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The High Altitude Water Cherenkov (HAWC) observatory surveys the very-high-energy sky in the
energy range from 300 GeV to greater than 100 TeV. Its wide field of view makes it particularly
suitable for studying large, extended regions of emission that often contain multiple point and
diffuse sources of gamma rays. Existing blind search methods to detect sources in HAWC data use
a computationally expensive, iterative source fitting algorithm that can take several days to scan a
few degree region in the sky. In this work, we adopt a new approach to speed up the identification
of sources using an image processing pipeline. Using image processing filters, and a blob finder
algorithm, based on the Determinant of a Gaussian, this pipeline seeds sources accurately up to
300 times faster than the current HAWC source search pipeline. The pipeline’s output are then
passed onto a global multi-threaded likelihood fitter for accurate source localization. We present
the performance of the improved pipeline and discuss prospects for future applications on other
astrophysical datasets.
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1. Introduction8

The analysis of HAWC data is done using a likeihood-based systematic multi-source search9

procedure utilizing the threeML software package and the HAL Plugin [1][2]. This approach was10

inspired by the extended source search described in the Fermi-LAT Extended Source Search Catalog11

[3]. The pipeline to search for point sources and extended sources within the region of interest12

(ROI) is described in [4]. This procedure is computationally intensive and often requires multiple13

days to produce a final model for a region. Often this approach misses fainter sources, which need14

to be added manually later. This blind search could be complemented by providing a method to seed15

source locations, which can be assessed and evaluated by likelihood analysis, thereby significantly16

reducing the computational time and resources spent on finding a model.17

In this work, we present the results of an image processing algorithm, using the scikit-image18

[5] python-package, to seed sources from a gamma-ray significance image. Additionally, we show19

the performance metrics of the image processing pipeline with 60 simulations and compare the20

speed of the pipeline with conventional likelihood source search method. Finally, we discuss the21

applications of the image processing algorithm in the context of source seeding in astronomical22

images, also by extending the application to Fermi-LAT, and potentially with future public LHAASO23

and SWGO data.24

Figure 1: HAWC Significance Sky Map showing the location and morphology of three different simulated
sources, marked with their labels and extensions (in galactic coordinates).
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2. Source Detection Pipeline25

To analyze and seed sources in a region, the first step is to determine the region of interest (ROI)26

of the source in question. The ROI of the image is chosen to encompass a large region (≈ 50 × 50)27

around the potential sources. Once the ROI is found and the image is selected, it is then passed on28

to the image processing pipeline. The image processing pipeline is described below:29

2.1 Image Preprocessing30

The significance image is pre-processed to remove significant under-fluctuations. Significance31

maps show severe under-fluctuations, in regions where there is not enough background statistics32

and near the edges of the field of view (FOV) of the detector, as negative significance. When the33

significance is <∼ −5𝜎, during the image contrast normalization and blob detection steps (described34

in the following sections), background fluctuations starts to show up as fake source seeds (noise35

seeds). To eliminate these noise seeds, the original significance map is clipped to a minimum value36

of -5 𝜎, the resulting image is shown in Fig.(1). This is done to reduce the noise in the images,37

while still keeping a large dynamic range for the pixel intensities for further processing. The clipped38

image is then scanned for peaks with values ≥ 5𝜎 intensity, which is our detection threshold. If39

there are peaks found in the map, then the pipeline proceeds to the next step.40

2.2 Image Normalization41

The clipped image shows a large dynamic range which is based on the ROI of the region in42

analysis, as regions with fainter sources look different from those with very bright sources. To43

produce consistency in the dynamic range between different regions of the data and to reduce the44

bias of finding brighter sources, the clipped image is first normalized to values between [0, 1]. This45

is an essential technique for spatial-based image enhancement, as it adjusts the image contrast to46

bring out the fainter sources in the images.47

2.3 Feature Enhancement using Difference of Gaussian method48

The normalized image, does not show the presence of any underlying features buried in it. To49

look at the underlying features in the normalized image, we use a feature enhancement algorithm50

called the Difference of Gaussians (DoG)[6][7].51

The normalized image is convolved with a Gaussian kernel with a smearing radius, equal to52

the point spread function (PSF) value, averaged over different bins, of the detector corresponding to53

the declination of the region in analysis. Blurring the normalized image with the Gaussian kernels54

suppresses high-frequency spatial information such as sharp peaks, sharp edges, fine boundaries..55

etc and enhances low-frequency spatial information such as gradual change in intensities. The56

