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Abstract – Detecting anomalies in radio astronomy
is challenging due to the vast amounts of data and the rarity
of labeled anomalous examples. Addressing this challenge
requires efficient methods capable of identifying unusual
radio galaxy morphologies without relying on extensive
supervision. This work introduces an innovative approach to
anomaly detection on the basis of morphological character-
istics of the radio sources by using trainable Combination of
Shifted Filter Response (COSFIRE) filters as an efficient
alternative to complex deep learning methods. The frame-
work integrates COSFIRE descriptors with an unsupervised
local outlier factor (LOF) algorithm to identify unusual radio
galaxy morphologies. Evaluations on a radio galaxy bench-
mark data set demonstrate strong performance, with the
COSFIRE-based approach achieving a geometric mean
score of 79%, surpassing the 77% achieved by a computa-
tionally intensive deep learning autoencoder. By charac-
terizing normal patterns and detecting deviations, this
semisupervised methodology overcomes the need for
anomalous examples in the training set, a major limitation
of traditional supervised methods. This approach shows
promise for next-generation radio telescopes, where fast
processing and the ability to discover unknown phenom-
ena are crucial.

1. Introduction

The advent of next-generation radio telescopes
has ushered in an era of unprecedented data volume in
radio astronomy, with facilities such as the Square Kilo-
metre Array (SKA) expected to annually generate exa-
bytes of data [1]. Although processing such vast data

sets poses significant challenges, it also presents unique
opportunities for serendipitous discoveries of novel
astrophysical phenomena. The systematic exploration
of these data sets necessitates robust anomaly detection
methodologies capable of identifying both rare, theoret-
ically anticipated phenomena and entirely novel,
unforeseen ones.

Machine learning approaches, particularly those
focused on learning compact representations of typical
radio sources, have emerged as promising tools for this
task. Autoencoders (AEs) have been successfully
applied to anomaly detection across diverse astronomi-
cal data sets [2, 3], but the high computational cost and
opaque latent representations present significant draw-
backs. To address these challenges, we use trainable
Combination of Shifted Filter Response (COSFIRE) fil-
ters [4], which are efficient, explainable and rotation
tolerant, and whose responses form the basis of a fea-
ture descriptor [5]. COSFIRE filters are automatically
configured to detect and describe the spatial arrangement of
emission blobs, cores, jets, and lobes, which characterize a
radio source’s morphology. This approach has shown nota-
ble efficacy, accuracy, and robustness in radio galaxy classi-
fication and image retrieval [5, 6], outperforming deep
learning approaches in certain cases. Notably, COSFIRE’s
rotation invariance ensures that galaxies with the same
intrinsic morphology receive consistent labels, regardless of
the apparent orientation due to the telescope’s line of sight.
Figure 1 shows examples of typical radio galaxies: Fanaroff–
Riley Class I (FRI); Fanaroff–Riley Class II (FRII) [7]; real
anomalous sources (X-shaped radio galaxy [XRG], and ring
radio galaxy [RRG]) [8]; and synthetic anomalous sources
used in this work (see Section 2.1).

2. Data and Methodology

2.1 Data Set

We evaluate our anomaly detection approach by
using the Faint Images of the Radio-Sky at Twenty Cen-
timeters (FIRST) Radio Galaxy Anomaly Detection
Benchmark (FRGADB) data [9, 10]. FRGADB is com-
posed of ~800 samples with four radio galaxy classes:
FRI, FRII, XRG, and RRG, distributed between training,
validation, and test sets (Table 1) [7, 8]. The images are
150 pixels 3 150 pixels, with radio sources centered.
The images were preprocessed by using a morphologically
augmented sigma clipping algorithm, which effectively
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filtered out noise, while preserving astronomical source
pixels [3].

The presence of XRG and RRG anomalies in
both the validation and test sets introduces potential
data leakage, meaning the model is exposed during vali-
dation to patterns that closely resemble those it will
encounter during testing, which can lead to an overesti-
mation of its true generalization performance. To
address this, we generated 90 synthetic anomalous sam-
ples from training images to replace the 22 XRG and 12
RRG galaxies in the given validation set [11]. The new
validation set includes 22 FRI, 53 FRII, and 90 anoma-
lous patterns. The 90 synthetic sources were generated
through a systematic process using the training set.
First, 10 FRI image pairs were randomly selected with-
out replacement. One image from each pair underwent
rotations of 90°, 180°, and 270°, followed by superim-
position with its partner by using maximum pixel val-
ues. This created 30 anomalous sources. The same
procedure was applied to 10 FRII pairs and 10 hybrid
pairs (FRI-FRII combinations), yielding a total of 90
anomalous images (see examples in the third column of
Figure 1). This procedure ensures that no prior knowledge
of the test anomalies is leaked during training or valida-
tion, leading to a more reliable assessment of model
performance.

