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Abstract 
 

The proposed work aims at improving the feature detection in Speeded up Robust Feature (SURF) Algorithm. It has been observed that 

the SURF feature detector shows low feature detection in low contrast images which is caused due to the application of weighted gaussi-

an at multiple scales before feature point detection. To overcome this problem an effective pre-processing technique is proposed which 

increases the image contrast to an optimum level enabling detection of more features by SURF Algorithm. The paper also introduces an 

effective optimization which clusters the feature points describing the same region proposal and concatenating these feature points into a 

single feature point with a new region proposal which holds minimal region in common with other feature points to reduce the redundant 

feature points generated due to the application of pre-processing. Finally, to obtain the feature vector of the new region proposal of the 

feature point, the feature vectors of the feature points belonging to the same cluster are concatenated to form an arbitrary dimensional 

feature vector. 
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1. Introduction 

Computer Vision has been expanding with several applications in 

our day to day lives. One of the main applications of Computer 

Vision is object recognition. Object recognition is extensively 

used in several tasks like self-driving cars, face detection, tumor 

detection and video surveillance etc. Object recognition is the 

process of identifying objects inside an image or video which can 

be performed either on the basis of appearance or features. 

Appearance based object recognition relies on the visual charac-

teristics of the objects in the image which involves edge, gradients 

and histogram-based recognition. In appearance based object 

recognition the appearance of the object is captured using multiple 

views of object. The appearance based methods can be divided 

based on local and global descriptors. The local descriptors are the 

intensity, entropy and contrast of the region of interest. The global 

descriptors describes the appearance of the complete image these 

descriptors includes methods like Principal component analysis 

(PCA) [2], Independent component analysis (ICA) [3] and Non - 

negative matrix factorization (NMF) [4]. 

The feature based object recognition refers to the calculation of 

features of the objects in an image. There are several methods 

involved in feature based object recognition which includes deep 

neural network models [5] and computer vision algorithms like 

Speeded Up Robust Feature, Scalar Invariant Feature Transfor-

mation [6] etc., each of these have their own set of advantages and 

disadvantages. 

The feature-based object recognition can also be categorized into 

local feature-based methods as well as global feature-based meth-

ods. The local feature based methods are Scalar Invariant Feature 

Transformation (SIFT), Speeded Up Robust Feature (SURF) and 

the global feature methods are Histogram of oriented gradients 

(HOG) [7] etc. The SIFT is a feature detector and descriptor used 

to extract local features in an image and the SURF is an improve-

ment over the SIFT in terms of speed. The BRISK [8], BRIEF [9] 

and FREAK [10] are other alternatives to these algorithms which 

further decreases time complexity of feature matching by convert-

ing the features into a binary form. 

It has been observed that the SURF algorithm is not invariant to 

contrast changes of the image due to application of the multiple 

sized weighted gaussians applied before feature point detection. 

The requirement for such invariance to contrast is important since 

several real time systems are only capable of capturing low con-

trast images, which includes underwater image acquisition, images 

captured inside human or animal body, images captured at night or 

when faulty tools have been used to capture the image. 

Section 2 of the paper discusses the related work that has been 

done in the similar context. Section 3 describes the proposed Fea-

ture descriptor generation technique in detail. Section 4 deals with 

the Experimental Result Analysis section which shows the analy-

sis of proposed work on brain tumor [17] and hand metric [18] 

datasets. Section 5 is about the Conclusion which is arrived based 

on Section 4. The Acknowledgment and References are provided 

in Section 6 and 7 respectively. 

2. Related work 

The Speeded up Robust Feature (SURF) algorithm was proposed 

by Bay et al [1] in 2006. The SURF is one of the most commonly 

used feature detection and descriptor algorithm in the field of 

computer vision and machine learning. The reason for its exten-

sive use is its scalar invariance, rotational invariance, low compu-

tational complexity and it gives local features. The SURF algo-

rithm has been severely used in both industrial and research appli-
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cations. The SURF algorithm is commonly used in applications 

like object recognition, object detection, gesture recognition, mo-

tion tracking, image alignment etc. 

