Measurement 265 (2026) 120400

Contents lists available at ScienceDirect

Measurement

o %

ELSEVIER

journal homepage: www.elsevier.com/locate/measurement

| Measurement. |

Multimodal fusion of optimized LSTM for estimating dynamic oxygen
uptake based on consumer wearable devices

Zhengsheng Hu ™", Gongcheng Xu?, Yan Wang ", Guanwen Qu*, Puxiang Lai *",
a,b,c,”

Wenzhao Li*, Jiahui Yin®, Hui Xie®, Huiwen Xiao“, Tao Li“, Ming Zhang ,
Qitao Tan >™"

@ Department of Biomedical Engineering, Faculty of Engineering, The Hong Kong Polytechnic University, Hong Kong 999077, China

b Research Institute for Sports Science and Technology, The Hong Kong Polytechnic University, Hong Kong 999077, China

¢ The Hong Kong Polytechnic University Shenzhen Research Institute, Shenzhen 518057, China

4 Joint Research Center for Biosensing and Precision Theranostics, The Hong Kong Polytechnic University, Hong Kong 999077, China

L))

Check for

updates

€ Key Laboratory of Traffic Safety on Track, Ministry of Education, School of Traffic & Transportation Engineering, Central South University, Changsha 410075, China

ARTICLE INFO

Keywords:

Oxygen uptake prediction
Multimodal feature fusion
Long short-term memory
Particle swarm optimization

ABSTRACT

Accurate and real-time monitoring of oxygen consumption dynamics during exercise is essential for optimizing
training intensity, duration, and recovery strategies. However, existing methods often compromise between
computational efficiency and predictive accuracy, either by employing large models for feature extraction or by
oversimplifying input variables, which limits their applicability to consumer wearable devices requiring real-
time and energy-efficient processing. To address these challenges, we propose a novel framework that in-
tegrates Multimodal Feature Fusion and Particle Swarm Optimization (PSO) based on wearable device data. The
model utilizes Long Short-Term Memory (LSTM) networks to extract temporal features from anthropometric,
physiological, and kinematic indicators, while PSO optimizes feature weights to enhance prediction accuracy.
The proposed framework therefore presents a 14.3% reduction in root mean squared error and 24% reduction in
model size for dynamic oxygen uptake (VO3) prediction and robust performance across various moderate in-
tensity running speeds. This multimodal fusion approach provides an effective and efficient solution for VO3

prediction, facilitating real-time deployment on consumer wearable devices.

1. Introduction

Accurate monitoring of energy expenditure is significant for in-
dividuals, as it facilitates quantitative assessment of exercise perfor-
mance, cardiopulmonary function, and postural stability [1]. Oxygen
uptake (VOg) is considered the gold standard for estimating energy
expenditure during physical activities, reflecting the components of
aerobic metabolisms [2]. Dynamic VO, data encompasses critical in-
formation regarding oxygen delivery of the cardiopulmonary system
and oxygen metabolism of the musculoskeletal system [3]. Conse-
quently, it is essential for individuals to accurately monitor oxygen
consumption dynamics in real-time during exercise, enabling them to
optimize training intensity, duration, and recovery protocols.

Traditional measurements of oxygen consumption rely on
laboratory-based metabolic chambers utilizing the indirect calorimetry
method [4], which are constrained by controlled laboratory conditions

and substantial costs. In recent years, portable measurement devices
such as the COSMED K5 (COSMED, Italy) reduced environment limita-
tions, making it possible to collect data during outdoor activities like
running [5,6], through breath-by-breath analysis of oxygen (O3) and
carbon dioxide (CO) volumes. These devices are currently employed in
scientific research, clinical medicine, and professional athletics [7].
However, their widespread adoption among recreational runners re-
mains limited due to high costs, operational complexity, and the
impracticality of prolonged mask use in daily settings.

Wearable sensor-based VO, estimation makes it possible to over-
come the above limitations [8,9]. Collected physiological indicators
such as heart rate (HR) exhibit a strong correlation with oxygen uptake
and have been widely utilized to predict VO3 and maximal oxygen up-
take (VOg2max) using regression methods [10]. Kinematic data acquired
from accelerators or multi-axis inertial measurement units (IMUs) also is
used as a feature to estimate VO, capturing rich information of
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biomechanical movement patterns [11]. Advances in machine learning
have enabled more detailed and precise estimation by extracting com-
plex coupled relationships from multi-source features [12,13]. For
example, Hsiao et al. estimated the VO, based on photo-
plethysmography (PPG) using machine learning approaches like the
random forest [14], which relied on a specific device with five wave-
lengths. Hong and Sun achieved continuous VO, estimation relying on
HR, time, weight and other data via XGBoost algorithm [15], while the
results of their study had high risk of data leakage due to the splitting
method using whole dataset. To enhance the prediction performance,
deep learning (DL) models were utilized. Among these, Long Short-Term
Memory (LSTM) networks stand out for their ability to model temporal
dependency and capture nonlinear relationships by understanding
complex patterns and trends in time-series data [16], and they have been
widely used in the fields of disease diagnosis [17,18], industry control
[19], etc. Therefore, LSTM has the potential to model the complex
relationship between VO, and other physiological signals. Wang et al.
developed an attention-enhanced Convolutional Neural Network- Long
Short-Term Memory (CNN-LSTM) model integrating resting and dy-
namic physiological features for exercise oxygen consumption predic-
tion [20], but the resting oxygen consumption had to been collect as the
static feature. Vidyarani et al. proposed a hybrid LSTM-transfer learning
model for VOgnx prediction using IMU data [21], but the predicted
result was a static value based on exercise tasks lasting for minutes.
Davidson et al. predicted VO, using an LSTM model fusing HR, IMU, and
inertial navigation/global positioning system (INS/GPS) data [22], but
limited by extra devices and cross-participant performance. Bangaru
et al. introduced a bidirectional LSTM model for VO, estimation by
integrating IMU and electromyography (EMG)signals [23], however this
method requires 4 high-frequency EMG channels of 200 Hz leading to
substantial computational overhead. Although LSTM methods demon-
strate robust performance in predicting oxygen uptake from HR and IMU
data. Existing approaches often trade off computational efficiency for
accuracy, such as using large CNN architecture or hundreds of hidden
units to extract features from raw signals of several sensors or over-
simplifying models with HR-only inputs. This imbalance hinders
deployment on consumer wearables, such as smartwatches, where real-
time processing and energy efficiency are critical.

