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ABSTRACT. In this paper, we present a novel method that detects appearing targets and improves
their detection probability in a known static environment. Ray tracing-based channel model is used
to calculate the radio signal paths using a 3D model of the environment. This preliminary
information and the measured radar image are delivered to the convolutional neural network (CNN)
based autoencoder (AE). The output image provides an improved representation of appearing
targets, as the redundancy coming from known static environment is modeled and cancelled from
the radar image. The method does not need the traditional constant false alarm rate (CFAR)
threshold setting, which is an advantage, especially in heterogenous environments. The
functionality of the method is tested with radar measurements in a laboratory corridor. Our results
show that environmental clutter decreases significantly in the radar image and new targets are more

clearly distinguished.
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|. INTRODUCTION

Reliable and robust radar sensing is one enabler for the forthcoming sensing applications. The 6G
envisions the design of joint communications and sensing (JCAS) or the integrated sensing and
communications (ISAC). The ISAC/IJCAS enables an explosive increase in the number of radar
functionalities, and communication network can be viewed as a sensor. Network sensing typically
refers to the detection of the presence or absence of objects, their shape, location, and/or speed of
movement using radio signals transmitted and received by network elements [1]. Reliable
environmental awareness is not achieved just by increasing the number of sensors. The angular
resolution of the radar depends on the number of antennas and the range resolution is inversely
proportional to the bandwidth. In the 5G, multiple-input and multiple-output (MIMQ) antenna

systems are already in use, and it also brings wider bandwidth with dense small cell deployments.



These enhancements increase the suitability of the ISAC/JCAS functionalities for various

applications.

The minimization of clutter and reliable interpretation of the radar image takes on a significant role
in many heterogenous environments. In conventional radar devices, constant false alarm rate (CFAR)
algorithms are widely used to object detection. However, if the number of guard cells and training
cells, as well as the probability of false alarm are set improperly, the target detection performance
is severely degraded [2]. In the future, artificial intelligence (Al) or machine learning (ML) -based
solutions will take on an even more important role to detect and isolate the object of interest from
the environmental clutter. In [2], a convolutional neural network (CNN) -based autoencoder (AE)
object detection was proposed to replace the CFAR algorithm in the MIMO frequency-modulated

continuous wave (FMCW) radar systems.

In this paper, we combine data-driven ML approach to ray tracing (RT) based physical channel
modelling. Ray tracing is a method which calculates the radio signal paths using 3D model of the
environment. Channel modelling information is used together with a radar image to improve radar

object detection accuracy.

To summarize our method, both ray tracing and radar information are delivered to the AE. The AE
suppresses the reflections that have been modeled through ray tracing from the known static
environment. After suppression, new events can be detected more accurately in the radar image.
The functionality of the method is tested with radar measurements in the laboratory corridor. The
60 GHz FMCW MIMO radar [3] and the fast ray tracing simulator [4] are developed by VTT Technical

Research Centre of Finland Ltd and the University of Oulu, respectively.

Il. PROPOSED METHOD

We propose a novel method that obtains preliminary information from reflections through ray trace
modeling to enhance the detectability of appearing targets in radar images. In more detail, the
reflections from the known static environment that fall within the radar's field of view are modelled.
This preliminary information is then used together with the radar image in the CNN-based AE to
improve detection. Another benefit of the method is that the Al-based detection also eliminates the
need for traditional CFAR algorithm, which is an advantage, especially in heterogenous environments

where the threshold setting is challenging. At the top hierarchy level, the setup includes a radar



device, a ray tracer and a CNN based AE block. As presented in Fig. 1, the AE block receives range-

angle (RA) map inputs from both the radar and ray tracer.
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Fig. 1. Block diagram of the proposed method.

The RA maps illustrate the powers of the reflected signals at different distances at a certain angle as

shown in Fig. 2. The range from 0.5 to 6.0 m is represented by 110 values on the y-axis. Similarly, the

angles from -80 to +80 degrees are mapped by 180 values on the x-axis.
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Fig. 2. Example of a RA map.