2.2 Method

In this section, we sketch the configuration of
COSFIRE filters and the derived feature vectors. A
more detailed description can be found in [5]. The
responses from a set of COSFIRE filters are used in a
descriptor-based approach to characterize radio sources
by morphological features. This approach is based on
the analysis of the shape properties and is automatically
configured by applying a series of center-on and center-
off difference of Gaussian (DoG) filters to an image. A
DoG function approximates the second-order derivative
of a Gaussian (Laplacian of Gaussian), offering the

advantage of efficient computation due to its separabil-
ity. These DoG filters come in two variants: center-on
filters that detect transitions from bright to dark regions
and center-off filters that identify dark to bright transi-
tions. These filters, varying in scale and polarity (i.e.,
center-on or center-off), are applied to the input image
to produce DoG response maps through convolution
operations.

To configure a COSFIRE filter, salient features,
such as radio source blobs, jets, or lobes, are detected
along concentric circles on a given example training
image (e.g., a specific radio source type). Key points
are identified by locating the local maxima of the DoG
responses along these circles. The number of circles
and the respective radii act as hyperparameters of the
filter. For each detected key point i, the following attri-
butes are recorded: distance (�i) and angle (�i) from the
pattern center; filter polarity (d i); and the outer Gaus-
sian’s standard deviation (�i). These parameters are
compiled into a set of tuples, denoted by Cf :

Cf ¼ fð�i; �i; �i; d iÞ j i ¼ 1; :::; ng (1)

where n represents the total detected key points.
In our data set, radio sources are already centered in the
150 3 150 images, so we use the image center as the
COSFIRE reference point. In principle, one could
instead select any point, such as the source’s brightness
centroid.

For anomaly detection, COSFIRE filters are first
automatically configured to be selective for some randomly
chosen sources drawn from the training set (refer to [5]
and [6] for some examples). The configuration procedure
defines the selectivity of a COSFIRE filter on the basis of
the spatial relationships among the selected key points.
These configured filters are expected to produce strong
responses in images with radio structures similar to those
seen during training and weak responses to unfamiliar pat-
terns, thereby making them suitable to detect anomalies.

The application of a configured COSFIRE filter fol-
lows three steps. First, DoG response maps are computed
for each unique combination of polarity (d ) and scale (�).

Figure 1. Examples of typical radio galaxies and both real and syn-
thetic anomalous radio sources: FRI (edge-darkened source); FRII
(edge-brightened source); XRG (x-shaped source); RRG (ring-shaped
source); and synthetic sources with nonstandard morphologies.

Table 1. Distribution of the FRGADB data set across training, vali-
dation, and test sets for each galaxy type (note that XRG and RRG
are used only in the test set)

Galaxy
type

Total
samples Training Validation Test

Regular classes
FRI 211 137 22 22
FRII 523 387 53 53

Synthetic anomalies
Synthetic 90

Real anomalous classes (test only)
XRG 44 22
RRG 25 13
Total 803 524 165 110
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Second, these response maps are blurred with a Gaussian
function to account for positional variations. See Table 2
for the parameters used to compute the standard deviation
�̂i of the Gaussian, which increases linearly with the dis-
tance �i from the filter center. This function introduces spa-
tial tolerance in the filter response. For more details, please
refer to [5]. Without this blurring step, the COSFIRE filter
would only respond to exact replicas of the pattern in the
training image used for the filter configuration. Therefore,
the blurring introduces some tolerance to spatial deviations,
enabling the filter to recognize patterns that slightly differ
from the preferred configuration. Each blurred response
map is then shifted in the opposite direction of its corre-
sponding polar coordinates ð�i; �iÞ so that all DoG
responses meet at the filter center [5]. Finally, the COSFIRE
filter response is obtained by calculating the geometric mean
(G-Mean) across all aligned and blurred response maps.
Rotational invariance is achieved by generating multiple
rotated versions of the base COSFIRE filter, each created by
offsetting the angular parameter �i of every key point by an
angle ψ 2 f0; �

6
; . . . ; 11�

6
g. A rotation-invariant COSFIRE

response is then obtained by taking the maximum
response across all these rotated filters. The final
COSFIRE descriptor, a numerical feature vector rep-
resenting the structural patterns in an image, is con-
structed by applying all rotation-invariant filters to an
image and recording the maximum responses. This

feature vector effectively captures the essential struc-
tural elements of a given radio galaxy image. Follow-
ing [5], the descriptors are then L2 normalized.