Gaussian convolved image is then subtracted from the normalized image to produce a "DoG57

residual image". The resulting image preserves the high frequency components which when58

examined corresponds to the sources in the images. Point sources and smaller extended sources59

appear as sharper peaks, whereas large extended sources are removed. From Fig.(2a), it seen that60

there are 2 main peaks, which correspond to the point sources in the original map of the simulated61

sources seen in Fig.(1), and the large extended source from the original map is removed. Therefore,62

the DoG algorithm acts as a spatial bandpass filter, allowing high frequency components to pop up.63
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A smearing radius of 0.20 is used in the simulation plots shown in the proceeding. The intensity64

histogram of the DoG residual image is calculated as shown in Fig.(2b).The intensity histogram65

(green) resembles a zero-centered Gaussian distribution with a skewed tail toward positive values.66

Therefore, the intensity data is fit with a gaussian function (red), and we calculate the 3𝜎 deviation67

of the gaussian intensity, which is used for intensity thresholding in the next step.68

(a) Residual map after subtracting the 0.20 Gaussian con-
volved kernel image from the normalized image

(b) Intensity Histogram of the DoG residual map. The pixel
intensitiy curve are show in green, the gaussian fit to the
curve is shown in red. The black line shows the 3𝜎 deviation
from the gaussian fit.

Figure 2: Difference of Gaussian (DoG) Algorithm

2.4 Blob Detection and Intensity Thresholding69

We employ a blob detection algorithm, which is based on the DoG approach to look for blobs70

in the images [7]. The blob detection algorithm works by building an array of images, in which71

the DoG residual image is blurred with increasing smearing radii and the difference between two72

consecutive images are stored in a 3D array. The algorithm scans each of these images in the 3D73

array, where it looks for high intensity at the location of each pixel. For each pixel scanned in a74

single image, it performs a secondary scan of the 8 neighboring pixels. The the pixel is evaluated75

by comparing its intensity to the intensity of the surrounding pixels and determines if its a local76

maxima/minima, called as the local extrema. If the pixel is local extrema, then the pixel is compared77

to its corresponding pixel in all the images from the 3D array, and if the algorithm shows a local78

extrema in multiple blurred scale images, then it tags the pixel as a blob and the (x,y) pixel position79

and scale size is returned.80

The DoG blob finder returns multiple detected blobs, both real and fake, depending on the81

local extrema and fluctuations near the boundary of the images. To remove the fake blobs, we apply82

a boundary cut and intensity thresholding steps.83

A boundary cut is applied where blobs detected 10 from the edges are removed. Then, an84

internal intensity thresholding algorithm rejects the detected blobs, whose local extrema are less85

than the 3𝜎 deviation from the gaussian fit to the pixel intensity histogram of the DoG residual86

map. A second thresholding algorithm is applied, where the significance values of the blobs from87

the input significance map are compared. If the significance value inside the blobs is less than 588

sigma, it is removed from the list of detected blobs.89
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After filtering the blobs with the intensity thresholds, a source seed list is produced. The seeds90

in the sources are classified into 2: (a) If the scale of the blob is less than 0.150, then it is classified91

as a point-like source (b) If the scale of the blob is greather than 0.150, then it is classified as an92

extended-like source. The seed list is passed then passed onto a astropy model file and the sources93

are evaluated using threeML+HAL Plugin.94

3. Performance95

We run the pipeline on 60 sets of simulations with a total of 123 sources: (i) 66 point sources96

(ii) 25: < 0.50 extended sources (iii) 33: > 0.80 extended diffuse sources. We recover 65 point97

sources, 24 of < 0.50 extended sources and 1 of > 0.80 extended diffuse sources. We see that98

the algorithm has a 10% false positive rate, most of it coming from detecting very bright > 0.8099

extended sources as point-like. The cpu wall time to run the image processing pipeline, over 60100

simulations sets was less than 26 hrs, whereas the conventional blind search using likelihood fitting101

algorithms took over 2 months. The image processing algorithm achieves a 60× speedup compared102

to the conventional method, corresponding to an approximate performance gain of 98.33%.

Figure 3: The source seeds detected from the image processing pipeline, along with the simulated source
locations.

103
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The output seeds, referred to as Drips, generated by the image processing pipeline on the104

simulation dataset used in this study are shown in Fig.(3). We see that for the simulation dataset105

used, the image processing pipeline is fully capable of recovering the simulated sources.106

4. Conclusion107

We explore the use of modern image processing algorithms for astronomical source detection,108

demonstrating significantly faster source seeding compared to traditional blind likelihood-based109

methods. The algorithm presented here achieves >98% accuracy in identifying point sources and110

>95% accuracy for extended sources, while offering a computational speedup of approximately111

98% relative to conventional approaches. The proposed pipeline can be seamlessly extended to112

source-seeding applications in datasets from instruments like Fermi-LAT, as well as upcoming113

publicly available data from SWGO and LHAASO, enabling the full utilization of image-based114

analysis methodologies.115
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