The hybrid models combining LSTM with Particle Swarm Optimi-
zation (PSO) have demonstrated remarkable performance [24]. As a
population-based heuristic search strategy, PSO effectively optimizes
model parameters and feature weights relying on its ability to explore
the search space, leading to performance improvement in temporal
prediction tasks. Therefore, we propose introducing PSO to LSTM to
reasonably distribute weights of features from different devices to
improve VO, prediction accuracy and eliminate redundant features to
balance computing cost.

We propose a multimodal fusion framework leveraging Particle
Swarm Optimization (PSO) for accurate and efficient oxygen uptake
prediction using consumer wearable devices. Our methodology employs
LSTM networks to extract temporal features from each input indicator,
including anthropometric features, physiological features, and kine-
matic features. These features are adaptively fused through PSO-
optimized weighted integration, transforming feature selection into a
constrained optimization problem. The PSO algorithm dynamically ad-
justs contribution weights across modalities, enhancing both prediction
accuracy by prioritizing informative features and model interpretability
by quantifying feature importance. This optimized fusion strategy
significantly improves upon conventional approaches.

The structure of this study is organized as follows: Section 2 presents
the computational framework of PSO-based multi-modal feature fusion
method using wearable devices. Section 3 validates the proposed
approach through cross-participant evaluation, where models trained on
22 participants demonstrate generalizable performance when tested on
4 held-out participants. This experimental paradigm achieves satisfac-
tory VO, prediction accuracy and obtains optimal weights for feature
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fusion. Section 4 discusses the prediction performance of VO, dynamic
characteristics and the consistent at different running paces. Section 5
concludes the entire paper.

2. Material and method

The study developed a novel multi-modal fusion method based on
consumer wearable devices and Particle Swarm Optimization approach
for oxygen uptake prediction during running. The approach integrates
anthropometric, kinetic and physiological indicators captured by
wearable sensors during exercise, employing LSTM networks for tem-
poral feature extraction from raw sequential data, and utilizing PSO
algorithm to determine optimal weighting coefficients for multi-modal
feature fusion. The following section details the theoretical framework
and implementation of the methodology.

2.1. Wearable device data collection

This study collected physiological and kinematic indicators by inte-
grating multiple consumer wearable devices with the COSMED K5, as
shown in Fig. 1. Kinematic data were acquired using the Stryd footpod
(Stryd Inc., USA) and the GT RUNNER smartwatch (HUAWEI, China).
Stryd is a validated wearable motion sensor that combines IMU, baro-
metric, and anemometric sensors to derive running metrics including
ground contact time (GCT), vertical oscillation (VO), speed, and cadence
[25]. The GT RUNNER smartwatch provided left-wrist-worn triaxial
acceleration, angular velocity, via its embedded six-axis IMU. As for
physiological indicators, the criterion measure of oxygen uptake was
obtained through breath-by-breath analysis using the COSMED K5 sys-
tem and continuous heart HR was measured using the GT RUNNER
smartwatch. Participants completed standardized running trials con-
sisting of three 180-second stages: (1) easy pace, (2) marathon pace, and
(3) lactate threshold pace, with individualized speeds based on histori-
cal performance data. To control fatigue effects, trials were administered
in ascending intensity order, with mandatory over 10-minute recovery
intervals between stages until participants achieved pre-exercise resting
HR levels.

2.2. Model development

Multi-modal feature fusion prediction represents an advanced
computational approach that integrates heterogeneous data features
from diverse information sources to optimize prediction model accu-
racy. The predictive performance of such models is critically dependent
on the optimal weighting allocation among constituent features. In this
section, three-level architectures of the model are introduced: the
feature extraction based on LSTM, the weight optimization based on
PSO, and the development of Swarm Optimization Multi-modal Feature
Fusion.

