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ABSTRACT

Classical radar detection techniques rely on adaptive detec-
tors that estimate the noise covariance matrix from target-
free secondary data. While effective in Gaussian environ-
ments, these methods degrade in the presence of clutter,
which is better modeled by heavy-tailed distributions such as
the Complex Elliptically Symmetric (CES) and Compound-
Gaussian (CGD) families. Robust covariance estimators like
M-estimators or Tyler’s estimator address this issue, but still
struggle when thermal noise combines with clutter. To over-
come these challenges, we investigate the use of Support Vec-
tor Data Description (SVDD) and its deep extension, Deep
SVDD, for target detection. These one-class learning meth-
ods avoid direct noise covariance estimation and are adapted
here as CFAR detectors. We propose two novel SVDD-based
detection algorithms and demonstrate their effectiveness on
simulated radar data.

Index Terms— Radar Target Detection, Support Vector
Data Description, Neural Networks

1. INTRODUCTION

Classical works on target detection proposed adaptive detec-
tion schemes that require an estimate of the noise covariance
matrix, generally obtained from signal-free data traditionally
called secondary or reference data. Early approaches assumed
a Gaussian noise covariance structure, leading to detectors
such as the Adaptive Matched Filter (AMF), where the noise
is estimated using the sample covariance matrix (SCM) [1–3].
However, such estimation performs poorly in non-Gaussian
environments, typically when clutter is present, for instance,
from forested areas or sea waves. Several statistical mod-
els have therefore been proposed to describe clutter, among
which the Complex Elliptically Symmetric (CES) distribu-
tion and, more specifically, the Compound-Gaussian Distri-
bution (CGD) account for most observed scenarios. Within
this framework, M -estimators [2] and Tyler’s estimator [4–6]
present alternatives to the Gaussian-based SCM. Neverthe-
less, these approaches still face limitations in radar detection,
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particularly in the presence of additive white Gaussian ther-
mal noise combined with clutter.

The target detection problem can be seen as a particu-
lar case of anomaly detection (AD), which has been exten-
sively studied in the machine learning and deep learning lit-
erature [7]. In classical machine learning, one-class classi-
fication methods are among the most popular approaches to
AD. Most of these models are inspired by Support Vector Ma-
chines, the most widely used being the one-class SVM [8, 9]
and Support Vector Data Description (SVDD) [10]. On the
deep learning side, Deep SVDD [11] extends the SVDD algo-
rithm and represents a fully deep approach, training a network
to map data into a minimum-volume hypersphere and thus di-
rectly addressing AD. In contrast, most deep AD methods rely
on reconstruction error, in particular autoencoder-based meth-
ods [12]. Autoencoders learn compressed representations and
reconstruct inputs, yielding low errors for normal and high
errors for anomalous samples. Deep SVDD overcomes this
by enforcing compactness through hypersphere minimization.
Similarly, AnoGAN [13] leverages GANs to map test data
into latent space and measure reconstruction error, but faces
similar challenges in enforcing compact representations.

To sum up, SVDD and Deep SVDD appear to be the most
suitable machine learning and deep learning approaches for
addressing Gaussian thermal noise combined with clutter sce-
narios in target detection. The remainder of this paper is orga-
nized as follows: Section 2 presents the target detection prob-
lem and classical detectors; Section 3 introduces two novel
target detection algorithms based on SVDD and Deep SVDD;
and Section 4 compares these methods with state-of-the-art
approaches on simulated data.

Notations: Matrices are in bold and capital, vectors in
bold. For any matrix A or vector, AH is the Hermitian trans-
pose of A. CN (µ,Γ) is a complex circular Normal distribu-
tion of mean µ and covariance matrix Γ. The matrix operator
T (.) is the Toeplitz matrix operator ρ → {T (ρ)}i,j = ρ|i−j|.
∥·∥F denotes the Frobenius norm.

