
Vid2Doppler: Synthesizing Doppler Radar Data from Videos for
Training Privacy-Preserving Activity Recognition

Karan Ahuja
Carnegie Mellon University

Pittsburgh, PA, USA
kahuja@cs.cmu.edu

Yue Jiang
Max Planck Institute for

Informatics
Saarbrücken, Germany

yuejiang@mpi-inf.mpg.de

Mayank Goel
Carnegie Mellon University

Pittsburgh, PA, USA
mayank@cs.cmu.edu

Chris Harrison
Carnegie Mellon University

Pittsburgh, PA, USA
chris.harrison@cs.cmu.edu

ABSTRACT
Millimeter wave (mmWave) Doppler radar is a new and promising
sensing approach for human activity recognition, offering signal
richness approaching that of microphones and cameras, but without
many of the privacy-invading downsides. However, unlike audio
and computer vision approaches that can draw from huge libraries
of videos for training deep learning models, Doppler radar has no
existing large datasets, holding back this otherwise promising sens-
ing modality. In response, we set out to create a software pipeline
that converts videos of human activities into realistic, synthetic
Doppler radar data. We show how this cross-domain translation
can be successful through a series of experimental results. Overall,
we believe our approach is an important stepping stone towards
significantly reducing the burden of training such as human sens-
ing systems, and could help bootstrap uses in human-computer
interaction.
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• Human-centered computing → Human computer interac-
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1 INTRODUCTION
Future smart homes and offices will need to be able to sense the
activities of their occupants in order to intelligently adapt to the
environment and respond to their users’ needs. An incredible vari-
ety of technical approaches for recognizing the user’s actions has
been considered over many decades of research (see [73] for a sur-
vey). While tagging every object in the environment with sensors
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can be used to infer activity [88, 89], this approach is expensive,
hard to maintain, and often visually obtrusive. Therefore, the trend
has been towards centralized sensing, either a worn device (e.g.,
smartwatches) or with e.g., microphones or cameras operating in
an environment [52, 59]. While more practical, these high-fidelity
sensors also raise significant privacy concerns. Indeed, many users
are wary of microphones and cameras recording them in their
homes, especially after recent data leaks [25]. For this reason, there
is renewed interest in identifying and exploring sensing modalities
that are inherently more privacy preserving, yet sufficiently rich to
enable fine-grained activity recognition.

In this work, we explore one such sensor: the millimeter wave
(mmWave) Doppler radar. Owing to their extensive use in secu-
rity and automobile applications, the price of these sensors has
fallen dramatically, to even just a few dollars for basic units (e.g.,
RCWL-0516, HB100 and LV002 Doppler sensors). More sophisti-
cated frequency-modulated continuous wave (FMCW) sensors cost
around $30 USD [26]. Both types of radar sensors are solid state
and small enough to be integrated into consumer devices, such as
smart speakers and smartphones [66]. These radar sensors emit a
known RF signal, and any motion in the scene (either from users or
objects) causes reflected signals to be Doppler-shifted, which can
then be used to create a 1-D Doppler plot. In the case of FMCW
sensors, a 2-D plot of range vs. the Doppler shift of signals can be
produced. Although some biomechanical attributes are expressed
in the Doppler signal (e.g., limb gait while walking), this has only
been shown to recognize people from a small set of users [77], and
not from the population at large. Indeed, it would seem hard to
be embarrassed by leaked Doppler data, in contrast to a video or
audio recording that can easily reveal identity and capture sensitive
content [13, 74].

That said, Doppler radar faces a significant challenge: bootstrap-
ping machine learning classifiers. Unlike audio and computer vision
approaches that can draw from huge libraries of videos to train ma-
chine learning models, Doppler radar has no existing large datasets.
All prior Doppler sensing work we could find in the literature had
to collect their own bespoke training data for recognition tasks.
The scale of data appears to be so limited that the full potential of
techniques like deep learning techniques remains to be seen.

