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Abstract

The ability to estimate 3D human body pose and movement, also known as hu-
man pose estimation (HPE), enables many applications for home-based health
monitoring, such as remote rehabilitation training. Several possible solutions have
emerged using sensors ranging from RGB cameras, depth sensors, millimeter-
Wave (mmWave) radars, and wearable inertial sensors. Despite previous efforts
on datasets and benchmarks for HPE, few dataset exploits multiple modalities and
focuses on home-based health monitoring. To bridge this gap, we present mRI1,
a multi-modal 3D human pose estimation dataset with mmWave, RGB-D, and
Inertial Sensors. Our dataset consists of over 160k synchronized frames from 20
subjects performing rehabilitation exercises and supports the benchmarks of HPE
and action detection. We perform extensive experiments using our dataset and de-
lineate the strength of each modality. We hope that the release of mRI can catalyze
the research in pose estimation, multi-modal learning, and action understanding,
and more importantly facilitate the applications of home-based health monitoring.

1 Introduction

3D Human pose estimation (HPE) refers to detecting and tracking human body parts or key joints (e.g.,
wrists, shoulders, and knees) in the 3D space. It is a fundamental and crucial task in human activity
understanding and movement analysis with numerous application areas, including rehabilitation [29,
21, 6, 5], professional sports [23], augmented/virtual reality, and autonomous driving [16]. In
particular, human pose estimation plays an increasingly important role in healthcare applications,
such as remote rehabilitation training [25, 12]. The current mainstream rehabilitation treatment
involves a physical therapist supervising the patients in person. In contrast, HPE-based health
monitoring systems can help clinicians correct patients’ movements or instruct them remotely. To
this end, multiple datasets have studied HPE with health-related physical movements [5, 29, 21, 6].

Many existing studies rely heavily on processing RGB frames from color cameras for human pose
estimation [13, 4, 10, 22, 11, 14]. RGB image and video frames are the most common input types
since they offer an non-invasive approach for HPE. However, the image quality depends heavily on
the environmental setting, such as light conditions and visibility [2]. Moreover, using image and
video data poses significant privacy concerns, especially in a household environment. Finally, the
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data-intensive nature of real-time video processing requires computationally powerful equipment
with high cost and energy consumption.
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Figure 1: Overview of all modalities and annotations in mRI dataset. All sub-figures uses the
same sample frame during ‘both upper limb extension’. (a) 2D human keypoints with bounding
box on RGB image, (b) 3D mmWave point cloud, (c) 3D human skeletons, (d) IMU rotations, (e)
depth image. mRI dataset supports human pose estimation and action detection tasks. With mRI,
researchers from the fields of machine learning, computer vision, wearable computing can exploit the
complementary advantages of multi-modality, while clinical and rehabilitation experts can focus on
its healthcare movements.

Frame quality, privacy, and computational power drawbacks of video processing can be addressed by
emerging complementary sensor modalities, such as lidar, millimeter wave (mmWave) radar [2, 35,
38], and wearable inertial sensors [32, 30, 31, 33, 18, 36, 1], The point cloud from lidar overcomes
frame quality and privacy challenges. However, it has a high cost and computation power requirements
to process the data, making it unsuitable for indoor applications such as rehabilitation. In contrast,
mmWave radar can generate high-resolution 3D point clouds of objects while maintaining low
cost, privacy, and computational power advantages. Similarly, wearable inertial sensors provide
accurate rotation and acceleration information regarding joints with low cost and computational
power requirements [30, 31, 33, 1], yet at a price of body worn sensors.

High-quality and large-scale datasets provide a vital foundation for algorithm development. To
catalyze research in HPE, this work (mRI) combines mmWave radar, RGB-Depth (RGB-D), and
Inertial sensors to exploit their complementary advantages. We present a comprehensive 3D human
pose estimation dataset performed by 20 human subjects, consisting of more than 160k synchronized
frames from three sensing modalities. The contributions and unique aspects of mRI are as follows:

• Multiple Sensing Modalities. mRI consists of mmWave point cloud, RGB frames, depth frames,
and inertial signals. The experimental data is captured using a commercial low-power, and a low-
cost mmWave radar, two depth cameras, and six high-accuracy inertial measurement units (IMUs).
All sensors are temporally synchronized and spatially calibrated. To the best of our knowledge,
mRI is the first dataset that combines these complementary modalities.

• Healthcare Movements Focus. We use ten clinically-suggested rehabilitation movements that
involve the upper body, lower body, and the major muscles related to human mobility. These
movements are crucial for patients to recover from sequelae of central nervous system disorders,
such as Parkinson’s disease (PD) and cerebrovascular diseases (e.g., stroke). Hence, the mRI dataset
can serve as a reference from healthy subjects, while the experimental methodology can enable
future studies with patients.

• Flexible Data Format and Extensive Benchmarks. We release the raw synchronized and
calibrated sensor data and a comprehensive set of benchmarks for 2D/3D human pose estimation
and action detection using multiple modalities (see Section 3). The proposed end-to-end pipeline
pre-processes the raw data into the point cloud, features, and 2D/3D keypoints.

• Low-Power & Low-Cost Requirements. Widespread use of home-based rehabilitation depends
critically on the affordability and operating cost of the deployed systems. Our mRI dataset and
findings pave the way to sustainable systems with low-power and low-cost sensors and edge devices.
For example, only mmWave radar and IMU sensors can be used in the field after they are trained
with all three modalities (including RGB-D) in a clinical environment.
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