
194  |  INNOVATIVE: INTERNATIONAL MULTI-DISCIPLINARY JOURNAL OF APPLIED TECHNOLOGY       www.multijournals.org 

 

 
 

 

 

 
A Survey of Blob Detection Methods: Techniques, 

Evaluation, and Applications 

 

 

 
Gurneet Kaur 

P.G. Student, Department of CSE, Sat Kabir Institute of Technology and Management, 

Bahadurgarh, Haryana, India 

Meenakshi Arora 

Assistant Professor, of CSE, Sat Kabir Institute of Technology and Management, Bahadurgarh, 

Haryana, India 

Rohini Sharma 

Assistant Professor, CS, GPGCW, Rohtak, Haryana, India 

 

Abstract:  

 

Blob detection is a critical task in image processing, encompassing a variety of techniques aimed at 

identifying regions in an image that differ in properties, such as brightness or color, compared to 

surrounding areas. This survey provides a comprehensive overview of the most prominent blob 

detection methods, categorizing them into differential, region-based, and watershed-based 

approaches. Each method is evaluated based on criteria such as computational complexity, 

robustness, and accuracy. The differential approach includes techniques like the Laplacian of 

Gaussian (LoG) and Difference of Gaussians (DoG), known for their precision in identifying blob-

like structures. This survey also delves into the applications of blob detection across various fields 

such as medical imaging, where it aids in detecting tumors and other abnormalities, and in computer 

vision for object recognition and tracking. By comparing and contrasting these methods, this paper 

aims to guide researchers and practitioners in selecting the most suitable blob detection technique 

for their specific application needs. Future directions in blob detection research are discussed, 

highlighting the potential of machine learning and deep learning approaches to enhance detection 

accuracy and efficiency.  

Keywords: Image processing, Blob detection, Computer Vision. 

 

INTRODUCTION: Blob detection methods are designed to automatically detect regions in an 

image that exhibit some form of uniformity and are distinguishable from the background. Blob 
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analysis is a foundational machine vision approach that examines consistent patches inside images. 

Because of this, it is the preferred tool for applications where the things being examined can be 

easily seen against the background. A broad range of visual inspection issues can be solved with 

customized solutions thanks to the variety of Blob Analysis techniques available.  

The principal benefits of this methodology encompass elevated adaptability and superior efficacy 

[1]. Its restrictions are as follows: distinct pixel-precision requirements and background-foreground 

relation requirements. Blob detection has a wide range of applications across various fields[2]: 

Medical Imaging: Detecting tumors, lesions, or other abnormalities in medical scans like MRI or 

CT images. Object Recognition: Identifying and tracking objects in video surveillance, 

autonomous driving, and robotics[3]. Astronomy: Detecting celestial bodies like stars and galaxies 

in astronomical images. Microscopy: Identifying cells, bacteria, or other microorganisms in 

microscopic images[4]. Remote Sensing: Analyzing satellite images to detect features like 

buildings, vehicles, or land use patterns. Despite its usefulness, blob detection faces several 

challenges: Noise Sensitivity: Blob detection techniques can be sensitive to noise, leading to false 

positives or missed detections. Scale Variation: Objects may appear at different scales in an image, 

requiring multi-scale approaches to detect blobs of varying sizes. Complex Backgrounds: 

Detecting blobs in images with complex backgrounds or overlapping objects can be difficult. 

Computational Complexity: Some methods, especially those involving the Hessian matrix or 

watershed transform, can be computationally intensive. Parameter Selection: The performance of 

blob detection methods often depends on the choice of parameters, such as the size of the Gaussian 

filter or the threshold values[5]. 

   

Figure 1: Identification of Blobs in an Image 

RESEARCH BACKGROUND 

In pictures, we may generally define a blob as a collection of pixel values that create a relatively 

colony or a huge item that is distinct from its background. In general, a blob is anything that is seen 

of as something big or anything brightly in a dark background. Image processing allows us to 

identify these kinds of blobs in an image. Blob detection, as used in computer vision society, 

describes visual modules designed to identify areas and/or points in an image that contrast with their 

surroundings in terms of brightness or color. Blob detectors fall into two major categories:  

1)Differential detectors, which are differential techniques based on derivative expressions[6] 2) 

Watershed Detection, which are approaches based on local extrema in the intensity landscape[2]. A 

multiscale technique is required for automatically identifying blobs of varying (unidentified) sizes. 