In this paper, we propose a unique software pipeline that allows
unstructured videos to be transformed into synthetic Doppler radar
data that can then be used for training. This process opens up an
unparalleled volume of training data for Doppler sensors, closing an
important gap and elevating the feasibility of Doppler sensing for
activity recognition. Results from our user study show that training
a model using our proof-of-concept synthetic data output (81.4%
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accuracy) is roughly comparable in accuracy to training with native
sensor data (90:2% accuracy) � a loss of around 8.8% in accuracy
in a 12-class activity recognition task. If we augment our large
synthetic dataset with just a few minutes of user data captured
with an in-situ sensor, accuracy jumps to95:9%, suggesting a mixed
approach could be successful while minimizing user burden.

2 RELATED WORK
We �rst brie�y review related work on activity recognition powered
many di�erent sensing modalities, and then more speci�cally focus
on approaches that leverage Doppler shifts induced by human
motion.

2.1 Human Activity Recognition
Over the years, researchers have studied human activity recogni-
tion from di�erent perspectives and used numerous sensing and
machine learning modalities; including microphones [59, 65], pe-
dometers [30], IMUs [3, 15] and optical sensors [52, 103] to name
a few. Laraet al. [60] and Keet al. [51] provide a comprehensive
survey of wearable and video-based human activity recognition
techniques, respectively.

With the advent of deep learning algorithms, the applicability
of camera- and microphone-based methods for human activity
recognition have signi�cantly increased. SoundNet [8] uses unla-
belled videos to learn sound representations of various activities.
Ubicoustics [59, 97] utilized audio from sound e�ect libraries and
focused on domestic activities. Overall, sound-based approaches
to activity recognition are promising, but the main challenges are
privacy, environmental noise, and limited sensing range due to
sound attenuation. Cameras are also powerful, and able to cap-
ture certain activities that are not possible with microphones. Re-
searchers have explored di�erent motion and temporal feature
representations of videos learned by 3D Convolutional Neural Net-
works (CNNs) [14, 46, 96]. In addition to CNNs, long short-term
memory (LSTM) models are popular, taking advantage of depen-
dencies across video frames [27, 64, 80, 101]. Instead of using raw

Training Data No. Classes Accuracy

TSN [94] RGB Video 20 94.2%
TTDD_FV [93] RGB Video 20 90.3%
LTC [90] RGB Video 20 91.7%
KVMF [108] RGB Video 20 93.1%
VideoDarwin [36] RGB Video 51 63.7%
MPR [71] RGB Video 51 65.5%
Zhao et al. [106] RGB-D video 12 89.1%
Ubicoustics [59] Audio 30 82.1%
Liang et al. [65] Audio 15 83.6%
Fu et al. [37] Doppler Ultrasound 3 92.0%
Radhar [83] Doppler Radar 5 94.7%
Erol et al. [32] Doppler Radar 7 92.8%
Kim et al. [53] Doppler Radar 8 82.6%
Our Approach Doppler Radar 12 95.9%
Our Approach Synthetic Doppler 12 81.4%

Table 1: Activity recognition systems that make use of exter-
nal sensors (i.e., not worn).

visual information, researchers have also explored the idea of rely-
ing on high-level semantic representations for human activity. For
example, using body pose [9, 28, 50, 92, 98, 109], motion of semantic
keypoints [24], and joint representations [29, 44, 68, 79, 85]. To facil-
itate comparison, we provide a summary of other externally sensed
activity recognition systems in Table 1. Finally, we reiterate that
cameras and microphones provide high signal �delity and richness,
but carry increased privacy concerns [13, 74].

2.2 Doppler-Based Sensing
Energy waves undergo Doppler shift when re�ecting o� moving
objects. These waves can be sound [76, 77], radio frequencies (RF)
[22, 83], visible light [6, 43], or even gravitational waves [10]. Given
the focus on practical and deployable systems, the HCI community
typically relies on microphone- and RF-based Doppler sensing. The
ubiquity of microphones makes them extremely popular for sensing
Doppler shifts (most often in ultrasonic frequency ranges so as to
not interfere with human hearing). Using sound-based approaches,
researchers have enabled large in-air gestures [41, 76], �ne-grained
hand gestures [35,95], multi-device interactions [7,17], and activity
recognition [37].

