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ABSTRACT 
 
 
 
Many applications require automatic image analysis for different quality of 

the input images. In many cases, the quality of acquired images is suitable for 
the purpose of the application. However, in some cases the quality of the acquired 
image has to be modified according to needs of a specific application.  A higher 
quality of the image can be achieved by Image Enhancement (IE) algorithms. 
The choice of IE technique is challenging as this choice varies with the 
application purpose. The goal of this research is to investigate the possibility of 
the selective application for the IE algorithms. The values of entropy and Peak 
Signal to Noise Ratio (PSNR) of the acquired image are considered as parameters 
for selectivity. Three algorithms such as Retinex, Bilateral filter and Bilateral 
tone adjustment have been chosen as IE techniques for evaluation in this work. 

Entropy and PSNR are used for the performance evaluation of selected IE 
algorithms. In this study, we considered the images from three fingerprint image 
databases as input images to investigate the algorithms. The decision to enhance 
an image in these databases by the considered algorithms is based on the 
empirically evaluated entropy and PSNR thresholds. Automatic Fingerprint 
Identification System (AFIS) has been selected as the application of interest. The 
evaluation results show that the performance of the investigated IE algorithms 
affects significantly the performance of AFIS. The second conclusion is that 
entropy and PSNR might be considered as indicators for required IE of the input 
image for AFIS. 
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1 INTRODUCTION 
An image is a two dimensional representation of a real life scene. Due to the 

presence of unnecessary atmospheric conditions during capturing, the captured 
image may not have a good perception for the human visual system or may not 
be suitable for the specific application [1]. By using image enhancement process, 
the image is modified and perception of the image is improved for the human 
visual system or a better input image is provided to process an application. Image 
enhancement techniques may include modifications of the image brightness, 
contrast and gray level distribution in the image which results in a change of the 
pixel intensity values [2]. The choice of enhancement technique varies with the 
application purpose. 

The image enhancement can be implemented in spatial and frequency 
domains. In the spatial domain approach, the image enhancement technique is 
implemented for the pixel intensity values of the original image. In the frequency 
domain approach, the image enhancement technique is implemented for the 
transformed image. The transformed image is obtained by applying any of the 
transforms such as Fourier transform, Discrete Wavelet Transform (DWT), 
Discrete Cosine Transform (DCT), etc to the original image [3]. 

1.1 Thesis statement 
The main purpose of this thesis is to evaluate the performance of three IE 

algorithms for enhancing the poor quality images. The algorithms considered in 
this thesis are Retinex algorithm, Bilateral filter algorithm and Bilateral Tone 
Adjustment algorithm. The term poor quality image is defined as a low entropy 
and low PSNR image. Based on the performance metrics, the performances of 
IE algorithms are evaluated.  The performance evaluators used in this thesis are 
entropy, PSNR [4] and fingerprint recognition system [5]. In addition to 
evaluation of the performances of the algorithms, the thesis focusses on finding 
which type of images are suitable for IE algorithms considered in this work. 

1.2 Motivation 
Image enhancement has various applications in many fields. Some of those 

real time applications are 

 Blood vessel enhancement, X-ray enhancement in medical field [6] 
 Surveillance camera images enhancement for security purpose [7] 
 Target detection in military field [8] 
 Night navigation in remote sensing field [9] 
 Forensic image enhancement 

1.3 Problem statement and research questions 
There are many applications for image enhancement. Based on the 

application, the choice of the image enhancement technique is varied. Most of 
the applications can be implemented with different image enhancement 
algorithms. There is a need to know a most suitable technique for a specific 
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application. For this, we defined our application is to enhance the low contrast 
and low PSNR images. We implement three algorithms for this application and 
evaluate the performance of the algorithms. 

The research focus is to analyse different image enhancement algorithms 
performance. 

 Which is the effective algorithm among the selected algorithms to 
enhance a poor quality image? 

 What is the selection criteria for the image to be enhanced? 
 Which types of images are suitable for the investigated algorithms? 

1.4 Objectives 

The objectives of this thesis are: 

 Literature reviews on the existing image enhancement techniques. 
 Finding different types of poor quality images for using them as input 

images to the algorithms investigated in this thesis. 
 Eventual modification of the algorithms for image enhancement 

using the selected techniques (Retinex, Bilateral filter and BiTA). 
 Implementation of the algorithms in the MATLAB. 
 Measurement of the performance evaluators as the objective 

assessment of the algorithms. 
 Comparison of the objective and subjective assessments of the 

algorithms. 
 Comparison of the considered algorithms for different poor quality 

images using performance evaluators. 
 Designing thresholds for selection of images to be enhanced by the 

algorithms. 

1.5 Research methodology 

In this thesis, the main application is to enhance the images with low contrast 
and high noise. The quality of the input image is assessed using the performance 
metrics such as entropy and PSNR [4]. We considered the FVC2000 [10], 
FVC2002 [11] and FVC2004 [12] image databases as our input database to the 
IE algorithms. The IE algorithms considered in this work are modified to 
improve the images which are seemed to be poor quality images. For the 
selection of the input images to the algorithms, thresholds are computed using 
the entropy and PSNR values of the original images. Based on the thresholds, the 
considered IE algorithms are applied to the FVC databases. The obtained results 
are analysed objectively using the performance metrics. Subsequently, the 
performance of each performance evaluator is compared with the subjective 
assessment. In addition to this, the analysis of performance metrics is used to 
find which type of images are suitable for the considered IE algorithms. 
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1.6 Thesis organization 

Chapter 1 Introduction is the introduction to the project that includes 
motivation for the image enhancement, problem statement, research questions 
and a brief research methodology of this thesis. Chapter 2 Related Work deals 
with background work and previous research work related to this thesis. Chapter 
3 Theory includes a brief theory about each algorithm considered in this work 
and the step by step procedure of each algorithm for IE. Chapter 4 Methodology 
discusses the input database, performance metric parameters and initial 
methodology employed for the implementation of this thesis work. Chapter 5 
Results and Discussions contains the results of image enhancement by the 
algorithms and discussions of the obtained results for the evaluation of the 
algorithms performances. Subjective and objective analysis based on all the 
considered metrics of the results are discussed. Chapter 6 Conclusion and Future 
Work includes conclusions derived from the analysis of experiment results, 
answers to the research questions and scope for future research work. 
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2 RELATED WORK 
Research in the image processing field is a popular topic with the 

development in a number of algorithms and requirement in high-quality images 
for different fields. Significant research has been carried out in the image 
enhancement area for different types of images and the methods used for 
implementation of IE. The choice of the IE method changes with the application 
purpose. However, there exist many IE methods in practice according to the 
application needs. Some published research papers related to image enhancement 
techniques are presented as follows. 

Authors in [3] described various IE algorithms including both spatial domain 
and frequency domain enhancement techniques. Spatial domain methods are 
preferred for small applications. Point processing enhances the contrast of the 
image. Compared to other spatial domain methods considered in this paper, 
image negative method results in better enhanced image if the brighter regions 
are embedded in dark regions of the Region Of Interest (ROI) in the input image. 
This method is widely used for medical image enhancement. Power law 
transformation is used for dark images and contrast manipulation. Drawbacks 
such as unrealistic illusions and undesirable effects obtained in the output image 
for spatial domain methods are overcome by the frequency domain methods. 
Histogram equalisation technique enhances the global contrast of the image. 
Spatial filtering method removes noise in the image. 

Authors in [13] discussed several IE algorithms, provided a comparative 
study of these algorithms, their advantages, their limitations and applications 
suited for these algorithms. This paper discusses only the spatial domain 
techniques. Here the considered methods are divided into types based on global, 
local and hybrid enhancement techniques. Some of the techniques are considered 
for contrast enhancement with brightness enhancement and some of them are for 
contrast enhancement with brightness preservation. The performance of these 
algorithms is evaluated using various quantitative metrics. From the comparative 
analysis, histogram equalisation has the highest degree of deviation from the 
input image to enhanced image. Contextual and Variational Contrast (CVC) 
technique requires more execution time than the other techniques. Based on the 
PSNR measure, Layered Difference Representation (LDR) technique results 
better enhancement in all aspects than the other methods as this method has high 
PSNR value. 

Authors in [14] compared the effectiveness of three IE algorithms 
implemented on fingerprint images. The algorithms considered include both 
spatial domain and frequency domain techniques. The techniques used in this 
paper are power transformation, smoothing and contextual filtering using Gabor 
filters. After the application of IE, the output images showed improvements 
compared to input image especially if the IE processing is in the frequency 
domain. Contextual filtering enhances images well based on local context but it 
should also be combined with global context to adjust the global luminance of 
the image which results in a better enhanced output image. 
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Authors in [8] developed an infrared IE technique based on wavelet 
transformation and multiscale retinex algorithm (MSR). Here the image is 
decomposed into high frequency and low frequency sub-bands. MSR is used to 
enhance low frequency sub-band images to improve visual effect of infrared 
images. Based on this low frequency sub-band image and local context of the 
image, the gain coefficients of high frequency sub-band image are calculated. 
This algorithm is also good at noise removal and results show that this algorithm 
achieves a better enhanced image compared with infrared image enhancement 
method based on stationary wavelet transform as the designed algorithm 
suppresses more noise and improves visual effect. 

Authors in [15] implemented a basic bilateral filter for blood vessel 
enhancement on medical images. This proposed approach takes the multiscale 
vesselness measurement as an input to bilateral filter which helps to remove the 
noise by preserving the distal vessel structures. Results on the real time images 
shown the effectiveness of implemented method and these images can be further 
used for vessel tree extraction and vessel segmentation. 

Authors in [16] implemented an adaptive bilateral filter for edge sharpness 
enhancement and noise removal in the image. Here bilateral filter sharpens the 
image by increasing slope of edges which is different from unsharp masking. The 
edge slope is enhanced by transforming the histogram using a range filter with 
adaptive offset and width. The adaptive bilateral filter smooths the noise in the 
image while enhancing the edges and textures of the image. Experimental results 
showed that adaptive bilateral filter output images are sharper than the bilateral 
filter output images. 

Authors in [17] provided a contrast enhancement technique based on 
histogram equalisation and bilateral tone adjustment technique. Based on the 
convex optimisation theory, the objective function of histogram equalisation is 
minimised which results in high contrast enhancement and power saving 
simultaneously. Bilateral tone adjustment is applied to luminance for improving 
the quality of image whereas colour saliency detector calculates the amount of 
saliency of each image pixel with respect to its neighbouring pixels which finally 
produces a saliency map. Based on this map, the degree of enhancement is varied. 
Experimental results showed that the bilateral tone adjustment consumes less 
power and provides an improved contrast and perceptual quality in the image. 
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3 THEORY 
In this chapter, a detailed explanation about the considered three IE 

algorithms i.e., Retinex algorithm, Bilateral filter algorithm and Bilateral Tone 
Adjustment (BiTA) algorithm is presented. A brief history about the IE 
algorithms is given in the subsections of the respective algorithms descriptions. 
The step by step procedure of the algorithms for the execution of the image 
enhancement is also explained in the following sections. 