2.2.1. LSTM

LSTM is a specialized recurrent neural network (RNN) method,
demonstrating particular efficacy in physiological signal monitoring and
sequence prediction tasks [26,27]. As illustrated in Fig. 2(a), the
distinctive LSTM architecture, primarily the hidden states and cell
states, enables key-feature extraction from time-series through gating
mechanisms that optimally balance long-term dependencies with short-
term input patterns [28]. These state vectors maintain compressed
representations of the network's learned temporal dynamics, effectively
encoding the historical context of input sequences. The LSTM-derived
feature vectors exhibit superior capability in capturing the intrinsic
characteristics of time-series physiological data compared to conven-
tional approaches. Importantly, in trained network architectures, these
intermediate feature representations provide a rich, information-dense
foundation that significantly enhances downstream prediction accu-
racy and enables more insightful physiological analyses.
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Fig. 1. Schematic of data collection during running.

2.2.2. PSO

The PSO algorithm, originally developed by psychologist James
Kennedy and electrical engineer Russell Eberhart, is a metaheuristic
optimization technique inspired by the collective foraging behavior of
bird flocks. This approach simulates the social dynamics of particle
swarms, where individual particles adjust their positions and velocities
within the search space to collectively locate optimal solutions for
complex non-deterministic polynomial problems [29,30]. In our
framework, we employ PSO to optimize the weight distribution of multi-
modal features, thereby enhancing prediction accuracy through intelli-
gent feature fusion. The standard PSO implementation proceeds with the
following steps:

Assuming a target search space of dimensionality D, composed of N
particles forming a swarm, where the i particle is represented as a D-
dimensional vector as shown in Eq. (1).

X; = (Xn,Xp,000,Xxp),i=1,2,0e0e N 1)

The flight velocity of the i?" particle is also a D-dimensional vector, as
shown in Eq. (2).

Vi:(Vilvvi27...7viD)7i:1727...7N 2

The best position found by the i particle up to the current step is
referred to as the individual best position, denoted as Eq. (3).

Pyt = (Pi1;Piz, @ @ ®,Pip),i=1,2,000 N 3

The best position found by the entire particle swarm up to the current
step is referred to as the best global position, as shown in Eq. (4).

Pglabal = <pg1 yPg2,®® '7pgD> “)

For the next iteration, all particles will update velocities and posi-
tions according to Egs. (5) and (6).

vyt +1) = 0 o vy(6) + ear (8)[py(6) = x5(0) | +cara(0) [pa(®) - (0| 5)
xy(£+1) = x3() +vy(e+1) O]

where, X; is the position of the particle, V; represents the speed of the
particle, Py, is the particle's own best position, Py, is the best position
of the particles in the swarm, v;(t) and x;(t) represent the velocity and
value of the j dimension in the i particle, in whichj = 1,2, e e ¢, D and
i =1,2,0 ¢ N;c; and c; are learning factors, also known as acceleration
constants, r; and rp are uniformly distributed random numbers in the
range [0,1], which are utilized to add randomness to the particle’s flight,
o is inertia weight and make particle keep inertia of movement. As
illustrated in Fig. 2(b), the velocity update equation (Eq. (5)) comprises
three fundamental components that collectively govern particle

dynamics in the optimization process. The first component is called in-
ertial term, preserving the particle's current momentum, facilitating
global exploration of the solution space. The second component is the
cognitive term, attracting the particle toward its personal historical
optimum position, representing individual learning capabilities. The
third component is defined as social term, directing the particle toward
the swarm's global optimum position, embodying collective intelligence
through information sharing within the population.

2.2.3. Proposed method

The proposed model architecture aims to enhance the accuracy and
robustness of dynamic VO, prediction using consumer wearable devices.
As illustrated in Fig. 2(c), input data streams are processed by 29 in-
dependent LSTM networks to facilitate initial feature extraction. Sub-
sequently, a feature fusion module is employed to optimize the weights
of individual features. Feature fusion plays a critical role in multimodal
prediction tasks by integrating data from diverse sources to construct a
comprehensive feature matrix for subsequent predictive modeling. In
this study, we introduce an optimized weight reallocation strategy to
fuse 29 temporal features extracted from wearable sensor data using an
LSTM network architecture to enhance prediction accuracy. As depicted
in Fig. 2(d), each raw feature weight is treated as an optimization var-
iable, represented as @ = {w1, w2, w3, ® ® o, w29} . PSO algorithm is used
to optimize the fusion weights, minimizing the loss function of the final
LSTM prediction model. The optimized weights enable more effective
multi-modal feature fusion, improving the performance of the subse-
quent VOs prediction network performance. Relying on combining
PSO’s feature fusion capability with LSTM’s temporal sequential mod-
eling dynamics, our approach achieves high precision in complex pre-
diction tasks. After weight optimization, weights are constant and
multiplied by the initial feature matrix, and stream into LSTM VO,
prediction networks again to calculate the VO, value. It is worth noting
that the PSO will not be carried out in the test dataset due to the weight
configuration process has been completed. The pseudocode of the pro-
posed approach is presented in Table 1 below.

3. Experiment
3.1. Dataset construction

This study enrolled twenty-six recreational runners whose mean
weekly duration is more than 3 h. Participants’ essential demographic
characteristics are shown in Table 2. All candidates successfully
completed comprehensive health assessments to exclude individuals
with contraindications to vigorous exercise, including confirmed
absence of chronic conditions such as hypertension or diabetes mellitus.
The study was approved by the Human Subjects Ethics Sub-committee of
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Fig. 2. Model development: (a) Diagram of LSTM network structure; (b) The update of particle velocity and position in PSO; (c) Flowchart of our proposed model; (d)
The framework of the feature fusion and PSO architecture.
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Table 1
Pseudocode of proposed method.

