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Abstract—This paper presents a novel approach to radar target
detection using Variational AutoEncoders (VAEs). Known for
their ability to learn complex distributions and identify out-of-
distribution samples, the proposed VAE architecture effectively
distinguishes radar targets from various noise types, including
correlated Gaussian and compound Gaussian clutter, often com-
bined with additive white Gaussian thermal noise. Simulation
results demonstrate that the proposed VAE outperforms classical
adaptive detectors such as the Matched Filter and the Normalized
Matched Filter, especially in challenging noise conditions, high-
lighting its robustness and adaptability in radar applications.

Index Terms—Radar target detection, VAE, compound Gaus-
sian clutter, out-of-distribution detection.

I. INTRODUCTION

Radar target detection is a fundamental challenge in signal
processing [1]], where the goal is to accurately identify the
presence of a target within a noisy environment. Traditional
detection methods, such as the Matched Filter (MF), Normal-
ized Matched Filter (NMF), and their adaptive variants (AMF
[2], Kelly [3] and ANMEF [4])), have been extensively studied
and are well-known for their effectiveness in scenarii with
Gaussian noise. However, in real-world applications, radar
signals often encounter more complex noise structures, includ-
ing compound Gaussian noise plus additive white Gaussian
thermal noise, which significantly degrade the performance of
these classical detectors in terms of probability detection and
false alarm regulation.

Recent advancements in machine learning, particularly in
the domain of Deep Learning [5], offer promising alterna-
tives for enhancing radar detection capabilities. Among these,
VAESs have emerged as powerful tools for Out-Of-Distribution
(OOD) detection [6], [7] by modeling the underlying prob-
ability distribution of input data [8]. Traditional approaches
to anomaly detection [9] often struggle with complex envi-
ronmental noise, but VAE-based methods offer robustness by
leveraging the ability to detect events in data that lies outside
the distribution learned during training. This is particularly
relevant for radar applications, where environmental variability
and noise complexity are common. While VAE-based anomaly
detection has demonstrated success in various fields, including
acoustic signal processing [10]], medical imaging [L1], dis-
charge in high-voltage machines [12]], its application to radar
target detection remains relatively unexplored. For instance,
VAE architectures have shown promise in detecting human

body motion using frequency-modulated continuous waves
radar [13].

In this paper, we explore the potential of VAEs for radar
target detection, focusing on their ability to handle various
clutter and noise models that pose significant challenges to
traditional methods. Our approach integrates OOD detection
techniques to ensure that targets are distinguishable in
complex heterogeneous environments. The paper is structured
as follows: Section reviews the statistical models and
classical detectors commonly used in radar target detection.
Section [III] introduces the proposed VAE-based detection
approach, detailing its architecture, and detection strategy.
Section presents the VAE training process and the
simulation results comparing the VAE’s performance against
traditional detectors under various noise conditions. Finally,
Section [V] concludes the paper, highlighting the advantages of
VAEs in radar target detection and potential areas for future
research.

Notations: Matrices are in bold and capital, vectors in bold.
For any matrix A or vector, AT is the transpose of A and
A* is the Hermitian transpose of A. I is the identity matrix.
N(p,T') and CN(p,T') are respectively real and complex
circular Normal distribution of mean g and covariance matrix
T'. The matrix operator 7 (.) is the Toeplitz matrix opera-
tor p = {T(p)};; = pli=3l. The symbol ® denotes the
Hadamard element-wise product.

II. STATISTICAL MODEL
A. Hypothesis Testing and Signal Model

In adaptive radar detection, the main problem consists of
detecting a complex signal a p € C™ corrupted by an additive
clutter noise ¢ and thermal white Gaussian noise vector n
with covariance matrix o2 1, independent of the clutter c. In
the case of point-like target, this problem can be stated as the
Hy:z=c+n,
Hi:z=ap+c+n,
where z is the complex m-vector of the received signal, « is
an unknown complex target amplitude, p stands for a known
steering vector. In homogeneous clutter, ¢ is modeled by a
complex circular Gaussian vector distributed as CA (0, X.).
In heterogeneous clutter, compound Gaussian model is used
instead, ¢ = /7 g, distributed as CA (0, 7 X.) conditionally

following binary hypothesis test:



to the texture 7 € RT. The latter represents the power
fluctuation from one radar cell to another one. For the sake
of simplicity, the average power fluctuation is assumed to be
E[r]=1.

The Signal-to-Noise Ratio (SNR) under hypothesis Hi,
after whitening, is defined as SNR = |a|? p/ 7' p, where
Y = X. + 0?1 In the following, the power ratio r =
Tr(X.)/(mo?) will be fixed to one between clutter and
thermal noise powers.