3.1 Retinex algorithm 
3.1.1 Theory 

Retinex theory was originally proposed by Edwin Land and McCann [18]. It 
adopts the lightness and colour perception of the human visual system. Retinex 
is a term originated from the synthesis of Retina and the cerebral Cortex as this 
method bridges the gap between images and the human observation [19]. 
Depending on the circumstances, retinex could implement sharpening, colour 
constancy processing and dynamic range compression. 

There are several subtypes of retinex methods for implementing image 
enhancement such as 

 Single scale retinex (SSR) [20] 
 Multi scale retinex (MSR) [20] 
 Multi scale retinex with colour restoration (MSRCR) [20] 
 Multi scale retinex with canonical gain/offset [20] 

According to retinex theory [21], the luminance of an image can be divided 
into illuminance and reflectance as shown in Figure 1. The mathematical 
representation is shown in equation 1: 

 

Figure 1 Illumination and reflectance part of original luminance image 
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 ( , ) = ( , ) ⋅ ( , ) , --- (1) 

where ( , ) is the amount of light human eyes perceive, ( , ) represents 
illuminance which confines the dynamic range of the image and ( , ) is the 
reflectance which shows the original appearance of the object. The  and  
values represent the position of the image pixel value. The essence of the retinex 
theory is to extract the reflectance from the luminance to obtain the original 
reflectance appearance of the object. For this to separate the illuminance from 
the image, we apply logarithmic to the process, according to 

 [ ( , )] = [ ( , )] +  [ ( , )] . --- (2) 

As illuminance (L) represents the low frequency content in an image (I), a 
low pass filter is used to extract the illuminance of the image as shown in 
equation 4. Thus by substituting the equation 4 in equation 2, the reflectance part 
of the image is estimated as shown in equation 6. The low pass filter used here 
is a Gaussian function ( , ), defined as 

 ( , ) =  , --- (3) 

where  is calculated such that ∬ ( , ) = 1 and  is the Gaussian 
surround space constant. The illumination is more even when  is bigger and 
dynamic range is compressed better when  is smaller. The illuminance is 
extracted according to 

 ( , ) = ( , ) ∗ ( , ) , --- (4) 

Here ‘*’ denotes the convolution operation. The extracted illuminance is 
eliminated and the reflectance is obtained as 

 [ ( , )] = [ ( , )] − [ ( , )] , --- (5) 

 [ ( , )] = [ ( , )] − [ ( , ) ∗ ( , )] . --- (6) 

Thus the high frequency part (reflectance) of the image is preserved by 
completely removing the low frequency part (illuminance) of the image from the 
original image. The block diagram for this process is shown in Figure 2. The 
result of the image enhancement is completely decided by the reflectance and the 
effect of enhancement is totally influenced by the quality of reflectance. 

 

Figure 2 Block diagram for extraction of image reflectance in retinex algorithm 
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3.1.2 Image enhancement using MSR technique 

In this thesis work, multi scale retinex is used to implement image 
enhancement. MSR is an extension of SSR. The SSR output is obtained by 

 ( , ) = ( , ) − log[ ( , ) ⋅ ( , )] , --- (7) 

where ( , ) is pixel value of the image. The quality of the output image is 
influenced by the . When the small  value is used the image contrast will be 
locally enhanced. When large  value is used better tonal rendition is obtained as 
the illumination is even in this case. There is no improvement in image contrast 
for large  value. Typically, a reasonable compromise in the output can be 
obtained using middle scale value. However, as  value varies with image, it is 
difficult to calculate an appropriate constant  value for the algorithm. 

To overcome this problem MSR is designed and it is defined as a weighted 
combination of small, medium and large scale SSR’s [21]. Mathematically, 

 ( , ) = ∑ ( , ) , --- (8) 

where  is the MSR output, S is number of scales,  is the weight associated 
with sth scale and  is the SSR output. The sth scale Gaussian surround space 
constant is calculated such that 

 ( , ) =  , --- (9) 

where  is the Gaussian surround space constant of sth scale. The  is calculated 
such that ∬ ( , ) = 1. Experiments conducted for most images showed 
that the small, medium and large  values can be selected as 15, 80 and 250 [20]. 
The weights of each scale are identical and the summation of all weights is equal 
to 1. Therefore, the values of all weights are equal to 1/3. These specifications 
are used in MSR to provide trade-off between dynamic range compression and 
tonal rendition. The drawback of MSR is noise contained in large dark area is 
amplified or an unnatural output image is produced. That means an image which 
has lost its global contrast of brightness (i.e., the relative brightness of darker 
regions and brighter regions) is resulted. 

3.2 Bilateral filter algorithm 
3.2.1 Theory 

The bilateral filter was first developed by Aurich and Weule while working 
on nonlinear Gaussian filters [22]. This has been later rediscovered by Smith and 
Brady during their SUSAN frame work [23]. Finally, Tomasi and Manduchi 
developed its current name in 1998. Since then, there is rapid growth in bilateral 
filter theory and it has vast applications in image processing field [24]. Some of 
the applications are denoising, tone management, stylization, texture editing and 
optical flow estimation. 
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The main objective of bilateral filter is to remove image noise while 
preserving the sharpness of the edges which results in a noise free image. During 
the noise removal, if a pixel of an image is observed as an edge, then the weight 
of the smoothing action is reduced whereas smoothing is increased if the 
observed pixel is not an edge. The bilateral filter depends on two parameters that 
indicate the size and contrast of the image feature to be preserved. The bilateral 
filter can be used in a non-iterative manner. So the parameters are easy to set as 
their effect is not cumulative over several iterations. In the bilateral filter, each 
pixel of the image is replaced by the average of its neighbouring pixels. This 
helps bilateral filter to acquire easy intuition about its behaviour and adapt to 
application specific requirements. 

The native approach for image filtering is convoluting an image with positive 
kernel [24]. One of the approaches is a Gaussian blur. It is defined as 

 ( , ) = ∑ (‖( , ) − ( , )‖)( , )∈ ( , ) ( , ) , --- (10) 

where ( , ) is Gaussian blur filtered image, ( , ) are the coordinates of a pixel 
in , W is the window centered at the pixel ( , ), ( , ) is the input image (I) 
pixel intensity and ( ) is the Gaussian kernel and it is defined as 

 ( ) =  , --- (11) 

where = ‖( , ) − ( , )‖ is the distance between to points with coordinates ( , ) and ( , ). Thus Gaussian filtering of an image is the weighted average of 
the pixel intensity values of neighboring positions with a decreasing weight with 
the spatial distance to the center position ( , ). In the defined distance        (‖( , ) − ( , )‖), the  defines the extension of neighborhood. The 
drawback of this method is blurred edges in the resulted image. 

Even though bilateral filtering is similar to Gaussian convolution, as bilateral 
filtering considers the variation in pixel intensities for preserving edges, the 
above drawback overcomes here. The motive of bilateral filter is that if two 
pixels of an image are close to each other not only they occupy nearby spatial 
locations but also they have some similarity in the photometric range. The 
bilateral filtering [4] of an image is defined as 

 ( , ) = ∑ (‖( , ) − ( , )‖)( , )∈ ( , ) ( , ) − ( , ) ( , ) , --- 
(12) 

where  is a normalization factor given by 

 = ∑ (‖( , ) − ( , )‖)( , )∈ ( , ) ( , ) − ( , )  .  --- (13) 

Here  is a spatial Gaussian which decreases the influence of distant pixels and 
 is a range Gaussian which decreases the influence of ( , ) pixels with an 

intensity value different from ( , ). The  and  parameters influence the 
performance of bilateral filter. Increase in spatial parameter  smooths larger 
features. With increase in range parameter , the bilateral filter becomes closer 
to Gaussian blur as the range of Gaussian blur is flatter. The term “range” refers 
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to quantities related to pixel intensity values whereas the term “space” refers to 
pixel locations. The influence of the spatial and range weights on the bilateral 
filter output image can be explained using Figure 3. 

 

Figure 3 Influence of weights on bilateral filter output image. Reprinted by permission: 
http://doi.acm.org/10.1145/566570.566574 [25] 

During image smoothing, each neighbour of the pixel to be modified is 
weighted by a spatial weight which penalises the distant pixels and a range 
weight which penalises the pixels with a different intensity [22]. The 
combination of both weights ensures that only nearby similar pixels contribute 
to the final result. 

3.2.2 Image enhancement using bilateral filter and unsharp masking 
filter 

In our thesis, we consider low contrast noisy images as input images. In the 
regard of image enhancement, we use a bilateral filter for noise removal and 
unsharp masking filter for contrast enhancement [4]. The two filters are 
integrated into a pipeline process. The spatial smoothing is implemented for 
noise removal using a bilateral filter. The contrast of output image that obtained 
from the bilateral filter is enhanced using unsharp masking filter. Using the 
merits of two filters leads to an output image with reduced noise and increased 
contrast. 

The bilateral filtered output image is obtained by convoluting the Gaussian 
kernel with the input image. Mathematically this operation is represented as 
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 ( , ) = ∑ ( , )⊗ ( , )( , )∈ ( , )∑ ( , )( , )∈ ( , )  , --- (14) 

Here the denominator represents the normalisation factor, ( , ) is the output 
image, ( , ) is the input image, ( , ) is the window centered at ( , ) of size 

x , ( , ) is the Gaussian weighting matrix. The symbol ⊗ indicates pixel 
wise multiplication. The weighting matrix is defined as 

 ( , ) =  ( , ) ⋅ ( , ) , --- (15) 

 ( , ) =  (( , ) ( , )) ⋅ ( ( , ) ( , ))
  --- (16) 

Here  is the spatial parameter and  is the range parameter. The output of the 
bilateral filter is given as input to unsharp masking filter. The unsharp masking 
filter is effective in contrast enhancement and especially increases the contrast 
around the edges of the objects in the image. As the high frequency signal 
concentrates on the edges of the objects, a high frequency and scaled version of 
the input image (the input image to unsharp masking filter is the output image of 
the bilateral filter) is added to itself to increase the image sharpness and contrast 
of the image. Mathematically this operation is represented as 

 ( , ) = ( , ) + ( , ) , --- (17) 

where ( , ) is the output filtered image, ( , )  is the bilateral filter output 
image,  is the scaled factor and ( , ) is the high frequency part of the ( , ) 
image. The high pass filter used in this work is  

 = − − 1 −1− 1 + 5 − 1− − 1 −   --- (18) 

Here ∈ [0,1] is the control coefficient which alters the filter characteristics. 

For = 0,  = 0 −1 0−1 5 −10 −1 0  , --- (19) 

and the high pass filtering is performed on the vertical and horizontal 
neighbourhood. 

For = 1,  = −1 0 −10 6 0−1 0 −1  , --- (20) 

and the high pass filtering is performed on the diagonal neighbourhood. So a 
mixture of filtering direction is obtained when 0 < < 1. Thus the high 
frequency component of ( , ) image is obtained by 

 ( , ) = ∑ ( , ) ⊗ ( , )( , )∈ ( , )  , --- (21) 

where the symbol * indicates piece wise multiplication, ( , ) is the 3x3 
window centered at ( , ), where the dimensions 3x3 is defined by the size of K. 
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On the other hand, the unsharp masking filter output image can also be 
obtained by subtracting a low frequency version of the image to itself. This 
approach is more immune to noise. Mathematically this is represented as, 

 ( , ) = ( , ) − ∑ ( , ) ⊗ ( , )( , )∈ ( , )  , --- (22) 

here  ( , ) is the low frequency kernel. An example of the low frequency 
kernel may be a scaled matrix of all elements being identical and sum of all 
elements is unity. The drawback of the unsharp masking filter is that the addition 
of high frequency component to the image may set the magnitude of the pixel 
below zero or above the maximum permitted level. This may result in clipping 
problems and reduction of the information in the output image. 