Some of the recent works on SURF algorithms shows the usage of 

SURF in low contrast settings such as the one where Suneel et al 

[11] has discussed about classifying the skin images into normal 

skin, burn, bloody, cancer and allergic skin by using the SURF 

features. The authors start their work by enhancing the image 

through a series pre-processing techniques like morphological 

operation, histogram equalization, noise removal and median blur-

ring which is applied to the image. Later the SURF features are 

detected for this image which is used by the classifier for classify-

ing of the image. 

Nivedha et al [12] had proposed an effective dehazing method 

with conceptual regularization using SURF for haze images. In 

this work the authors first recover the radiance of the image by 

using global air light estimation method and further they enhance 

the contrast of the image by increasing the luminance Factor L 

based on hue (H) and saturation (S). The authors have made a new 

optimization for dehazing metric based on weighted L1-norm with 

the contextual regularization and the boundary constraints. 

Surya et al [13] used a series of image enhancement techniques 

starting from Histogram Equalization, NLMeans normalization 

and steerable Gaussian filtering to create an illumination and pose 

invariant efficient ear recognition technique. The features are ex-

tracted for this image using SURF and then these features are used 

for classification by a fusion of 3 different nearest neighbor classi-

fier. 

Hatem et al [14] has devised a method for choosing the most im-

portant features for point matching. The method used binary clas-

sifier to extract important feature points in the image and results 

have been compared with other classifiers and feature detectors. 

Adithya et al [19] has proposed an improved version of SIFT 

which is robust to low contrast images. This has been achieved by 

adding the Sobel output of the input image to the input image until 

the entropy of the resultant image is high to make sure that high 

contrast exists in the images. This entropy based optimization lead 

to over-amplification of visual cues and in-order to reduce this 

effect, affinity propagation clustering is performed to cluster simi-

lar feature descriptors. 

A key point to be noted from these related works is that each of 

these works suffered from the issue of abruptness in the contrast 

of levels of the input image. Hence, this shows the importance of 

solving such a ubiquitous problem. 

3. Proposed work 

The proposed work improves the SURF algorithm by enhancing 

the contrast of the input image using Contrast Limited Adaptive 

Histogram Equalization (CLAHE) [15] with optimal parameter 

settings. It is observed that the count of feature points gets in-

creased by a considerable amount when the SURF features are 

calculated for this CLAHE enhanced image. But this gives rise to 

some features which appear due to the artefacts induced by CLA-

HE. Hence, these artefacts tend to describe redundant region pro-

posals. This problem is handled by performing feature point opti-

mization. A novel feature point optimization approach is intro-

duced to reduce the number of feature points by finding the shared 

region between the feature points along with its Hessian and La-

placian values. The clustering approach followed here is based on 

the region proposal decided during the formation of feature de-

scriptor. Once the clusters are recognized, all the feature de-

scriptors for the points inside the newly formed cluster are concat-

enated based on the region of overlap. 

The proposed work consists of the 3 modules: 

• Contrast enhancement using Contrast Limited Adaptive 

Histogram Equalization. 

• Feature point detection using Speeded Up Robust Features 

on contrast enhanced image 

• Optimization of feature points based on the shared regions. 

 

 
Fig. 1: Modules of the Proposed Work. 

3.1. Contrast enhancement using contrast limited adap-

tive histogram equalization 

SURF algorithm identifies feature points in image by using ap-

proximate box filters. It is observed that the SURF algorithm iden-

tifies lower number of feature points due to application of Approx-

imate Box Filters at multiple scales. As the scale is increased, the 

contrast of the image at that particular scale is decreased. Thus any 

object lying in the low contrast region of the image will not be 

detected. 

Solution to this problem is to increase the contrast of the image to 

an optimum level such that it nullifies the smoothening effect of 

the weighted Box Filter. This can be done by CLAHE. 

Contrast Limited Adaptive Histogram (CLAHE) is a computer 

vision technique suitable for improving the local contrast and 

augmenting the definition of edges of the given input image. 

CLAHE was proposed by Pizer et al. [15] and it builds upon the 

principles of Adaptive Histogram Equalization (AHE) technique. 

