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ABSTRACT

Accurate human activity recognition (HAR) is the key to
enable emerging context-aware applications that require an
understanding and identification of human behavior, e.g.,
monitoring disabled or elderly people who live alone. Tra-
ditionally, HAR has been implemented either through am-
bient sensors, e.g., cameras, or through wearable devices,
e.g., a smartwatch, with an inertial measurement unit (IMU).
The ambient sensing approach is typically more general-
izable for different environments as this does not require
every user to have a wearable device. However, utilizing
a camera in privacy-sensitive areas such as a home may
capture superfluous ambient information that a user may
not feel comfortable sharing. Radars have been proposed as
an alternative modality for coarse-grained activity recogni-
tion that captures a minimal subset of the ambient informa-
tion using micro-Doppler spectrograms. However, training
fine-grained, accurate activity classifiers is a challenge as
low-cost millimeter-wave (mmWave) radar systems produce
sparse and non-uniform point clouds. In this paper, we pro-
pose RADHAR, a framework that performs accurate HAR
using sparse and non-uniform point clouds. RADHAR utilizes
a sliding time window to accumulate point clouds from a
mmWave radar and generate a voxelized representation that
acts as input to our classifiers. We evaluate RADHAR using a
low-cost, commercial, off-the-shelf radar to get sparse point
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clouds which are less visually compromising. We evaluate
and demonstrate our system on a collected human activity
dataset with 5 different activities. We compare the accuracy
of various classifiers on the dataset and find that the best
performing deep learning classifier achieves an accuracy of
90.47%. Our evaluation shows the efficacy of using mmWave
radar for accurate HAR detection and we enumerate future
research directions in this space.
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1 INTRODUCTION

Although the recognition and monitoring of human activi-
ties can enable safety critical applications—e.g., monitoring
disabled and or elderly people living-alone that may need
medical attention [1, 10]-the emergence of low cost sens-
ing capabilities have enabled ubiquitous possibilities of hu-
man activity recognition for everyday applications. Several
context aware applications have recently emerged such as
workout tracking and efficacy [12], and factory floor monitor-
ing [6]. Traditionally, human activity has been inferred either
through ambient sensors (e.g., cameras) and/or wearable sen-
sors (e.g., smartwatches with IMUs). Although wearables
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have proven to be effective approaches for human activity
recognition, it is not practical to assume that all of the sub-
jects in a space will use wearables that are compatible with
the inference model. Ambient sensor approaches are robust
to heterogeneous environments since they do not rely on
users having a particular device. However, the sensor data
from cameras carry a significant amount of ambient informa-
tion that may be of concern for privacy-sensitive applications.
For instance, there have been cases where cameras in the
maternity ward of a hospital were used to spy upon female
patients [2]. In this context, cameras can be replaced by sen-
sors whose data can provide a sufficient amount of ambient
information to realize the same utility, e.g., if we only care
about how many patients are in a room or whether there are
a certain number of nurses in the ward.

Prior works have shown that less information-rich am-
bient sensors can effectively infer human activities while
not exposing subjects to privacy risks using radio frequency
signals. For instance, WiFall [14] showed how WiFi routers
can be used to detect whether a human has fallen or not.
However, the work is not robust beyond binary classifica-
tion of two classes that are significantly different from each
other. Generally, WiFi has a narrow band (when compared
to the high bandwidth of a mmWave radar) and does not
have sufficient range resolution to perform robust classifi-
cation. Radars have begun to emerge as a popular modality
for activity recognition[3] as they provide the advantage
of operating in any lighting condition and work through
a multitude of environmental conditions, e.g., fog and rain.
Further, the emergence of millimeter-wave technology has
enabled cost-effective distributed sensing applications.

Millimeter-wave (mmWave) technology operates in the
frequency range of 30GHz and 300GHz. Since, antenna size
is inversely proportional to frequency, the higher you go up
in the frequency spectrum, the lower the size of antenna be-
comes. As a result, mmWave radars are compact in size. Also,
we can pack a large number of antennas into a very small
space which enables highly directional beam-forming (~ 1°
angular accuracy). Since these radars have a large bandwidth,
they have a superior range resolution. Further, new low cost,
off-the-shelf radars have led to an increase in the popularity
of mmWave based sensing solutions. However, these devices
are resource-constrained and, instead of providing raw data,
their output is in the form of point clouds'. The number of
points in each frame captured by the mmWave radar varies,
increasing the complexity of constructing a neural network
architecture that can process this data as is. Hence, several
feature extraction and data pre-processing techniques have
been proposed in previous works which convert this data

1To get raw ADC data from these devices, you need to connect them with
expensive hardware
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into a format which is constant in size and can be given as
input to a neural network [17, 18].