3.3 Bilateral tone adjustment 
3.3.1 Theory 

Generally, there are two approaches for image enhancement. They are local 
enhancement and global enhancement [26]. In the local enhancement approach, 
the image details are improved by analysing the image pixels using surrounding 
windows of different sizes. The multilevel enhancement approach is one of the 
local enhancement methods. The gain of the local contrast is inversely 
proportional to the local standard deviation (LSD). If the window size is too 
small, the image details in the dark and bright regions are obscure because the 
information in the wide surrounding region cannot be collected. If the window 
size is large there is high computational complexity. 

Global enhancement approach is focused on the complete image distribution 
and a single function is applied to all image pixels to adjust the global luminance 
of the image. Global enhancement methods do not consider the local information. 
It results in contrast loss in dark and bright regions. Histogram equalisation and 
tone curve based adjustment transforms are some of the global enhancement 
methods. Several extended versions of histogram equalisation are even 
implemented to preserve the mean brightness of the image but the local 
information is not considered. Implementing histogram equalisation with local 
information of the image gives extremely high computational complexity. In the 
tone curve based adjustment transforms, the image luminance is completely 
adjusted by using a tone curve. Most of the toned curves are effective to enhance 
the details in bright and dark regions. In the mid-tone regions where most 
important details of the image reside, the contrast is not enhanced. 

In our thesis, we are implementing bilateral tone adjustment (BiTA) 
algorithm [27] which uses two different tone curves to treat dark and bright 
regions separately. This algorithm also boosts the contrast in the mid-tone 
regions. We are considering two different approaches of BiTA to implement the 
image enhancement. They are Bilateral Gamma adjustment (BiGA) and Bilateral 
Polynomial adjustment (BiPA). 
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3.3.2 Image enhancement using bilateral gamma adjustment 

In this approach, the original image details are well preserved. For the BiGA, 
the input image luminance is normalised into the range [0,1]. The gamma 
adjustment function adjusts the global image luminance using a combination of 
two different versions of the gamma function. These two versions treat the bright 
and dark regions of the image separately. Mathematically the gamma adjustment 
function is defined as 

 ( ) =  , --- (23) 

 ( ) = 1 − (1 − )  , --- (24) 

 ( ) = ( ) , --- (25) 

Here  is the input image luminance and  is the user defined variable which 
varies the degree of enhancement.   is the convex function to enhance dark 
regions and  is the concave function to enhance bright regions. The gamma 
adjustment is the average of the above two functions mentioned. The gamma 
function enhances the bright and dark regions but the contrast in the mid-tone 
regions is decreased unavoidably. To overcome this drawback, a single curve is 
used in BiGA to enhance bright, dark and mid-tone regions. 

Based on various bi-histogram equalisation algorithms, BiGA output image 
is defined as 

 ( ) = ⋅ ,                      ≤⋅ + ,          >  , --- (26) 

Here = 0.5 indicates the central knot in the image luminance range [0,1] for a 
balanced tone curve. Thus the BiGA consists of two curves of gamma 
adjustment. 

From the equations 23-25, we can say that the variable  effects the degree 
of contrast enhancement on the image. If the  is too small value, the 
enhancement is very low, whereas large  value gives remarkable enhancement 
to the bright and dark regions but the image details in the mid-tone regions are 
almost disappeared. The slope of the line passing through any two points that lie 
on the gamma adjustment curve is always greater than the minimum tangent 
slope of the curve. Mathematically the tangent slope function of the gamma 
adjustment curve is the first derivative of gamma adjustment function. 

 ( ) = ( ) =  + (1 − )  , --- (27) 

The minimum tangent slope is obtained when  

 ( ) = 0 , --- (28) 
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 − (1 − ) = 0 , --- (29) 

This results = 0.5 for  ∉ [0,1,2] 
Thus the tangent slope function is minimum at = 0.5. The same analysis is 

applied for BiGA. Then the bilateral tangent slope function is obtained as 

 ( ) = ′ ,               ≤′ ,           >  , --- (30) 

The bilateral tangent slope function is minimum at = . We already 
mentioned = 0.5. So to obtain the minimum tangent slope of bilateral function 
we need  value. From the variation of bilateral tangent slope function with 
respect to  value, we set a threshold 0.7 to the minimum tangent slope and the 
respective  value is obtained as 2.02 [26]. So the resultant BiGA output image 
will enhance the contrast of the image by 70%.  

3.3.3 Image enhancement using bilateral polynomial adjustment 

In this BiPA approach, the computational cost is reduced by representing the 
tone curve using polynomials. Mathematically polynomial adjustment is defined 
as 

 ( ) = + (0.5) ( − 0.5)( − 1) , --- (31) 

Here  is the input image luminance. Similar to the above approach, the BiPA 
output image is defined as 

 ( ) = ⋅ ,                         ≤⋅ + ,             >  , --- (32) 

The approach and the performance of BiPA are similar to BiGA but the 
complexity of BiPA is lower than BiGA. 
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4 METHODOLOGY 

4.1 FVC databases 
To evaluate the performance of the algorithms described in the sections   3.1 

- 3.3, the three FVC image databases were used. Each FVC database has four 
sub-databases. Therefore, the databases FVC2000 [10], FVC2002 [11] and 
FVC2004 [12] contain 12 sub-databases in total. Every sub-database contains 
880 fingerprint images collected from 110 different fingers. This means every 
finger has 8 different impressions. The collection of fingerprints uses the ‘three 
bears rule’ (not too easy, not too hard). 

The images in each database are divided into two sets. One is a test set that 
consists of 800 images (set A) and the other is a training set consisting of 80 
images (set B). Set A contains the fingerprints of fingers numbered from 1 to 100 
and Set B contains the fingerprints of fingers numbered from 101 to 110. 

A brief description of number of images in each database is shown in   Table 
1. 

FVC year 
number 

Database 
number 

Number of images 
Test set   
(Set A) 

Training set 
(Set B) 

Total in 
database 

Total in 
respective year 

FVC2000 Db1 800 80 880 3520 
Db2 800 80 880 
Db3 800 80 880 
Db4 800 80 880 

FVC2002 Db1 800 80 880 3520 
Db2 800 80 880 
Db3 800 80 880 
Db4 800 80 880 

FVC2004 Db1 800 80 880 3520 
Db2 800 80 880 
Db3 800 80 880 
Db4 800 80 880 

Total 9600 960 10560 10560 

Table 1 List of number of images in each database of three FVC databases 

Therefore, the total test set images of FVC databases i.e. 9600 images are 
used to analyse the three image enhancement algorithms. 

Every database is generated by using a different fingerprint sensor. In the 
following Table 2 and Table 3, the sensor list used for data collection, size and 
resolution of images in each database are presented. Due to the usage of different 
quality of sensors and different resolutions for generation of each database, there 
is different quality of images in each database. 
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FVC year 
number 

Database 
number 

Sensor type 

FVC2000 Db1 Low-cost optical sensor ‘Secure Desktop Scanner’ by KeyTronic 
Db2 Low-cost capacitive sensor ‘TouchChip’ by ST Microelectronics 
Db3 Optical sensor ‘DF-90’ by Identicator Technology 
Db4 Synthetic generator [28] 

FVC2002 Db1 Optical sensor ‘Touch view II’ by Identix 
Db2 Optical sensor ‘FX2000’ by Biometrika 
Db3 Capacitive sensor ‘100 SC’ by Precise Biometrics 
Db4 Synthetic generator (SFinGe v2.51) 

FVC2004 Db1 Optical sensor ‘V300’ by CrossMatch 
Db2 Optical sensor ‘U.are.U 4000’ by Digital Persona 
Db3 Thermal sweeping sensor ‘ Fingerchip FCD4B14CB’ by Atmel 
Db4 Synthetic generator (SFinGe v3.0) 

Table 2 List of sensors used for generation of database 

FVC year number Database number Image size Resolution 
FVC2000 Db1 300 x 300 500 dpi 

Db2 256 x 364 500 dpi 
Db3 448 x 478 500 dpi 
Db4 240 x 320 500 dpi 

FVC2002 Db1 388 x 374 500 dpi 
Db2 296 x 560 569 dpi 
Db3 300 x 300 500 dpi 
Db4 288 x 384 500 dpi 

FVC2004 Db1 640 x 480 500 dpi 
Db2 328 x 364 500 dpi 
Db3 300 x 480 512 dpi 
Db4 288 x 384 500 dpi 

Table 3 Specifications of each database 

All the images of the FVC databases may not require image enhancement. A 
brief discussion is presented about which type of images requires image 
enhancement. Here the Figure 4(a) shows the relatively good quality image. Such 
image quality does not change or may worsen after the enhancement. For 
example, there is an unnecessary background variation in the enhanced image in 
Figure 4(b). 

The Figure 5(a) is an example of a poor quality image. After the application 
of image enhancement, there are quite good noise removal and contrast 
enhancement in the output image as shown in Figure 5(b). 
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(a) Good quality image (b) Enhanced output of good quality image 

Figure 4 Influence of image enhancement on a good quality image 

 

 
(a) Poor quality image (b) Enhanced output of poor quality image 

Figure 5 Influence of image enhancement on a poor quality image 
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4.2 Objective Metrics 
4.2.1 Peak Signal to Noise Ratio (PSNR) 

The signal to noise ratio compares the level of the desired signal to the 
amount of background noise. In our thesis, we considered poor quality input 
images which are already corrupted. So there is no reference image to calculate 
the noise level of input image [4]. Therefore, we defined PSNR for no reference 
image as 

 = 10 ∗ log ( )  , --- (33) 

Here ( ) is the variance of image I. For a gray scale image, the maximum 
intensity value is 255 and minimum intensity value is 0. 

4.2.2 Entropy 

Entropy measures the information in the image based on pixel intensity 
variation in the image [4]. Mathematically it is represented as  

 =  − ∑ log  , --- (34) 

where H is entropy,  is the probability of ith pixel intensity. The noise present 
in the image is also indicated in the pixel intensity variation of the image. So the 
entropy of the input image even considers this noise variation in the input image. 

The high entropy image may have high information or high noise. High 
entropy image may have high noise because the image will have unnecessary 
pixel intensities in the image in this case which leads to increase in entropy value. 
So the respective PSNR values for these images help us to find whether the image 
has noise or not. This is the reason for considering PSNR and entropy parameters 
in this research. 

4.3 Automatic Fingerprint Identification System (AFIS) 
As mentioned in [5], the National Institute of Standards and Technology 

(NIST) designed a fingerprint recognition system for all the images of the FVC 
databases. This NIST fingerprint matching method is a combination of minutiae 
extractor (MINTCT) and a minutiae matcher (BOZORTH3). The performance 
of any image processing technique implemented on the FVC databases can be 
evaluated with this NIST fingerprint recognition system based on the 
performance metrics Error Equal Rate (EER) and Area Above Curve (AAC). 
The metric Area Under Curve (AUC) is expressed in terms of AAC. 