Global Parameters: Feature set size D = 29, Time steps T = 5.
PSO Parameters: Swarm size N, Maximum iterations MaxIter.
Phase 1: Feature Extraction (Pre-computation)
For each raw feature j in {1, ---,D} do:
Data Preprocessing:
Load raw time-series data sequence R;.
Normalize R; using Min-Max scaler to range [0,1].
Generate sliding window samples S; with window size T.
Extractor Training:
Construct a base LSTM model Mp .
— LSTM layer (70 units, return sequences).
- Dropout (0.2) — LSTM (20 units) — Activation (‘'swish").
- Dense layer (Output).
8. Train Mpgse using S;.
9. Extraction:
10. Extract latent features L; from the output of the first LSTM layer of Mpqs
11. Save L;as the extracted feature matrix for feature j.
12. End For
Phase 2: PSO-based Feature Fusion and Optimization
Initialization:
— Load all extracted feature matrices L = {L;,Lp,-+,Lp}.
— Initialize swarm particles X (representing weight vector for D features).
— Initialize velocity V randomly.
— Evaluate initial fitness and set Py, and Gpeg-
Optimization Loop:

Noohswbh=

13. For iteration k = 1 to MaxIter do

14. For each particle i in the swarm do

15. Update Velocity and Position:

16. Vi =wx Vi +c1 X711 X (Ppest_i —Xi) + €2 X T2 X (Gpesti —Xi)
17. X; = X; + Vi(Clipweightsto[0, 1])

18. Evaluate Fitness F;:

19. a. Weighted Fusion:

Apply weights X; to extracted features: L]'- =L x X;j.
Concatenate all LJ’- along the feature axis to form tensor W.

=3

20. Deep Regression Model:
Feed W into fusion model architecture:
— LSTM layer (70 units, return sequences).
- Dropout (0.2) — LSTM (20 units) — Activation (‘'swish").
- Dense layer (Output).
21. c. Training & Loss:

Train the model on Training Set.

Calculate MSE

22. Update Pbest:

23. If F; < F(Ppest_i) then set Ppesr i = Xi.

24. End For

25. Update Gpes::

26. Set Gpest=Ppese_; Where i has the minimum fitness in the swarm.
27. End For

Output: Optimized weights Gy, and prediction values Y using the final
trained model.

Table 2
Essential demographic characteristic.

Male (n = 20) Female (n = 6)
Age 34.0 + 9.2 34.8 +12.8
Height (m) 1.75 + 0.05 1.63 + 0.07
Weight (kg) 67.5+ 7.7 52.5 + 6.0
BMI (kg/m?) 22.0 + 2.1 19.6 + 1.0

the Hong Kong Polytechnic University (Ref. No. HSEARS20221201002).
Written informed consent was obtained from all participants prior to
study commencement.

The running protocol comprised three standardized intensity con-
ditions including easy running, marathon-pacing running, and lactate
threshold running, with individualized speed prescriptions based on
participants' historical running records. To eliminate fatigue effects, the
treadmill protocol followed an ascending intensity sequence, with
mandatory recovery intervals between stages until participants achieved
pre-exercise resting heart rate. Throughout the trials, the physiological
and kinematic data of participants were captured using three devices:
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COSMED K5, WATCH GT RUNNER, and Stryd, as shown in Fig. 1. All
devices were time-synchronized at initialization to ensure temporal
alignment of multimodal data streams.

A preprocessing pipeline was implemented to ensure data quality for
predictive modeling. For metabolic data, the COSEMED K5 was set as
the breath-by-breath mode to collect VO3 of each breath. The raw data
underwent sequential preprocessing steps including standard deviation-
based outlier removal, resampling to 1.0 Hz, and 10-second sliding
window smoothing. The HR was collected using the smartwatch and
then resampled to 1.0 Hz. The posture parts of kinematic features,
including cadence (steps/min), GCT (mm), VO (cm), and speed (m/s),
were sampled at 1.0 Hz via Stryds mounted on the shoes. The three-axis
acceleration and gyroscope data of the left wrist were recorded at 100
Hz using the smartwatch’s IMU. The maximum, minimum and Root
Mean Square (RMS) were calculated using 5-second sliding windows to
extract. Frequency stability (FS) metric derived from standard deviation
(SD) of arm swing frequency peaks. Finally, we obtained 29 temporal
raw features, as shown in Table 3. In addition, the running duration of
each trial was recorded at 1 Hz as a supplementary temporal feature. In
summary, a total of 13,027 data samples from 25 participants were
retained. These were divided into a training set and a test set at an
approximate 5:1 ratio based on randomized participant selection. The
training set comprises 10,829 s of data from 21 participants (participant
1,2,3,4,6,8,10,11,13, 14, 15, 16, 17, 18, 20,21, 22, 23, 24, and 25),
while the test set includes 2,198 s of data from the remaining 4 partic-
ipants (Participants 5, 9, 12, and 19). This partitioning strategy was
designed to rigorously evaluate model generalizability across unseen
subjects while maintaining population representativeness.

