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Abstract: In community security as well as a criminal investigation, like forensic 
investigation, custom access and law enforcement, the Fingerprint (FP) encompasses a 
vital function. Utilizing Latent Fingerprint (LFP) samples to perform recognition and 
reconstruction tasks is often demanding for automated identification systems because of 
poor quality, distortion, and also partly missing information as of the input samples. To 
trounce such issues, this paper proposes an efficient Fingerprint Reconstruction System 
(FRS) utilizing the Gamma CLAHE-Anisotropic Diffusion Gaussian Filter (GAG) together 
with the Modified Otsu Binarization (MOB) method. First, the GAG method performs the 
preprocessing step to ameliorate image quality. Next, the significant features like 
correlation, Stationary Wavelet Transform (SWT), Discrete Cosines Transform (DCT), 
coherence, edge feature, shape feature, Local Binary Pattern (LBP), along with cluster 
shade features, are extracted as of the preprocessed image. Subsequently, the Entropy 
Based-Humming Bird Optimization (E-HBO) does the Feature Selections (FS). After that, 
the chosen features are given to the Deep Neural Network-Regression (DR) classifier, 
which classifies the LFP. Next, fingerprint recognition is done utilizing the Euclidean 
Distance (ED) calculation. Lastly, the novel MOB reconstructs the image. Experiential 
results exhibit that the FRS proposed attains efficient performance analogized to the 
existent techniques. 
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INTRODUCTION  

Fingerprints has been extensively included into forensic, 

civilian, along with numerous commercial applications [19], 
mainly regarding their originality, stability through life, 
individuality amidst folks, public acceptance, along with a 
little threat of invasion. All folks on this planet have a distinct 
Fingerprint. Usually, FP can well be characterized into three 
prints: plain (visible) print, roll prints, along with latent 
(invisible) prints [1]. Contrasted with rolled as well as plain 
FP, LFP is generally of lower quality overlaid with different 
non-FP patterns, for example writing letters, lines, or even 
other LFP. FP encompasses features, which is typically the 
blend of the ridges with the valleys in the FP. The features of 
FP, like Orientation Fields (OF), ridge shapes, together with 
texture information are utilized aimed at matching the 
equivalent FP. Generally, an Automatic FP Identification 
System (AFIS) [2] is utilized in FP recognition. 

The AFIS generally functions by means of extracting 
as well as matching FP minutiae. The extraction along with 
matching's performance enhances with the FP image's 
quality. A classic AFIS comprises the FP acquisition, the FP 
pre-processing (like the FP segmentation, the orientation 
fields estimation, along with enhancement), FP 
classification, the minutiae detection along with matching. 
However, it is still a difficult mission to distinguish lower-
quality FP, which is debased by different features, like scar,  

 
 
dirt, greasing, along with moisture over the fingertips' 
surface, as well as to reinstate the noise-contaminated FP 
ridge structure devoid of introducing false features [10]. 
Thus, FP image enhancement is an imperative step among 
FP image acquisition along with FP image feature 
recognition. 

In various instant, the ridges are gone lost or else 
broken as in an LFP instant. Thus, FP's reconstruction is 
essential aimed at the production of the orientation field as 
well as the ridge structures [3]. FP's reconstruction can just 
be established as triumphant whilst the reconstructed 
image matches the original FP image centred upon the 
minutiae points. The FP reconstruction's prime goal is to 
create the restructured image to look like the original FP 
image [4]. However, the majority of the reconstruction 
methods can only produce a partial FP and also some of 
them are susceptible to create false minutiae [5]. To conquer 
these problems, MOB centred reconstruction scheme is 
modelled. The proposed MOB is modelled to effortlessly and 
correctly execute identifications along with reconstruction 
in large FP databases. 

A comprehensive discussion regarding the 
methodology propounded is proffered in Section-2; the 
experiential result is explored in Section-3; the paper is 
deduced in Section-4. 

https://creativecommons.org/licenses/by/4.0/
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EFFICIENT FINGERPRINT RECONSTRUCTION SYSTEM 
 
Numerous FP reconstruction methodologies show the 
requirement aimed at protecting the FP templates [20], 
enhancing the template's interoperability, together with 
enhancing fingerprint synthesis. This paper proposed an 
efficient FRS utilizing the novel GAG and MOB approach.  