In this paper, we propose RADHAR, a framework for hu-
man activity recognition that utilizes point clouds generated
from a mmWave radar. To account for the sparsity of the
mmWave radar point clouds, RADHAR leverages the notion
that human activities typically last over a few seconds and
accumulates point clouds over a sliding time window. Each
point cloud is voxelized to overcome the non-uniformity of
the data and is then fed into a set of classifiers. We collected a
new HAR dataset consisting of point clouds using mmWave
radar for 5 different classes of activities. We evaluated Rap-
HAR and compared the accuracy of various classifiers on
the collected dataset. In our evaluation, the best performing
deep learning classifier composed of a set of convolutional
layers and long-short term memory layers can achieve an
average test accuracy of 90.47%.

Contributions. Our contributions are summarized as fol-
lows.

e We propose RADHAR, a framework that performs hu-
man activity recognition using a pre-processing pipeline
for point clouds generated by mmWave radar.

e We evaluate different machine learning approaches
for human activity detection using point cloud.

e We generate a new point cloud dataset for human
activity detection and make it available open-source
along with the data processing, classifier training and
evaluation code, and pre-trained classifiers.

The rest of this paper is arranged as follows. In Section 2,
we present the preliminary information required to under-
stand the RADHAR framework. We provide an overview of
RADHAR and its implementation in Section 3, and evaluate
the classification approaches in Section 4. The related work
is presented in Section 5, and we discuss and conclude in
Section 6 and Section 7, respectively.

The source code and datasets of RADHAR are available
online at https://github.com/nesl/RadHAR.

2 BACKGROUND

We provide the preliminary information necessary to un-
derstand the RADHAR framework. We discuss the basics of
mmWave radar physics.

2.1 Millimeter-wave Radar

Over the last several years, there has been a growth in low
cost single chip radars that work in the mmWave range.
One family of such popular devices are Texas Instruments’
mmWave radar. These sensors output the point clouds that
contain information like x,y,z positions of each point among
other data.
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Figure 1: RADHAR framework overview.

Bandwidth and range resolution. Range resolution of a
radar is its ability to distinguish between 2 targets present
very close to each other. The range resolution and bandwidth
are related as,

c

dres = ﬁ

(1)
where d, s is the range resolution in m, c is the speed of light
in m/s and B is the bandwidth in Hz swept by the chirp of
the radar. Hence, if we want a better range resolution, the
bandwidth should be high. The maximum continuous band-
width for the radar that we used is 4 GHz which corresponds
to a range resolution of about 4 cm.

3 RADHAR OVERVIEW

The full pipeline of the RADHAR framework is depicted in
Figure 1. The framework first collects data from a mmWave
radar that is monitoring a human. The point cloud data is
pre-processed before being fed into a HAR classifier. We
present an overview of each component in detail.

3.1 Data Collection & Pre-processing

We have used TI's IWR1443BOOST [8] radar to collect the
new point cloud dataset called MMActvity (millimeter-wave
activity) dataset. It is a FMCW (Frequency Modulated Con-
tinuous Wave) radar which uses a chirp signal. This radar
works in the 76-GHz to 81-GHz frequency range. The radar
includes four receiver and three transmitter antennas, which
enable tracking multiple objects with their distance and an-
gle information. This antenna design enables estimation of
both azimuth and elevation angles, which enables object
detection in a 3-D plane [7].

3.2 MMActvity Dataset

For data collection, the radar is mounted on a tripod stand
at a height of 1.3m. The data from the radar is sent to the
laptop via ROS (Robot Operating System) messages over
USB. The ROS node running on the laptop is developed and
described in [17]. To record and store the data, we use ros-
bag which another ROS package. Finally, we convert these
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Figure 2: Data collection setup.

rosbags into .txt files. These files are then used to create vox-
elized representation of the point clouds. The data collection
and pre-processing pipeline is describe in Figure 3.

We have collected the data from two users?. The users
perform 5 different activities in front of the radar as shown
in Figure 2. These activities are: Walking, Jumping, Jumping
Jacks, Squats and Boxing. The data is collected in a contin-
uous periods of about 20 seconds for a subject performing
the same activity. Some of the data files are longer than 20
seconds. In total, we have collected 93 minutes of data. The
description of the dataset can be found in Table 1.

The captured point clouds contains spatial coordinates
(x,y,z in meters) along with velocity in meters/second, range
(distance of the point the from radar) in meters, intensity
(dB) and bearing angle (degrees). The sampling rate of the
radar is 30 frames per second.

3.3 Data Pre-processing

We divided collected data files into separate train and test
files with 71.6 minutes data in train and 21.4 minutes data in
test. To overcome the non-uniformity in number of points
in each frame, we converted the point clouds into voxels
of dimensions 10x32x32 (depth=10) which makes the input
of constant size irrespective points of the number of points
in the frame. We decided these dimensions empirically by
testing their performance. In our voxel representation, the
value of each voxel is the number of data points present
within its boundaries. While having large number of voxels
may represent underlying information well, it increases the
data size by several orders of magnitudes.