For LSTM network implementation, the dataset was structured as
sequential temporal segments using continue sliding window approach.
As illustrated in Fig. 3(a), Raw time-series feature data was iterated into
fixed-length windows, creating input features. Then, VO, value was used
as output matched with corresponding input features, regarded as su-
pervised learning problems, where n seconds represent the width of the
sliding window, and w represents the number of input features. W(n,w)
is the model’s input feature and Y(VO,) is the predicted output.

The selection of sliding window size influences the balance of

Table 3
Feature list.
Feature Name Type Source

1 Ry Cadence Kinematic Stryd

2 Ry Ground Contact Time Kinematic Stryd

3 Rs Height Anthropometric Measurement
4 R4 Weight Anthropometric Measurement
5 Rs Heart Rate Physiology GT RUNNER

6 R¢ Acc_x_max Kinematic GT RUNNER

7 Ry Acc_y_max Kinematic GT RUNNER

8 Rg Acc_z_max Kinematic GT RUNNER

9 Rg Gyro_x_max Kinematic GT RUNNER

10 Ryo Gyro_y_max Kinematic GT RUNNER

11 Rip Gyro_z_max Kinematic GT RUNNER

12 Ri2 Acc_x_min Kinematic GT RUNNER

13 Ri3 Acc_y_min Kinematic GT RUNNER

14 Ry4 Acc_z_min Kinematic GT RUNNER

15 Ris Gyro_x_min Kinematic GT RUNNER

16 Rig Gyro_y_min Kinematic GT RUNNER

17 Ry7 Gyro_z_min Kinematic GT RUNNER

18 Rys Acc_x_rms Kinematic GT RUNNER

19 Ryg Acc_y_rms Kinematic GT RUNNER

20 Ryo Acc_z_rms Kinematic GT RUNNER

21 Ry Gyro_x_rms Kinematic GT RUNNER

22 Ry2 Gyro_y_rms Kinematic GT RUNNER

23 Ro3 Gyro_z_rms Kinematic GT RUNNER

24 Ro4 Speed Kinematic Stryd

25 Ros Frequency Stability Kinematic Stryd

26 Ry Time Kinematic Stryd

27 Ry Vertical Oscillation Kinematic Stryd

28 Rog Age Anthropometric Measurement
29 Rag Gender Anthropometric Measurement
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Fig. 3. Parameter setting process: (a) development of input and output features; (b) prediction performance with different sliding window size; (c) the process of

extracting and fusing features.

capturing short-term patterns and longer-term trend regularities as well
as the computational efficiency and generalization ability of the model.
To obtain stable and dynamic VO, prediction, the sliding windows are
fixed and below 10 s. After the parameter adjustment analysis, the
sliding window size was set to 5 s with a stride of 1 s, as illustrated in
Fig. 3(b). This resulted in a total of 10,457 windows in the training set
and 2,126 windows in the test set.

3.2. Parameter setting

Model development was conducted using the TensorFlow framework
and executed on an Intel® Core™ i7-14700F CPU @ 2.10 GHz (20
cores) with 32 GB RAM. The same LSTM network architecture was
employed for both feature extraction and VO prediction. Specifically,

the LSTM layer comprised 70 units, followed by a fully connected layer
containing 10 neurons. Following each layer, a dropout layer with 0.2
dropout rate was set to lessen the chance of overfitting [17]. The Adam
optimizer was utilized in conjunction with Mean Squared Error (MSE)
loss function, a batch size of 128, and 10 training epochs.

For feature extraction, raw data from wearable devices and anthro-
pometric characteristic were processed by constructing 29 isolated
LSTM networks. Each network received a distinct input S; obtained by
sliding windows from R;. Y(VO,) was designated as the output for each
network. After training, the output from the first layer of each feature
extraction LSTM network was utilized as the new input feature L; for the
feature fusion LSTM model, without applying weights. After weighting
Lj x Xij, the initial weighted feature L; was developed and then were
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concatenated to construct the feature concatenation fusion matrix W as
the input of LSTM VO, prediction network. Subsequently, the PSO was
carried out in this process to optimize the weight matrix X;; by mini-
mizing the MSE as the loss function. The PSO parameters were config-
ured with a swarm size of 10, a maximum of 20 iterations, a fixed inertia
weight of 0.85, both individual and social learning factors set to 1.5. The
termination criterion for the PSO algorithm is determined solely by the
maximum number of iterations. The upper and lower bounds for all 29
features were set to [0,1]. The above process of extracting and fusing
features is described in Fig. 3(c). After termination, the weight matrix
X;; was fixed, considered as the best fitness weights for features, and the
last LSTM VO, prediction network was the final network. Finally, for-
ward pass was performed on the training and testing sets, respectively,
to obtain the model's final predictions on both datasets.

3.3. Evaluation performance of model

Several essential evaluation metrics were utilized to assess the per-
formance of the prediction model: the coefficient of determination (RZ),
root mean squared error (RMSE), mean absolute error (MAE), Mean
absolute percentage error (MAPE) and mean squared error (MSE). The
R2 metric quantifies the agreement between predicted values and true
values, with values closer to 1 indicating superior predictive perfor-
mance. MSE and MAE represent the average squared difference and the
average absolute difference, respectively, between predicted and true
values; lower values for both metrics correspond to higher model ac-
curacy. RMSE, defined as the square root of MSE, offers enhanced
interpretability due to its consistency with the original data scale.
Additionally, Kling-Gupta efficiency (KGE) and Brier Score Function
(BF) are calculated to evaluate the model accuracy. KGE was proposed
by Harald Kling and Hoshin Vijai Gupta and has been widely used as a
goodness-of-fit indicator in time-series prediction tasks [31]. It ranges
(—o0, 1] and indicates high accuracy when close to 1. The BF reflects the
accuracy of prediction and indicates better performance when close to
zero. A comparison of the proposed method with the baseline LSTM
network, XGBoost, and Linear Boosting in training set and test set are
illustrated in Table 4.

