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Abstract

This study presents a lightweight deep learning framework for estimating skeletal muscle ratio from
smartphone-based gait signals. Using 132 gait sessions from 36 elderly participants, high-dimensional gait features are
extracted and processed using Compact Universal Residual Architecture (CURA), a residual network designed for
efficient on-device inference. The proposed approach achieves an R* of 92.78% and an MAE of 1.01 with only
164.7K parameters. To examine behavior under signal distortion, Gaussian noise is injected into the input data. The
model maintains stable predictive performance compared to baseline methods, achieving an R? of 77.06% at the
highest noise level. These findings provide exploratory evidence that gait features capture biomechanically relevant
information, supporting lightweight, on-device skeletal muscle estimation.
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Table 1. Smartphone-based measurement variables and
feature-engineered variables

No. Feature Name Group Description
acc_n (acc_nx, acc_ny, Normalized acc.
1 FE L
acc_nz) (Gait-invariant)
2 mag.n (mag_nx, mag.ny, FE |Normalized mag.
mag_nz)
Normalized
3 gyro_n (gyro_nz) FE ooz
gyro_sart (gyrox_sart, Sart-scaling for
4 FE . .
gyroy_sart, gyroz_sart) outlier reduction
5 acc_sqart (acex_sart, FE Sart-scaling for
accy_sqrt, accz_sart) signal stability
6 acc_sq (accx_sq, accy._sq, e square-transform
accz_sq) ation
7 gyro_sq (gyrox_saq, e square-transform
gyroy_sq, gyroz_sq) ation
8 mag_magnl.t uae, FE Extreme Short
gyro_magnitude

ik

log_magnitude Log-scale for
9 (log_mag_magnitude, FE distribution
log_gyro_magnitude) normality

ratio (mag_to_acc,

10 FE Sensor ratios
gyro_to_aco)
11 |variation (acc_cv, mag_cv)| FE Dlsper3|on
metrics

energy (mag_energy,

FE Total
gyro_energy) otal energy

entropy using

1 FE
3 | entropy (acc_entropy) acc data xy,z

orientation (tilt, Spatial
14 . FE . !
acc_azimuth, roll) orientation
15 | acc (accx, accy, accz) SM Raw 3_a.XIS
acceleration
Raw 3-axis
16 | mag (magx, magy, magz)| SM magneic field
Raw z-axis
17 gyro (gyroz) SM angular velocity
rotation_gyro (rotation_my, Gyro-based
18 . . SM . .
rotation_mz, rotation_my) rotation matrix
rotation_acc (rotation_ax Acc—based

19 . . | SM

rotation_ay, rotation_az) rotation matrix

rotation_rate (rotation_hz

20 : . 1M Rate of change

rotation_hy, rotation_hx) in rotation
o1 linear_acc (linear_accx, SM Gravity-removed
linear_accy, linear_accz) acceleration
2 azimuth (azimuth) SM Compassl—based
heading
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Table 2. Feature importance analysis results for random
forest model

Rank feature_name import
1 mag_to_acc 0.24
2 magz 0.16
3 acex_sart 0.09
4 accx_sq 0.08
5 roll 0.07
6 acc_cv 0.03
7 rotation_my 0.02
8 acc_entropy 0.02
9 acc_azimuth 0.02
10 rotation_ax 0.01
1 rotation_hy 0.01
12 rotation_az 0.01
13 mag_nx 0.01
14 magx 0.01
15 acc_ny 0.008
16 rotation_hx 0.008
17 mag_cv 0.008
18 mag_magnitude 0.008
19 rotation_ay 0.007
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Table 3. Performance comparison for skeletal muscle ratio
prediction using 5-fold session-level cross-validation
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Table 4. Impact of input noise levels on skeletal muscle

ratio prediction performance

B[
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Model |Param| o MAE | RMSE | R%%)
305K | 0.01 2.74 443 | 72.54%
305K | 005 | 296 463 | 70.01%
305K | 0.10 | 348 519 | 62.34%
976K | 0.01 146 262 | 90.35%
CURA 976K | 0.05 1.75 3.14 | 86.20%
976K | 0.10 2.32 4.21 75.15%
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