Since activities are performed over a period of time, the
time window from activities are generated in-order to cap-
ture the temporal dependencies. We create windows of 2
seconds (60 frames) having a sliding factor of 0.33 seconds
(10 frames). The 2-second window was chosen based on the
previous works in human activity recognition from mul-
timodal timeseries datasets [15] and human identification
using point clouds [18]. Finally, we get 12097 samples in
training and 3538 samples in testing. We use 20% of the

The data is collected from the authors and thus does not require approval
from IRB.
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Activity # of data files Total duration (seconds)
Boxing 39 1115
Jumping Jacks 38 1062
Jumping 37 1045
Squats 39 1090
Walking 47 1269

Table 1: Details of the MMACctivity dataset.

training samples for validation. In the time window voxelized
representation, each sample has a shape of 60 * 10 * 32 = 32.

3.4 Classifiers

We evaluate different classifiers on the MMActivity dataset.
We train Support Vector Machine (SVM), multi-layer per-
ceptron (MLP), Long Short-term Memory (LSTM) and con-
volution neural network (CNN) combined with LSTM. We
compare the inference capability of these classifiers on the
same train and test split of MMActivity dataset. These deep
learning classifiers are generally adapted in a wide range of
applications. LSTM and CNN combined with LSTM architec-
tures are inspired from [18]. Next, we explain the details of
classifiers (data inputs, architectures and training details).

3.4.1 SVM Classifier. The input to the Support Vector Ma-
chine (SVM) classifier is generated by flattening the time
window voxelized representation (60 * 10 * 32 * 32) and then
applying the Principal Component Analysis (PCA) for dimen-
sionality reduction. We used PCA to reduce the dimensions
of data from 614400 (60 * 10 = 32 x 32) to 6000 which explained
80% of variance in data. SVM with RBF kernel was used.

3.4.2 MLP Classifier. 1t is composed of fully-connected lay-
ers and an output layer. We flatten the time window voxel
representation (60 = 10 * 32 x 32) of the sample to create input
size of 614400 dimensions for the MLP classifier. The MLP
classifier has 4 fully connected layers followed by the output
layer. We use dropout layers to avoid overfitting. It has 39.35
million trainable parameters.

3.4.3 Bi-directional LSTM Classifier. A bi-directional LSTM
layer consists of two LSTM layers operating in parallel. The
input to the first layer is provided as-is whereas the input
is reverse copy of the data for the the second layer. As a
result, a bi-directional LSTM layer preserves the information
from both the future and the past. This network consists
of the Bi-Directional LSTM layer followed by the 2 fully
connected layers and an output layer. The input (60*10240)
to the network is created by preserving the time dimensions
(60) and flattening the spatial dimensions in the samples
(10*32*32). We used Bi-Directional LSTM with size of 64 and
64 hidden units. The Bi-directional LSTM classifier has 5.29
million trainable parameters.
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3.4.4 Time-distributed CNN + Bi-directional LSTM Classifier.
Time-distributed CNN applies CNN layers to every temporal
slice of the input data. The architecture of Time-distributed
CNN + Bi-directional LSTM classifier consists of 3 time dis-
tributed convolutional modules (convolution layer + convolu-
tion layer + maxpooling layer) followed by the bi-directional
LSTM layer and an output layer. Overall the network has
291k trainable parameters. This classifier is directly trained
on the the input sample with its time and spatial dimensions.

Training and implementation. The classifiers were im-
plemented using Sklearn and Keras. We use GridSearchCV
function from sklearn to optimize the hyperparameters (C
and gamma) of the SVM. Adam optimizer with a learning
rate of 0.001 was used to train deep learning classifiers. The
models with minimum loss on the validation data was saved
after training for 30 epochs.

S.No Classifier Accuracy
1 SVM 63.74
2 MLP 80.34
3 Bi-directional LSTM 88.42
4 Time-distributed CNN+ Bi-directional LSTM 90.47

Table 2: Test accuracy of different activity recognition clas-
sifiers trained on the MMActivity Dataset.

We now evaluate the aforementioned approaches.

