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Abstract—The problem of radar-based multi-target tracking
for indoor human monitoring is considered. Tracking and count-
ing the number of people moving as a group is particularly
challenging as multiple individuals are close together and their
radar signatures are mixed. A transformer-based classification
approach for counting the number of grouped people is proposed.
The Neural Network model is trained with selected features
from the spatial domain and Doppler frequency domain, which
are concatenated over multiple frames to form a sequence for
the transformer network. Compared to statistical classifiers, the
self-attention mechanism allows transformers to capture feature
long-term dependencies. The proposed classifier is integrated
into a tracking pipeline in order to monitor the position and
number of people in the grouped targets. The method proposed
is experimentally verified using a 24GHz Frequency Modulated
Continuous Wave (FMCW) radar with 250MHz bandwidth. De-
spite the relatively coarse range resolution, the proposed method
achieves 92.5% accuracy in these initial tests. Furthermore, the
method performances and related accuracy is analyzed according
to various parameters.

Index Terms—Multi-target tracking, grouped target, classifi-
cation, transformer network.

I. INTRODUCTION

Human tracking [1]–[5] is an active research area which
had started from vision based sensors. More recently, radar
sensors have been employed for the same task. Compared
to vision based sensors, radars do not have severe privacy
issues and are independent on ambient light conditions, which
can offer tracking and monitoring capabilities continuously.
Additionally, multi domain measurements can be obtained
from a radar sensor, such as range information, radial velocity
information via the Doppler effect, and intensity of the echo
from different body parts. Besides this, the angular information
is also available with the use of multiple input multiple output
(MIMO) antenna array technologies in the most recent radar
sensors. All these capabilities, combined with relatively low-
price of radar, are promoting their usage for indoor human
tracking and counting the number of people present in an
environment.

In the context of human monitoring, a ‘grouped target’
can be considered as a cluster of people sharing neighboring
locations and moving together [4]. The grouped target behavior
is common in daily life, considering for instance a couple of
friends moving to the elevator or a family walking together
to cross the road, just to give two examples. From the radar
point of view, it is rather challenging to distinguish each
person within the cluster. Usually, there is not enough angular

resolution due to the limited number of MIMO channels in
relatively simple and cheap radars used for these use cases,
and the cross-range resolution degrades at positions further
away from the boresight. As a result of this challenge, in
many radar research found in the literature, the participants
being tracked tend not to come too close to each other, or a
more general descriptor of ‘crowdness’ is given rather than
a precise estimation of the number of people. Nevertheless,
some features have been proposed to help classify the number
of people clustered into a grouped target. These include
for instance those extracted from range-azimuth maps [1],
cadence velocity diagrams (CVD) as periodic representations
of micro-Doppler signatures [4], or wavelet decomposition as
an alternative [6]. The use of wavelets may present advantages
compared to more conventional Fourier analysis of the peri-
odicity of micro-Doppler signatures, improving resolution and
using more localized frequency bands.

After features are extracted, there are different methods to
predict the number of people in a group. Most of the previous
research considers this as a classification problem, as the target
variable to be estimated is inherently discrete. Otherwise,
additional actions need to be taken such as rounding float value
to integer if considering this as a regression problem. In our
previous research [6], the Support Vector Machine (SVM) [7]
classifier was used to solve this problem, and was integrated
into a processing pipeline to perform simultaneously tracking
of the different groups of people alongside counting their
members.