In percentage = 100 −   --- (35) 

EER is the value defined when the false accept rate is equal to false reject 
rate as shown here in Figure 6. The smaller is EER, the better is the performance 
of fingerprint identification system. 
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Figure 6 Error Equal Rate 

AUC is defined as the area under the receiver operating characteristic (ROC) 
curve. The greater is AUC the better is the performance of fingerprint 
identification system. Figure 7 is an example figure which shows ROC curves for 
three different classification methods, that are Logistic regression, Support 
Vector Machines (SVM) and Naive Bayes. 

 
Figure 7 Area Under Curve 
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By observing the Figure 7, the logistic regression ROC curve has greater 
AUC. So the performance of this method is better than the other two methods. In 
a similar way, the AUC values obtained for the image enhancement algorithm 
are compared with NIST method AUC values to evaluate the algorithm 
performance. The greater is AUC, the better is the performance of fingerprint 
identification system. The source of Figure 7 is 
https://se.mathworks.com/help/stats/perfcurve.html?requestedDomain=de.mathworks.com. 

In real applications, fingerprint matching systems often operate far from the 
EER value by decreasing the False Match Rate (FMR) in order to assure a high 
level of security. However, decreasing the FMR will lead the False Non Match 
Rate (FNMR) to increase. This causes rejection of larger amount of true matches. 
Therefore, the performance measures must be minimal and ideally zero. 

In this thesis, initially the NIST system is implemented on the original FVC 
database images and the first set of results is obtained in terms of AAC, EER and 
AUC values. Then from the 12 sub-databases of FVC2000, FVC2002 and 
FVC2004 databases, the images need to be modified are selected according to 
the selection method proposed in this thesis using the thresholds method 
described in section 4.4. After the application of IE algorithms, the AFIS is 
implemented on the FVC databases containing the modified images and the 
second set of results (AAC, EER and AUC values) is obtained. These two sets 
of results are compared and the algorithms are evaluated. The lower the EER and 
AAC values correspond to the better performance of the applied IE algorithms. 
[5]. So, the challenge in our case is to decrease the EER and increase the AUC. 

In the following Table 4, Table 5 and Table 6, the list of values for metrics 
obtained for the original images of the three FVC databases is presented. 

Performance 
Metrics 

FVC2000 
Db1a Db2a Db3a Db4a 

AAC 3.2% 1.5% 3.3% 1.6% 
EER 5.8% 4.4% 7.6% 5.5% 
AUC 96.8% 98.5% 96.7% 98.4% 

Table 4 NIST fingerprint matching method for FVC2000 database 

Performance 
Metrics 

FVC2002 
Db1a Db2a Db3a Db4a 

AAC 1.3% 1.0% 5.3% 1.9% 
EER 3.2% 2.4% 9.9% 5.3% 
AUC 98.7% 99% 94.7% 98.1% 

Table 5 NIST fingerprint matching method for FVC2002 database 

Performance 
Metrics 

FVC2004 
Db1a Db2a Db3a Db4a 

AAC 7.8% 5.1% 2.1% 3.7% 
EER 13.7% 10.8% 6.6% 7.1% 
AUC 92.2% 94.9% 97.9% 96.3% 

Table 6 NIST fingerprint matching method for FVC2004 database 
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4.4 Thresholds calculation 

Initially, the considered IE algorithms are implemented for some sample 
images which include different types of images rather than confined to 
fingerprint images and briefly noted the performance of the IE algorithms. We 
modified and improved the algorithms to overcome the drawbacks obtained 
during the first stage of implementation. 

We considered test set of fingerprint image databases FVC2000, FVC20002 
and FVC2004 as input images to our algorithms. As we already mentioned our 
definition of the term poor quality image means low contrast and low PSNR 
image, we did not improve all the images of three FVC databases. We improved 
only selected images based on the thresholds. We used two parameters named 
PSNR and Entropy to design thresholds for implementation of our algorithms on 
the selected images. These thresholds are designed based on PSNR and Entropy 
histograms of original image FVC databases. 

The considered algorithms named retinex, bilateral filter and two approaches 
of BiTA are applied on the three fingerprint image databases for the respective 
thresholds of the databases. The images with entropy or PSNR value less than 
the specified threshold value are processed by the algorithm. The output images 
obtained for every threshold implementation are saved and analysed objectively 
using the differences in the performance of AFIS. The following block diagram 
shown in Figure 8 explains the procedure and usage of thresholds. 

 

 Figure 8 Block diagram for AFIS analysis 
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5 RESULTS AND DISCUSSIONS 

5.1 Entropy and PSNR values in test images 
The entropy and PSNR values were calculated for each test image in all FVC 

databases. The histograms of entropies and PSNRs for each database are shown 
in Figure 9, Figure 10, Figure 11, Figure 12, Figure 13 and Figure 14. 

 

Figure 9 Entropy histogram for FVC2000 original images 

In Figure 9, the histogram depicts the entropy distribution for FVC 2000 
database images. By analysing the figure, we consider images with entropy less 
than 5.5 to be the low entropy images and images with entropy greater than 6 to 
be the high entropy images. So the entropy ranges between 5.5 to 6 is equally 
divided to obtain the thresholds. Therefore, the entropy thresholds considered for 
FVC2000 database are 5.5, 5.625, 5.75, 5.875 and 6. 

 

Figure 10 PSNR histogram for FVC2000 original images 
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In Figure 10, the histogram depicts the PSNR distribution for FVC 2000 
database images. By analysing the figure, we consider images with PSNR less 
than 60 to be the low PSNR images and images with PSNR greater than 75 to be 
the high PSNR images. So the PSNR in the range 60 to 75 is equally divided to 
obtain the thresholds. Therefore, the PSNR thresholds considered for the 
FVC2000 database are 60, 65, 70 and 75. 

 

Figure 11 Entropy histogram for FVC2002 original images 

In Figure 11, the histogram depicts the entropy distribution for FVC 2002 
database images. By analysing the figure, we consider images with entropy less 
than 5.5 to be the low entropy images and images with entropy greater than 6.5 
to be the high entropy images. So the entropy in the range 5.5 to 6.5 is equally 
divided to obtain the thresholds. Therefore, the entropy thresholds considered for 
the FVC2002 database are 5.5, 6 and 6.5. 

 

Figure 12 PSNR histogram for FVC2002 original images 
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In Figure 12, the histogram depicts the PSNR distribution for FVC 2002 
database images. By analysing the figure, we consider images with PSNR less 
than 62 to be the low PSNR images and images with PSNR greater than 66 to be 
the high PSNR images. So the PSNR in the range 62 to 66 is equally divided to 
obtain the thresholds. Therefore, the PSNR thresholds considered for the 
FVC2002 database are 62, 64 and 66. 

 

Figure 13 Entropy histogram for FVC2004 original images 

In Figure 13, the histogram depicts the entropy distribution for FVC 2004 
database images. By analysing the figure, we consider images with entropy less 
than 5 to be the low entropy images and images with entropy greater than 6 to be 
the high entropy images. So the entropy in the range 5 to 6 is equally divided to 
obtain the thresholds. Therefore, the entropy thresholds considered for the 
FVC2004 database are 5, 5.5 and 6. 

 

Figure 14 PSNR histogram for FVC2004 original images 



 

25 
 

In Figure 14, the histogram depicts the PSNR distribution for FVC 2004 
database images. By analysing the figure, we consider images with PSNR less 
than 60 to be the low PSNR images and images with PSNR greater than 64 to be 
the high PSNR images. So the PSNR in the range 60 to 64 is equally divided to 
obtain the thresholds. Therefore, the PSNR thresholds considered for the 
FVC2004 database are 60, 62 and 64. 

Initially, we limited our thesis only to FVC2000 database. So, we had 
considered five entropy thresholds and four PSNR thresholds for FVC2000 
database. Later on, we extended the analysis to FVC2002 and FVC2004 
databases. For time management, we had considered only three thresholds for 
these two FVC databases. Therefore, all the thresholds for the respective 
database, used for evaluation are written in Table 7 

Fingerprint databases Thresholds 
Entropy SNR 

FVC2000 5.5, 5.625, 5.75, 5.875, 6 60, 65, 70, 75 
FVC2002 5.5, 6, 6.5 62, 64, 66 
FVC2004 5, 5.5, 6 60, 62, 64 

Table 7 List of thresholds for three fingerprint databases 

Approximately, the images with low entropy value have high PSNR value 
and the images with high entropy have low PSNR value. This is graphically 
shown in Figure 15 by comparing the entropy values curve with PSNR values 
curve for FVC2000 database. 

 

Figure 15 Entropy vs PSNR values for FVC2000 original images 

From Figure 15, we say that  

 Case(i): The images 1-800 which belong to Db1a are having high 
PSNR and high entropy values. 
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 Case(ii): The images 800-2400 which belong to Db2a and Db3a are 
having low PSNR value and high entropy value. 

 Case(iii): The images 2400-3200 which belong to Db4a are having 
high PSNR value and low entropy value. 

All of our considered algorithms give the better enhancement to either low 
entropy or low PSNR value images than the high entropy and high PSNR values 
images. This statement is supported by the below Tables 8-11 and 15-18. So, 
without considering the images belonging to Case(i), we state that most of the 
images of FVC2000 database with high entropy values have low PSNR values 
and the images with low entropy values have high PSNR values. 

5.2 Effect of IE algorithms on entropy and PSNR values 
of the FVC2000 database images 

5.2.1 Retinex algorithm 

This algorithm is designed on MATLAB based on MSR formula mentioned 
in Equation 8 in section 3.1.2. The constant values for Equation 8 considered in 
this work are set according to following equations. 

 = 15, = 80, = 250 and  

 = 13 , = 13 , = 13   

The algorithm is implemented for all the images of FVC2000 and the entropy 
and PSNR of the algorithm output images are calculated. The respective 
histograms of output images are shown below in Figure 16 and Figure 17. The 
histograms of the calculated differences in entropy (entropy of the image 
modified by the algorithm – entropy of the original image) and the differences in 
PSNR (PSNR of the image modified by the algorithm – PSNR of the original 
image) are shown in Figure 18 and Figure 19. 

 

Figure 16 Entropy histogram for FVC2000 retinex images output images 
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Figure 17 PSNR histogram for FVC2000 retinex algorithm output images 

From a comparison of Figure 16 with Figure 9, the retinex algorithm increases 
the entropy value for most of the images. From a comparison of Figure 17 with 
Figure 10, the PSNR distribution of the output images is unclear. The retinex 
algorithm has produced the PSNR histogram with two peaks for some reason, 
see Figure 17, this reason can be investigated in the future work. 

By observing the Figure 18, we say that there are 2330 images with an 
increase in entropy compared to 870 images with a decrease in entropy. By 
observing the Figure 19, the retinex either decreases or increases the PSNR as 
1384 images have an increase in PSNR and 1816 images decreased in PSNR.  