The scale-space theory [7]states that the scale-normalized LoG operation [6] which determines the 

scale of the identified blob by choosing the one at which the maximum filter response is assumed, is 

how the conventional multiple-scale LoG blob detector [8]locates blobs with various scales by 

recognizing local extrema of the LoG scale-space representation. Yet, a significant number of 

overlapping blobs are found, necessitating blob pruning postprocessing. Additionally, a few LoG 
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blob detector variations have been suggested. As an illustration, the difference of Gaussian (DoG) 

[9] is comparable to the LoG and can be thought of as a rough representation of the LoG operator. 

But compared to the LoG procedure, the DoG can be computed more effectively. In a similar 

method as with the Laplacian blob detector, blobs can be identified from the scale-space extrema of 

DoG. Local extrema of the scalenormalized determinant of the Hessian can be located by the DoH 

approach, which also detects picture blob structures, by calculating the determinant of Hessian 

(DoH) of the Gaussian scale-space representation. 

COMMON BLOB DETECTION TECHNIQUES 

A. Laplacian of Gaussian (LoG): This technique involves smoothing the image with a Gaussian 

filter and then applying the Laplacian operator. Blobs are detected as local extrema in the result. 

Process 

1. Gaussian Smoothing: Convolve the image I with a Gaussian filter G of scale σ to reduce noise: 

𝐼𝜎 = 𝐼 ∗ 𝐺𝜎         (1)    

2. Laplacian Operator: Apply the Laplacian operator to the smoothed image to obtain the 

Laplacian of Gaussian. 

𝐿𝑜𝐺𝜎 = ∇2𝐼𝜎         (2) 

3. Detection of Blobs: Identify blobs by finding the local extrema (both maxima and minima) in 

the Laplacian of Gaussian response. 

B. Difference of Gaussians (DoG): Similar to LoG but simpler computationally, this technique 

involves subtracting two Gaussian-blurred images with different standard deviations. 

Process 

1. Gaussian Smoothing: Create two smoothed versions of the image using Gaussian filters with 

different standard deviations σ1 and σ2 (where σ2>σ1): 

𝐼𝜎1 = 𝐼 ∗ 𝐺𝜎1 and 𝐼𝜎2 = 𝐼 ∗ 𝐺𝜎2       (3) 

where ∗ denotes convolution and Gσ is the Gaussian function with standard deviation σ. 

2. Difference of Gaussians: Subtract the two Gaussian-blurred images to obtain the DoG: 

𝐷𝑜𝐺 =  𝐼𝜎2 −  𝐼𝜎1         (4) 

3. Blob Detection: Identify blobs by finding the local extrema (both maxima and minima) in the 

DoG response. Blobs correspond to regions where the DoG value is significantly different from 

zero, indicating a notable change in intensity. 

C. Determinant of Hessian (DoH): The Determinant of Hessian (DoH) method is a blob detection 

technique used in image processing that leverages the Hessian matrix to identify regions in an 

image that exhibit blob-like structures. The Hessian matrix consists of second-order partial 

derivatives of the image intensity, and its determinant helps in highlighting regions where the 

intensity has a significant variation, which typically corresponds to blobs. 

Process 

1. Hessian Matrix Calculation: Compute the Hessian matrix H for each pixel in the image. For a 

2D image, the Hessian matrix at a pixel (x,y) is given by: 

𝐻(𝑥, 𝑦) =
𝐼𝑥𝑥(𝑥, 𝑦) 𝐼𝑥𝑦(𝑥, 𝑦)

𝐼𝑥𝑦(𝑥, 𝑦) 𝐼𝑦𝑦(𝑥, 𝑦)
       (5)  
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2. Determinant of Hessian: Calculate the determinant of the Hessian matrix: 

𝐷𝑒𝑡(𝐻(𝑥, 𝑦)) = 𝐼𝑥𝑥(𝑥, 𝑦). 𝐼𝑦𝑦(𝑥, 𝑦) − (𝐼𝑥𝑦(𝑥, 𝑦))2     (6) 

3. Blob Detection: Identify blobs by finding the local extrema (maxima and minima) in the 

determinant of the Hessian response. Blobs correspond to regions where the determinant is 

significantly different from zero, indicating a notable change in intensity. 

