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ABSTRACT
Remote photoplethysmography (rPPG) provides a non-contact
solution for heart rate (HR) monitoring, but deploying deep
learning-based rPPG algorithms on resource-limited edge de-
vices remains challenging. This work presents a real-time
camera-based HR estimation system running on the Rasp-
berry Pi AI Kit equipped with a Hailo-8 AI accelerator. The
proposed pipeline integrates face detection, tracking, rPPG
signal extraction, and HR estimation in a fully end-to-end
framework. Through benchmarking on the WIDERFACE
and UBFC-rPPG datasets, SCRFD-2.5G was selected for face
detection and DeepPhys for rPPG extraction based on accu-
racy–latency trade-offs. Quantization of DeepPhys, including
a mixed-precision 20% UINT4 and 80% UINT8 scheme
with equalization, reduced latency from 163,493.80 ms to
28.94 ms while preserving accuracy (MAE 3.01 bpm). Addi-
tional pipeline optimizations—window chunking, batch infer-
ence, and incremental statistics—further improved real-time
performance. Results demonstrate that deep learning-based
rPPG systems can be efficiently deployed on edge device
while meeting both accuracy and real-time requirements for
practical use.

Index Terms— Real-time, heart rate, remote photo-
plethysmography (rPPG), deep learning, AI accelerator.

1. INTRODUCTION

Heart rate (HR) is a vital physiological parameter commonly
measured using electrocardiography (ECG) or photoplethys-
mography (PPG). Although accurate, these contact-based
methods may cause discomfort for individuals with sensitive
skin and increase the risk of disease transmission. To address
these limitations, remote photoplethysmography (rPPG) has
emerged as a non-contact alternative that estimates HR by de-
tecting subtle color variations in facial skin caused by blood
volume changes [1].

rPPG techniques are categorized into two groups [2]: (1)
conventional methods (e.g., POS [3], ICA [4]) and (2) deep
learning–based approaches (e.g., DeepPhys [5], PhysFormer
[6]). Conventional methods are computationally lightweight

and suitable for real-time deployment, but they generally
lack robustness in unconstrained environments. Deep learn-
ing methods extract richer spatiotemporal features and offer
superior accuracy and stability, yet their computational de-
mands typically prevent real-time operation on embedded
hardware.

With increasing interest in portable, non-contact physi-
ological monitoring, there is a growing need for rPPG sys-
tems that can operate in real time on resource-constrained
edge devices. Real-time performance is essential for appli-
cations including telemedicine, fitness tracking, and public
health monitoring. However, deploying deep learning–based
rPPG algorithms on embedded systems presents a fundamen-
tal challenge: achieving low latency while maintaining esti-
mation accuracy.

Previous works [7, 8] have demonstrated real-time rPPG
pipelines on the Raspberry Pi, but these systems have relied
primarily on conventional algorithms, which as noted in [2],
often degrade under motion or lighting variations. Although
deep learning methods offer improved robustness, they have
rarely been realized in embedded real-time settings due to
their high computational cost.

To bridge this gap, this study develops a real-time deep
learning–based rPPG system on the Raspberry Pi using the
Hailo-8 AI accelerator. This hardware accelerator enables ef-
ficient inference, allowing advanced rPPG models to achieve
both high accuracy and real-time performance on edge de-
vices.

2. METHODOLOGY

2.1. Data Collection

Three publicly available datasets were used in this study:
WIDERFACE [9], PURE [10], and UBFC-rPPG [11]. WIDER-
FACE, a large-scale face detection benchmark with 32,203
images and 393,703 annotated faces, was used for evaluat-
ing the face detection module using its publicly available
validation split. PURE contains 59 video–pulse oximeter
recordings from 10 subjects across six controlled movement
scenarios and served as the primary dataset for developing
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Fig. 1. Flowchart of the proposed method.

and refining the deep learning models, with processing con-
ducted using the rPPG-Toolbox [12]. UBFC-rPPG consists of
42 video–pulse oximeter recordings from 42 subjects under
natural movement and was used for benchmarking and final
evaluation. PURE was chosen for model development based
on prior evidence that models trained on PURE achieve better
performance than those trained on UBFC-rPPG [12].

2.2. Proposed Method

Fig. 1 illustrates the proposed method which processes pre-
recorded video input. All processing is performed on the
Raspberry Pi AI Kit and the final output (HR) is displayed
on a monitor. The main modules are as follows:

2.2.1 Face Detection. This module identifies facial regions
of interest (ROI) for rPPG processing. Since the system runs
on the Hailo-8 NPU, it can directly utilize face detection mod-
els optimized for this hardware. Degirum AI Hub provides
several compatible options, including YOLO-based single-
stage detectors, RetinaFace with five-point landmark regres-
sion using ResNet or MobileNet backbones, and SCRFD
[13], a lightweight detector with variants such as 0.5G, 2.5G,
and 10G designed for edge deployment. Because no prior
benchmarking exists across these models on the NPU, a com-
parative evaluation was conducted using the WIDERFACE
validation split to determine the most suitable model for this
system.