In general, the AE detector has a particular bottleneck property which can now be used for
compressing the relevant information and ignoring noise and redundancy. For this purpose, we first
assume that the bottleneck of the autoencoder compresses the information from images of 110x180
pixels into a 36-dimensional vector. Then the decoder decodes it back to an RA image. The process
is then confirmed based on how much the inputs and the reconstruction differ from each other. The

method is flexible.

The compressed RA image in Fig. 1 can only contain the reflections from the radar target. But if
needed, the RT modelled reflections from the static environment can be reintegrated into final image
after detecting an appearing target to include known static objects into same image. We can also
define the mask generated by the ray tracer so that only the second or higher order reflections from

the known static environment are removed from the final output image.

A. Radar Detection
In the future, ISAC/JCAS devices can be used to form raw radar images instead of traditional radar

device. However, since the proposed method is independent of the selected radar, we are using
VTT’s in-house 60 GHz FMCW MIMO radar [3] of which scalable model is illustrated in Fig. 3. In our
case, the device has 4 TX and 8 RX antenna elements which results in 32 virtual channels. The radar
bandwidth is 3 GHz. As shown in Fig. 4, the radar transmits a frequency chirp whose frequency

increases linearly during the transmission.
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Fig. 3. Conceptual system model and radar hardware.




Frequency

. Round Trip
Transmitted Received E_uela :

= : .

£ Beat gr=wrres

g Frequencyt_

e

=

m

[l = : >

Pulse Duration Time

Fig. 4. FMCW chirp and principle.

The radar uses a frequency division-based MIMO solution, which introduces a slight frequency shift
between the chirp sequences of the TX antennas. For example, TX1 and TX2 have the same
frequency sweep, but these sweeps are 1.0 MHz apart. All the RX channels receive all the TX
channels. The TX channels are separated in the digital backend. In range estimation, the differences
in frequency between the transmitted and the received delayed signal are measured. In other words,
the received signal is correlated in mixer with the transmit signal, which results in a signal called beat

signal.

Then fast Fourier transform (FFT) is calculated over samples of the beat signal to obtain the
spectrum, which has peaks corresponding to the targets at different ranges. However, it is important
to keep in mind that the peak position in the studied TX channel includes the frequency shift related

to frequency division, and this must be taken into account in the detection.

When all TX-RX combinations are extracted from the received signal, digital beamforming is used to
build 2D image of the radar field of view. In practice, digital beamforming is done by using FFT. As a
result, RA map of size 110x180 is achieved. With the abovementioned parameters, the range and
angular resolutions are 5 cm and 3.5 degrees, respectively. The RA map can be viewed as an input

for the autoencoder processing in Fig. 1

B. Ray Tracing
As presented in Fig. 5, the ray tracing simulations are implemented using a two-phase approach,

where point-to-point electromagnetic (EM) path models are calculated first. This provides a basis for
antenna simulations done in the second phase. The point-to-point propagation channel model

computation is done with a tool described in [4]. Using a discretization point-based representation



of the geometry, visibilities between point pairs are determined as presented in [5]. Candidate
routes from TX to RX points are then searched, using the NVIDIA OptiX ray trace engine [6]. Resulting
paths are refined using a gradient descent-based technique and validated using OptiX. Finally, EM
models are computed for valid paths [4]. Information about the angle of departure and arrival (AoD,
AoA), propagation delay, intermediate points, and interaction types are stored for each path, in
addition to EM features. In the second phase, results of point-to-point computation are utilized by
simulating the antennas at TX and RX points. For radar, simulated beamforming with varying antenna

steering produces RA images, as explained next.
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Fig. 5. Dataflow in ray tracing (RT) based channel model computation.

1) EM Modelling

The paths derived in the ray tracer are used to evaluate the EM field properties along the paths and
at the receiver. We employ the geometric optics approximation for the paths, treating EM radiation
propagating in a specific direction as a ray tube that does not interact with neighboring rays. [7]. The
wave fronts of the ray tube and the electric and magnetic fields are orthogonal to the propagation
direction. By considering the interaction point locations, as well as the geometries and other
properties of the material, an exact output electric field vector at the terminating point of the ray

can be calculated.

The output electric field vector is computed by evaluating a 2x2 polarimetric transformation matrix
[8] using the Fresnel equations and the uniform theory of diffraction [9] at each interaction point

along the path.