2. THE DETECTION PROBLEM AND CLASSICAL
APPROACHES TO SOLVE IT

Considering observed data z ∈ Cm, we aim to detect signals
αp corrupted by clutter and thermal noise. It can be stated as



the following test:

H0 : z = c+ n ,

H1 : z = αp+ c+ n . (1)

The vector p is known and called the steering vector, α is the
unknown complex target amplitude. n represents the thermal
noise vector, which is considered white Gaussian. c repre-
sents the clutter noise. We consider two clutter models: Gaus-
sian and compound Gaussian. In classical detection, we aim
to estimate the clutter noise using secondary data (zk)1⩽k⩽K ,
which are assumed to be independent but depend on the clut-
ter nature. In general, when no parameters are known, the
Generalized Likelihood Ratio Λ(z) is compared against a de-
tection threshold λ:

Λ(z) =

max
θ,µ

pz/H1
(z, θ, µ)

max
µ

pz/H0
(z, µ)

H1

≷
H0

λ , (2)

where θ denotes generic target parameters and µ denotes
generic noise parameters. In the Gaussian case, the clutter c
and the secondary data follow a complex circular Gaussian
distribution with covariance matrix Σ denoted CN (0,Σ). In
case Σ is known, and recalling here p is known but not α, the
log-likelihood ratio test leads to the so-called Matched Filter
(MF) given by:

ΛMF(z) =

∣∣pH Σ−1 z
∣∣2

pH Σ−1 p

H1

≷
H0

λMF . (3)

Another case can be c following CN (0, σ2Σ) with known
covariance matrix Σ but unknown variance σ2, the Log-
Likelihood Ratio test gives the Normalized Matched Filter
(NMF) [1]:

ΛNMF(z) =

∣∣pH Σ−1 z
∣∣2(

pH Σ−1 p
) (

zH Σ−1 z
) H1

≷
H0

λNMF . (4)

In practice, the clutter covariance is often unknown and must
be estimated from K secondary data. In the Gaussian case,
the covariance can be estimated by the Sample Covariance

Matrix (SCM): ŜK =
1

K

K∑
k=1

zk z
H
k . Plugging ŜK into the

likelihood ratio yields the Adaptive Matched Filter (AMF)
[3]. When the clutter follows CN (0, σ2Σ) with unknown
variance σ2, one obtains the Adaptive Normalized Matched
Filter (ANMF) [14].

In non-Gaussian environments, these detectors may de-
grade in terms of performance. A widely used model is
the compound Gaussian representation, where clutter is ex-
pressed as c =

√
τ g, with τ a positive random texture and

g a zero-mean complex Gaussian vector with covariance Σ,
normalized such that Tr(Σ) = m for identifiability.

To estimate Σ in this framework with K secondary data,
the Tyler estimator M̂FP [4] is obtained by solving the fixed-
point equation :

M̂FP =
m

K

K∑
k=1

zk z
H
k

zHk M−1
FP zk

. (5)

Besides handling the compound Gaussian case, asymptotic
studies show that Tyler and SCM estimators have slightly
the same performances in Gaussian cases [15]. Nevertheless,
even with Tyler’s estimator, the resulting detectors struggle in
more complex situations, particularly when white Gaussian
thermal noise is present in addition to non-Gaussian clutter.
This motivates the use of machine and deep learning meth-
ods, such as one-class classification algorithms, which rely
on less restrictive assumptions and can thus provide powerful
alternatives for the target detection problem.

3. PRESENTATION OF ONE-CLASS SVDD
ALGORITHMS

We now introduce SVDD and DSVDD algorithms and pro-
pose their adaptation to the target detection problem.

3.1. SVDD

Given the amplitudes of the complex signal, represented as
feature vectors z ∈ Cm, the goal of SVDD is to find the small-
est hypersphere enclosing the data in a Reproducing Kernel
Hilbert Space (RKHS) Fk. The mapping ϕk : Cm → Fk

is defined implicitly through a positive definite kernel k :
Cm × Cm → R such that k(z1, z2) = ⟨ϕk(z1),ϕk(z2)⟩,
where ⟨·, ·⟩ denotes the inner product in Fk. The primal opti-
mization problem seeks the center c ∈ Fk and radius R > 0
of the hypersphere:

min
R,c,ξ

R2 +
1

νN

N∑
i=1

ξi , (6)

subject to ∥ϕk(zi)− c∥2 ≤ R2 + ξi, ξi ≥ 0. The slack vari-
ables ξi allow violations of the constraint, while ν controls the
trade-off between the volume of the hypersphere and the frac-
tion of tolerated outliers [16]. The dual formulation is given
by:

max
α

∑
i

αi k(zi, zi)−
∑
i,j

αi αj k(zi, zj) , (7)

subject to 0 ≤ αi ≤ 1

ν N
and

∑
i

αi = 1. Solving this

quadratic program yields the optimal multipliers (α∗
i ), from

which the decision function for a new point z can be com-
puted as:

f(z) = k(z, z)−2
∑
i

α∗
i k(zi, z)+

∑
i,j

α∗
iα

∗
jk(zi, zj). (8)