2.2.2 Face Tracking. This module tracks the position of the
face in each frame. For real-time requirements, a simple Cen-
troid Tracker [14] was employed. Centroid Tracker is an ob-
ject tracking method that relies on calculating the Euclidean
distance between the centroids of existing objects and the cen-
troids of newly detected objects in consecutive video frames.

2.2.3 ROI Extraction. This module extracts the ROI used
as input for the signal extraction stage. For deep learn-
ing–based methods, the ROI is a face-bounding box resized
to the model’s input requirements. For conventional methods,
the ROI can be more flexible, such as the full face, cheeks, or
forehead.

2.2.4 rPPG Signal Extraction. This module extracts physi-
ological signals from detected faces using either conventional
or deep learning–based methods. Conventional approaches
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Fig. 2. Flow of the proposed pipeline modules.

include GREEN, ICA, CHROM, PBV, POS, LGI, and OMIT,
each relying on color channel transformations or statistical
separation to isolate pulse-related variations.

Deep learning methods aim to improve robustness under chal-
lenging conditions. Representative models include DeepPhys
[5], PhysNet, TS-CAN, EfficientPhys, PhysFormer, Factor-
izePhys, iBVPNet, PhysMamba, and RhythmFormer [15].
These models leverage spatiotemporal learning and attention
mechanisms, and can be evaluated using the rPPG-Toolbox
[12], which provides pretrained models and standardized
metrics.

Selecting a deep learning model introduces challenges for
real-time deployment due to higher computational demand.
Although the Hailo-8 NPU can mitigate this, no rPPG models
are currently adapted or quantized for this accelerator, neces-
sitating additional optimization for real-time performance.

2.2.5 HR Estimation. This module extracts the dominant
frequency from the rPPG signal, which fundamentally repre-
sents the HR. To obtain the dominant frequency, Fast Fourier
Transform (FFT) was applied to the signal. Prior to frequency
extraction, bandpass filtering was used to isolate the relevant
HR frequencies, with a low-pass cutoff of 0.75 Hz and a high-
pass cutoff of 2.5 Hz, following the rPPG-Toolbox study [12].

2.3. Real-Time Deployment

The deployment hardware consists of a Raspberry Pi 4 with
an Arm Cortex-A76 quad-core processor, 8 GB RAM, a
Hailo-8L NPU, 128 GB storage, and Debian 12 (Bookworm).
During deployment, an HDMI-connected monitor displays
the real-time HR and FPS results. The overall processing
pipeline is illustrated in Fig. 2. The proposed method was
evaluated using the UBFC-rPPG dataset. During evalua-
tion, each video was processed frame by frame through the
pipeline on the Raspberry Pi AI Kit. The estimated HR and
FPS were displayed on the monitor, while all results were
simultaneously logged to a CSV file for further analysis.

2.4. Evaluation Metrics

Average Precision (AP) was used to assess face detection ac-
curacy, while Mean Absolute Error (MAE) was used to quan-
tify HR estimation accuracy by comparing predicted values
with ground truth measurements. Real-time performance is
evaluated using latency, defined as the delay between pro-
cessing initiation and output, and Frames Per Second (FPS),
which indicates the number of frames the system can process
or display per second.
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Table 1. Face Detection Benchmark on WIDERFACE

Model AP (%) ↑ Latency ↓

Easy Medium Hard (ms)

YOLOv8n-ReLU6-Face 87.30 78.86 44.66 12.37
SCRFD-0.5G 89.06 85.72 63.66 20.44
SCRFD-2.5G 93.18 90.87 74.08 18.91
SCRFD-10G 95.09 93.38 80.89 26.57
RetinaFace-MobileNet 87.27 82.63 61.30 69.63

3. RESULTS AND DISCUSSION

3.1. Pipeline Component Selection

3.1.1. Face Detection

Face detection is a critical component in the real-time pipeline,
as it is invoked continuously for every frame. Benchmarking
was performed directly on the Raspberry Pi AI Kit using
the WIDERFACE validation set, with results summarized in
Table 1. Latency is a key factor: based on our own experi-
ments, face detection must achieve less than 20 ms per frame
to avoid choppy performance, since computational resources
are shared with other pipeline modules. Among the models
with latency below 20 ms, SCRFD-2.5G demonstrated the
highest accuracy and was therefore chosen as the final model.