The TX/RX antenna is modelled using its specifications and the theoretical cavity model [10] for
individual patches. The antenna model efficiently outputs a field vector consisting of information for
both field amplitude and polarization. This enables the complete EM analysis of the field along a

path, considering both reflections and diffractions. The field polarization for the RX antenna enables



the computation of the antenna’s effective length, which is needed for the exact calculation of the
received signal power. The TX/RX field patterns derived with the help of the cavity method are
depicted in Fig. 6. These antenna patterns are compared to actual measurements and found to be

reasonably accurate.

Differences are evident near the antenna plane denoted in Fig. 6 by +90 degrees. The cavity model
predicts a zero H-plane field at £90 degrees, whereas full wave simulations and measurements give

a non-zero field.
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Fig. 6. The 60 GHz unsteered antenna patterns in the horizontal plane.

2) Range-Angle (RA) Image Production

Simulated RA images are obtained with the computational phases shown in Fig. 7. Simulation of
radar beamforming is done for 180 angle points in the range from -80 to +80 degrees and as a result,
an estimate of the power delay profile (PDP) for each simulated angle is obtained. In the signal
processing phase, received signal powers are estimated for 110 distances in the range matching with
the radar setup from 0.5 to 6.0 m in measurements. Time delays T associated with the multipath
components are mapped to the difference of current received and transmitted frequencies of the
FMCW radar. As a result, we produce a weighted sum of sinusoids and analyze this signal with FFT
to obtain one column of the RA image. The interpretation of FFT bins as specific distances assumes

single interaction along the paths. Then, the time delay T corresponds to the range
r=cT/2 (1)

where ¢ denotes the speed of light.
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Fig. 7. RT simulation-based computation of radar RA image.

3) Simulation Results

The combination of radar measurements and ray tracing with the AE is tested in the laboratory
premises. For this purpose, the geometry of the corridor located at the University of Oulu was
modeled using the Blender tool [11]. The resulting GLTF file was converted to the triangle mesh-
based format used by the ray tracer, using a tool that also detects and marks potential diffraction
edges. The resulting model consisted of 2136 triangles and 101 edges. Discretization for the
geometry was done with a fine 0.25 m resolution, which provided 16761 tiles and 1240 edge
segments. Ray tracing to obtain point-to-point paths was conducted by limiting the number of
interactions to 3 and the diffraction count to 2. Using some pruning for weak paths, the setup
provided 3145 TX-RX paths, which were reduced to 2552 paths in antenna simulation. In Fig. 8, the
simulation result is shown with an image of the corresponding empty corridor measurement. There
are only a few paths involving one interaction, and a huge number of paths (due to the closed indoor
environment) come from multiple interactions. Those paths contribute to the simulated RA image,
which has a similar fan-like echo pattern as the measurements. Some differences are also visible.
The wall on the right from the radar’s viewpoint provides, e.g., a couple of echoes at about 1.8 and

2.7 m distances, which are not visible in the simulation.
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Fig. 8. Ray trace simulation result. Top: geometric model and measured RA image. Middle: ray tracing result
with AoA and propagation delay thresholds. Bottom: simulation-based RA image with beamforming and
signal processing emulations.

C. Al Processing
We use Al to automate the target detection in the RA maps. Our model aims to differentiate between

an empty corridor and a detectable target. The goal is achieved through novelty detection [12] that
separates novel observations from the expected data. We train our AE model using only RA maps
from an empty corridor, and these RA maps constitute our expected data. This then means that any
target entering the room should generate a novel observation. To further aid the learning of the

model, we incorporate interpretation of the known static environment in the form of a RT mask.

1) Neural Networks

The AE is a powerful unsupervised neural-network model that can learn a compact representation
of the observed data [13]. The AE acts as an identity-function estimator using bottleneck to compress
the inputs [14]. As presented in Fig. 9 and Fig. 10, the AE is now composed of two neural networks,
namely an encoder and a decoder. First, the AE encodes the RA map into a lower-dimensional vector

representation.