The proposed model demonstrated the most robust generalization
capability among all evaluated architectures. Our model achieved a
consistent performance between the training (R2 = 0.909) and test set
(R? = 0.913). In contrast, the XGBoost model exhibited severe over-
fitting. While XGBoost attained near-perfect accuracy on the training set
(R? = 0.987, MAPE = 2.048%), its performance deteriorated sharply on
the testing set, with R? dropping to 0.650 and MAPE increasing to
11.575%, which suggests that tree-based models, without specific tem-
poral adaptation, may fail to extrapolate the complex dynamics of VO,
data effectively. Conversely, Linear Boosting showed signs of under-
fitting, characterized by consistently high errors (RMSE > 289) and low
R? values across both datasets.

In terms of distributional consistency, the proposed model achieved
the highest KGE on the test set (0.874), surpassing the LSTM (0.855).
This indicates that the predicted VO2 trajectories not only minimize
point-wise errors but also preserve the variance and correlation struc-
ture of the physiological ground truth. Additionally, the low BF (0.0019)
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confirms that the model is free from systematic overestimation or un-
derestimation, ensuring reliability for practical physiological
monitoring.

The time-series plots comparing different models with the actual VO3
curves are shown in Fig. 4(a), demonstrating that our model better re-
flects the fluctuations in oxygen uptake across three running paces
among different participants. The linear correlation between measured
and predicted VO, values in the test set is presented in Fig. 4(b), indi-
cating a strong positive linear relationship, with R? = 0.921. The Bland-
Altman analysis, shown in Fig. 4(c), evaluates the agreement and error
distribution between predicted and actual values. The predicted values
exhibit a slight underestimation, with a mean difference of -22.70, and
demonstrate good agreement and consistent variability, as evidenced by
the concentrated and evenly distributed differences. Finally, 6-fold
cross-validation was carried out to evaluate generalization ability. As
shown in Table 5, the proposed model presents consistent performance
in every fold.

In summary, these results demonstrate that the proposed architec-
ture effectively captures the non-linear and temporal characteristics of
VO, kinetics, providing a robust solution for accurate physiological
estimation.

3.4. Optimal weights

The optimal weights derived from PSO optimization for VOg esti-
mation are presented in Fig. 4(d). Acc_x_rms, Gyro_z_min, FS, and Time
exhibit the most prominent feature contributions, each with a weight of
nearly 1.000. In descending order of weight, other highly predictive
features include HR, Acc_x_min, Gender, Gyro_x_min, and Height, all
with weights greater than 0.8. Additionally, Acc_y_max, Gyro_y_max,
Gyro_z_max, Gyro_x_rms, Gyro_y_rms, and Gyro_z_rms display minimal
feature selection effect, with weights below 0.010.

Anthropometric parameters, including age, gender, weight, and
height, have been widely used in VOypx estimation [32], as they help
constrain the fluctuation range of oxygen uptake. The work of Akay et al.
[33] demonstrated that neural networks can capture the correlation
between VOyax and anthropometric parameters. The distribution of the
optimized weights assigned to anthropometric parameters in our study
confirms that our model captures this non-linear relationship and
quantifies its effects. Similarly, Wang et al. [3,34] reported that Heart
Rate (HR) played a critical role in predicting VO5 as running intensity
increased in their XGBoost model. This aligns with our findings, where a
high weight was assigned to HR (0.985).

Our results also indicate that gait parameters such as FS (0.995), GCT
(0.764), Cadence (0.473), and Speed (0.174) contribute significantly to
predicting dynamic VO.. This is likely because significant energy is
consumed by the leading leg during ground contact and gait transition
[35]. The correlation between kinematic foot parameters and VO, has
also been modeled using an LSTM network with shoe-mounted IMUs by
Vidyarani. While there is limited research on estimating real-time oxy-
gen uptake, related studies have shown that physical activity intensity
can be measured using wrist-worn IMUs [36]. Consequently, our results
offer guidance for feature selection in model development. For instance,
x-axis parameters warrant particular attention due to their consistently

Table 4
Accuracy metrics of each model.
Model Dataset MAPE R? MSE RMSE MAE KGE BF
Our Model Training 6.591 0.909 28345.816 168.362 128.596 0.901 0.0018
Test 7.250 0.913 30420.113 174.414 139.703 0.874 0.0019
LSTM Training 5.73 0.907 28929.913 170.088 134.547 0.951 0.0017
Test 7.40 0.881 41462.733 203.624 205.103 0.855 0.0026
XGBoost Training 2.048 0.987 4286.247 65.469 46.825 0.979 0.0003
Test 11.575 0.650 124355.552 352.641 269.958 0.771 0.0077
Linear Training 9.951 0.748 84072.163 289.952 208.592 0.787 0.0052
Boosting Test 11.491 0.671 116685.672 341.593 271.342 0.744 0.0072
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Fig. 4. Prediction performance of our model: (a) comparison between the proposed model and other models; (b) Scatter-regression plot of predicted vs. true VO, on
the test set; (c) Bland-Altman plot predicted vs. true VO, on the test set (d) optimized weights.