It improves traditional histogram equalization by computing sev-

eral histograms of distinct regions in the image and then using 

them to equally distribute intensity values of the image. While 

applying Adaptive Histogram Equalization (AHE) if the image 

region under consideration has a relatively small intensity range 

then the noise in that region gets more amplified leading to the 

appearance of undesired artefacts in those regions. CLAHE solves 

the problem of over amplifying noise by limiting the contrast en-

hancement of AHE by setting a clip limit which limits the slope at 

that point. 

The amount of contrast enhancement to be done on the image is 

directly proportional to the slope of the neighborhood Cumulative 

Distribution Function (CDF). CLAHE limits the amplification by 

clipping the histogram at a predefined value, as shown in Figure 2, 

before computing the CDF. The resulting neighboring regions are 

then put back together using bilinear interpolation. To achieve 

optimal enhancement from CLAHE on the input image, the pa-

rameters grid size and the clip limit of the CLAHE are chosen 

from the location of the maximum curvature in the entropy curve 

[16]. 

Proposed technique does the contrast enhancement as a prepro-

cessing step before feature points detection. Although the contrast 

of the image is improved, the SURF feature detector detects re-

dundant feature points due to the artefacts created by CLAHE. 
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Fig. 2: CLAHE Clip Limit and Grid Size (Source of the Image: Wikipe-

dia). 

3.2. Feature point detection using speeded up robust 

feature 

The feature points are detected using SURF algorithm on the brain 

tumor dataset [17] images. Table 1 shows the comparative results 

of the feature point detection using SURF with the low and high 

contrast brain images. 

 
Table 1: Feature Point Detection after Contrast Enhancement 

Low con-

trast Image 

Feature 

points 

detected 
using 

SURF for 

the input 
image 

without 

contrast 
enhance-

ment 

Num-

ber of 
feature 

points 

detect-
ed 

using 

SURF 
for the 

input 

image 
with-

out 

con-
trast 

en-

hance
ment 

High Con-

trast Image 

Feature 

points 
detected 

using SURF 

for the 
input image 

with con-

trast en-
hancement 

Num-

ber of 

feature 
points 

detect-

ed 
using 

SURF 

for the 
input 

image 

with 
con-

trast 

en-

hance

ment 

  

0 

 

 

55 

  

0 

 

 

72 

  

0 

 

 

78 

  

0 

  

111 

 

As seen in the Table 1, it is clearly observed that the number of 

feature points in the image has increased drastically compared to 

the low contrast image and it is also observed that several feature 

points detected cover the same region proposals. 

3.3 Novel Feature point optimization and variable length feature 

vector formation 

The CLAHE contrast optimization causes artefacts in the image 

which leads to the formation of extraneous features which de-

scribes redundant regions in the image. This problem is solved by 

employing a novel feature point optimization technique which 

exploits the shared region between region proposals as shown in 

Figure 3. This optimization technique works as an unsupervised 

learning-based clustering approach. 

This clustering technique first estimates the strength of the feature 

points based on its Hessian value in the image and sorts them in 

descending order. For every point a search is made into its 20σ 

neighbourhood and checks if any feature points are found in this 

neighbourhood having strength lower than the point itself and 

whether its sign of Laplacian (-1,1) is same as that of itself. The 

reason for choosing the same sign of Laplacian is that we are look-

ing into neighbourhood of the point and there is a possibility that 

the point lying in the vicinity is of the same object but there could 

also be a possibility that the nearby region is not of the same ob-

ject, so we use sign of the Laplacian which gives the contrast in-

formation of the feature point. If the feature points to be clustered 

are in the same object region then they’ll have same sign of Lapla-

cian. The sign of the Laplacian is calculated using the formula in 

Equation (1). If all these conditions are satisfied then the point is 

added into the cluster with the strongest point as the cluster centre. 

This process is continued until all the points are clustered. 

 

                                                                                                                                                             
(1) 

 

Now starting from least strong cluster center and its associated 

cluster, the common region between this point and the points in-

side the cluster is approximated and the Haar wavelet response for 

that particular region is concatenated into feature vector of the 

cluster centre. This is done sequentially for all the points with 

increasing value of the feature point strength. 