Then, the AE reconstructs the RA map by decoding that vector. The weights of the AE are learned by
minimizing a reconstruction error that measures how much the model outputs differ from the RA
map inputs. As the figures show, the AE model is based on a DenseNet [15] backbone that is known
for its densely connected CNN layers [16]. The dense connectivity improves the gradient flow
throughout the network enabling easy training of very deep networks. In our AE model, we utilize
dense blocks that consist of bottleneck layers of depth twelve with growth factor of four repeating
three times. The down-sampling transitions consist of a convolutional layer with 3x3 kernel and an
average pooling with 2x2 kernel and stride two. The up-sampling transition is transposed
convolution with 3 x3 kernel and stride two. Each convolutional layer is preceded by batch

normalization and Rectified Linear Unit (ReLU) activation.

The encoder in Fig. 9 consists also of down-scaling convolutional layer with 5x5 kernel and stride
two and two repetitions of dense block followed by down-sampling transition. The last average
pooling results in a 36-dimensional vector. Experimentally, we found that 36-dimensional encoding
space is a reasonable compromise between overfitting and underfitting models. The decoder in Fig.
10 starts with a fully connected layer that upscales the 36-dimensional vector into a size 27x45
image. This image is then expanded into a tensor of depth twelve using a convolutional layer with
3x3 kernel. This tensor is then fed into two repetitions of dense block followed by up-scaling

transition. Finally, the size 110x180 output is recovered by a convolutional layer with 3x3 kernel.

In the first phase, we bring a RT mask into our AE model to enhance the spatial awareness. First, RT
finds the shape of the corridor (i.e., distances to the walls and obstacles) for K angles {af7, ..., aRT}.
The distance to the closest obstacle is interpolated for all angles a € [—90°,90°] by taking the
maximum distance of the five closest angles a,fT with k € 1, ..., K . The locations of the obstacles
are then encoded into a matrix M whose shape corresponds to the shape of the RA map matrix X.
The elements in the matrix M are ‘1’ for each bin in the RA map matrix X that is inside the corridor.
The elements are ‘0’ for each bin that is behind a wall or an obstacle. Then, the RT masked RA map

is M © X where the operator (© is the Hadamard product.
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Fig. 9. CNN encoder.
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Fig. 10. CNN decoder.
In the second phase, beamforming and radar signal processing emulations are added as explained
in the context of Fig. 7. Using this kind of RT based simulated RA map, we can reduce the
environmental clutter from the radar resolution cells that depict the area inside the corridor. Let S
be the simulated RA map matrix. The training data for our AE is the RT-enhanced RA map defined as
M O (X — S). Finally, we can train the AE to implicitly learn the RT-enhancement by using the
enhanced RA maps M (O (X —S) as the target values in the reconstruction loss similarly to denoising

[17].

2) Calculating Detections

The expected observations typically provide a lower mean squared error (MSE) [13] than novelties [12].

According to the three-sigma rule [18], the RA map X is a novel observation if it yields a reconstruction error

e, > [i + 36 (2)



where the variables fi and & represent the sample mean and standard deviation in the training set. Given a
novelty that is generated by a target entering the empty corridor, we then aim to locate the target. This can
be achieved by inspecting which bins in the RA map X are responsible for the rise in the reconstruction error.
We do this by comparing the masked RA map to the AE output. Let us first denote encoder and decoder by

functions e(-) and d(+). Then we can define an error matrix

E= M QO X-9)- deX)? (3)

where element e;; is defined by indices i and j that correspond the range and angle bins, respectively. The
error matrix E includes high-frequency noise that may lead to a faulty localization. To mitigate this, we
leverage the information in the neighboring bins. In more detail, we assume that the error matrix E exhibits
elevated values not only in the bin corresponding to the target location but also in its neighboring bins. To
control for the noise, we may use the Gaussian blur [19]. Let us convolve the error matrix E repeating the
convolution / times using a Gaussian kernel of size 5. The location of the target can then be found in the
maximum bin in the blurred error matrix E. We found experimentally that / = 10 applications of Gaussian blur

were enough to offset the noise in the error matrix E.

