM networks, and
Transfer Learning for estimating HS and EE (VO2) using
data from a single nine-axis. By leveraging transfer learning,

Figure 7. Prediction VO2 using theoretical calculation, LSTM,
and transfer learning with LSTM.

Figure 8. Percentage error plots for the predicted value of VO2.
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the model achieved a 3% reduction in prediction error com-
pared to traditional systems, highlighting its ability to address
the challenges of accuracy and practical application in clin-
ical and sports settings. Despite these advancements, the
study’s limited dataset size and subject-specific evaluation
constrain its generalizability to broader populations, warrant-
ing further validation with larger, more diverse datasets.

Future work should focus on integrating advanced tech-
niques like Generative Adversarial Networks (GANs) for
synthetic data generation and fusion with LSTM networks
offers exciting possibilities to overcome data scarcity and
enhance prediction accuracy.
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