 
Table 2: Feature Points after Optimization 

Contrast en-

hanced image  

Feature points 

detected using 
SURF for the 

input image 

with contrast 
enhancement 

Number 

of fea-

ture 

points 

detected 
using 

SURF 

for the 
input 

image 

with 
contrast 

en-
hance-

ment 

Clustered fea-

ture points 
detected using 

SURF for the 

input image 
with contrast 

enhancement 

and after clus-
tering 

Number 

of fea-

ture 

points 

detected 

using 
SURF 

for the 

input 
image 

with 

en-
hance-

ment 
and 

optimi-

zation 
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55 

 

28 

  

72 

 

42 

  

78 

 

38 

  

111 

 

54 

 

  
Fig. 3: Intersecting Region Proposals. 

 

The advantage of this process lies not only in reducing the number 

of feature points in the image but also compressing the infor-

mation of multiple regions of an image into a single feature vector. 

The results of the clustering based feature vector can be viewed in 

the Table 2. 

4. Experimental results 

The modified speeded up robust features for low contrast region of 

the images has been tested with Brain dataset [17] and Hand Met-

ric dataset [18]. After a series of experiments on the Brain dataset 

[17] and Hand Metric dataset [18], it is observed that the CLAHE 

acts as a good pre-processing technique and increases the contrast 

level sufficiently enough to enhance the contrast to the optimum 

level. 

In the experimental setup, we use images from Hand Metric Da-

taset as these images display very low contrast information. The 

Table 3 shows the set of Input Images: 

 
Table 3: Input Image 

Input Image 

 

 

 

 

 

The Table 4 shows that the set of resultant images that are ob-

tained after CLAHE enhancement, we can observe that optimal 

contrast enhancement is achieved as discussed in section 3.1 apart 

from the contrast enhancement we can also discern the artefacts 

that are being created in the image. 

 

 

 

 

 

 

 
Table 4: Contrast Enhanced Images. 

Resultant Image from the Application of CLAHE 

 

 

 

 

 

The Table 5 shows the feature points obtained after using the 

SURF where the left part shows the features which we were sup-

posed to obtain without enhancing the image and the right part 

shows the set of features obtained by using enhanced image: 

 
Table 5: Feature Point Detection 

Feature points 
detected using 

SURF for the 

input image 
without contrast 

Number of 
feature points 

detected using 

SURF for the 
input image 

Feature points 
detected using 

SURF for the 

input image with 
contrast en-

Number of 
feature points 

detected using 

SURF for the 
input image 
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enhancement without contrast 

enhancement 

hancement with contrast 

enhancement 

 

1 

 

4 

 

1 

 

3 

 

2 

 

2 

 

2 

 

3 

 

The proposed clustering has been applied on the feature points 

detected and the resultant features can be seen in Table 6. 

 
Table 6: Optimized Feature Points 

Feature points Detected using 

SURF after clustering 

Number of feature points detected 

using SURF after clustering 

 

3 

 

3 

 

1 

 

3 

5. Conclusion and future enhancements 

The proposed work improves the SURF algorithm by making it 

robust to low contrast images and by reducing the number of fea-

tures points by clustering them into a single feature point. The 

future work relies on the fact that although the feature points are 

clustered together there still exists few feature points which are 

still sharing a common region proposal with other feature points, 

so future research of this work will be focusing on the improve-

ment of clustering. 

Acknowledgment 

We would like to thank the authors of Brain dataset [17] and Hand 

Metric dataset [18] as these datasets have helped us to perform 

empirical analysis and prove the effectiveness of our research. 

References 

[1] Bay, H., Tuytelaars, T. and Van Gool, L., 2006. Surf: Speeded up 
robust features. Computer vision–ECCV 2006, pp.404-417. 

[2] Wold, S., Esbensen, K. and Geladi, P., 1987. Principal component 

analysis. Chemometrics and intelligent laboratory systems, 2(1-3), 
pp.37-52. https://doi.org/10.1016/0169-7439(87)80084-9. 

[3] Hyvärinen, A., Karhunen, J. and Oja, E., 2004. Independent com-

ponent analysis (Vol. 46). John Wiley & Sons. 
[4] Lee, D.D. and Seung, H.S., 2001. Algorithms for non-negative ma-

trix factorization. In Advances in neural information processing 

systems (pp. 556-562). 
[5] Goyal, S. and Benjamin, P., 2014. Object recognition using deep 

neural networks: A survey. arXiv preprint arXiv:1412.3684. 