Gyro_x_min (0.824).
Table 5

6-fold cross validation. . .
4. Discussion

Model Dataset MAPE R? RMSE MAE
Our Model Training 6.591 0.909 168.362 128.596 4.1. Model performance in dynamics characterization
Test 7.250 0.913 174.414 139.703
2 Training 6.735 0.907 172.335 132.689 Oxygen uptake kinetics contain complexity and critical information,
Test 7.088 0.910 170.512 135.712 flecting the inteerated perf foul di ] d
o3 Training 7129 0.913 170.816 146,965 reflecting the integrated performance of pulmonary, cardiovascular, an
Test 6.688 0.901 185.532 150.298 muscle-control mechanisms during exercise [37]. To evaluate the dy-
CvV 4 Training 4.160 0.940 136.299 102.904 namic prediction performance of the proposed our model, a comparison
Test 6.224 0.904 180.190 140.921 between the true values and the predicted values, calculated as the mean
cvs Training 5.812 0.931 160.065 140.624 value at each time point, was conducted and is presented in Fig. 5(a).
Test 7.036 0.897 189.085 170.327 h d b ial . d
w6 Training 5.732 0.951 170.088 134.847 The mean response curves demonstrate substantial consistency, an

Test 6.975 0.893 198.283 163.309 confidence intervals show uniform width, and the confidence intervals
exhibit uniform width, indicating both the accuracy and stability of the
time-sequence VO, predictions. As shown in Fig. 5(b), VO, displays a
transient phase during each test, rather than rising immediately to a

high weights, such as Acc_x_min (0.947), Acc_xrms (0.995), and
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steady state, which is attributable to the limited nonoxidative muscle the result (t = 40) reported in reference [39] for moderate-intensity
energy stores [38]. For moderate exercise below the lactate threshold, cycle ergometer exercise. For true values and predicted values, VOq
the exponential process can be described by Eq. (7) [39] reaches 2,400.7/2,411.6 mL/min after 1, 2,595.6,/2,603.8 mL/min after

. 21, and 2,667.3/2,674.6 mL/min after 21, showing the robust perfor-
AVO,(t) = AVO,ss(1 —e'7) @) mance of our model in predicting oxygen uptake dynamics character-

. ) istics. It is noteworthy that fitted baselines are 1871 mL/min for the true
where, AVO;(t) and AVO;ss represents the increments of VO, at time t values and 1889 mL/min for the predictions, both higher than the
and a steady state VO, respectively, relative to the baseline. The typical resting value of approximately 250-1000 mL/min. This

parameter 1 is a time constant that quantifies the rate of increase in VO, discrepancy is attributed to the fact that data collection commenced
typically ranging from 10 to 100 s and is independent of exercise in- when the treadmill reached a stable speed, rather than from a resting
tensity. For each multiple of 7, VO increases by 63% of the difference state. For constant-work-rate moderate intensity exercise, VO, of par-
between its Yalue at the previous © and the required steady state. As ticipants begins to increase within the first breath [39,40], when the
depicted in Fig. 5(b), the 7 calculated from the predicted values is 48.46, speed of treadmill is increasing. After spending about 30 s on reaching
which is close to 51.42 s obtained from the true values and approximates the target speed, VO, of participants was still in the exponential increase
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Fig. 6. Model performance at different speeds on the test set: (a) Scatter-regression plot at speedl; (b) scatter-regression plot at speed2; (c) scatter-regression plot at
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stage until to steady state after few minutes. Therefore, when the
COSMED K5 started to record the breath data at the target speed, the
participant was in running state with higher VO2 instead of rest, leading
to the difference of baseline.

4.2. Model performance at different speeds

Our proposed model demonstrated strong agreement in predicting
VO, across all three speed groups. It is consistent with the physiological
characterization of breath system because the mode of VO, response at
the range of constant moderate intensity exercise is similar could be
divided into the exponential increase stage and the relative stable stage
[39]. The proposed model, especially LSTM networks, is good at
capturing this potential time-series characterization from multimodal
features, leading to the robust cross-pace performance. As shown in
Fig. 6(a)-(c), linear regression analysis between predicted and true
values yielded slopes of 0.853, 0.909, and 0.734 for easy running,
marathon-pace running, and lactate-threshold running, respectively,
indicating slight compression effects. A consistent deviation pattern was
observed across all three speeds, with interceptions of 349.789,
236.717, and 752.328 mL/min, respectively, suggesting a systematic
overestimation. Comparable R? values of 0.869, 0.925, and 0.922 were
obtained for the three speeds, demonstrating consistent goodness-of-fit.
As depicted in Fig. 6, boxplot analysis of error values revealed similar
error distribution patterns across speed groups, with comparable me-
dians (29.7, 3.84, and —1.02 mL/min), however the third quartile (Q3)
of lactate-threshold running (235.3 mL/min) was wider than the other
speeds (131.5 and 110.1 mL/min), indicating the overestimation ten-
dency showed slight amplifications.