 

Figure 18 Difference in entropy histogram for FVC2000 retinex algorithm output images 

870 images  
(734 from Db3a) 

2330 images 
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Figure 19 Difference in PSNR histogram for FVC2000 retinex algorithm output images 

 

 
Figure 20 Difference in entropy value vs original entropy value for retinex algorithm output images 

 
Figure 21 Difference in PSNR value vs original PSNR value for retinex algorithm output images 

1816 images 1384 images 
(655 from Db3a) 
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By observing the Figure 20, the images with relatively low entropy value have 
an increase in entropy and the images with relatively high entropy value have 
decreased in entropy. This can be clearly observed in the lists of images tabulated 
in Table 8 and Table 9. 

 

Table 8 List of FVC2000 images with increase in entropy for retinex algorithm 

 

Table 9 List of FVC2000 images with decrease in entropy for retinex algorithm 

By observing the Figure 21, the majority of the images with relatively low 
PSNR value have an increase in PSNR and the images with relatively high PSNR 
value have decreased in PSNR. This can be clearly observed in the lists of images 
tabulated in Table 10 and Table 11. 

 

Table 10 List of FVC2000 images with increase in PSNR for retinex algorithm 
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Table 11 List of FVC2000 images with decrease in PSNR for retinex algorithm 

As the majority of original images have the entropy greater than 6 bits as 
shown in Figure 9, the images in Table 8 are low entropy images and the images 
in Table 9 are high entropy images. In a similar way, as the majority of original 
images have the PSNR less than 70 dB as shown in Figure 10, the images in Table 
10 are low PSNR images and the images in Table 11 are high PSNR images. 

From the analysis obtained from above figures and tables, the retinex 
decreases the entropy and PSNR in most of the high entropy and high PSNR 
images respectively. The retinex algorithm increases entropy for low and 
medium entropy images, see Figure 20. Regarding the low and medium PSNR 
images, the performance of retinex algorithm varies according to the image but 
in most of the cases, the PSNR is increased as shown in Figure 21. 

5.2.2 Bilateral filter algorithm 

As described in section 3.2.2, this algorithm is designed on MATLAB and 
implemented for all the three FVC databases. The constants considered in this 
work for this algorithm are given as following. 

For Eq 14, = 5 , --- (36) 

For Eq 16, = 3 , --- (37) 

For Eq 16, = 0.1 , --- (38) 

For Eq 21, = 3 --- (39) 

The window size used for bilateral filtering part and the unsharp masking 
filtering part are different. The output image of the bilateral filter is given as input 
image to the unsharp masking filtering. As the two parts of this algorithm are 
executed separately, two different window sizes are used for two parts for 
optimum IE. 

The algorithm is implemented for all the images of FVC2000 and the entropy 
and PSNR of the algorithm output images are calculated. The respective 
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histograms of output images are shown in Figure 22 and Figure 23. The histograms 
of the calculated differences in entropy (entropy of the image modified by the 
algorithm – entropy of the original image) and the differences in PSNR (PSNR 
of the image modified by the algorithm – PSNR of the original image) are shown 
in Figure 24 and Figure 25 respectively. 

 

Figure 22 Entropy histogram for FVC2000 bilateral filter algorithm output images 

 

Figure 23 PSNR histogram for FVC2000 bilateral filter algorithm output images 

By observing the Figure 24, we say that there are 2936 images with an 
increase in entropy compared to 264 images with a decrease in entropy. By 
observing the Figure 25, the bilateral filter algorithm increases PSNR for 704 
images and decreases PSNR for 2496 images. 

From observing the Figure 24 and Figure 25, the bilateral filter algorithm 
improves entropy for most images but decreases the PSNR for many images. 
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Figure 24 Difference in entropy histogram for FVC2000 bilateral filter algorithm output images 

 

Figure 25 Difference in PSNR histogram for FVC2000 bilateral filter algorithm output images 

 
Figure 26 Difference in entropy value vs original entropy value for bilateral filter algorithm output images 

264 
images 
(249 
from 
Db3a) 

2936 images 

2496 images 704 images 
(492 from 
Db3a) 
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Figure 27 Difference in PSNR value vs original PSNR value for bilateral filter algorithm output 

images 

By observing the Figure 26, the majority of the images with relatively low 
entropy value have an increase in entropy and the images with relatively high 
entropy value have decreased in entropy. This can be clearly observed in the lists 
of images tabulated in Table 12 and Table 13. 

 

Table 12 List of images with increase in entropy for bilateral filter algorithm 

 

Table 13 List of images with decrease in entropy for bilateral filter algorithm 
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By observing the Figure 27, the majority of the images with relatively low 
PSNR value have an increase in PSNR and the images with relatively high PSNR 
value have decreased in PSNR. This can be clearly observed in the lists of images 
tabulated in Table 14 and  Table 15. 

 

Table 14 List of images with increase in PSNR for bilateral filter algorithm 

 

Table 15 List of images with decrease in PSNR for bilateral filter algorithm 

As the majority of original images have the entropy greater than 6 bits as 
shown in Figure 9, the images in Table 12 are low entropy images and the images 
in Table 13 are high entropy images. In a similar way, as the majority of original 
images have the PSNR less than 70 dB as shown in Figure 10, the images in Table 
14 are low PSNR images and the images in Table 15 are high PSNR images. 

From this analysis obtained from Figure 26, Figure 27, Table 12, Table 13, Table 
14 and Table 15, even the bilateral filter algorithm decreases the entropy and 
PSNR in most of the high entropy and high PSNR images. From Table 14, the 
bilateral filter algorithm increases PSNR for low and medium PSNR images 
without affecting the entropy as there are no significant changes in entropy for 
these images. From Table 12, the bilateral filter algorithm increases entropy for 
low and medium entropy images as well as affects the PSNR of images as there 
is an increase in PSNR for these images. 

5.2.3 Bilateral gamma adjustment algorithm 

The gamma adjustment functions described in Equation 23, Equation 24 and 
Equation 25 are designed and plotted on MATLAB. The obtained plot is shown 
in Figure 28. In this figure,  is the concave function for dark regions,  is the 
convex function for bright regions and  is the average of the both  and  
functions. Small  value gives less contrast enhancement to image and big  
value gives more contrast enhancement. The bilateral gamma adjustment 
function is designed on MATLAB and the obtained plot is shown in Figure 30. 
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Figure 28 Gamma adjustment function 

 

Figure 29 Variation of gamma adjustment function for different  values 

 

Figure 30 Bilateral gamma adjustment function 
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In Figure 30,  is the bilateral gamma adjustment function that contains two 
gamma adjustment functions (i.e. two inverse S curves). The values of the 
constants considered in this work for BiGA algorithm are 

 = 2.02 , --- (41) 

 = 0.5 , --- (42) 

The BiGA function is implemented for all the images of FVC2000 and the 
entropy and PSNR of the algorithm output images are calculated. The histograms 
of the entropy and PSNR values in the output images are shown in Figure 31 and 
Figure 32. The histograms of the calculated differences in entropy (entropy of the 
image modified by the algorithm – entropy of the original image) and the 
differences in PSNR (PSNR of the image modified by the algorithm – PSNR of 
the original image) are shown below in Figure 33 and Figure 34. 

 

Figure 31 Entropy histogram for FVC2000 BiGA output images 

 

Figure 32 PSNR histogram for FVC2000 BiGA output images 
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In Figure 33, we observed that the entropy has been decreased as the BiGA 
algorithm reduces all the images entropy. From analysing the Figure 32 and Figure 
34, we can say that BiGA is good for noise removal as there are 2694 images 
with an increase in PSNR compared to 506 images with a decrease in PSNR. 

 

Figure 33 Difference in entropy histogram for FVC2000 BiGA output images 

 

Figure 34 Difference in PSNR histogram for FVC2000 BiGA output images 

The difference in entropy value of all images obtained after the 
implementation of the algorithm is compared with the original images entropy 
values. Similarly, the images are compared in the aspect of images PSNR values. 
The respective comparison plots are shown in Figure 35 and Figure 36. 

3200 images 0 images 

506 images 2694 images 
(795 from Db1a) 
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Figure 35 Difference in entropy value vs original entropy value for FVC2000 BiGA output images 

 
Figure 36 Difference in PSNR value vs original PSNR value for FVC2000 BiGA output images 

By observing the Figure 35, all the images have decreased in entropy. The 
majority of the images with relatively low entropy value have less decrease in 
entropy and the images with relatively high entropy value have more decrease in 
entropy. 

By observing the Figure 36, the performance of the algorithm varies according 
to the image in the aspect of PSNR values of images. This can be clearly observed 
in the lists of images tabulated in Table 16 and Table 17. 

 

Table 16 List of images with increase in PSNR for BiGA algorithm 
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Table 17 List of images with decrease in PSNR for BiGA algorithm 

As the majority of original images have the PSNR less than 70 dB as shown 
in Figure 10, the images in Table 16 are high PSNR images and the in Table 17 are 
medium or high PSNR images. From this, the impact of BiGA algorithm varies 
with every input image. The performance of BiGA cannot be specifically related 
to PSNR values, but in most cases the PSNR is increased as shown in Figure 34. 

5.2.4 Bilateral polynomial adjustment algorithm 

The polynomial adjustment function described in Equation 31 in section 
3.3.3 is designed on MATLAB and the obtained plot is shown below. 

 

Figure 37 Polynomial adjustment function 

From the Figure 37, we can say that polynomial adjustment curve is also an 
inverse S curve to enhance the bright and dark regions separately. The bilateral 
polynomial adjustment function mentioned in Equation 32 is designed and 
plotted on MATLAB. The BiPA function plot is shown in Figure 38. The BiPA 
tone curve is also similar to BiGA having two polynomial adjustment curves (i.e. 
two inverse S curves). Thus enhances bright and dark regions separately and even 
enhances the mid-tone regions. 
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Figure 38 Bilateral polynomial adjustment function 

This BiPA function is implemented for all the images of FVC2000 and the 
entropy and PSNR of the algorithm output images are calculated. The respective 
histograms of entropy and PSNR in the output images are shown in Figure 39 and 
Figure 40. The histograms of the calculated differences in entropy (entropy of the 
image modified by the algorithm – entropy of the original image) and the 
differences in PSNR (PSNR of the image modified by the algorithm – PSNR of 
the original image) are shown in Figure 41 and Figure 42. 

 

Figure 39 Entropy histogram for FVC2000 BiPA output images 
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Figure 40 PSNR histogram for FVC2000 BiPA output images 

In Figure 41, we observed that the entropy has been decreased as the BiPA 
algorithm reduces all the images entropy. 

From analysing the Figure 42, we can say that BiPA is good for noise removal 
as there are 2227 images with an increase in PSNR compared to 973 images with 
a decrease in PSNR. 

 

Figure 41 Difference in entropy histogram for FVC2000 BiPA output images 

The difference in entropy value of all images obtained after the 
implementation of the algorithm is compared with the original images entropy 
values. Similarly, the images are even compared in the aspect of images PSNR 
values. The respective comparison plots are shown in Figure 43 and Figure 44. 

3200 images 0 images 
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Figure 42 Difference in PSNR histogram for FVC2000 BiPA output images 

 
Figure 43 Difference in entropy value vs original entropy value for FVC2000 BiPA output images 

 
Figure 44 Difference in PSNR value vs original PSNR value for FVC2000 BiPA output images 

973 
images 

2227 images 
(783 from Db1a) 
(763 from Db3a) 
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By observing the Figure 43, all the images have decreased in entropy. The 
majority of the images with relatively low entropy value have less decrease in 
entropy and the images with relatively high entropy value have a greater decrease 
in entropy. 