In recent years, RF-based Doppler sensors have become signi�-
cantly cheaper and more accessible. RF systems also tend to o�er
superior range than ultrasonic Doppler techniques, and can some-
times operate through walls. Prior work has explored through-
the-wall person detection [23, 76, 87], human gesture recogni-
tion [22, 40, 63], respiratory monitoring [62], and signs of life de-
tection [18]. Closer to this work are papers investigating RF-based
Doppler sensing for activity recognition. Chenet al. proposed an in-
home Wi-Fi signal-based activity recognition framework using pas-
sive micro-Doppler signatures [22]. Using deep learning, Chenet al.
monitored daily activities and detected falling accidents [19� 21].
Similarly, Singhet al. used a sparse point cloud from a mmWave
Radar sensor for recognizing �ve di�erent human activities [83].
A commonality in this prior work is the need for in-situ training
data to develop machine learning models, which are speci�c to the
use domain and collection environment. Given this data is manu-
ally collected, the volume of training data used in these systems is
comparatively small compared to audio- and video-derived datasets.

2.3 Synthesizing Doppler Data
Using data sources such as videos, motion capture, and animated 3D
models, prior work has synthesized training data for IMU [45, 57],
audio [8, 107], depth camera [75] and human pose [91] powered-
systems. The idea to speci�cally synthesize Doppler data to mitigate
training data issues is not new either. In particular, Linet al. explored
using MoCap data to synthesize Doppler data for walking and
running with some success [67]. Unfortunately, MoCap data is
generally sparse (often a dozen or so key joints), so researchers have
also generated synthetic Doppler data using point clouds captured
from depth-cameras [31, 33, 61]. In both MoCap and depth camera
cases, we found datasets to be much smaller than video sources and
missing many commonplace activities. The fact is, people capture
and upload video data freely, but do not go out and capture depth-
camera datasets for research use. Perhaps most similar to our work
is [32], which captured seed data using an actual Doppler radar
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Type Wave Climb Staircase Walk Squat Run Lunge Jump Rope Jumping Jack Jump Cycle Clean Clap

CMU [1] MoCap � � ~300 � ~60 � � � ~110 � � �
SFU [2] MoCap � � ~20 � ~5 � � � ~10 � � �
RHA [58] RGB Video ~100 � ~100 � ~100 � � � � � � ~100
UCF101[86] RGBVideo � � � ~115 � ~130 ~145 ~125 � ~135 ~110 �
HMDB [56] RGB Video � ~50 ~155 � � � � � � ~105 � �
YouTube8M [4] RGB Video � � 317 2422 7628 � � � 4692 31080 206 �
STAIR [100] RGB Video � ~900 ~900 � ~900 � � � ~900 � � �
ActivityNet [12] RGB Video � � � � � � � � � � ~65 �
RadHAR [83] RF Doppler � � ~50 ~50 � � � ~40 ~35 � � �
Gambi [38] RF Doppler � � 231 � � � � � � � � �
NTU [79] Depth Cam ~1000 � ~1000 1000 ~1000 � � � ~1000 � � ~1000
MHAD [72] Depth Cam 50 � � � � � � 25 25 � � 25
UTD [16] Depth Cam � � � � � � � 25 25 � � 25
YouTube RGB Video ! ! ! ! ! ! ! ! ! ! ! !

Table 2: We selected 12 activities from [4, 79, 86] to gauge data availability. This table shows multiple datasets, crossing four
di�erent categories of data (depth cameras, motion capture, Doppler radar and video). Counts are number of video snippets
for that class. We use ! to denote classes with more data than could be practically utilized (i.e., functionally unlimited).

sensor and then generated synthetic Doppler data using Generative
Adversarial Networks (GANs). This approach is complementary to
ours, and could expand the volume of training data even further.
To summarize, our approach to synthetic Doppler data creation is
unique in that the inputs are videos, allowing researchers to tap
into a near-limitless amount of training data.