D. Region Growing: Region Growing is a blob detection method in image processing that starts 

with a seed point and expands the region by adding neighboring pixels that have similar 

properties (e.g., intensity, color). This method is iterative and continues to grow the region until 

a stopping criterion is met, such as reaching a predefined intensity threshold or the region's 

boundary. 

Process 

1. Seed Point Selection: Select initial seed points in the image where the region growing process 

will start. Seed points can be chosen manually or based on some predefined criteria (e.g., local 

intensity maxima). 

2. Region Initialization: Initialize the region with the seed point. 

3. Region Growing: Iteratively add neighboring pixels to the region if they meet the similarity 

criteria (e.g., intensity difference within a threshold). 

4. Stopping Criterion: Stop growing the region when no more neighboring pixels meet the 

similarity criteria or when a predefined condition is met (e.g., region size or intensity variation). 

Given an image I and a seed point (x0, y0), the region growing process can be described as:  

𝑅 =  {(𝑥0, 𝑦0)}          (7) 

For each Pixel (x, y) in the region, check its neighbors (x1,y1) and add it to the region. 

|𝐼(𝑥1 − 𝑦1) − 𝐼(𝑥 − 𝑦)| ≤ 𝑇ℎ𝑟𝑒ℎ𝑜𝑙𝑑       (8) 

Repeat it until no more pixels can be added to the region. 

E. Watershed Transform: The Watershed Transform is a powerful image segmentation technique 

used in image processing for blob detection. It treats the grayscale image as a topographic 

surface, where the intensity values represent elevation. The watershed algorithm then finds the 

"watersheds" or ridgelines in the image, which correspond to boundaries of regions or blobs. 

Process 

1. Preprocessing: Smooth the image and compute the gradient to highlight regions of rapid 

intensity change, which correspond to edges. 

2. Marker-based Segmentation: Use markers to specify the foreground and background regions. 

These markers guide the watershed algorithm. 

3. Watershed Transform: Apply the watershed algorithm to segment the image into regions. 

Each region corresponds to a blob. 

4. Postprocessing: Refine the boundaries and remove small or irrelevant regions. 

Steps 

1. Gradient Calculation: Compute the gradient magnitude of the image. This emphasizes the 
edges, which will act as the watershed lines. 

𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡(𝐼) = √(𝜕𝐼
𝜕𝑥⁄ )2 + (𝜕𝐼

𝜕𝑦⁄ )2       (9) 
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2. Marker Creation: 

 Foreground Markers: Identify regions of interest (blobs) by thresholding or using 

morphological operations to find sure foreground regions. 

 Background Markers: Identify sure background regions, often done by inverting the 

foreground markers or using a distance transform. 

3. Watershed Algorithm: Apply the watershed transform to the gradient image. The algorithm 

treats pixels as being flooded from the markers and merges regions until only the watershed 

lines (edges) remain, separating the blobs. 

4. Segmentation Result: The result is a labeled image where each label corresponds to a unique 

region or blob. 

Table 1: Comparison of the Blob Detection Methods 

Feature/Aspect 
Laplacian of 

Gaussian (LoG) 

Difference of 

Gaussians (DoG) 

Determinant of 

Hessian (DoH) 
Region Growing 

Watershed 

Transform 

Description 

Convolves the 

image with a 

Gaussian filter 

and then applies 

the Laplacian 

operator to detect 

blobs as local 

extrema. 

Approximates 

LoG by 

subtracting two 

Gaussian-blurred 

images with 

different standard 

deviations. 

Uses the Hessian 

matrix to find 

blob-like 

structures based 

on second-order 

partial 

derivatives. 

Groups pixels 

into larger 

regions based on 

predefined 

criteria like 

intensity 

similarity. 

Treats the image 

as a topographic 

surface and 

finds watershed 

lines to separate 

different 

regions. 

Scale 

Invariance 

Yes, multi-scale 

approach. 

Yes, multi-scale 

approach. 

Yes, multi-scale 

approach. 

No, typically 

single-scale. 

Yes, can be 

extended to 

multi-scale. 

Computational 

Complexity 
High Medium High Low High 

Robustness to 

Noise 
Moderate Moderate High Low Low 

Parameter 

Sensitivity 

Sensitive to scale 

selection and 

thresholding. 