We then used the local outlier factor (LOF) algo-
rithm [12] to detect anomalies in COSFIRE descriptors
of radio galaxies. The full pipeline is shown in Figure 2.

2.3 Evaluation Metrics

To evaluate our anomaly detection framework,
we use metrics specifically designed for imbalanced
data sets, as anomalous radio galaxy sources represent a
small fraction of the data set. We assess model perfor-
mance by using four key metrics: precision, recall,
specificity, and G-Mean. Precision quantifies the propor-
tion of true anomalies among all instances predicted as
anomalies. Recall measures the model’s ability to
correctly identify actual anomalous sources. Specific-
ity evaluates the model’s accuracy in recognizing nor-
mal (non-anomalous) galaxies. G-Mean is calculated
as the square root of the product of specificity and
recall, and it reflects the model’s balanced perfor-
mance across both majority and minority classes.
These metrics collectively offer a comprehensive
assessment of the model’s ability to distinguish rare,
anomalous radio sources, while maintaining reliable detec-
tion of typical galaxy morphologies. Note that the perfor-
mance evaluation considers anomalous sources as positive
instances and normal sources as negative instances in all
metric calculations.

3. Experimental Results

3.1 Performance

To evaluate the performance of our COSFIRE fil-
ter approach in anomaly detection, we adopted an
experimental design closely aligned with the methodol-
ogies presented in [5] and [6]. To ensure representative
sampling across classes, the training data was split by
using a stratified holdout approach, randomly dividing
the data set into training and validation sets, while
maintaining the original class proportions. Prior work

Table 2. Hyperparameter search space in COSFIRE filter optimiza-
tion; this table outlines the parameter ranges explored to identify
optimal filter configurationsa

Parameter name Values

�: DoG outer standard deviation f5; 6g
P: set of concentric circle radii f0; 5; 10; 15; 20; 25g;

f0; 5; 10; 15; 20; 25; 30g
� �

t1: response threshold f0:05; 0:1g
�00, a: parameters for positional
tolerance

�00 2 f0:5; 0:75g
a 2 f0:1; 0:15g

a The positional tolerance �̂ i for each filter subunit is computed as �̂ i ¼ �00 þ a�i,
where �i is the radial distance of the subunit from the filter center. This value �̂ i is
used as the standard deviation of a Gaussian function that controls the spatial toler-
ance during filter response computation.

Training Phase

Inference Phase

Learn LOF

Apply COSFIRE

filters

Configure

COSFIRE

filters

Create

descriptors

Normal galaxy sources

Anomaly

detection
Apply LOF

Figure 2. A schematic illustration of the proposed COSFIRE framework for detecting anomalous radio galaxies, showing training and infer-
ence phases of the workflow. The training phase includes three key steps: configuring the COSFIRE filters, extracting descriptors from known
radio galaxy images, and training a LOF model for anomaly detection. During the inference phase, new radio images undergo the same descrip-
tor extraction before being evaluated by the trained LOF model to identify potential anomalies.
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[5, 6] demonstrated that COSFIRE filter-generated
descriptors retain robustness across varied hyperpara-
meter spaces. On the basis of these findings, we sim-
plified our workflow by reducing the hyperparameter
search space, selecting two values per COSFIRE
hyperparameter, instead of three, as done in [5]
(Table 2).

For our unsupervised learning approach, we opti-
mized the LOF algorithm by systematically exploring
its hyperparameters: leaf size 2 {40, 60, 80}, contami-
nation 2 {0.37, 0.38, 0.39}, number of neighbors 2 {8,
9, 10}, and metric 2 {cosine, Manhattan, Minkowski}
[12]. All remaining parameters were maintained at the
default values to constrain the optimization space.
Therefore, each COSFIRE configuration underwent 81
distinct experiments during the hyperparameter grid
search. We performed a full grid search over LOF hyper-
parameters for each of the 32 COSFIRE configurations,
yielding an 81 3 32 matrix of evaluation scores.