3 POSSIBLE TRAINING DATA SOURCES
The decision to use video as the input into our synthesis pipeline
was not a forgone conclusion. At the very start of the research, our
preference was to use datasets that required less dramatic transfor-
mation. We now brie�y describe the four main data categories we
considered, and their relative pros and cons that led us to pursue
a video-based approach. As a benchmark, we picked 12 activities
(listed in Table 2) drawn from [4, 79, 86] as a sort of feasibility
litmus test.

Doppler Radar Datasets - We started by surveying projects
that used radar sensors for activity recognition and cataloged how
they sourced their training data. For example, RadHAR [83] man-
ually collected data for �ve activities (walking, jumping, jumping
jacks, squats and boxing) while Gambiet al. [38] collected 231
sequences of 29 people walking at di�erent speeds. In [32], the
authors manually collected 1356 sequences of 14 people performing
8 actions at di�erent angles. In all cases, these manually-created
datasets were very small in volume and limited in their classes.
Most importantly, every minute of recorded data took at least one
minute of researcher time.

Depth Camera Datasets - Next we considered RGBD and depth-
camera video datasets (captured with sensors such as the Microsoft
Kinect). We surmised the 3D point cloud of segmented users could
be converted into synthetic Doppler [31, 61], which could then be
used for training. Unlike with Doppler radar, large datasets exist
for research use, which was encouraging. We surveyed 13 such
datasets, but found them to be missing several of our sample activ-
ities (see Table 2), and thus several datasets (in di�erent formats)
would have to be combined.

MoCap Datasets - We then looked at 3D motion capture (Mo-
Cap) datasets, digitized by professional optical tracking systems.
These are very spatially accurate, but only provide a sparse 3D
model of users � often just 17 key joints � and thus can only provide

a very coarse synthetic Doppler signal [67]. Any Doppler-shifted
re�ections between e.g., the wrist and elbow must be interpolated.
Additionally, of the 13 datasets we surveyed, many activities were
missing, as noted in Table 2.

Video Datasets - Given they contain no innate 3D data, we
were initially skeptical of videos as a data source. Cameras are
generally very high resolution in the plane orthogonal to the camera
axis, but are largely intensive along their Z axis. However, the
incredible wealth of video content � with more than 500 hours of
video uploaded every minute to just YouTube alone � it soon became
the clear winner. Beyond unstructured sources like Youtube, there
exist scores of excellent and very large video repositories that cover
all of our poses (Table 2). We were likewise encouraged by recent
advances in computer vision that enabled 3D pose and even 3D
meshes of users to be extracted from videos, o�ering the building
blocks to explore synthesizing Doppler data.

Motivated by these �ndings, we set out to create a software
pipeline that converts videos into realistic, but synthetic Doppler
radar data. If achievable, it would o�er an unparalleled volume
of training data for this emerging sensing modality, closing an
important gap and elevating the feasibility of Doppler sensing for
activity recognition.

4 IMPLEMENTATION
We now describe in detail the iterative steps of our software pipeline,
illustrated in Figure 1.

4.1 Mesh �tting
Doppler sensors measure the radial velocity of re�ective surfaces
in a scene. To replicate this signal, we require equivalent 3D data
of a user's body against a static background. Fortunately, computer
vision has made enormous strides in �tting a 3D mesh to a person's
image [42,55,70,99]. Hence, as a �rst step, we compute the position
of all vertices of the human body by �tting a mesh to it. For this,
we use VIBE [55], which estimates the mesh via an adversarial
learning framework for human pose estimation. Given an input
video, the VIBE model estimates the human pose and outputs a
human pose mesh for each frame. We track vertices across frames
and also smooth their positions to increase stability.
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Figure 1: Overview of our software pipeline for synthetic Doppler data generation for training activity recognition models.