By observing the Figure 44, the performance of the algorithm varies according 
to the image in the aspect of PSNR values of images. This can be clearly observed 
in the lists of images tabulated in Table 18 and Table 19. 

 

Table 18 List of images with increase in PSNR for BiPA algorithm 

 

Table 19 List of images with decrease in PSNR for BiPA algorithm 

As the majority of original images have the PSNR less than 70 dB as shown 
in Figure 10, the images in Table 18 are low PSNR images and the images in Table 
19 are medium or high PSNR images. The BiPA increases PSNR for low PSNR 
images and relatively gives a small decrease in PSNR for medium or high PSNR 
images. 

The two approaches of the BiTA are plotted on MATLAB and the obtained 
plot is shown in Figure 45. 
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Figure 45 Bilateral tone adjustment functions 

5.3 Evaluating the selection of entropy and PSNR 
thresholds by using AFIS 
A task is to identify the parameters to select an image for further 

enhancement. These parameters are entropy and PSNR thresholds. In this 
section, we discuss which values of these two parameters are suitable for which 
database and why. The considered four algorithms are implemented on the three 
FVC databases for all the thresholds mentioned in Table 7. The obtained modified 
images after the application of the algorithms are saved and analysed according 
to the process shown in Figure 8. Therefore, the list of EER and AUC values is 
obtained for all the algorithms that are used for with the thresholds mentioned in 
Table 7. 

5.3.1 Retinex algorithm 

The EER and AUC values obtained for this algorithm are listed in Table 20, 
Table 21 and Table 22. Here, improved values are marked in bold face. 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 5.625 5.75 5.875 6 60 65 70 75 

Db1a EER 5.80% 5.20% 5.30% 5.20% 4.70% 4.50% 5.80% 6.10% 8.60% 9.10% 

AUC 96.90% 98.00% 98.00% 98.00% 98.10% 98.20% 96.90% 96.70% 95.50% 94.90% 

Db2a EER 4.40% 4.10% 4.00% 4.00% 4.00% 3.90% 4.90% 6.00% 6.20% 6.30% 

AUC 98.50% 98.70% 98.70% 98.80% 98.70% 98.70% 98.20% 97.80% 97.60% 97.60% 

Db3a EER 7.60% 7.60% 7.60% 7.80% 8.00% 8.20% 7.80% 7.60% 6.70% 6.70% 

AUC 96.70% 96.60% 96.60% 96.50% 96.50% 96.70% 96.90% 97.10% 97.20% 97.20% 

Db4a EER 5.50% 6.20% 6.20% 6.20% 6.20% 6.20% 5.50% 6.00% 6.10% 6.00% 

AUC 98.40% 98.00% 98.00% 97.90% 97.90% 97.90% 98.40% 98.10% 97.70% 97.80% 

Table 20 List of EER and AUC values for FVC2000 retinex algorithm output images 
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Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 6 6.5 62 64 66 

Db1a EER 3.20% 10.10% 10.10% 10.10% 4.50% 6.80% 9.30% 
AUC 98.70% 91.90% 91.90% 91.90% 98.10% 96.20% 93.60% 

Db2a EER 2.40% 2.40% 2.40% 2.50% 2.70% 3.00% 3.10% 
AUC 99.00% 99.00% 99.00% 99.10% 99.10% 98.70% 98.50% 

Db3a EER 9.90% 9.90% 9.90% 8.90% 9.90% 9.70% 8.10% 
AUC 94.90% 94.90% 94.90% 95.30% 94.90% 95.00% 96.30% 

Db4a EER 5.30% 5.30% 5.30% 5.10% 5.40% 5.90% 9.00% 
AUC 98.10% 98.10% 98.10% 98.10% 98.00% 97.00% 93.70% 

Table 21 List of EER and AUC values for FVC2002 retinex algorithm output images 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5 5.5 6 60 62 64 

Db1a EER 13.70% 14.00% 14.00% 10.10% 13.90% 14.20% 14.80% 
AUC 92.20% 91.80% 91.80% 91.90% 92.20% 91.90% 91.60% 

Db2a EER 10.80% 10.80% 2.40% 2.40% 12.60% 2.70% 3.00% 
AUC 94.90% 94.90% 99.00% 99.00% 91.70% 99.10% 98.70% 

Db3a EER 6.60% 6.80% 9.90% 9.90% 9.90% 9.90% 9.70% 
AUC 97.90% 97.90% 94.90% 94.90% 94.90% 94.90% 95.00% 

Db4a EER 7.10% 7.10% 5.30% 5.30% 5.30% 5.40% 5.90% 
AUC 96.30% 96.30% 98.10% 98.10% 98.10% 98.00% 97.00% 

Table 22 List of EER and AUC values for FVC2004 retinex algorithm output images 

From analysing the Table 20, Table 21 and Table 22, the most suitable 
thresholds for the fingerprint databases are tabulated in Table 23 based on the 
AFIS results obtained for the retinex algorithm. 

Fingerprint databases Entropy threshold SNR threshold 
FVC2000 6 75 
FVC2002 6.5 66 
FVC2004 6 60 

Table 23 Suitable thresholds for FVC databases according to retinex algorithm AFIS results 

At the thresholds mentioned in Table 23, there is an improvement in EER and 
AUC values compared to the change in EER and AUC values of the other 
thresholds. Therefore, the Table 23 thresholds are concluded as the suitable 
thresholds according to this algorithm results. 

5.3.2 Bilateral filter algorithm 

The EER and AUC values obtained for this algorithm are listed in Table 24, 
Table 25 and Table 26. Here, improved values are marked in bold face. 
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Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 5.625 5.75 5.875 6 60 65 70 75 

Db1a EER 5.80% 5.70% 5.70% 5.80% 5.90% 6.00% 5.80% 6.10% 8.60% 9.10% 
AUC 96.90% 97.20% 97.20% 97.10% 96.90% 96.60% 96.90% 96.70% 95.50% 94.90% 

Db2a EER 4.40% 4.70% 4.80% 4.90% 5.20% 5.30% 4.90% 6.00% 6.20% 6.30% 
AUC 98.50% 98.40% 98.30% 98.30% 98.20% 98.20% 98.20% 97.80% 97.60% 97.60% 

Db3a EER 7.60% 7.60% 7.60% 7.80% 7.80% 7.60% 7.80% 7.60% 6.70% 6.70% 
AUC 96.70% 96.60% 96.70% 96.50% 96.60% 96.50% 96.90% 97.10% 97.20% 97.20% 

Db4a EER 5.50% 6.10% 6.10% 6.00% 6.00% 6.00% 5.50% 6.00% 6.10% 6.00% 
AUC 98.40% 97.80% 97.80% 97.80% 97.80% 97.80% 98.40% 98.10% 97.70% 97.80% 

Table 24 List of EER and AUC values for FVC2000 bilateral filter algorithm output images 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 6 6.5 62 64 66 

Db1a EER 3.20% 4.20% 4.20% 4.20% 3.40% 3.40% 3.40% 
AUC 98.70% 98.30% 98.30% 98.30% 98.70% 98.60% 98.60% 

Db2a EER 2.40% 2.40% 2.40% 2.40% 2.40% 2.50% 2.50% 
AUC 99.00% 99.00% 99.00% 99.10% 99.00% 99.00% 99.00% 

Db3a EER 9.90% 9.90% 9.90% 10.30% 9.90% 10.00% 10.00% 
AUC 94.90% 94.90% 94.90% 94.50% 94.90% 94.70% 94.70% 

Db4a EER 5.30% 5.30% 5.30% 5.40% 5.40% 5.50% 5.50% 
AUC 98.10% 98.10% 98.10% 98.00% 98.10% 98.00% 98.00% 

Table 25 List of EER and AUC values for FVC2002 bilateral filter algorithm output images 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5 5.5 6 60 62 64 

Db1a EER 13.70% 15.30% 15.30% 15.30% 14.20% 14.50% 15.00% 
AUC 92.20% 91.40% 91.40% 91.40% 91.50% 91.40% 91.10% 

Db2a EER 10.80% 10.80% 10.80% 12.10% 11.30% 11.90% 12.10% 
AUC 94.90% 94.90% 94.90% 92.50% 94.20% 93.80% 93.20% 

Db3a EER 6.60% 6.70% 6.40% 6.20% 6.20% 6.50% 6.60% 
AUC 97.90% 97.70% 97.90% 97.80% 97.70% 97.80% 97.80% 

Db4a EER 7.10% 7.10% 7.10% 7.10% 7.10% 7.10% 7.10% 
AUC 96.30% 96.30% 96.30% 96.30% 96.30% 96.30% 96.00% 

Table 26 List of EER and AUC values for FVC2004 bilateral filter algorithm output images 

From analysing the Table 24, Table 25 and Table 26, the most suitable 
thresholds for the fingerprint databases are tabulated in Table 27 based on the 
AFIS results obtained for the bilateral filter algorithm. 
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Fingerprint databases Entropy threshold SNR threshold 
FVC2000 5.5 75 
FVC2002 6.5 * 
FVC2004 6 60 

Table 27 Suitable thresholds for FVC databases according to bilateral filter algorithm AFIS results 

At the thresholds mentioned in Table 27, there is an improvement in EER and 
AUC values compared to the change in EER and AUC values of the other 
thresholds. Therefore, the Table 27 thresholds are concluded as the suitable 
thresholds according to this algorithm results. The ‘*’ in Table 27 indicates that 
neither of the considered PSNR thresholds of the FVC2002 database is suitable 
for this FVC2002 database according to the AFIS results of the bilateral filter 
algorithm. The thresholds selection method can be improved in the future to 
overcome this drawback. 