However, SVM classifiers require a fixed length of inputs
and are unable to model connections and dependencies of
the feature values over multiple frames. This is a problem
in practical scenarios where missed detection of people could
happen during the tracking phase. The subsequent missed
data and features would then need to be handled manually,
such as with manual cropping or via forms of interpolation.
For this reason, in this paper a transformer-based network is
proposed and designed for the problem of classification of
the number of people in grouped targets. Compared to SVM,
transformer model is flexible in dealing with variable lengths
inputs and can inherently manage long dependencies in the
data and multi-class problems. The classification step to count
the number of people is performed together with their tracking
in a unified processing pipeline. Features based on the wavelet
decomposition method in [6] and features from range-azimuth
maps are used. The performance metric used is the OSPA
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(a) Tracking pipeline (b) Grouped target counter

Fig. 1. Processing pipeline for tracking, integrated with grouped target counter

(Optimal SubPattern Assignment) [8], which is suitable for the
assessment of multi target scenario. Also, OSPA includes the
position error component, and a cardinality error component
to quantify errors in estimating the number of people present.

The rest of the paper is organized as follows. In Section
II, the feature extraction is presented. Then, the proposed
transformer-based network for classification with times-series
sequence input is presented. The experimental setup is shown
in Section III, the results and performance analysis are pro-
vided. Finally, the paper is concluded in Section IV.

II. PROPOSED METHOD

In this section, the pipeline used for tracking and counting
(Fig. 1) is described and depicted. In general, the pipeline
includes a transformer based group target counter in addition
to a more conventional tracking pipeline [9], [10]. On the left-
hand side, there is a tracking block diagram which includes the
steps from detection in the range-Doppler maps to clustering
and tracking itself. After the classification for the grouped
target, the number of people will be passed to the tracker to
obtain the metric. The right-hand side shows the group counter
with steps from feature extraction to classification, where each
class corresponds to a number of people present in the group.

It is important to notice that the two blocks operate to-
gether into a unified pipeline. Essentially, the group counter
block takes current features from the range-azimuth domain
and Doppler frequency domain of data belonging to each
specific track confirmed by the tracking block. As the track
is maintained over time, a history of feature values for that
specific tracked target is created for the classifier. Conversely,
the classifier from the group counter block provides input to
the tracking block in terms of the number of people present.

A. Feature extraction

In this work, a manual feature extraction approach is used.
Compared to passing micro-Doppler signatures as images to a
CNN network for pattern extraction, the manual method is
easier to interpret and explainable. Spatial features derived
from range-azimuth maps are extracted as expected to be
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Fig. 2. Example of MODWT decomposition signals from the data for 1 target
walking straight.

related to different numbers of people observed. The spatial
features are extracted by averaging within a window time.
Specifically, the spatial features from range-azimuth maps
are the width occupied in azimuth axis, length occupied
in range axis, mean value of angle bins, median value of
angle bins, variance of angle bins, number of different angle
bins occupied, mean value of angle profile, median value of
angle profile, variance of angle profile and number of pixels
occupied in RA map.

In order to obtain frequency domain features related to the
velocity components of the people in the field of view, a sliding
observation window is applied. Specifically, frequency features
are extracted from different levels of wavelet decomposition
as shown in Fig. 2. The Maximal overlap discrete wavelet
transform (MODWT) [11], [12] is used for this purpose. First,
the time series data to be analyzed is denoted as X = {xt}
t = 1, ...T . The jth level wavelet and scaling filter are denoted
as {h̃j,l} and {g̃j,l} respectively. The scaling and wavelet
coefficient can be computed as follow:

Ṽj,t =

T−1∑
l=0

g̃j,lxt−l mod T (1)
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Fig. 3. Proposed transformer-based neural network architecture designed and
implemented in MATLAB.

W̃j,t =

T−1∑
l=0

h̃j,lxt−l mod T (2)

while j = 1, 2, ..., J is the level of wavelet decomposition,
here J = 4. Compared to the conventional wavelet method,
MODWT avoids excessive down sampling and prevents the
data size to be too small when increasing the number of levels.
Also, the frequency information is aligned with time. Overall,
the Doppler frequency domain features for each level include
the variance, standard deviation, mean value, median value,
root mean square value, skewness value, kurtosis value, and
entropy value.