Without the thermal noise term, the two previous cases
have their corresponding optimal solutions (benchmarks) as
well as their two adaptive versions. In homogeneous Gaussian
environment, the MF leads to:

z . (1)

Under hypotheses Hy and H;, when the Gaussian clutter and
thermal noise share the same covariance 3, up to a unknown
positive scalar factor, the noise is known as partially homoge-
neous noise. In that case, the optimal detector, invariant to this
unknown scale factor in hypothesis H leads to the Normalized
Matched Filter (NMF) [4]:

— _ <N
(pHE 1p) (ZHE 1z)
When the covariance matrix is unknown and the noise is
Gaussian, a solution consists in designing two-step adaptive
detectors, known as Adaptive Matched Filter (AMF-SCM [2]))
or Adaptive Normalized Matched Filter (ANMF-SCM) [14],
by respectively replacing in (I) and (Z) the true covariance

K

Anvmr(z) =

N & 1
3 by Ysom = 7e sz zkH, the well-known Sample Co-

variance Matrix (SClli/f)l, calculated on a set of independent
secondary data: z; = ¢, +ny for k € {1,..., K}.

In the non-Gaussian case, these two adaptive detectors
suffer from regulating the false alarm rate and their detection
performance are degraded. In a compound Gaussian clutter
environment (¢, = +/7, 8k), some alternatives consist of
designing the so-called the two-step Tyler Adaptive Normal-
ized Matched Filter (ANMF-FP) where the covariance X
is replaced in ( . by the Tyler covariance matrix estimate

Srp = KZ T

p 2k
[15]], [Lel, [17 leqce NMF (benchmark) and ANMF-FP are

particularly effective [18]], [19] in scenarii with strong impul-
sive clutter, providing robustness and texture invariance under
Hj hypothesis, where optimal Gaussian detectors (MF, AMF-
SCM, ANMF-SCM) are often impractical. Nevertheless, these
detectors can suffer from the presence of additive thermal
noise which destroys the texture invariance of Tyler’s estimator
and, in fact, no longer makes it possible to regulate the false
alarm (CFAR property). In that case, optimal solutions do not
exist and one needs to analyze other approaches. Note that
in the case of Gaussian clutter plus thermal noise, there is
no issue with MF, AMF-SCM or ANMF-SCM as the sum of

built on secondary data zj’s

independent Gaussian noise vectors is still Gaussian. In the
sequel, we propose a VAE detector that can help deal with
complex clutter environments with additive thermal noise.

III. PROPOSED OOD VAE DETECTOR

To overcome the statistical model of clutter plus thermal
noise, VAEs can nowadays learn the distribution under Hy by
giving a target-free training set Dy, = {z1, - ,z2y € Hp}.
Then, OOD detection methods [7] aim to identify whether
a sample deviates significantly from the distribution of Dg,,
which offers a flexible and generalizable solution for complex
and heterogeneous radar environments. By learning the char-
acteristics of In-Distribution (ID) data, OOD detectors can flag
samples outside this distribution as potential anomalies. This
approach does not rely on target data, making it well-suited
for radar applications where targets are few and unlabeled.
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Fig. 1: VAE network architecture

A. Proposed VAE Architecture

Our VAE architecture is designed to handle the complexity
of radar signals while efficiently processing and reconstructing
1D radar signal profiles. The architecture consists of an
encoder and decoder, each incorporating convolutional layers
to extract and represent the key features of the radar data in
a compact latent space.

The encoder (Fig. [I) compresses the high-dimensional radar
signals into a lower-dimensional latent space through a series
of convolutional blocks. These blocks include convolutional
layers, batch normalization, non-linear activation functions,
and max-pooling layers to progressively extract and down-
sample the relevant features. The final output is then passed
through fully connected layers to generate the mean p € R?
and log-variance vectors log(a?) € R? which are the parame-
ters of the Gaussian prior distribution. It is well known that a
critical aspect of the VAE is the reparameterization trick [20],
which allows for the backpropagation of gradients through the
stochastic latent variables. Specifically, the generated latent
sample x = pu + o © € where € ~ AN(0,I). This process
normalizes the latent space variability and ensures that the
sampling process is differentiable, enabling the VAE to learn
meaningful and continuous latent representations during train-
ing.

The decoder (Figure [I) reverses this process, using trans-
posed convolutions and upsampling layers to reconstruct the
radar signal from the latent representation x. The output
layer applies a convolutional operation to generate the final
reconstructed radar signal Z.
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Fig. 2: L histogram across SNRs for cCGN + AWGN scenario.

Our VAE is trained by maximizing the so-called evidence
lower bound [8| Section 2.2]. When the prior and the approx-
imate posterior are Gaussian, this training loss becomes to
minimize Lyag = Lrec+8 Lk that combines the Mean Square
Error (MSE) Ly.c(2z,2) = ||z — 2||> for data reconstruction

q

1
and Ly = —3 > (1 +1log(e7) — i — 7). the Kullback-

Leibler divergenclélfor the regularization of the latent space
where ; and o; are respectively i*" element of p and o.
The hyperparameter 3 controls the trade-off between these
two components.