5.3.3 Bilateral Gamma Adjustment algorithm 

The EER and AUC values obtained for this algorithm are listed in Table 28, 
Table 29 and Table 30. Here, improved values are marked in bold face. 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 5.625 5.75 5.875 6 60 65 70 75 

Db1a EER 5.80% 5.30% 5.30% 5.30% 5.20% 4.60% 5.80% 6.10%  6.20% 5.70% 
AUC 96.90% 98.00% 98.00% 98.00% 98.10% 98.20% 96.90% 96.80% 96.90% 97.10% 

Db2a EER 4.40% 3.90% 3.80% 3.80% 3.60% 3.50% 4.30% 3.60% 3.40% 3.40% 
AUC 98.50% 98.80% 98.80% 98.80% 98.90% 99.00% 98.50% 99.00% 99.00% 99.00% 

Db3a EER 7.60% 7.60% 7.70% 7.70% 7.70% 7.70% 8.30% 7.80% 8.00% 8.00% 
AUC 96.70% 96.60% 96.60% 96.70% 96.70% 96.60% 96.30% 96.50% 96.40% 96.40% 

Db4a EER 5.50% 5.00% 5.00% 5.10% 5.00% 5.00% 5.50% 5.60% 5.20% 5.00% 
AUC 98.40% 98.50% 98.40% 98.40% 98.40% 98.40% 98.40% 98.40% 98.40% 98.50% 

Table 28 List of EER and AUC values for FVC2000 BiGA algorithm output images 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 6 6.5 62 64 66 

Db1a EER 3.20% 3.50% 3.50% 3.50% 3.60% 3.60% 3.60% 
AUC 98.70% 98.70% 98.70% 98.70% 98.70% 98.60% 98.60% 

Db2a EER 2.40% 2.40% 2.40% 2.40% 2.40% 2.60% 2.80% 
AUC 99.00% 99.00% 99.00% 99.10% 98.90% 99.00% 98.90% 

Db3a EER 9.90% 9.90% 9.90% 9.80% 9.90% 9.80% 9.80% 
AUC 94.90% 94.90% 94.90% 95.10% 94.90% 95.00% 95.10% 

Db4a EER 5.30% 5.30% 5.30% 5.30% 5.40% 5.40% 5.20% 
AUC 98.10% 98.10% 98.10% 98.20% 98.10% 98.10% 98.10% 

Table 29 List of EER and AUC values for FVC2002 BiGA algorithm output images 
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Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5 5.5 6 60 62 64 

Db1a EER 13.70% 13.30% 13.30% 13.30% 13.70% 13.60% 13.80% 
AUC 92.20% 92.70% 92.70% 92.70% 92.30% 92.30% 92.30% 

Db2a EER 10.80% 10.80% 10.80% 10.90% 10.90% 10.20% 10.60% 
AUC 94.90% 94.90% 94.90% 94.50% 94.70% 94.80% 94.90% 

Db3a EER 6.60% 6.70% 6.60% 6.50% 6.60% 6.70% 6.70% 
AUC 97.90% 97.80% 97.80% 97.90% 97.80% 97.90% 97.90% 

Db4a EER 7.10% 7.10% 7.10% 7.10% 7.10% 7.10% 7.00% 
AUC 96.30% 96.30% 96.30% 96.30% 96.30% 96.30% 96.20% 

Table 30 List of EER and AUC values for FVC2004 BiGA algorithm output images 

From analysing the Table 28, Table 29 and Table 30, the most suitable 
thresholds for the fingerprint databases are tabulated in Table 31 based on the 
AFIS results obtained for the BiGA algorithm. 

Fingerprint databases Entropy threshold SNR threshold 
FVC2000 6 75 
FVC2002 6.5 66 
FVC2004 6 62 

Table 31 Suitable thresholds for FVC databases according to BiGA algorithm AFIS results 

At the thresholds mentioned in Table 31, there is an improvement in EER and 
AUC values compared to the change in EER and AUC values of the other 
thresholds. Therefore, the Table 31 thresholds are concluded as the suitable 
thresholds according to this algorithm results. 

5.3.4 Bilateral Polynomial Adjustment algorithm 

The EER and AUC values obtained for this algorithm are listed in Table 32, 
Table 33 and Table 34. Here, improved values are marked in bold face. 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 5.625 5.75 5.875 6 60 65 70 75 

Db1a EER 5.80% 5.20% 5.30% 5.30% 5.20% 4.70% 5.80% 5.90% 5.80% 5.10% 
AUC 96.90% 98.00% 98.00% 98.00% 98.10% 98.20% 96.90% 96.80% 97.30% 97.60% 

Db2a EER 4.40% 4.00% 3.90% 3.90% 3.70% 3.70% 4.40% 3.60% 3.50% 3.50% 
AUC 98.50% 98.80% 98.80% 98.90% 98.90% 98.90% 98.50% 98.90% 98.90% 98.90% 

Db3a EER 7.60% 7.60% 7.70% 8.90% 9.00% 9.50% 10.70% 10.80% 10.70% 10.70% 
AUC 96.70% 96.60% 96.50% 96.30% 96.10% 95.90% 94.90% 94.20% 94.20% 94.20% 

Db4a EER 5.50% 5.20% 5.10% 5.20% 5.20% 5.20% 5.50% 5.90% 5.40% 5.20% 
AUC 98.40% 98.60% 98.60% 98.60% 98.60% 98.60% 98.40% 98.30% 98.50% 98.60% 

Table 32 List of EER and AUC values for FVC2000 BiPA algorithm output images 
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Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5.5 6 6.5 62 64 66 

Db1a EER 3.20% 3.40% 3.40% 3.40% 3.70% 3.50% 3.50% 
AUC 98.70% 98.60% 98.60% 98.60% 98.60% 98.60% 98.50% 

Db2a EER 2.40% 2.40% 2.40% 2.40% 3.70% 3.50% 3.30% 
AUC 99.00% 99.00% 99.00% 99.10% 98.50% 98.50% 98.50% 

Db3a EER 9.90% 9.90% 9.90% 11.10% 9.90% 10.70% 16.40% 
AUC 94.90% 94.90% 94.90% 93.80% 94.90% 94.10% 89.10% 

Db4a EER 5.30% 5.30% 5.30% 5.10% 5.40% 5.50% 5.40% 
AUC 98.10% 98.10% 98.10% 98.30% 98.10% 98.10% 98.00% 

Table 33 List of EER and AUC values for FVC2002 BiPA algorithm output images 

Dataset 
number 

Metrics Original 
images 

Entropy thresholds SNR thresholds 
5 5.5 6 60 62 64 

Db1a EER 13.70% 14.40% 14.40% 14.40% `14.80% 14.80% 14.80% 
AUC 92.20% 91.70% 91.70% 91.70% 91.30% 91.40% 91.50% 

Db2a EER 10.80% 10.80% 10.80% 10.80% 11.00% 10.90% 10.40% 
AUC 94.90% 94.90% 94.90% 94.80% 94.50% 94.60% 94.70% 

Db3a EER 6.60% 6.90% 6.50% 6.20% 6.70% 6.50% 6.50% 
AUC 97.90% 97.50% 97.70% 97.80% 97.70% 97.70% 97.70% 

Db4a EER 7.10% 7.10% 7.10% 7.10% 7.10% 7.10% 7.90% 
AUC 96.30% 96.30% 96.30% 96.30% 96.30% 96.30% 96.30% 

Table 34 List of EER and AUC values for FVC2004 BiPA algorithm output images 

From analysing the Table 32, Table 33 and Table 34, the most suitable 
thresholds for the fingerprint databases are tabulated in Table 35 based on the 
AFIS results obtained for the BiPA algorithm. 

Fingerprint databases Entropy threshold SNR threshold 
FVC2000 6 75 
FVC2002 6.5 * 
FVC2004 6 64 

Table 35 Suitable thresholds for FVC databases according to BiPA algorithm AFIS results 

At the thresholds mentioned in Table 35, there is an improvement in EER and 
AUC values compared to the change in EER and AUC values of the other 
thresholds. Therefore, the Table 35 thresholds are concluded as the suitable 
thresholds according to this algorithm results. The ‘*’ in Table 35 indicates that 
neither of the considered PSNR thresholds of the FVC2002 database is suitable 
for this FVC2002 database according to the AFIS results of the BiPA algorithm. 
The thresholds selection method can be improved in the future to overcome this 
drawback. 
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5.4 Comparative analysis of all algorithms 
5.4.1 Entropy and PSNR values for FVC2000 database 

For the comparison of all the algorithms in terms of entropy and PSNR, we 
limited our analysis only to FVC2000 database. The detailed explanation about 
the comparison of all algorithms is presented using the following Table 36. 

Algorithm Number of files with Db1a Db2a Db3a Db4a Total 
       

Retinex 
(Figure 18) 
(Figure 19) 

Positive change in entropy 702 800 66 762 2330 
Negative change in entropy 98 0 734 38 870 
Positive change in PSNR 87 248 655 394 1384 
Negative change in PSNR 713 552 145 406 1816 

       

Bilateral 
filter 

(Figure 24) 
(Figure 25) 

Positive change in entropy 796 789 551 800 2936 
Negative change in entropy 4 11 249 0 264 
Positive change in PSNR 4 139 492 69 704 
Negative change in PSNR 796 661 308 731 2496 

       

BiGA 
(Figure 33) 
(Figure 34) 

Positive change in entropy 0 0 0 0 0 
Negative change in entropy 800 800 800 800 3200 
Positive change in PSNR 795 580 651 668 2694 
Negative change in PSNR 5 220 149 132 506 

       

BiPA 
(Figure 41) 
(Figure 42) 

Positive change in entropy 0 0 0 0 0 
Negative change in entropy 800 800 800 800 3200 
Positive change in PSNR 783 315 763 366 2227 
Negative change in PSNR 17 485 37 434 973 

Table 36 Comparative analysis based on entropy and PSNR values 

Regarding entropy, the bilateral filter algorithm has increased entropy for the 
majority of images (2936 images) compared to all other algorithms (Figure 24). 
The retinex algorithm has decreased entropy for 870 images (Figure 18). The two 
versions of BiTA has decreased entropy for all the images (Figure 33 and Figure 
41). 

Regarding PSNR, the BiGA and BiPA have increased PSNR for 2694 and 
2227 images respectively (Figure 34 and Figure 42). The versions of BiTA have 
increased PSNR for the majority of images compared to all other algorithms. The 
retinex algorithm has increased PSNR for 1384 images and has decreased PSNR 
for 1816 images (Figure 19). The bilateral filter algorithm has decreased PSNR 
for the majority of images (2496 images) compared to other algorithms (Figure 
25). 

From analysing the Table 36, the two versions of BiTA have decreased 
entropy in all images and increased PSNR in most images. These results relate 
to the smoothing properties of the BiTA versions which help to reduce the noise 
in the image. The bilateral filter has increased entropy and decreased PSNR in 
most images. These results relate to the edge preserving and the sharpening 
properties of the bilateral filter. 
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Note that most images with a negative change in entropy after application of 
the Retinex and bilateral filters belong to Db3a subset of FVC2000 database (734 
of total 870 images for Retinex and 249 of total 264 images for bilateral filter). 
At the same time, the images of Db3 subset are the majority of the images with 
a positive change in PSNR after application of the Retinex and bilateral filters 
(655 of total 1384 images for Retinex and 492 of total 704 images for bilateral 
filter). 

As shown in Table 3, the images belong to Db3a subset have larger image 
size as compared to the images in the three subsets of the FVC2000. However, 
the resolution 500 dpi is equal for all images in FVC2000 database. The effect 
of increasing the image size while keeping the resolution of the image constant 
on changes in entropy and PSNR values of the image after application of IE 
algorithms is considered as a future work. 

For the FVC2000 database, the entropy and PSNR values are calculated for 
the original images. After the application of each algorithm on the original 
images, the entropy and PSNR values are even calculated for all the algorithms. 
The difference in entropy value and difference in PSNR value of all algorithms 
are compared with the original entropy and PSNR values. The comparison plots 
of all algorithms are attached below in Table 37. 

Name Entropy SNR 
Retinex 

Bilateral 
filter 

BiGA 

BiPA 
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Table 37 Comparative analysis based on dot plots (I) 

The considered four algorithms are even compared according to the entropy 
and PSNR dot plots as shown in Table 38. The dots in the figures of the table 
represent the images in every database. 

Name Db1a Db2a Db3a Db4a 
Original 
images 

 
Retinex 

 
Bilateral 

filter 

 
BiGA 

 
BiPA 

 

Table 38 Comparative analysis based on dot plots (II) 

In the above Table 38, the x-axis of all figures is the PSNR values range and 
the y-axis is the entropy values range. Based on the distribution shape in the 
figure, the change obtained in the entropy and PSNR values after the application 
of the algorithm is estimated. 