4.2 Viewpoint Synthesis
Once we have the 3D mesh of a user, we can place a virtual camera
in the scene to synthesize any view. Indeed, we place nine synthetic
cameras in a spherical coordinate system around the user mesh
to simulate di�erent viewpoints (see Figure 2 and Video Figure).
Speci�cally, we include a "head on" view, along with views 45° to
the left and right, as well as 45°up and down (forming a 3� 3 polar
coordinate grid). This simple manipulation, essentially a form of
training data augmentation, has a multiplicative e�ect on every
second of input video. Moreover, it helps to make the later machine
learning model more view-invariant.

4.3 Radar Cross-Section & Radial Velocity
Given a viewpoint and a mesh of a user, we can compute the radar
cross-section of every vertex with respect to a virtual Doppler
sensor. We do this by taking the user mesh returned by VIBE [55]
(which uses SMPL mesh [69]) and calculate each vertex's surface
area and normal. To compute radial velocity, we look back at each
vertex's movement history (previous frames), again with respect to
a virtual Doppler sensor (Figure 3, center). We also further augment
our training data by slightly varying the framerate of the input
video (e.g., by assuming consecutive frames are not 1/30th of a
second apart, but rather 1/29th or any other value) to produce
realistic variations of the same activity being performed at di�erent
speeds.

4.4 Vertex Visibility & Occlusion
At this point in the pipeline, we have each vertex's contribution to
the synthetic doppler signal, assuming all were visible. Of course,
there are vertices on the reverse side of the user, and also vertices
that are occluded by other body parts (e.g., arms crossing the torso).
Since these would not contribute to an RF Doppler signal, they must
be �ltered. We �rst perform back-face culling [104] for each view-
point, and then calculate if a vertex is occluded by another. Only

Figure 2: An input video is �rst processed to extract a 3D
mesh. We can then simulate di�erent virtual viewpoints
(here you can see 3 of our 9 synthesized views). This both in-
creases our training data volume and improves robustness
in real world conditions.

vertices with line-of-sight to the virtual Doppler sensor (Figure 3,
right) are passed to the next step of our pipeline.

4.5 Synthesizing Initial Whole-Body Doppler
A useful and popular visualization of Doppler sensor data is a radial
velocity pro�le at a given instant in time. To mimic this, we create a
32-bin histogram of the radial velocities of the visible user vertices in
the velocity range of our real world sensor (in this case, -2 to 2 m/s).
By stacking such signatures over time, we create a sliding, Doppler-
time plot (see Figure 4, second row). The envelope of this initial
simulated Doppler signal roughly follows that of actual Doppler
data, but this can be further improved as we will explain.

4.6 Encoder-Decoder for Domain Translation
The aforementioned synthetic Doppler-time plot is very coarse, as it
is heavily quantized and even small mesh �tting errors can produce
big jumps in radial velocity. Additionally, it does not contain any of
the characteristic noise or non-linearities found in real RF Doppler
sensors. However, we found that the correspondence between syn-
thetic and real-world Doppler can greatly be improved by making
use of an encoder-decoder model. To train our encoder-decoder
model, we choose a U-Net architecture [78], which contains a con-
volutional and deconvolutional block with an embedding layer of
size 128 in between. Each block has 16, 32 and 64 2D �lters respec-
tively with a kernel size of 3� 3. A Leaky ReLU activation function
and a batch normalization are applied to each convolutional layer.
We take corresponding pairs of real world Doppler and synthetic
Doppler to train our model for 1000 epochs with a root mean square
error loss and Adam optimizer [54] with a learning rate of 0.001.

Figure 3: Left: video of user vacuuming. Center: extracted
user mesh color-coded by radial velocity. Right: mesh color-
coded by visibility - green for visible and red for occluded
points. In this example, for illustration, the virtual Doppler
sensor is located just below the virtual camera, and so a sen-
sor "shadow" from the arm is cast onto the torso.
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