B. Detection Strategy and Regulation of PFA

During inference, the VAE processes radar data containing
potential targets. Since the VAE was trained exclusively on
noise-only data, it struggles to reconstruct signals with targets,
resulting in higher MSE when a target is present (see Fig. 2).
Thus, the detection test is Lc(z,2) = Avag where the
threshold is calibrated using an evaluation dataset, which also
consists solely of clutter plus noise data distinct from the
training set. The threshold Ayag is chosen to regulate the
PFA. By analyzing the MSE distribution on the evaluation
noise-only dataset, we determine a threshold that maintains the
PFA [21]] at an acceptable level. This detection strategy takes
advantage of the VAE’s ability to model complex distributions,
thereby achieving robust target detection while maintaining
strict control over the PFA, which is crucial for maintaining
system reliability in highly variable radar environments.

IV. RESULTS AND SIMULATIONS

In this section, we evaluate the detection performance of the
1D VAE against classical radar detectors: MF, NMF, ANMF-
SCM, ANMEF-FP, and AMF-SCM. Performance is assessed
across various noise scenarii: correlated Compound Gaussian
Noise (cCGN), correlated Gaussian Noise with Additive White
Gaussian Noise (cGN + AWGN), and correlated Compound
Gaussian Noise with Additive White Gaussian Noise (cCGN
+ AWGN). The detection performance is measured using
Probability of Detection P, as a function of SNR, with fixed
P fa = 1072,

A. Signal and noise characteristics

To simulate the target, we modeled the echo amplitude
a = V/SNRe¥ ™ /\/m where ¢ € [0,1] and the steering

vector p = [1,62j”d/m,...,er”d(m‘l)/m]T for m = 16
bins, where d € {0,...,m — 1} is the (d + 1)th Doppler
bin. The noise and disturbance parameters in the simulation
are modeled with ¥, = T (p), with p = 0.5, textures 7 and
7, are sampled according a Gamma distribution T'(x,1/pu)
with © = 1. For adaptive detectors, the covariance matrix
is estimated using SCM and Tyler with K = 2m secondary
data.

The analysis is further subdivided into two sections: one
focuses on the target embedded in clutter Doppler bin d = 0
corresponding to the most challenging case. The second is
covering all Doppler bins for a comprehensive understanding
of Doppler shift influence on the detection performance.

B. VAE training Setup

For each scenario mentioned above, the VAE is trained on
clutter plus noise Doppler profiles. The dataset Dy, contains
N = 15000 samples split into 2/3 for the training and
1/3 for the validation. Training is conducted over 50 epochs
using the Adam optimizer [22]], with a learning rate of 1073,
The training loss function is Lyag computed with o = 102.
The dimension of the latent space is 12. One trained, the
detection test is based on L. where the Py, is set to 10~2
computed from an evaluation dataset containing 5000 samples
independently generated from the training set as explained in
Section [[II-B] As illustrated in Fig. 2} L is a good candidate
to separate ID and OOD samples when the SNR increases.

C. SNR vs Py analysis for zero Doppler bin

Fig. B}(a) presents the detection performance for zero
Doppler bin d = 0 for cGN + AWGN case. The VAE shows
strong performance, superposing with the MF detector and
outperforming the adaptive detectors like ANMF-SCM and
AMF-SCM. This suggests that while the VAE may not exceed
classical detectors at higher SNRs, it is a capable contender
when handling Gaussian noise environments. In purely cCGN
(no added thermal noise), Fig. B}(b) reveals that VAE is
competitive but behind NMF and ANMF-FP at lower SNRs.
However, as the SNR increases, the gap narrows, with VAE
aligning more closely with the NMF. This demonstrates that
while VAE may struggle initially, its performance improves
significantly in less challenging noise conditions. In cCGN +
AWGN scenario (Fig. B}(c)), the VAE stands out by outper-
forming adaptive detectors such as ANMF-FP and AMF-SCM.
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This highlights the VAE’s adaptability, as it excels in highly
complex noise environments, making it a promising alternative
to classical detectors.

D. SNR vs P; Analysis for all Doppler bins

Moving to the analysis across all Doppler bins, the cor-
related Gaussian noise and thermal noise results (Fig. E}(a))
show that VAE performs well whatever the Doppler bins
and outperforms adaptive detectors like ANMF-FP and AMF-
SCM demonstrating its insensitivity to noise characteristics
and potential advantages in certain situations.

For compound Gaussian noise, as shown in Fig. E|-(b), the
VAE competes closely with ANMF-FP at mid to high SNR
values and outperforms the AMF-SCM across all Doppler
bins, particularly in challenging conditions. This analysis
suggests that the VAE offers a robust alternative, especially
when operating in less favorable environments.

Finally, under compound Gaussian noise and thermal noise
environment, Fig. f}(c) illustrates that VAE significantly out-
performs adaptive detectors across all Doppler bins. This
robust performance, particularly in highly complex noise
scenarii, highlights the VAE’s effectiveness in environments
where traditional detectors may falter.

[7]
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[9]

(10]

(11]

[12]

[13]

V. CONCLUSION [14]

The results presented in this study demonstrate the effec-
tiveness of the VAE in radar target detection under various
noise conditions. The VAE consistently outperforms traditional
detection methods, particularly in scenarii involving impulsive
and correlated noise. Its superior performance can be attributed
to its ability to model intricate data distributions, making it
more robust in detecting radar targets in challenging environ-
ments.

[15]
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