We first selected COSFIRE configurations by
computing mean G-Mean scores across the validation
set. A right-tailed Student’s t-test was used to compare
the highest performing descriptor against all other con-
figurations [13]. Descriptors achieving P values $0:05
were considered statistically similar to the optimal con-
figuration and retained for further analysis. This filtering
identified two descriptors that performed consistently
well, reducing the evaluation matrix to 813 2. These
descriptors share the same parameter values � ¼ 6,
P¼f0; 5; 10; 15; 20; 25; 30g, �00 ¼ 0:75, and a ¼ 0:15
and differ only in the value of t1 (0.10 and 0.05). For
each of these descriptors, the top 10 performing LOF
hyperparameter sets were selected and evaluated on the
test set.

This analysis considered varying numbers of
COSFIRE filters, ranging from 5 to 100 in the valida-
tion set. Because the configuration was performed on
two distinct known classes, FRI and FRII (refer to Sec-
tion 2.2), the dimensionality of the feature descriptor
proportionally scales with the number of filters, where n
filters produced a 2n-dimensional descriptor (e.g., five
filters per class generated a 10-dimensional descriptor,
six filters a 12-dimensional descriptor, and so forth).
The experiments revealed that 90 COSFIRE filters per
class were required to achieve optimal G-Mean perfor-
mance on the validation set.

3.2 ComparisonWith PreviousWork

The results of this study are compared with the
state-of-the-art findings presented in [3], which used the
same data set. This work used principal component
analysis (PCA) for feature extraction combined with the
LOF for anomaly detection. Also, they investigated
three convolutional autoencoder (CAE) architectures:
standard CAE (SCAE), baseline CAE (BCAE) [2], and
memory unit SCAE (MemSCAE); see [3, 14]. BCAE
serves as a shallow network autoencoder that recon-
structs input data by using reconstruction error as the

loss function. SCAE enhances upon BCAE by applying
a deeper network [3]. MemSCAE further extends the
architecture with a memory unit that constrains the
latent space to some degree, thereby improving anom-
aly detection capabilities [14].

The extensive experiments conducted in [3] demon-
strated that MemSCAE and BCAE achieved a consistent
G-Mean performance of~0:77 in anomaly detection tasks,
outperforming both PCA þ LOF and SCAE approaches.
Our COSFIRE þ LOF framework surpassed these bench-
marks, achieving an average G-Mean of ~0:79 on the test
data set (Table 3). In addition, when using the synthetic
validation set (see Section 2.1) for hyperparameter tuning,
we obtained a G-Mean score of 0.78 6 0.03 by using 67
COSFIRE filters per class.

4. Discussion and Conclusion

The COSFIRE-based methodology generates
robust feature representations that effectively detect
anomalies not present in the training data, while main-
taining high performance despite the challenges of lim-
ited training data and class imbalance. This results in
improved performance, with a G-Mean score of 79%,
surpassing both the competing deep learning autoen-
coder (77%) and the PCA-based approach (60%)
reported in [3], and with the latter being a similarly
lightweight anomaly detection method.

By leveraging the COSFIRE methodology, our
approach addresses the scalability challenge of anom-
aly detection in next-generation radio surveys by
using lightweight, rotation-invariant descriptors that
outperform deep autoencoder pipelines on the FIRST
benchmark data set. We refer readers to our prior
work [5, 6] for detailed floating point operation com-
parisons demonstrating COSFIRE’s efficiency versus
deep learning methods. Its demonstrated effective-
ness highlights particular promise for enabling seren-
dipitous discoveries with advanced telescopes such as
SKA, where efficient processing and the ability to
uncover unknown phenomena are crucial. However,
the evaluation is limited by the modest size of the
FRGADB data set (803 images) and its focus on only
two anomalous classes (XRG and RRG). Future work
will expand validation to larger and more diverse cat-
alogs and additional rare morphologies.

Table 3. Performance comparison of various models using LOF for
anomaly detection in a semisupervised setting

Model G-Mean Specificity Recall

PCA 0.60 6 0.05 0.78 6 0.03 0.47 6 0.07
MemSCAE 0.77 6 0.02 0.68 6 0.07 0.90 6 0.06
SCAE 0.77 6 0.01 0.69 6 0.05 0.85 6 0.05
BCAE 0.72 6 0.02 0.72 6 0.09 0.73 6 0.08
COSFIRE 0.79 6 0.01 0.70 6 0.00 0.89 6 0.01
COSFIREa 0.78 6 0.03 0.70 6 0.02 0.88 6 0.04
a The COSFIRE model used the synthetic validation set for hyperparameter
tuning.
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