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Abstract—Several techniques have been proposed so far in
order to perform faint compact source detection in wide field
interferometric radio images. However, all these methods can
easily miss some detections or obtain a high number of false
positive detections due to the low intensity of the sources,
the noise ratio, and the interferometric patterns present in
the images. In this paper we present a novel strategy to
tackle this problem. Our approach is based on using local
features extracted from a bank of filters in order to provide
a description of different types of faint source structures. We
then perform a training step in order to automatically learn and
select the most salient features, which are used in a Boosting
classifier to perform the detection. The validity of our method
is demonstrated using 19 real images that compose a radio
mosaic. The comparison with two well-known state of the art
methods shows that our approach is able to obtain more source
detections, reducing also the number of false positives.

Keywords-Astronomical images; faint compact sources detec-
tion; Boosting classifier;

I. INTRODUCTION

A great number of surveys providing images and cata-

logues of millions of astronomical objects have been done

during the last years. The acquired images involve all kind

of ground-based and space telescopes at different resolutions

and different wavelengths (ranging from radiofrequencies to

high energy gamma rays). Cross-identification of objects in

these catalogues is essential to count and classify the vast

amount of astronomical sources, and also to describe their

physics and their relevance in the universe composition and

evolution. Therefore, the development of robust algorithms

for automated object detection in these images is necessary

for the astronomical research community.

Recent wide field radiointerferometric surveys show a

large amount of faint compact objects with intensities very

close to noise levels. On top of that, the high dynamic

range of this kind of images makes difficult the visualization

of the full range of intensities of the global map (see for

instance Taylor et al. [8] and Stil et al. [6]). Moreover,

these images are usually very complex, presenting a diffuse

interferometric pattern, deconvolution artifacts and grating

rings produced by strong sources and, sometimes, by calibra-

tion problems. Hence, automatic detection methods working

at low signal-to-noise ratios become necessary in order to

create reliable catalogues of faint compact sources.

Several approaches have been proposed so far in order to

perform this faint source detection process. Many of them

are based on applying local thresholding techniques such as

the SAD task of the AIPS (Astronomical Image Processing

System) [7] and the well-known SExtractor [1]. However,

these methods tend to miss detections or to detect false faint

sources due to the fact that they have intensities close to

noise levels.

In this paper we present a novel approach to perform

the faint source detection in wide field radiointerferometric

surveys. Our idea is inspired on the work of Murphy et al. [4]

for object detection. Similar to their approach, we use a set

of local features extracted from a bank of filters in order

to provide a description of different types of faint source

structures. Afterwards, we perform a training step in order

to automatically learn and select the most salient features,

which are then used in a Boosting classifier to perform the

detection of faint sources. We also include in our approach

a final step for reducing the false positive detections caused

by the image noise. The experimental results with real data

and the comparison with two of the most used methods in

the astronomical community (SAD [7] and SExtractor [1])

illustrate the validity of our approach.

The rest of the paper is organized as follows. In

section II we describe the boosting approach used to

perform the detection. In section III we show experiments

on different real images which validate our proposal.

Finally, conclusions are given in section IV.

II. OUR BOOSTING DETECTION SYSTEM

Our approach for detecting faint compact sources is based

on the work of Murphy et al. [4] for object detection.

Similar to them, we first build a visual feature dictionary

which is composed of faint sources patches. Afterwards,

these dictionary words are used to extract local features

from a training set. Finally, the system is trained using a

Boosting classifier, which is our faint source detector. This

idea of using local features to perform object detection and

classification has been widely used during the last years [9],

[10], [11]. In the following sections we will describe in
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Figure 1. Graphical representation of our approach: 1) building the
dictionary, 2) training process, 3) testing process with new images. Notice
that different image sets are used for each step.

more detail the important aspects of our approach, which

is divided in three main parts as illustrated in figure 1.

A. Building the dictionary

The first task of our system consists in building a visual

feature dictionary. The definition of this dictionary contains

the visual words (patches) that will be then used to extract

features for training and testing. First of all, we randomly

select a set of wide field aperture synthesis radio images

to create the dictionary. Afterwards, these images are con-

volved with a bank of filters composed by: a delta function,

which does not change the image; 4 gaussian derivatives;

a laplacian filter; a corner detector; and 2 sobel filters. All

the filtered images are then used to extract different patches

centered on faint sources. Figure 2 shows the building

dictionary process. These patches become the words of our

dictionary. Notice that as well as the patch, the used filter is

also needed to extract the image features, since each patch

is convolved with the corresponding filtered image.

When the dictionary has been built, the pixels of an image

can be characterized using the following equation:

v = (I ∗ f) ⊗ p (1)

where v are the characterized image pixels, I is the original

image, f is the filter, and p is the filtered patch. Therefore,

the image is convolved (∗) with the filter and then a nor-

malized cross correlation (⊗) with the patch is performed.

As a result we obtain a probability image with high values

on the regions similar to the patch.

B. Training and testing processes

The goal of the training process is to learn which features

are the best in order to detect faint compact sources. Our

training data is created as follows. Instead of using all the

pixels of the training images, which will be computational

expensive, we select some points for each training image.