B. Network for classification

The transformer network was originally introduced in [13].
The network architecture relies on self-attention mechanisms
to model dependencies in sequential data. Recently, this kind
of networks is adopted for classification tasks across multiple
domains such as vision [14], and time series data [15]. In-
spired by previous research, we designed a transformer-based
network for people counting, as illustrated in the architecture
in Fig. 3. The LSTM layer is primarily focused on capturing
sequential dependencies, whereas the transformer architecture

TABLE I
JOBY (FORMER INRAS) FMCW RADAR PARAMETERS

FMCW radar model RadarBook2 (RBK2)
Operating frequency 24 GHz
Sweep bandwidth 250 MHz
ADC sampling rate 120 ksps
ADC samples 56
Up chirp duration 467 µs
Chirp repetition interval 483 µs
Number of chirps in a frame 90
Slow-time sampling frequency 10 Hz
Number of TX & RX channels 2 x 8
Antenna horizontal 3 dB beamwidth 76.5◦

offers improved parallelization and pattern extraction capabil-
ities [16].

The proposed network comprises 13 layers in total and is
fed with features extracted from range-azimuth maps (spatial
features) and wavelet decomposition (Doppler frequency fea-
tures), as described in the previous sub-section. The network
utilizes the encoder component of a transformer architecture
to convert these features into a sequence of embeddings.
Each embedding encapsulates both the information of its
corresponding input feature and its contextual relationships
with other features in the sequence. Firstly, positional em-
bedding gives the model information about the order of the
features, such as the position of the current feature, and
the dependencies with each other input features. Here, the
trainable embedding method is used, allowing the network to
learn the positional relationships directly through additional
parameters. Secondly, the embeddings and features are passed
to a multi-head (4-head) self-attention (MHSA) block. The
MHSA allows the model to focus on different parts of the
input features simultaneously. The embeddings are projected
into queries (Q), keys (K) and values (V) matrices. Attention
scores are given by the following equation:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

V

)
(3)

where dk is the dimension of the key vectors and helps
normalize the dot product value. Thirdly, an LSTM layer
enables the model to retain past information, helping to handle
sequential input data, such as features extracted across multiple
data frames. Following the LSTM layer, a global max pooling
layer is applied to extract salient features according to the
input sequence. Finally, since the task is formulated as a clas-
sification problem, two fully connected (FC) layers are used
to reduce dimensionality and produce class scores, followed
by a softmax layer for final prediction. The network outputs a
1× k vector representing the probability distribution over the
number of grouped target categories. The classification results
will be passed to the tracker to compute the OSPA metric
which also include positional, location-based error.

For the training phase, the Adam optimizer and cross-
entropy loss function are used for backpropagation. The learn-
ing rate is set to 0.001, the batch size is 64, and the model is
trained for 20 epochs.

1142Authorized licensed use limited to: TU Delft Library. Downloaded on November 18,2025 at 08:33:04 UTC from IEEE Xplore.  Restrictions apply. 



(a) Experimental room (b) Setup of INRAS radar and Azure
Kinect DK camera

Fig. 4. Pictures of the radar laboratory environment for data collection in TU
Delft and of the radar with Kinect camera.

III. EXPERIMENTAL SETUP AND RESULTS ANALYSIS

A. Experimental Setup

In this work, a commercial 24GHz FMCW radar (by Joby
Austria, former INRAS) with a relatively narrow bandwidth of
250MHz is used to validate the performance of the proposed
approach. The relatively small bandwidth results in a range
resolution of approximately 60 cm, which indicates that the
target occupies a large area in the range profile while also
making it difficult to isolate individual body parts. The detailed
parameters used are listed in Table I. The radar is equipped
with 15 virtual channels in azimuth which provide a fine
angular resolution.

To evaluate the accuracy of multi-target tracking systems,
the OSPA [8] metric is considered. From the following
equation, the OSPA metric has two components: one is the
distance error (related to localization performance), and the
other one is the cardinality error (related to the number of
people recognized to be in the room.