From analysing the Table 38, the point distribution of the retinex algorithm 
seems affected stronger than the other three evaluated algorithms because there 
is a huge variation in the distribution which can be clearly seen in Table 38. The 
distribution of bilateral filter algorithm plots is even affected compared to 
original distribution plots but not as much as the retinex algorithm plots. The 
distribution plots of BiTA two versions are mostly similar to each other and even 
slightly similar to the original distribution plots. 

5.4.2 AFIS performance 

The three algorithms are implemented for thresholds mentioned in Table 7 
and the obtained output images are evaluated using the fingerprint recognition 
system as shown in block diagram Figure 8. The obtained results are tabulated in 
section 5.3. The EER and AUC values obtained for all algorithms for all the 
thresholds are plotted using MATLAB. Using these plots, we can compare all 
the algorithms based on fingerprint recognition system. 
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In these figures, the left y-axis is EER values scale and the right y-axis is 
AUC values scale. The x-axis is entropy or PSNR thresholds. The plots in the 
lower part of the graph are EER plots for all algorithms and the plots in the upper 
part of the graph are AUC plots for all algorithms. As we mentioned already, the 
smaller the EER and the greater the AUC depict that algorithm has the better 
performance, we can say that EER and AUC are inversely related. This variation 
can be clearly seen in the following graphs. Figure 46 is an example figure and 
the rest of the figures (Figure 50 - Figure 72) can be found in the appendix. 

The considered algorithms implemented on the every FVC database are 
compared for all thresholds. By observing every database AFIS plot of three FVC 
databases (Figure 46, Figure 50 - Figure 72), the performance of IE algorithms 
depends also on which FVC database a fingerprint image belongs to. So the 
considered algorithms cannot be clearly analysed here. This can be further 
developed in future. Therefore, in addition to analysis based on AFIS, we even 
compared the algorithms based on entropy and PSNR values which we discussed 
in above sections. 

 
Figure 46 EER and AUC vs entropy thresholds for FVC2000 Db1a images 

5.4.3 Computation time 

The computational time requirement of all the algorithms is tabulated in Table 
39. 

Algorithm name Average time required 
per image (minutes) 

Average time required 
for database (minutes) 

Retinex 0.375 300 (5 hours) 
Bilateral filter 2.75 2200 (36.7 hours) 

BiGA 0.025 20 
BiPA 0.01875 15 

Table 39 Comparison of all algorithms in the aspect of computational time requirement 
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Due to the simple design, the two versions of BiTA require less 
computational time. The complex design of bilateral filter leads to the more 
computational time requirement than all algorithms and this is the major 
drawback of bilateral filter algorithm. 

In this research, the i5 processor system is used for algorithms 
implementation. Table 39 shows the time values obtained with an i5 processor 
system. The time requirement of all algorithms reduced when an i7 processor 
system is used. So, the bilateral filter algorithm is implemented on i7 processor 
system. The average time required for the bilateral filter to enhance an image is 
reduced to 1.5 minutes when an i7 processor system is used. 

5.4.4 Subjective analysis 

The algorithms are even evaluated subjectively. For this, we considered some 
images and all the algorithm output images for the considered images are 
compared. In the following Figure 47, Figure 48 and Figure 49, we show a 
comparison of all the algorithm output images with the original image. 

Comparing to the original image Figure 47 (a), the Figure 47 (b) is noise free 
and has good contrast. Note that ‘noise free’ in this subsection means that we 
could not visually discern noise in an image. In Figure 47 (c), most of the noise 
is removed and has over contrast. In Figure 47 (d) and Figure 47 (e), the noise is 
not at all removed but has good contrast in the image including contrast 
enhancement in the noise. 

The Figure 48 (a) has high PSNR value and visually also there is no noise in 
the image. The Figure 48 (b) has contrast enhancement but not as much as in 
Figure 48 (c). As there is no noise in the original image, subjectively the Figure 
48 (d) and Figure 48 (e) are better than the other two algorithms figures. Among 
the Figure 48 (d) and Figure 48 (e), the BiPA output Figure 48 (e) is better than 
BiGA output Figure 48 (d) visually. 

Comparing to the original image Figure 49 (a), the Figure 49 (b) is noise free 
but has over contrast enhancement. In Figure 49 (c), almost complete noise is 
removed and has required good contrast. In Figure 49 (d) and Figure 49 (e), the 
noise is not at all removed and even has over contrast in the output images 
including contrast enhancement in the noise.  
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Entropy: 3.7483 Entropy: 6.9583 Entropy: 5.8840 Entropy: 3.6686 Entropy: 3.7342 
SNR: 61.0729 SNR: 60.7673 SNR: 60.4608 SNR: 61.1394 SNR: 60.8709 
     

(a) Original image (b) Bilateral filter 
output 

(c) Retinex output (d) BiGA output (e) BiPA output 

Figure 47 Subjective analysis image1 FVC2000 Db2 82_3 

 

 
Entropy: 3.2339 Entropy: 5.1816 Entropy: 4.7387 Entropy: 3.1624 Entropy: 3.2167 
SNR: 71.4104 SNR: 66.6434 SNR: 66.9927 SNR: 70.8789 SNR: 71.2610 
     

(a) Original image (b) Bilateral filter 
output 

(c) Retinex output (d) BiGA output (e) BiPA output 

Figure 48 Subjective analysis image2 FVC2000 Db4 97_1 

 

Entropy: 5.7256 Entropy: 6.0963 Entropy: 6.8254 Entropy: 5.5002 Entropy: 5.0843 
SNR: 63.9329 SNR: 60.3035 SNR: 59.8488 SNR: 65.7960 SNR: 68.8649 
     

(a) Original image (b) Bilateral filter 
output 

(c) Retinex output (d) BiGA output (e) BiPA output 

Figure 49 Subjective analysis image3 FVC2000 Db3 92_5 
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Subjectively, we say that the output images of Retinex algorithm have good 
contrast and mostly noise free. As said before, the MSR is a weighted 
combination of three SSR’s in our research. The small scale retinex help in noise 
removal of the image and the medium and large scales helps in contrast 
enhancement. The bilateral filter output images have required contrast and are 
completely noise free in major cases because the bilateral filter is good at noise 
removal. Retinex enhances the contrast according to the image but bilateral filter 
over enhances even high contrast image. The output images of BiTA two version 
algorithms have no noise removal and have contrast enhancement to the image 
with the noise because the tone curves of BiTA increases the contrast of bright 
and dark regions and even enhances the contrast in mid-tone regions. BiGA may 
even add unnecessary noise to the image. 
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6 CONCLUSION AND FUTURE WORK 

6.1 Conclusions 
For the performance evaluation of the considered image enhancement 

algorithms, we developed the existing algorithms on the MATLAB. The 
algorithms are successfully implemented on the three FVC databases. Taking 
various parameters like thresholds division, entropy and PSNR calculations into 
consideration, the results are measured for all the three algorithms. The results 
are evaluated subjectively and objectively on the basis of both in terms of PSNR 
and entropy values and based on AFIS. 

Based on our obtained results study, the conclusions for all algorithms are 
tabulated here in Table 40. 

Algorithm name Objective analysis Subjective analysis 
Retinex Low or medium entropy 

images 
Good contrast and mostly 

noise free 
Bilateral filter Low entropy and low PSNR 

images 
Noise free and has required 

contrast 
BiGA High entropy images Added noise and contrast 

enhancement 
BiPA High entropy and low 

PSNR 
images 

No noise removal and 
contrast enhancement 

Table 40 Concluded analysis for all algorithms 

The objective analysis column in Table 40 indicates that the mentioned type 
of images besides the algorithm name is the most suitable type of images for IE 
by that respective algorithm. The subjective analysis in Table 40 indicates the 
result obtained after the application of the algorithm to an image. 

Finally, the order of the algorithms according to the performance scale is a 
bilateral filter, retinex, BiPA and BiGA. This is the answer to the first research 
question. In this work, we considered Entropy and PSNR values of original 
images separately for the selection criterion for the images to be enhanced. This 
is the answer to the second research question. The objective results shown in 
Table 40 are the answer to the third research question. 

Some relatively good contrast original images are over enhanced by bilateral 
filter whereas retinex algorithm gives better output image in these cases. For 
some over noisy images, the retinex algorithm may not remove the complete 
noise and even enhance the noise. The bilateral filter algorithm gives better 
output image in this cases as the bilateral filter is good at noise removal. 

6.2 Future work 
In this thesis, during the development and implementation of the algorithms, 

the major drawback we faced is the most computational time requirement of 
bilateral filter algorithm. As this algorithm gives better performance, it would be 
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interesting to overcome this drawback in future. Regarding the image selection 
for enhancement, we even had an idea to implement a combination of Entropy 
and PSNR values of original images for designing the thresholds. Due to the time 
factor, we couldn’t implement this and it can be developed in future. In addition 
to this, a complex threshold method can be even developed which helps for better 
performance evaluation of the algorithms. A proper relation of retinex and BiGA 
algorithm with PSNR can be defined with more analysis in future. 
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APPENDIX 
 
 
 
This appendix contains the figures for analysis of IE algorithms based on 

AFIS results. 

 
Figure 50 EER and AUC vs entropy thresholds for FVC2000 Db2a images 

 
Figure 51 EER and AUC vs entropy thresholds for FVC2000 Db3a images 
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Figure 52 EER and AUC vs entropy thresholds for FVC2000 Db4a images 

 
Figure 53 EER and AUC vs PSNR thresholds for FVC2000 Db1a images 

 
Figure 54 EER and AUC vs PSNR thresholds for FVC2000 Db2a images 
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Figure 55 EER and AUC vs PSNR thresholds for FVC2000 Db3a images 

 
Figure 56 EER and AUC vs PSNR thresholds for FVC2000 Db4a images 

 
Figure 57 EER and AUC vs entropy thresholds for FVC2002 Db1a images 
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Figure 58 EER and AUC vs entropy thresholds for FVC2002 Db2a images 

 
Figure 59 EER and AUC vs entropy thresholds for FVC2002 Db3a images 

 
Figure 60 EER and AUC vs entropy thresholds for FVC2002 Db4a images 
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Figure 61 EER and AUC vs PSNR thresholds for FVC2002 Db1a images 

 
Figure 62 EER and AUC vs PSNR thresholds for FVC2002 Db2a images 

 
Figure 63 EER and AUC vs PSNR thresholds for FVC2002 Db3a images 
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Figure 64 EER and AUC vs PSNR thresholds for FVC2002 Db4a images 

 
Figure 65 EER and AUC vs entropy thresholds for FVC2004 Db1a images 

 
Figure 66 EER and AUC vs entropy thresholds for FVC2004 Db2a images 
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Figure 67 EER and AUC vs entropy thresholds for FVC2004 Db3a images 

 
Figure 68 EER and AUC vs entropy thresholds for FVC2004 Db4a images 

 
Figure 69 EER and AUC vs PSNR thresholds for FVC2004 Db1a images 
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Figure 70 EER and AUC vs PSNR thresholds for FVC2004 Db2a images 

 
Figure 71 EER and AUC vs PSNR thresholds for FVC2004 Db3a images 

 
Figure 72 EER and AUC vs PSNR thresholds for FVC2004 Db4a images 


