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Abstract— The problem of radar-based, continuous Human
Activity Recognition (HAR) has been studied in this work. A
fixed-window segmentation method based on dual timescales
has been proposed to tackle this challenge. The method is
experimentally validated on a challenging publicly available
dataset with 14 participants and 9 activities, and is compared
to reference works from the literature. L1PO validation of the
method yields a test accuracy and macro Fl-score of 87.5% and
80.1 % respectively.
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I. INTRODUCTION

Radar sensors are promising sensing modalities for
a variety of healthcare applications, ranging from fall
detection [1], [2], to gait analysis [3]-[7], to vital sign
monitoring [8]-[10]. Radar sensors work contactless and
preserve the privacy of the end user, as no visual imagery
is captured that can be used to directly identify an individual.
Furthermore, as an active sensor, radar does not rely on any
external source of light or radiation, and functions in complete
darkness or in glaring light conditions.

Classification of Activities of Daily Life (ADL) can be
employed to monitor the wellbeing of vulnerable individuals.
For example, the identification of wandering among patients
with dementia [11], or the aforementioned fall detection. For
continuous monitoring of individuals, classification approaches
must account for activities of unconstrained duration. This
open challenge of continuous classification can be addressed
by methods based on activity sequence segmentation, where
sequences are divided into either regularly spaced intervals,
or adaptively changing intervals. Regular intervals [12]-[14]
are simpler to implement and computationally efficient, but
offer no guarantee that any interval contains only a single
activity. Adaptive segmentation [15]-[18] aims to create
segments of varying duration that contain only a single activity.
This approach minimizes the possibility of ambiguity in
classification, but is computationally more involved and also
cannot guarantee single-activity segments.

In this work, a novel classification method is proposed that
features a fixed-window approach, operating at two distinct
time-scales. This work is an extension of the fixed-window
method in [14], and aims to minimize the ambiguity issues that
arise with fixed-window methods by fusing information from
two classification models operating in parallel. The method is

evaluated using a challenging, publicly available experimental
dataset of human activities collected at TU Delft.

The rest of this paper is organized as follows: the
proposed method is described in Section II, with details of
the experimental dataset in Section III. The evaluation results
are discussed in Section IV, with conclusions in Section V.

II. PROPOSED METHOD

The method proposed in this work is inspired by an
approach in earlier work [14]. In broad terms, radar data
are processed into Point Cloud (PC) representations, in two
distinct timescales. The PCs from both timescales are classified
by individual Point Transformer (PT) networks. The data
processing for a single timescale is shown in Figure 1. The
utilized parameters are based on earlier work in [14], [19] and
the steps are outlined as follows:

1) Raw data in complex-valued range-time format is
segmented into fixed-duration intervals in step (1). This
fixed duration represents the one of the two timescales.

2) The acquired segments are subdivided into 6 (Ngyp)
shorter subsegments, and a Fast Fourier Transform
(FFT) along the slow-time dimension yields 6
time-ordered range-Doppler maps.

3) With a relative threshold of 80 %, the 6 range-Doppler
maps are binarized. The relative threshold is computed
with respect to the highest signal amplitude in each
individual range-Doppler map.

4) Two operations are performed to reduce noise and
clutter. A range gate of 2m is first applied around
the center of mass of the binarized range-Doppler map.
Subsequently, the three largest connected regions in the
binary image are identified and preserved. All other
non-zero points in the binary image are set to zero.

5) The remaining non-zero points are converted to a
Point Cloud format, using their respective coordinates
in range-Doppler space. A third coordinate, signal
amplitude, is retrieved from the original (non-binary)
range-Doppler map. Concatenating the 6 individual
point clouds yields time as a fourth coordinate.

6) Finally, the resulting 4D point cloud is upsampled or
downsampled based on the required point cloud size
Npis, which is maintained at 512 points for this work.
Downsampling is performed by removing random
points from the cloud, upsampling by duplicating
random points in the cloud.
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Each point cloud is labelled as an activity class, which
is based on the most prevalent ground truth label within the
duration of the sample. The point cloud samples for each
timescale are used to train two individual PT networks [20].
PT networks fall in the family of Transformer neural networks,
which utilize the so-called attention mechanism [21] to
classify sequence-type data. In this PT implementation, the
sequence is the unordered list of points in the cloud,
with an added mechanism to account for local correlations
between neighbouring points. The input to a PT model is an
Np-dimensional point cloud with N, points. In the case of
this work, Np = 4 and Ny, = 512. The output of the model
is a logit vector of the activity classes g for each point cloud,
which correlates to class probabilities.

To determine the predicted activity class at any given time,
the corresponding segments at that time, and thus point clouds,
for both the timescales is determined, and the logit vectors are
summed. The class with the highest value after summation is
output as the dual-timescale prediction, as:

j=argmax » . )

When multiple radar sensors are available, the logit vectors of
samples originating from the different sensors can be summed
in the same way in order to obtain a single prediction.

III. EXPERIMENTAL SETUP

The proposed method is evaluated using a publicly
available experimental dataset of ADL [22]. The dataset
consists of sequences of activities performed by participants
of varying age and gender, and is captured by a network of
five simultaneously operating monostatic radars.