4 EVALUATION

As shown in Table 2, the classifiers trained for the human
activity recognition have different performance. The table
reports average results of 5 different training sessions. The
SVM classifier has poor performance with test accuracy of
63.74%. One reason might be the input to the SVM is not us-
ing the domain specific feature extraction approaches as used
by Kim et al.[9] where they use a Doppler radar (2.4 GHz)
and then convert the output into micro-Doppler signatures.
All the three deep learning classifier are working directly
on the time window voxel data. MLP classifier consists of
the fully connected layers which doesn’t assume anything
about the input data and has test accuracy of 80.34%. Bi-
directional LSTM classifier tries to learn the sequence of
input data. The input data to the LSTM preserve the time
component. Since human activities are performed over a
duration and due to preserving time sequence for input to
LSTM, the LSTM performance is significantly better then
the MLP with test accuracy of 88.42%. The best performing
classifier is Time-distributed CNN + Bi-directional LSTM
which has test accuracy of 90.47%. Time-distributed CNN
layers learn the spatial features from the data, as the point
clouds are spatially distributed and the Bi-directional LSTM
layers learn the time dependency for the activity windows.
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Our evaluation shows specialized spatial and temporal layers
in deep learning architectures can result in boost in accuracy.
The confusion matrix for one of the trained Time-distributed
CNN-+ Bi-directional LSTM classifier is shown in Figure 4. As
seen from the figure, the activity of jumping and boxing is
confused with the walking. The reason might be the similari-
ties in the data for these activities. The variation of the train-
ing loss and the validation loss for Time-distributed CNN
+ Bi-directional LSTM classifier with the training epochs is
shown in Figure 5.

Voxelized representation with velocities. All the evalu-
ation presented above used the voxel representation, where
the value of each voxel is the number of data points present
within its boundaries. We also evaluated with the voxelized
representation where the value of each voxel is the sum of
the velocity of all the points present within its boundaries.
The Time-distributed CNN + Bi-directional LSTM classifier
trained on velocity voxel representation also had the similar
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performance as shown in Table 2. We now discuss the works
directly related to the RADHAR framework.

5 RELATED WORK

Human activity recognition is widely explored using various
sensing modalities. Researchers have used sensors like cam-
eras and inertial measuring units [4, 13, 15], sound [15, 16]
and WiFi [14]. However, optical sensors like cameras capture
a significantly large amount of information and sensors like
inertial measuring units need to be present on the user body.

Micro-Doppler spectrograms using radars for human ac-
tivity recognition have been studied in detail over the last
decade [3, 5, 9]. In [9], the authors use a Doppler radar to
collect data of 12 subjects performing 7 different activities.
They create micro-Doppler spectrograms from this data and
extract 6 features from it to train an SVM classifier. Unlike
our work, the radar used here is in the S-band (2-4 GHz).

Recently, researchers have exploited low-cost single-chip
mmWave radar systems for person identification and track-
ing [18] and human activity recognition [17]. In [17], the
authors convert the point cloud data into micro-Doppler
spectrograms before using a CNN to classify it. In [18], the
authors use voxelized representation of point clouds for hu-
man identification using a LSTM and a CNN + LSTM classi-
fier. Our deep learning classifier architectures are inspired
from [18], however, we are targeting a different problem of
human activity recognition.

In this work, we show that the time window voxel repre-
sentation of the sparse points clouds can be used for human
activity recognition. We evaluate multiple classifiers and
achieve test accuracies as high as 90% percent for the deep
learning classifier based on the convolutional layers and long-
short term memory layer. Our evaluation shows that deep
learning approaches can achieve comparable performance to
the previous domain specific feature extraction approaches
like used by Kim et al.[9].

6 DISCUSSION AND FUTURE RESEARCH

We now discuss the limitations of our approach and enumer-
ate future research directions.

Spatial and temporal dependencies in point clouds. As
shown in Table 2, MLP classifier has poor performance. The
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reason might be due to fact the fully connected layers in
MLP classifier makes no spatial and temporal assumption
about the data. On the other hand, Time-distributed CNN +
Bi-directional LSTM classifier assumes spatial and temporal
dependency in the data and hence performs better.

Limitations of voxelized representation. Voxels result
in significant increase in the required memory and computa-
tion. This can be seen in dimensionality of each input sample
(60"10"32"32 = 614400), which has to be processed by the
deep learning classifier. This begs the need for neural net-
works which are trainable directly on point clouds. One such
network is the PointNet [11] which can be used for applica-
tions like object classification, part segmentation and scene
semantic parsing.

7 CONCLUSION

We presented RADHAR framework for HAR using the time
window voxel representation of sparse mmWave radar point
clouds. Our evaluation of the classifier shows that deep learn-
ing classifiers can be directly trained on the time window
voxel representation and can achieve test accuracy greater
than 90%. The classical machine learning approaches require
domain specific feature extraction and shows poor perfor-
mance on the voxels. Deep learning classifiers are able to
learn the feature extraction transformation by directly train-
ing on the voxels. The classifiers which are designed to han-
dle the spatial and temporal dependencies in data perform
better the fully connected deep learning classifier.

We also presented a new MMActivity dataset of point
clouds along with source code and pre-trained models which
are available open-source.
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