In particular, we select the center of the faint sources

(positive training samples) and some random locations of

the background (negative training samples). Afterwards, we

apply a Boosting algorithm on these samples to perform

the training. Boosting algorithms are based on the simple

idea that the sum of weak classifiers can produce a strong

classifier. In our system we used the gentleBoost algorithm

proposed by [2], since it was demonstrated in [3] that it is

more numerically stable than other confidence-rated variants

of Boosting. The weak classifiers ht are simple regression

stumps with one of the features, so at each round the feature

with less error is selected. The weak classifier function used

is shown in equation 2,

ht(x) = a(xi > th) + b (2)

where x is the data, xi is the i’th dimension (feature) of

x, and th is a threshold that determines if the data belongs

to the object class or not. Note that a and b are parameters

selected to minimize the error function of equation 3 given

the chosen feature xi and threshold th.

e =
∑

(w(y − (a(xi > th) + b))2) (3)

where y are the labels and w are the training data weights

updated at each round. Equation 4 is then used to update

the data weights.

wt+1 = wte
y·ht(x) (4)

Our final faint source classifier H(x) is the sign of the

result of the weak classifiers sum. Once this pixel-based

classifier is built, we can move to the testing process where

the classifier is applied to new images in order to perform

the faint compact source detection.

As a final step of our system and in order to remove

possible false positive detections, we discard detections

according to their intensity noise level of the neighbourhood

pixels. In particular, as the noise in radioastronomical images

follows a Gaussian distribution, we determine the noise level

N fitting a Gaussian function to the intensity histogram of

the neighbourhood. N is defined as the half-width fitted

Gaussian at a fraction 1
fr

of the fitted Gaussian height.

Afterwards, we filter those pixels detections with intensity

levels under q times the image neighbourhood noise level

N . Notice that these q and fr parameters have to be

properly tuned. This point will be further discussed in the

following section.

III. EXPERIMENTAL RESULTS

To validate the performance of our approach we use the

19 deep radio images obtained by Paredes et al. [5] at

610 MHz (49 cm) to survey a 2.5◦ × 2.5◦ region centered

on the MGRO J2019+37 peak of high energy gamma-rays

emission. Each image is of size 3385 × 3397 pixels and

covers a 28′ radius circular region. All these images are
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Figure 2. Dictionary building process.

partly overlapped in a hexagonal pattern to compose a final

mosaic (see Figure 3). These images are an ideal benchmark

set for automated detection methods since: 1) they show a

significant amount of detail due to its high spatial dynamic

range; 2) they have a remarkable population of compact

sources (i.e. star-like objects) and show extended diffuse

emission; 3) they also show unwanted interferometric pattern

mainly caused by deconvolution artifacts and grating rings

from strong sources both inside and outside the primary

beam; and 4) they have been previously used to create

two different catalogues using the SAD task of AIPS [7]

and the SExtractor [1]. Therefore, enabling a quantitative

comparison with them.

Before obtaining the final results with this data set, we

optimized the parameters involved in our detection approach.

For instance, regarding the number of images and visual

words used for building the dictionary, we observed that

increasing them the detection results were not significantly

improved, while the computational time of the whole process

dramatically increased. As a result, we decided to use a set

of 3 images and around 3000 visual words (100 sources ×
3 patch sizes × 10 filters) for describing the different types

of faint source structures. These values were empirically

obtained, providing a good trade-off between performance

and feature vector length. Regarding the number of images

and the number of positive and negative samples used for

training, we noticed as expected that better results were

obtained when increasing them. In this work, in order to

perform the quantitative evaluation of our experiments we

used a 6-folder cross-validation methodology. The 19 images

were divided into 6 different groups, from where 1 was used

to create the dictionary (3 images), 4 groups were used to

train the Boosting classifier (12 images), while the remaining

group was used for testing. This procedure was repeated

until all image groups were used for testing. Notice that

each image appears in the test set only once. Regarding the

number of samples, for each training we used approximately

400 positive source samples and 7000 negative samples ran-

domly selected from the images. Regarding the parameters

q and fr used during the false positive reduction step, we

empirically selected q = 3.5 and fr = 6 since allowed to

reduce the number of false positives, without affecting the

true positive detections. These parameters turn out to provide

Figure 3. 19 deep radio images obtained by Paredes et al. [5]. All these
images are partly overlapped to compose a final mosaic.

the best overall performance.

Table I shows the quantitative analysis in terms of number

of true positive (TP) and false positive (FP) detections

obtained for the 19 images. Figure 4 illustrates the obtained

results on fields 14 and 15 using our Boosting approach,

SAD and SExtractor (blue, red and green respectively).

Moreover, Table I also includes the quantitative comparison

with the two catalogues obtained using SAD and SExtractor

methods. Analyzing these results one can see that our

Boosting approach succeeds in reducing the number of FP

with respect to SAD and SExtractor, while the number of TP

detections increases, being even better than those reported

by the other methods. We want to stress that some of

these TP were not coincident. Our approach found 397 TP

coincident with the results reported by SAD (87%) and 461
with respect to the results reported by SExtractor (97%). 375
TP were coincident in all the approaches. Regarding the false

positive detections, our approach found 71 FP after correctly

discarding 168 detections during the FP reduction step.
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Table I
QUANTITATIVE ANALYSIS, COMPARING OUR APPROACH WITH SAD

AND SEXTRACTOR METHODS.

Approach TP Detections FP Detections

Boosting 501 71

SAD [7] 455 474

SExtractor [1] 473 266

IV. CONCLUSIONS

A novel approach for the detection of faint compact

sources in wide field interferometric radio images has been

proposed. The description of different faint source structures

have been done using local features extracted from a bank

of filters. Moreover, a Boosting classifier has been used

to automatically select the most salient features and to

perform the faint source detection. Finally, a false positive

reduction step have been applied to filter false detections

caused by the noise ratio and the interferometric patterns of

the images. The experimental results and the comparison

with SAD and SExtractor methods have shown that our

approach is able to obtain a reliable number of true positive

detections, while reducing greatly the number of false

positives. Finally, we want to emphasize the simplicity of

implementing our Boosting approach (our code is available

at http://eia.udg.edu/∼atorrent/sourcedetection).
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