The block diagram of the proposed FP 
reconstruction system is proposed in Figure 1. 

 
Input Data 
Initially, the input LFP image is taken as of the LFP dataset. 
The input dataset is mathematically expressed as: 
 

Fk = {F1, F2, F3 … … Fn} (1) 
 
where, Fk implies the LFP dataset and Fn symbolizes the n-
number of FP images as of the dataset.  
 
Pre-processing  
Here, pre-processing is performed on the input image for 
image enhancement and also eradicating spurious minutiae 
on the FP image utilizing a novel GAG technique. The GAG is 
an amalgamation of the Gamma- CLAHE technique with the 
Anisotropic Diffusion-Gaussian (ADG) filter. Thus, this 
technique is labelled as GAG. In the proposed work, the GAG 
pre-processed technique encompasses four steps: image 
contrast enhancement, Local Ridges Orientation (LRO) 
estimation, frequency estimation and filtering, which is 
elucidated as follows: 
 
Image contrast enhancement  
This is a necessary step in the pre-processing part. Contrast 
enhancement ameliorates the image's quality via 
augmenting the luminance variation betwixt the 
foregrounds and the backgrounds. In the proposed 
technique, the Contrasts Limited Histograms Equalizations 
(CLAHE) [6] is utilized. The CLAHE technique regulates the 
image's intensity values by utilizing a nonlinear method to 
augment the contrast for every image's pixels. A variation of 
the contrast limited method termed adaptive histograms 
clip (AHC) [7] can as well be implemented, which 
automatically regulates the optimal clipping level in CLAHE 
together with the   enhancement parameter in local 
contrasts enhancement. And therefore, the proposed 
technique attains optimum contrast enhancement intended 
for the inputted images. The customized gray levels for 
CLAHE technique with Uniform Distribution is 
mathematically rendered as: 
 

C(f) =
𝑃(𝑓) − 𝑃(𝑓)𝑚𝑖𝑛

𝑚𝑋𝑛 − 𝑃(𝑓)𝑚𝑖𝑛

(𝐺𝐿 − 1) (2) 

 
wherein, C(f) signifies the CLAHE function of the n -number 
of FP images; P(f) implies the cumulative probabilities 
distribution, P(f)min denotes the cumulative distributions 
function's minimal non-zero value; m X n renders the 
image's number of pixels wherein m signifies the width and 
n implies the resized image's height; GL states the number of 
grey levels utilized. In this CLAHE, the luminous intensity is 
bad; so as to shun this, the proposed one deploys the Gamma 
cantered CLAHE that is called Gamma-CLAHE [21]. Gamma 
correction [8] has been utilized to regulate an image's 
luminance. The Gamma is resultant as of: 
 

𝑖𝑛 = 𝐺(𝛼)(𝑖0)
1

𝛾⁄ (3) 

 
wherein, in implies the new intensity value; i0 signifies the 
C(f)'s old intensity value, G(α) state the gray stretch 
parameter employed to linearly scale the result to be in the 
[0, 255] image in addition to implies the positive constant. 
In the proposed work, the luminance is altered centered on 
the gamma value. The contrast-ameliorated image is 
equated as: 
 

�⃗�𝑘 = {�⃗�1, �⃗�2, �⃗�3 … . �⃗�𝑛} (4) 

 

wherein, �⃗�𝑘 signifies the Gamma-CLAHE implemented LFP 

image dataset, �⃗�𝑛     symbolizes the Gamma-CLAHE 
implemented -number of LFP images. 
 