OSPA = (dploc + dpcard)
1/p (4)

where p denotes the order, which is set to 2 in this case.
In order to include the classification error in the metric, the
cardinality component is modified as follows, i.e., dcard =
{ (n+q)−m

n+q cp}1/p, where n is number of considered tracks, m
is the number of ground truth tracks, and q is the difference
between classifier predictions and true number of targets
present in the scene.

For the validation of the algorithm, data collection was
performed in a laboratory room of the MS3 group at TU Delft.
The campaign involved 5 individuals, and up to 3 persons
move simultaneously as a group in the room. The environment
is shown in Fig. 4a. An auxiliary RGBD camera (Azure Kinect
DK [17]) was used to collect ground truth data at the same time
as the radar measurements. The RGBD data was processed by
[18], with the center of the bounding box considered as the
ground truth human position.

In total, 6 different movement scenarios are performed
and collected. These scenarios include a mixture of different
walking patterns with variable distances between the people
in case of groups of them being present (Table II). Most of
the activities are recorded for around 20 minutes. This leads
to having around 51000 frames of data collected and used for
validation.

The feature values for a single time-stamp of the sequences
are extracted by a sliding window of 3 seconds to capture

TABLE II
SUMMARY OF THE 6 DIFFERENT MOVEMENT SCENARIOS COLLECTED FOR

TESTING THE PROPOSED METHOD.

#NO. Movement Scenarios Duration (min)
1⃝ 1 Target walking forward and backward 20
2⃝ 1 Target randomly walking 10
3⃝ 2 Targets walking forward and backward 20
4⃝ 2 Targets walking and following each other 5
5⃝ 2 Targets randomly walking 10
6⃝ 3 Targets walking forward and backward 20

TABLE III
TESTING ACCURACY FOR DIFFERENT NUMBERS OF FRAME FEATURES AS

AN INPUT.

Number of
Frames stacked Accuracy (%)

2 91.89
5 89.61
10 92.75
15 92.35
20 91.73

Doppler information with a proper resolution. In order to
prepare the sequence of features in the correct format for the
subsequent network, feature values extracted from consecutive
time-stamps are stacked and an input matrix is formed. For
each activity, the testing data is separated by selecting the first
portion of each sequence for an amount equivalent to 15% of
feature samples. The rest of the feature samples are used for
training (60%) and validation (25%).

B. Analysis of length of stacked features

The features stacked with varying time lengths (i.e., across
a different number of data frames) can capture different
information, particularly in the Doppler domain. Table III
presents the testing accuracy obtained using Doppler features
from all levels of the wavelet decomposition combined with
spatial features. The highest testing accuracy of 92.75% is
achieved when features from the current frame are stacked
with those from the previous 9 frames. However, accuracy
begins to decline when more than 10 frames are included.
Notably, stacking with only 5 frames results in the lowest
accuracy among the tested configurations.

C. Analysis of features

Unlike conventional wavelet-based signal decomposition,
the MODWT approach maintains the same data size for each
level and also keeps information redundancy between each
level. The corresponding frequency bands of each level is
listed in Table V. Generally, the Doppler frequencies asso-
ciated with human walking signatures appear predominantly
in Level 2 and Level 3. When a target changes direction,
the frequency components takes lower values, approaching
the ‘approximation’ level (which covers between 0 ∼ 28Hz).
When the network is trained using frequency domain fea-
tures alone, Level 3 yields the best performance among
the five levels, highlighting its importance. However, using
frequency features alone proves insufficient for achieving
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TABLE IV
SUMMARY OF PERFORMANCE METRICS FOR TRACKING WITH PROPOSED NETWORK CLASSIFIER.