In target detection, maintaining a constant false alarm rate
(CFAR) is crucial for reliable performance. Rather than us-
ing the estimated radius R, the detection decision is based on
a threshold computed from secondary training data. Specifi-
cally, for a fixed false alarm probability Pfa, the distances of
the secondary data to the SVDD center are evaluated using
the distance function f(z), and the threshold λSV DD(Pfa) is
set as the (1−Pfa)-quantile of these distances. A candidate z
is declared a target if

f(z)
H1

≷
H0

λSV DD(Pfa) . (9)

In the simulations, we will refer to this detector simply
as SVDD. A known limitation of kernel-based SVDD is the
high computational cost of solving the dual problem. This is-
sue can be alleviated using neural network-based implemen-
tations, which approximate the feature mapping and signifi-
cantly reduce computation.

3.2. Deep SVDD

Deep SVDD [11] extends the classical SVDD approach to a
neural network-based one-class classifier. Similar to SVDD,
the goal is to map data into a hypersphere in a learned feature
space F . In Deep SVDD, the mapping function ψ(·;W) :
Cm → F is implemented as a neural network with L hidden
layers and weights W = {W1, ...,WL}.

The network is trained to minimize the following loss:

min
W

1

n

n∑
i=1

∥ψ(zi;W)− c∥2 + β

2

L∑
ℓ=1

∥∥Wℓ
∥∥2
F
, (10)

where the first term penalizes the squared distance of each
network output from the hypersphere center c, and the second
term is a weight decay regularization with hyperparameter β.

In contrast to the objective of classical SVDD (6), which
reduces the hypersphere radius and penalizes points lying out-
side it, this formulation contracts the hypersphere by mini-
mizing the average distance of all representations to the cen-
ter. Consequently, the network is forced to learn the shared
factors of variation so that data points are mapped as close
as possible to c. By enforcing proximity for every sample,
rather than tolerating outliers outside the sphere, the method
aligns with the assumption that all training data belong to the
same class. After training, we denote the network weights
as W∗ and the distance of a candidate z to the center as
||ψ(z;W∗) − c||2. A detection threshold λDSVDD(Pfa) is
computed using a secondary training set, similarly to SVDD.
The decision rule for candidate zi is then:

∥ψ(zi;W∗)− c∥2
H1

≷
H0

λDSVDD(Pfa) . (11)

This formulation ensures a CFAR-like behavior while benefit-
ing from the representation learning capability of neural net-

works, reducing computational complexity compared to ker-
nel SVDD for large datasets.

4. SIMULATIONS AND RESULTS

We evaluate the algorithms introduced in the previous sec-
tions, namely ANMF built with Tyler estimate, AMF-SCM,
SVDD, and DSVDD. For reference, we also report the perfor-
mance of the Matched Filter (MF) using the true covariance
matrix.

All simulations are conducted on synthetic radar-like data.
Each dataset consists of N independent samples, each sam-
ple being a matrix Z ∈ Cm×K formed by K complex-valued
column vectors of size m. A stationary Toeplitz covariance
matrix Σ = T (ρ) of size m × m with ρ = 0.5 is gener-
ated, and K complex Gaussian clutter vectors c ∼ CN (0,Σ)
are drawn for each sample. If needed, a texture τ is drawn
from a Gamma distribution Γ(µ, 1/µ) (µ = 1), and each
clutter vector is scaled by the texture

√
τ representing the

power fluctuation. Additive white Gaussian thermal noise
is then added. When a target is present, it is added as

z = αp +
√
τc + n , with α =

√
SNR
m ejϕ, ϕ ∼ U [0, 2π)

and p =
(
1, ej2πd/m, . . . , ej2πd(m−1)/m

)T
, where d is the

Doppler bin index and m = 16.
For the evaluation protocol, according to this process, sev-

eral datasets are generated to train and evaluate each algo-
rithm, following a false detection rate Pfa = 0.01. For SVDD
and DSVDD algorithms, a set of N = 5000 training samples
without a target is generated (m = 16, K = 1). For all al-
gorithms, a set of N data to determine the Pfa-threshold rela-
tionship is also generated without a target (m = 16, K = 1).
For classical detectors, two sets of N reference data are gener-
ated for the Pfa-threshold relationship determination and the
test data (m = 16, K = 32). N test data are generated with
a target (m = 16, K = 1). They are the same for all algo-
rithms.