Local Ridge Orientation (LRO) Estimation  
Ridges orientation [9] is explicated as the procedure of 
attaining the ridges' angle all through the image. It is 
certainly utilized for describing, detecting, along with 
matching FP features, like minutiae along with singular 
points. Primary, the FP image is partitioned into non-ridge 
and as well ridge regions. Next, segment the ridge areas 
centred upon the estimated ridge orientation's correctness. 
The local orientation is calculated from the filtered vector 
field by utilizing the subsequent formula: 
 

𝑂(𝑖, 𝑗) =
1

2
𝑡𝑎𝑛−1

𝜓𝑦
′ (𝑖, 𝑗)

𝜓𝑥
′ (𝑖, 𝑗)

(5) 

 
where, O(i,j) is the local orientation of image; 
mathematically, it signifies the direction which is orthogonal 
to the leading direction of the Fourier spectrums of w X w 
and  𝜓𝑦

′ (𝑖, 𝑗) and  𝜓𝑥
′ (𝑖, 𝑗) represents continuous vector field. 

 
Ridge Frequency Estimation  
The evaluation of ridge frequency is one fundamental 
precondition in the improvement of Fingerprint images. The 
ridge frequency of Fk is mathematically written as: 
 

𝐹(𝑖, 𝑗) = ∑ ∑ 𝑊(𝑢, 𝑣)𝜓𝑦

𝑣=
𝜓
2

𝑣=−
𝜓
2

𝑢=
𝜓
2

𝑢=−
𝜓
2

(𝑖 − 𝑢𝑤, 𝑗 − 𝑣𝑤) (6) 

Here, F(i,j) signifies each block's local ridges frequency that 
is stated as the frequency of the ridge along with furrow 
structures within a local neighbour. 
 
Filtering 
An Anisotropic Diffusion Gaussian (ADG) [10] is changed to 
the equivalent frequency, along with orientation can 
effectively eradicate the unwanted noise and protect the 
true ridge together with furrow structures. This filter 
renders superior performance by eliminating noise whilst 
preserving image details. In the ADG filter, the Edge 
Stopping function (ESF) [22] is not equipped to effortlessly 
eradicate unwanted noise. To efficiently protect the ridges 
along with valleys, this paper employs the Gaussian [26] for 
ESF in the ADG filter. The ADG filter is written as:  
 

�⃗�𝑘
(𝑡+1)

≃  �⃗�𝑘
 +

𝛿

|𝜆𝑖|
∑ 𝐽(𝛥𝐺𝜎

𝑗∈𝜆𝑖

∗ (�⃗�𝑘
 )

𝑖.𝑗

𝑡
) (7) 
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wherein, �⃗�𝑘
(𝑡)

 implies as the contrast-enhanced image at 

instant t, δ implies a scalar associated with the diffusion 
rate, 𝜆𝑖  implies the compilation of adjacent pixels of i and J(.) 

signifies the ESF. (�⃗�𝑘
 )𝑖.𝑗

𝑡  signifies the magnitude of the frame 

directional gradient as of pixel i to j at instant t, 𝐺𝜎  referred 

as the Gaussian filter (GF) of scale σ and �⃗�𝑘
(𝑡+1)

signifies the 

filtered image. That is, the local gradients (parameter of ESF) 
are computed utilizing a smoothed adaptation of the image 
in each iteration. This ADF filter the image to plainly 
separate out ridges along with valleys, and therefore, lessen 

the probability of spurious minutiae. This method efficiently 
eradicates the unwanted noise and conserves the true ridge 
along with furrow structures. 
 
Feature Extraction (FE) 
 

The chief features [11], like correlation [23], Stationary 
Wavelet Transform (SWT) [25], Discrete Cosines Transform 
(DCT) [24], coherence, edge feature, shape feature [27], 
Local Binary Pattern (LBP) [28], along with cluster shade 
features, are extricated as of the pre-processed image. 

 

 
Fig 1: Block diagram of the proposed FRS 

 
Feature Selection (FS) using Entropy-based HBO 
After FE, the features required are elected as of the features 
taken out employing the Entropy-centric Humming Bird 
Optimization (Entropy-based HBO) algorithm [12]. The 
normal HBO algorithm utilizes Levy flights (non-Gaussian 
random walk) [13], which creates over selection; hence, it 
broadly explores the search space more. For overcoming 
this difficulty, this approach employs the Entropy function 
in place of levy flights. Hence, this optimization is termed as 
`Entropy-based HBO'. HBO is generally inspired with the 
foraging activities of hummingbirds [29]. The proposed 
algorithm undergoes self-searching phase and guide-
searching phase. With such phases, the algorithm`s 
exploitation as well as exploration abilities could be 
balanced. In HBO, the food resources' quality indicates the 
fitness functions' values, and the finest food resource 
specifies the optimum solution [12]. The formula for HBO 
initialization is: 
 