We trained our models on Ubuntu 22 with 8GB of RAM running Pytorch on Python. We used 8192 RA maps
for training AE and another 2048 RA maps to estimate the sample mean and standard deviation of the
reconstruction error. We minimized the reconstruction error using the Adam with the learning rate of 103
[20]. The limiting factor of the CNN AEs is the simultaneous requirement to load both the model and data
into memory. The above-described model (see Fig. 9 and Fig. 10) was the largest trainable model when using

a batch size of 32 RA maps. The reconstruction loss stopped improving after 10 epochs.

[Il. Validation of the Model

To prove the functional concept of the proposed method, we performed radar measurements in the
laboratory corridor. As shown in the left-hand subfigure Fig. 11, we made the first measurements at an empty
corridor having only a fixed safety box and medicine cabinet. Then, we added a radar reflector being a metal
pyramid as an appearing target at different distances shown in the right-hand subfigure Fig. 11. The goal of
the CNN based AE analysis is then to detect the pyramid and calculate its position relative to the radar. As
presented in Section Il, by utilizing the RA map generated from the ray tracer as training data for the AE, we
can remove clutter from the known environment and enhance the visibility of appearing targets compared
to the raw radar RA map. Now, the RA map of the radar amplitude signal is presented in the upper left
subfigure in Fig. 12. Respectively, the bottom left subfigure of Fig. 12 illustrates the RA map from the ray
tracer. For convenience, these reflections are interpreted in more detail in the upper right subfigure. These

interpretations are based on manual inspection of the photograph of the corridor in Fig. 11. The ray-tracing



model automates this interpretation step enhancing spatial awareness. It also increases the accuracy of
interpretation, as seen in the ability to detect the medicine cabinet. The cabinet is difficult to notice from the
radar signal because it is so close to the wall. In the AE, the redundant information of the inputs is removed,
and the result is presented in the bottom right subfigure of Fig. 12. The removal of redundant information is
divided into two steps. First, all reflections coming from outside the corridor are removed by using the
estimated shape information of the corridor, and then known reflections inside the corridor are cleaned up.
The output data from the AE provide a much more precise representation of appearing targets since the noise
coming from outside the corridor can be safely ignored. Radar resolution cells inside the corridor are also
cleaned from the known clutter of the static environment. In the ideal case, only the reflector would be visible
on the radar image after cleaning. In practice, some clutter will of course remain because the ray tracer cannot

perfectly model the clutter visible in the radar image.

Fig. 11. Test environment with and without reflector.
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Fig. 12. The upper left panel shows radar signal, while the upper right panel displays manually interpretable

shadows from a corridor photograph. The bottom left subfigure displays precise environmental information

from the ray-tracing signal, while the bottom right subfigure illustrates the clutter-free output of the AE with
ray tracing.



The more detailed output of the AE detection-model is illustrated in Fig. 13. In this example case, the metal
pyramid reflector is positioned in front of the radar at 3025 mm distance (see right hand subfigure of Fig. 11).
The output of the detection model conforms to the shape of the corridor. The most notable feature of the
output is a clear spike at coordinates (0, 3). This is the position of the reflector, which can be automatically

found from the output simply by finding the maximum of the output.
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Fig. 13. The AE clearly detects the reflector at 3025 mm from the radar.

IV. Conclusions
We proposed an Al-based radar target detection method that uses ray trace modeled prior information about

the environmental clutter to enhance the accuracy of detecting appearing targets. In the method, the CNN-
based AE receives RA map inputs from both the radar and ray tracer and removes redundancy. The AE offers
a significantly more accurate representation of objects since it disregards noise originating from outside the
considered area, i.e., it can ignore areas behind static obstacles. It also removes modeled environmental
clutter from the radar resolution cells that depict the area inside the area of interest. We validated the
performance of the method in laboratory corridor using the 60 GHz radar hardware. We found that the
method significantly reduces clutter caused by the known static environment. If necessary, the objects from
the static environment can be added back into the final image after the detection of an appearing target. The
method also allows to customize the mask generated by the ray tracer. For example, we can define a mask so
that only the second-order reflections from the known static environment are removed from the final output
image. In the future, the performance of the method will be evaluated in more complex clutter environments.

Outdoor measurements will also be included in the testing campaign.
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