The radars are five Humatics PulsON P410 pulsed Ultra
Wideband (UWB) sensors [23]. They operate at a center
frequency of 4.3 GHz, with a bandwidth of 2.2 GHz. The
resolution in range is thus approximately 6.8 cm. The radars

Fig. 2. Photograph (top) and diagram (bottom) of the experimental
measurement area. Five simultaneously operating radar sensors are arranged
in a semicircle, spaced at regular 45° intervals.

are operated at a Pulse Repetition Frequency (PRF) of 122 Hz,
which yields a maximum unambiguous velocity of 2.13ms ™!,
The sensors are Single Input Single Output (SISO), and
equipped with antennae that feature a pattern symmetric in
azimuth. As such, no angle-of-arrival information can be
obtained from an individual radar sensor.

The radar network geometry of the five radar sensors is
shown in Figure 2. The nodes are arranged in a semicircle of
diameter 6.38 m, spaced at regular 45° intervals. The minimum
and maximum ranges of the radar nodes are 1m and 5.38m
respectively. As such, the observation area is approximately
circular, with a diameter of 4.38 m. The individual sensors
operate simultaneously, they are unsynchronized and employ
pseudo-random PRF variations to mitigate interference.

The collected data consist of continuous sequences of
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Fig. 3. Results for the proposed dual timescale classification method, as well
as the single timescale reference method. Both are evaluated using a L1PO
testing scheme. Test accuracy and Macro F1-score results are shown for each
of the 14 participants. Solid markers represent the proposed method, whereas
empty markers represent the single timescale reference.

human activities. Each sequence is 2min in duration and
features a variety of motions. All motions are performed
at random locations in the measurement area, in random
directions, and start and stop at random times. In total,
14 participants perform 30 sequences each, yielding 420
sequences in total. All sequences are composed of a total of
nine distinct activities, and more details on the sequence types
is available with the dataset documentation [22].

All data in the dataset is processed following the proposed
method. The data of all but one participant is then used to train
a PT network, which is tested with the data of the remaining
participant. This Leave-One-Person-Out (L1PO) validation
approach is repeated until the data of all participants has been
used once for testing. This validation scheme emphasizes the
ability of the model to generalize to unseen participants.

The selection of the two timescales is key to the correct
implementation of the proposed method. For this work, the
two timescales are set to the statistical mode and median of
the ground truth activity segment lengths. They are 1.31s and
2.30s respectively.

For the PT networks, three parameters are relevant: the
number of transformer blocks, the number of neighbours
considered for each point, and the size of each transformer
layer. They are set to 4, 16, and 128 respectively, based on the
research in [14], [19]. The code for the PT model is adapted
from [24].

Table 1. Comparison of the proposed dual timescale method with the single
timescale alternative, as well as two classification methods from the literature
using the same experimental dataset and a L1PO validation scheme. [25]
features a hybrid CNN-BiGRU method for classification, [26] features a sensor
fusion approach, paired with a CNN-BILSTM architecture.

Reference Test Accuracy Macro F1-Score
Proposed Method 0.875 0.801
Single Timescale 0.869 0.787
Difference +0.69 % +1.49%
CNN-BiGRU [25] 0.851 -
Sensor Fusion [26] 0.874 0.819

IV. RESULTS

As mentioned before, results are presented in a L1PO
validation format. Figure 3 shows two key classification
metrics for both single and dual-timescale classification for
each participant. Test accuracy is a measure of the correct
predictions over the entire test dataset. Macro Fl-score is a
performance measure that takes class imbalance into account.
For the single-timescale experiment, the amount of points per
point cloud has been doubled to 1024, in order for a more
equal comparison in terms of computational requirements, and
sample information contents. It can be seen in Figure 3 that
both the LIPO test accuracy and the macro-F1 score are
improved in the majority of cases.

For the sake of comparison, the proposed dual-timescale
method is compared to a single timescale reference using a
single Point Transformer, as well as two reference methods
from the literature that have been benchmarked on the same
experimental dataset. The results are summarized in Table 1.
It is noted that the addition of the secondary timescale brings
the proposed method to the same test accuracy as the work
in [26], which reports the highest L1PO test accuracy on this
dataset to date. Additionally, an increase in macro F1-score of
1.21% is demonstrated over the single timescale reference.

The confusion matrix in Figure 4 displays the most
common error types over all participants. The two most
prevalent error types are a confusion between the two types
of falls, and a confusion between Walking and Falling from
Walking. These errors can be explained by the ambiguous
boundary between a walk and subsequent fall.

V. CONCLUSION

In this work, classification of continuous sequences of
human activities is explored using a dual-timescale approach.
It is demonstrated that the proposed method performs superior
to a single-timescale equivalent method, with no increase
in the size of a single sample. A L1PO test accuracy and
Macro F1-score of respectively 87.4 % and 80.3 % are attained,
making the proposed method competitive with reference
classification methods from the literature.

In future work, studies on optimal timescales will be
performed for the dual-timescale approach. Additionally,
adding additional timescales is a possible extension of this
method, and the balance between classification performance
and computational requirements will be studied.
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Fig. 4. Row-normalized confusion matrix for all samples processed for the
L1PO validation scheme.
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