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[Abstract]

Accurate heart rate estimation using wearable photoplethysmography (PPG) sensors remains a challenge in free-living conditions
due to motion artifacts caused by body movements. This study proposes a multimodal heart rate estimation framework that
integrates PPG signal features, accelerometer-based motion features, and contextual information. The model combines statistical
and spectral features extracted from PPG signals with motion features derived from wrist-worn accelerometer data, and
incorporates contextual variables such as previous heart rate and activity labels to enhance estimation robustness. The proposed
model achieved a mean absolute error of 5.03 bpm and root mean squared error of 7.26 bpm, reducing estimation error by
approximately 29% compared with a PPG-only baseline. Activity-wise analysis showed improved performance during
motion-intensive activities such as stair climbing and cycling. Feature importance analysis indicated that motion and contextual

features play an important role in improving estimation accuracy.
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Table 1. Overall performance of the proposed heart rate
estimation model

MAE RMSE

2
(bpm) (bpm) R Ml

Model

PPG + ACC + Context ~ 5.029 7.263 0.8342 0.0912

B2 25 784 N 25 23HMAD)

Table 2. Activity-wise performance analysis

Activity PPG+ACC+Temporal/Context
Transient 6.278
Sitting 2.019
Stairs 11.343
Table soccer 5.541
Cycling 5.219
Driving 5.215
Lunch 3.170
Walking 5.820
Working 3.693

B3, A3 250 7jojsis F2 S8 Fex

Table 3. Top important features for heart rate estimation

Rank Feature Feature Type Importance
1 acc_y_mean ACC motion 1494
2 prev_hr Context 1267
3 activity Context 1019
4 ppg_dom_freq_hz PPG spectral 789
5 acc_x_mean ACC motion 780
6 acc_z_mean ACC motion 774
7 ppg_zcr PPG signal quality 715
8 acc_mag_mean ACC motion 618
9 acc_y_std ACC motion 523
10 acc_mag_std ACC motion 512

E 4 Y A0 E Ms s BN

Table 4. Ablation analysis of model components

okl onilieuEien MAE RMSE Error Reduction
(bpm) (bpm) (%)
Baseline 7.10 10.72 -
+ Motion features 5.64 8.37 20.6
+ Context features 5.03 7.26 29.2
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Fig. 1. Scatter plots of true versus predicted heart rate for
different models
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Fig. 2. Bland-Altman plots for agreement analysis between

reference and estimated heart rate
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