Sensitive to scale 

selection. 

Sensitive to scale 

and thresholding. 

Sensitive to 

initial conditions 

and criteria. 

Sensitive to 

noise and initial 

conditions. 

Accuracy 
High, precise 

localization. 

High, but slightly 

less precise than 

LoG. 

High, precise for 

well-defined 

structures. 

Moderate, 

dependent on 

criteria. 

High for 

complex 

structures, but 

can over-

segment. 

Application 

Areas 

Medical imaging, 

computer vision, 

astronomy. 

Computer vision, 

object recognition. 

Medical imaging, 

computer vision, 

biological 

imaging. 

Image 

segmentation, 

medical imaging. 

Medical 

imaging, 

microscopy, 

remote sensing. 

References [3] [5] [8] [10] [2] 

 

Table 2: A comparison of Existing Blob Detection Methods 

References [11] [12] [13] [14] 

Publication 
IEEE Transactions on 

Cybernetics 

Pattern 

Recognition 

Letters 

IEEE Transactions 

on Biomedical 

Engineering 

IEEE Transactions on 

Medical Imaging 

Method 

Generalized Laplacian 

of Gaussian (LoG) 

filter 

Recognizing 

overlapping 

elliptical bubbles 

Small blob 

identification using 

regional features 

from optimum 

scale 

Multi-scale blob 

detection algorithm 

Focus Generalized LoG for Elliptical bubble Identification of Tumor detection in 
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improved blob 

detection 

recognition small blobs in 

medical images 

breast ultrasound 

images 

Algorithm Complexity 

Moderate to high (due 

to generalization of 

LoG) 

Moderate Moderate 

Moderate to high 

(multi-scale 

approach) 

Application Domain 

Various applications, 

including medical 

imaging, computer 

vision 

Bubble 

recognition in 

industrial 

applications 

Medical imaging 
Medical imaging 

(breast ultrasound) 

Key Features 
- Enhanced LoG for 

better blob detection 

- Handles 

overlapping 

bubbles 

- Uses regional 

features from 

optimum scale for 

accurate detection 

- Multi-scale 

approach for 

detecting tumors 

 

- Applicable to multiple 

domains 

- Effective for 

elliptical shape 

detection 

- Focused on small 

blobs 

- Focused on tumor 

detection 

Advantages 

- Improved accuracy 

and robustness of blob 

detection 

- Effective in 

recognizing 

overlapping 

bubbles 

- High accuracy in 

detecting small 

blobs 

- High accuracy in 

detecting tumors in 

breast ultrasound 

images 

Challenges/Limitations 

- Computationally 

intensive due to 

generalized approach 

- May not 

generalize well 

to non-elliptical 

shapes 

- May require 

parameter tuning 

for different image 

types 

- Computationally 

intensive due to 

multi-scale 

processing 

Evaluation Metrics 

- Comparison with 

standard LoG and other 

blob detection methods 

- Precision, 

recall, and F-

measure for 

bubble 

recognition 

- Sensitivity, 

specificity, 

accuracy for 

medical images 

- Sensitivity, 

specificity, precision, 

and recall for tumor 

detection 

Performance 

- Demonstrates superior 

performance compared 

to standard LoG and 

other methods 

- High accuracy 

in detecting 

overlapping 

bubbles 

- High sensitivity 

and specificity in 

detecting small 

blobs 

- High sensitivity and 

specificity in 

detecting tumors 

 

CONCLUSION 

Choosing the best method for blob detection depends on the specific requirements and 

characteristics of the application. Each method has its strengths and weaknesses, which make them 

more or less suitable for different scenarios. DoG offers a good balance of computational efficiency 

and effectiveness for scale-invariant blob detection, making it suitable for real-time applications and 

general feature extraction tasks. LoG is preferred for applications requiring precise and robust blob 

detection, especially in medical imaging and microscopy where accuracy is critical. The watershed 

transform excels in detecting complex and irregularly shaped blobs with accurate boundary 

delineation, making it ideal for medical imaging and other applications where shape details are 

important. Region growing is useful when an intuitive and adaptive method is needed, especially 

when dealing with images having varying intensity levels and well-defined seed points. DoH is 

suited for applications needing robust scale-invariant detection, such as feature detection in 

computer vision with high contrast images. 
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