[6] Lowe, D.G., 1999. Object recognition from local scale-invariant 
features. In Computer vision, 1999. The proceedings of the seventh 

IEEE international conference on (Vol. 2, pp. 1150-1157). Ieee. 

https://doi.org/10.1109/ICCV.1999.790410. 
[7] Dalal, N. and Triggs, B., 2005, June. Histograms of oriented gradi-

ents for human detection. In Computer Vision and Pattern Recogni-
tion, 2005. CVPR 2005. IEEE Computer Society Conference 

on (Vol. 1, pp. 886-893). IEEE. 

https://doi.org/10.1109/CVPR.2005.177. 
[8] Leutenegger, S., Chli, M. and Siegwart, R.Y., 2011, November. 

BRISK: Binary robust invariant scalable keypoints. In Computer 

Vision (ICCV), 2011 IEEE International Conference on (pp. 2548-
2555). IEEE. 

[9] Calonder, M., Lepetit, V., Strecha, C. and Fua, P., 2010. Brief: Bi-

nary robust independent elementary features. Computer Vision–
ECCV 2010, pp.778-792. https://doi.org/10.1007/978-3-642-15561-

1_56. 

[10] Alahi, A., Ortiz, R. and Vandergheynst, P., 2012, June. Freak: Fast 
retina keypoint. In Computer vision and pattern recognition 

(CVPR), 2012 IEEE conference on (pp. 510-517).  

[11] Kumar, S. and Singh, A., 2016. Image Processing for Recognition 
of Skin Diseases. International Journal of Computer Applications, 

149(3). 

[12] Nivedha, M. and Aldo, M.S., 2015, Effective Dehazing with Con-
ceptual Regularization Using Surf For Haze Image, International 

Journal of Engineering Sciences & Research Technology 4(3) pp. 

379-384. 
[13] Prakash, S. and Gupta, P., 2013. An efficient ear recognition tech-

nique invariant to illumination and pose.  Telecommunication Sys-

tems, pp.1-14. https://doi.org/10.1007/s11235-011-9621-2. 
[14] Sergieh, H.M., Egyed-Zsigmond, E., Doller, M., Coquil, D., Pinon, 

J.M. and Kosch, H., 2012, November. Improving surf image match-

ing using supervised learning, Signal Image Technology and Inter-
net Based Systems (SITIS), 2012 Eighth International Conference 

on (pp. 230-237). IEEE. 

[15] S. M. Pizer, E. P. Amburn, J. D. Austin, et al.: Adaptive Histogram 
Equalization and Its Variations. Computer Vision, Graphics, and 

Image Processing 39 (1987) 355-368. 

https://doi.org/10.1016/S0734-189X(87)80186-X. 

[16] Min, B.S., Lim, D.K., Kim, S.J. and Lee, J.H., 2013. A novel meth-

od of determining parameters of CLAHE based on image entropy. 

International Journal of Software Engineering and Applications 
vol: 7 No: 5 pp. 113-120 

[17] Cheng, Jun (2017): brain tumour dataset. 

figshare.https://doi.org/10.6084/m9.figshare.1512427.v5, Re-
trieved: 16:47, Sep 27, 2017 (GMT) 

[18] Li, Q., 2006. Research on handmetric recognition and feature level 

fusion method (Doctoral dissertation, PhD thesis, BeiJing JiaoTong 
University, Beijing). 

[19] Adithya S., Sivagami M. (2018) Enhanced Scalar-Invariant Feature 

Transformation. In:Nandi A., Sujatha N., Menaka R., Alex J. (eds) 
Computational Signal Processing and Analysis. Lecture Notes in 

Electrical Engineering, vol 490. Springer, Singapore 

https://doi.org/10.1007/978-981-10-8354-9_32. 

https://doi.org/10.1016/0169-7439(87)80084-9
https://doi.org/10.1109/ICCV.1999.790410
https://doi.org/10.1109/CVPR.2005.177
https://doi.org/10.1007/978-3-642-15561-1_56
https://doi.org/10.1007/978-3-642-15561-1_56
https://doi.org/10.1007/s11235-011-9621-2
https://doi.org/10.1016/S0734-189X(87)80186-X
https://doi.org/10.1007/978-981-10-8354-9_32