4.1. Parameters and Deep SVDD architecture

The network consists of three successive 1D convolutional
layers with 32, 64, and 128 filters, each followed by batch
normalization, leaky ReLU activation, and max-pooling. An
adaptive average pooling layer ensures a fixed-size output in-
dependent of the input length. Finally, a fully connected layer
projects the features into a 128-dimensional representation.

Complex-valued inputs are handled by concatenating
their real and imaginary parts along the channel dimension.
The network is trained for 15 epochs with a batch size of
64 on standardized input data. Optimization is completed
via Adam optimizer [17] and uses a learning rate of 0.001,
reduced by a factor γ = 0.1 at epoch 5 and 10 using a mile-
stone scheduler. For the Deep SVDD objective, we apply L2

weight decay regularization with coefficient β = 0.001.



The classical SVDD was implemented using a Gaussian
(RBF) kernel with its width set to the inverse of the training
data variance, and the loss parameter ν fixed to 0.01.

(a) Gaussian + white Gaussian noise

(b) Compound Gaussian + white Gaussian noise

Fig. 1: Detection performance of SVDD and Deep SVDD
compared with classical detectors over 16 Doppler bins under
Pfa = 0.01. Each curve shows the mean detection score
across bins for SNR values from −10 dB to 20 dB. In the
Gaussian clutter scenario (a), the reference is MF, with AMF-
SCM as the selected adaptive detector. For the Compound-
Gaussian clutter with additive white noise (b), ANMF built
with Tyler’s estimate (ANMF-Tyler) is the chosen classical
detector.

4.2. Results

Figure 1 shows the probability of detection (Pd) as a func-
tion of the SNR, averaged over all Doppler bins. SVDD
and DSVDD are compared to the AMF-SCM detector in the
Gaussian clutter with additive white noise scenario, with the
MF used as a reference. In the non-Gaussian cases with Com-
pound Gaussian clutter with additive thermal noise, ANMF-
Tyler is used as the main benchmark. Both SVDD-based
detectors outperform AMF-SCM in the Gaussian scenario,
especially at high SNRs. In the non-Gaussian scenarios with
Compound-Gaussian clutter and additive thermal noise, the

Fig. 2: Map of the probability of detection (Pd) for each of
the 16 Doppler bins, with SNR values ranging from 0 to 20
dB, for the considered detectors (Pfa = 0.01). Top plots:
Gaussian clutter. Bottom plots: compound Gaussian clutter.

SVDD-based methods — particularly DSVDD — begin to
outperform the ANMF-Tyler detector from approximately
11 dB onwards, despite being less effective at lower SNRs
where ANMF-Tyler still achieves reasonable detection per-
formance. This improvement is especially noteworthy since
operational radar systems typically operate in the 10 dB to 15
dB SNR range.

To further analyze these results, Figure 2 presents the de-
tection performance across all Doppler bins. In the Gaus-
sian scenario with thermal noise, SVDD and DSVDD consis-
tently outperform the other detectors across all bins. In the
Compound-Gaussian scenario, DSVDD shows degraded per-
formance around the zero-Doppler bin — known to be the
most challenging case — yet still maintains strong perfor-
mance for SNRs above 11 dB. SVDD exhibits similar behav-
ior but lags behind its deep counterpart. ANMF-Tyler, on the
other hand, provides stable performance across all bins and a
wide SNR range.

5. CONCLUSION

This work introduces two novel target detectors inspired
by the one-class anomaly detection algorithms SVDD and
DSVDD. Designed as CFAR detectors, they allow fair com-
parison with classical approaches from the target detection
literature. Simulations show promising performance, with
clear improvements over traditional detectors in scenarios
involving clutter and additive thermal noise. However, these
detectors still show weaknesses in Compound-Gaussian en-
vironments and around the zero-Doppler bin, both known
as challenging cases. Further analysis of the latent space
and experiments on real radar data could help enhance their
robustness and better assess their practical potential.
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