In summary, the proposed model exhibited consistent and stable VO5
prediction performance across different moderate running paces, while
performance was relatively weaker at lactate-threshold running speeds.
This phenomenon may be attributed to the slow component of oxygen
uptake [41], which emerges during exercise above the lactate threshold
and continues to rise for several minutes until a delayed but higher
steady state is reached [42]. Although the running dataset was limited to
moderate intensity, running speeds were calculated based on each par-
ticipant’s historical records, and the blood lactate curve may have been
influenced by individual training or glycogen stores, resulting in right-
ward or leftward shifts [43], These factors could contribute to abnor-
malities in the oxygen uptake fluctuation pattern at certain moments or
paces, thereby affecting the temporal feature relationships within the
overall dataset.

4.3. Efficiency analysis

According to the difference in devices and feature selections, it is
hard to compare the performance of our model with others. In order to
discuss the balance between accuracy and efficiency of the model, we
developed a popular CNN-LSTM model and configured using similar
research methods [13,21]. 29 CNN networks (filters = 32) were used to
extract features from raw features and stream to a two-layer LSTM
networks (units of layer 1 = 128, units of layer 2 = 20) to estimate the
oxygen uptake. Besides, after pruning the feature with weight <0.01, a
pruned model was developed to present the final performance of our
model. The results of comparison in the test set are shown in Table 6.

Table 6
Efficiency analysis of different models.
Model Input Parameters  Latency RMSE R2
Features (ms)
Proposed 29 595,581 47.227 174.414 0.913
model
Pruned model 22 458,381 46.536 170.325 0.915
CNN-LSTM 29 16,798,819 189.663 210.400 0.878

10
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The pruned model demonstrated superior performance across all eval-
uated metrics, achieving the highest prediction accuracy (R? = 0.915,
RMSE = 170.325) and the lowest inference latency (46.54 ms).
Compared to the raw model, the pruning strategy reduced the input
feature dimension by approximately 24% (from 2030 to 1540) and
yielded a slight improvement in goodness-of-fit. It suggests that the
excluded features likely constituted noise or redundant information that
hindered the baseline model's convergence. In contrast, the CNN-LSTM
exhibited suboptimal performance. Despite possessing a massive
parameter count of 16.8 million, approximately 36 times larger than the
proposed Pruned model, its predictive capability collapsed, yielding an
R? of only 0.878, which cannot reach the R? = 0.9460 in their dataset
[13]. For one hand, the accuracy of their model may depend on the
features of rest VO, and rest HR, which do not include in our model
considering the inconvenience in daily configuration. On the other
hand, it can be attributed to severe over-parameterization. Given the
finite size of the physiological dataset, such a massive model is highly
prone to overfitting, where the network memorizes noise training rather
than learning generalizable physiological dynamics. Furthermore, the
high computational complexity of the parallel convolution architecture
resulted in a four-fold increase in inference latency (189.66 ms). In
comparison, our Pruned model not only reduced latency by 75.4%
compared to the CNN-LSTM but also achieved the highest accuracy.

5. Conclusion

The primary contribution of this study is the development of our
model, which integrates feature weight optimization with an LSTM
network to predict dynamic oxygen uptake during running. By
leveraging the proposed architecture, the model achieves a balance
between accuracy and computational cost, as evidenced by high R? and
KGE, as well as low RMSE, MAPE, MSE, MAE, and BF values. This en-
ables runners to monitor real-time energy expenditure during exercise
using existing wearable consumer devices. Performance analysis dem-
onstrates that the model accurately predicts the dynamic characteristics
of oxygen uptake and performs robustly across different speed groups
within moderate intensity. The optimized feature weights indicate that
the proposed weighting process enhances the predictive accuracy of the
model. Specifically, Acc_x rms, Gyro_z min, FS, duration time, HR,
Acc_x_min, Gender, Gyro_x_min, and Height exhibit dominant feature
contributions, while Acc_y_max, Gyro_y_max, Gyro_z_max, Gyro_x_rms,
Gyro_y_rms, and Gyro_z_rms can be excluded, thereby further reducing
model complexity and computational cost.

6. Limitation

While the proposed model demonstrates superior accuracy and
computational efficiency for VOg estimation, several limitations
inherent to the current study design must be acknowledged to guide
future research.

First, the development of the model was achieved using data pri-
marily from healthy, recreational runners. Consequently, the general-
ization of these findings to elite athletes or clinical populations remains
limited, who often exhibit distinct physiological characters and VO,
kinetics. Future studies should expand the dataset to include these co-
horts to validate and recalibrate the model for broader demographic
applicability.

Second, the data collection was conducted under control laboratory
conditions using treadmills. While this ensures data consistency, it in-
troduces a discrepancy between treadmill and outdoor running. Outdoor
environments involve external factors such as air resistance, uneven
terrain, and ambient temperature fluctuations, which can alter running
biomechanics and energy expenditure. Future work will focus on vali-
dating the model using wearable sensors in outdoor environments to
ensure robustness against real-world variability.

Third, the current model operates as a static inference engine trained
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on a fixed dataset. However, deploying a real-time calculation model
presents a complex engineering challenge [44,45]. This requires a
comprehensive performance evaluation across diverse scenarios,
including extreme conditions, to balance accuracy, robustness, effi-
ciency, and cost. In the future, we will transform and enhance the
existing model to achieve robust real-world deployment.
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