Scenarios Proposed SVM-based
counting [6]

ACC (%) RMSE (cm) OSPA ACC (%) RMSE (cm) OSPA
1⃝ 1 target walking 99.88 20.64 0.25 95.56 20.51 0.27

2⃝ 1 target random walking 86.15 28.66 0.37 79.46 27.77 0.41
3⃝ 2 targets walking 96.68 22.53 0.23 100 22.68 0.21

4⃝ 2 targets following 90.44 40.48 0.48 89.71 40.06 0.5
5⃝ 2 targets random walking 94.14 35.62 0.39 83.86 35.15 0.43

6⃝ 3 targets walking 87.68 29.27 0.32 84.58 29.34 0.34
Averaged 92.50 29.53 0.34 88.86 29.25 0.36

TABLE V
ACCURACY COMPARISON FOR COMBINATIONS OF DIFFERENT LEVELS OF

FEATURES. (Approx DENOTES THE LOWEST FREQUENCY FROM 0 ∼ 28HZ.)

MODWT
Level

Frequency
(Hz)

ACC of
frequency features (%)

ACC of Spatial
+ Frequency (%)

Approx 0-28 75.94 90.68
level4 27-58 72.31 89.33
level3 54-116 77.16 89.98
level2 109-233 75.9 88.58
level1 225-450 74.21 89.40

optimal accuracy. Therefore, combinations of spatial features
with individual frequency levels were evaluated. All such
combinations achieve accuracy close to 90%, with relatively
small differences between levels. Based on Doppler frequency
characteristics and classification performance, the combination
of spatial features with Level 3 frequency features is selected
as the most promising result for a final validation.

D. Analysis of overall tracking & counting performance

The overall tracking and individual counting performance
are summarized in Table IV. The proposed method achieves
approximately 4% higher classification accuracy on the testing
data compared to the more conventional SVM-based approach.
Notably, in the random walking scenario, it outperforms the
baseline by at least 7%, demonstrating robustness to frequent
direction changes that typically degrade Doppler-based fea-
tures. This improvement shows the ability of the network
to capture significant temporal relationships across frames.
The only scenario where performance drops about 4% is in
the case of two targets walking simultaneously. However, the
averaged RMSE difference is approximately equivalent to 0.25
centimeters, which could be considered as not too significant.
Overall, the proposed method also achieves better performance
in terms of the averaged OSPA metric compared to the SVM
classifier.

E. Analysis of different neural networks and conventional
method

Results for conventional methods are compared in Table
VI. Firstly, the conventional statistical method (i.e., based on
SVM classifier) used in previous research [6] shows 88.86%
accuracy and 0.360 OSPA error. Then, the remaining three
methods compared are different network architectures that
can handle time series data and have memory units. The

TABLE VI
ACCURACY COMPARISON OF DIFFERENT NETWORKS AND CONVENTIONAL

METHOD.

ACC (%) Averaged OSPA
Proposed 92.50 0.340
SVM [6] 88.86 0.360

LSTM [20] 89.42 0.353
BiLSTM [21] 86.56 0.362

GRU [22] 89.13 0.352
1D TCN [19] 87.49 0.360

LSTM and Gated Recurrent Unit (GRU) shows similar OSPA
error around a value of 0.35. The bidirectional LSTM does
not appear to work well in this specific classification task.
Finally, a 1D Temporal Convolutional Network (TCN) from
[19] is implemented to handle the sequence features with a
resulting accuracy of 87.49%. It should be noted that in this
study conventional Convolutional Neural Networks (CNN) are
not considered because they would need a 2D, image-like
input instead of the sequence-like data series considered here.
In summary, the proposed method with a transformer-based
architecture shows both the highest accuracy and the lowest
OSPA error.

IV. CONCLUSION

In this paper, a transformer-based network is proposed and
designed to count the number of people in a group while
they are in motion and tracked. The pipeline is designed to
handle the people moving independently and changing their
direction of motion. The proposed approach combines the
tracking framework with the network classifier to address
the counting problem while simultaneously tracking. The
approach is implemented and validated using a 24GHz MIMO
FMCW radar. As a result, the proposed method demonstrate a
classification accuracy of 92.5% and an OSPA tracking metric
of 0.34, outperforming a previously proposed SVM classifier
operating on the same data.
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