3.1.2. rPPG Signal Extraction

Accuracy benchmarking was conducted on the UBFC-rPPG
dataset using the rPPG-Toolbox with default configurations.
All models were pretrained on the PURE dataset. The re-
sults are summarized in Table 2. It is evident that deep
learning-based methods (MAE range: 0.837–2.992 bpm) sig-
nificantly outperform conventional methods (MAE range:
3.735–19.775 bpm). Therefore, a deep learning-based ap-
proach was clearly chosen. Among all deep learning models,
DeepPhys was selected as the final model since its layer
structure is fully supported by the Hailo accelerator. Other
models were not supported due to incompatible layers such
as tensor 5D reshape operations, expand functions, and 3D
CNN layers that are not supported by the Hailo platform.

To leverage the Hailo-8 NPU capabilities, the selected
DeepPhys model required quantization and optimization. The
quantization process utilized a calibration dataset consisting
of 128 randomly sampled images from the PURE training set
(0-80%), while validation was performed on the PURE val-
idation set (80-100%). Several experiments were conducted
to optimize the DeepPhys model while maintaining accept-
able accuracy as summarized in Table 3. Full UINT8 quanti-
zation reduced latency from 163,493.80 ms (Raspberry Pi 4,
FP32) to 33.55 ms on the Hailo-8, with a small MAE increase
from 3.01 bpm to 3.28 bpm. The proposed model—quantized
with 20% UINT4 and 80% UINT8 precision and optimized
through equalization—achieved a substantial reduction in av-

Table 2. MAE Comparison Between Conventional and Deep
Learning Methods

Conventional Methods Deep Learning Methods

Method MAE (bpm) ↓ Method MAE (bpm) ↓

ICA 15.203 DeepPhys 1.109
POS 3.735 EfficientPhys 1.381
CHROM 3.934 FactorizePhys 1.130
GREEN 19.775 iBVPNet 2.992
LGI 15.663 PhysFormer 1.465
PBV 15.140 PhysMamba 1.528
OMIT 15.663 PhysNet 2.658

RhythmFormer 0.837
TS-CAN 1.172

erage latency from 163,493.80 ms to 28.94 ms when deployed
on the Raspberry Pi 4 with the Hailo-8 NPU. Despite the
drastic improvement in computational efficiency, the MAE re-
mained unchanged at 3.01 bpm, indicating that the quantiza-
tion and hardware acceleration introduced no significant loss
in accuracy. The proposed implementation also achieved an
average performance of 29.972 FPS, which is nearly identical
to the standard 30 FPS camera input rate, demonstrating that
the system can operate effectively under real-time conditions.
This result highlights the effectiveness of the proposed op-
timization strategy in achieving real-time performance while
preserving model reliability.

3.2. Final Pipeline

Based on the component selection process, the final system
integrates SCRFD-2.5G for face detection and a proposed
quantized DeepPhys model for rPPG extraction. To achieve
stable real-time performance, three optimizations were ap-
plied. (1) Window chunking: the original 180-frame window
was split into 30-frame chunks to avoid computational spikes
by distributing the workload across time. (2) Batch inference:
chunk-level batch processing was introduced to leverage
the parallelism of the Hailo-8 NPU and reduce per-frame
overhead. (3) Incremental statistics: DeepPhys preprocess-
ing statistics were updated continuously as frames arrived,
removing expensive on-demand computation and enabling
smooth end-to-end operation.

4. CONCLUSION AND FUTURE WORK

This study demonstrated the feasibility of deploying deep
learning-based rPPG algorithms on resource-constrained
edge devices by developing a real-time, camera-based heart
rate estimation system using the Raspberry Pi AI Kit. The
proposed system achieved an effective balance between accu-
racy and real-time performance through systematic compo-
nent selection, model quantization, and pipeline optimization.
While DeepPhys was fully supported by the Hailo-8 acceler-
ator, other high-performing models such as RhythmFormer
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Table 3. Performance of DeepPhys Model Modifications
Model Runtime Environment Bit Precision Optimization Latency (ms) ↓ MAE (bpm) ↓

Baseline Raspberry Pi 4 100% FP32 – 163,493.80 3.01
Experiment Raspberry Pi 4 + Hailo-8 100% UINT8 – 33.55 3.28
Proposed Raspberry Pi 4 + Hailo-8 20% UINT4, 80% UINT8 Equalization 28.94 3.01

and FactorizePhys were incompatible due to unsupported
layer operations. Future work may explore architectural
modifications of these models and advanced quantization
methods such as adaptive rounding and quantization-aware
fine-tuning to improve the balance between accuracy and
real-time performance.
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