𝐻𝑖 = 𝑢𝑏 − 𝑟𝑎𝑛𝑑(𝑢𝑏 − 𝑙𝑏) (8) 
 
where, Hi is the position of the ith humming bird (i ϵ 1,2, 
3....n), N denotes the population size, ub and lb represents the 
Upper and lower bounds of the variables in the search space, 
respectively and rand is the Random value in between [0, 1]. 
Consider Hi

t is the ith hummingbird in tth generation, which is 
expressed as follows: 
 

𝐻𝑖
𝑡

 
= 𝐻𝑖,1

𝑡 , 𝐻𝑖,2
𝑡

  
… 𝐻𝑖,𝑑

𝑡

 
 (9) 

 
Here, d denotes the dimension. When hummingbird i 
continually discovers better sources of food, the individual's 
position is updated grounded on its former gradient 

information. The updated position of hummingbird could be 
attained via the succeeding formula: 
 

𝐻𝑖
𝑡+1

 
= 𝐻𝑖

𝑡 + 𝑟𝑎𝑛𝑑. (𝐻𝑖,1
𝑡 − 𝐻𝑖,1

𝑡−1)
 
 (10) 

 
𝐻𝑖,1

𝑡  and 𝐻𝑖,1
𝑡−1 signifies the ith-hummingbird's positions at the 

tth and (t-1)th generations, respectively. When hummingbird 
i searches continually, but fails to find better results (𝐻𝑖,1

𝑡 =

𝐻𝑖,1
𝑡−1), it means that the current area is not worth continued 

exploitation. In this scenario, the hummingbird would 
arbitrarily vary the search direction and this is performed 
centred on Levy flights. But in the proposed work, the search 
direction is altered grounded on the entropy value to avert 
over-selection. The new position of the hummingbirds in 
self-searching phase is created by executing the entropy 
model [14] as: 
 

𝐸(𝐻) = ∑ 𝐻𝑖

𝑛

𝑖=0

𝑙𝑜𝑔2𝐻𝑖  (11) 

Guided searching phase can be implemented as in [12]. At 
last, the selected feature set is indicated as: 
 

𝐹(𝑠)𝑘 = {𝐹(𝑆)1, 𝐹(𝑆)2, 𝐹(𝑆)3 … … 𝐹(𝑆)𝑛} (12) 
 
where, F(S)k is the selected feature set and F(S)n is the n -
number of selected features. 
 
Classification using DR Classifier  
Here, the features F(S)k attained from FS are inputted to the 
DR classifier to successfully classify the pattern of the FP 
image. Normally, the FP pattern has the succeeding types, 
such as loops, whorls, and arches. In the proposed 
technique, the Deep learning neural Network-Regression 
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activation (DR) classifier [30] which is the modified version 
of Artificial Neural Network (ANN) is implemented for 
classification. The conventional ANN utilizes just one hidden 
layer (HL), and it wouldn't bring a precise outcome, and also 
its training time is high on account of backpropagation. For 
overcoming these problems, the proposed method utilizes a 
deep learning concept since it utilizes more than three HLs. 
The normal Activation Function is enough for one HL, but as 
previously mentioned the proposed methodology utilizes 
innumerable HLs [15]. So, for an effectual classification, the 
proposed work utilizes RAF, which increments the layer's 
margin and diminishes the error, and also it is proficient in 
learning and executing much intricate operations aimed at 
more number of HLs. Regression function gauges a relation 
in between a dependent variable and 1 or more independent 
variables. 
The RAF is a sort of radial basis function, which is grounded 
on a standard statistical approach termed kernel regression. 
The regression-centric neural network has excellent 
performances on learning speed together with 
approximation ability. In addition, it is rapid learning and it 
merges to the optimum regression surface when the number 
of sample data increases. When such sample data is less, the 
DR still has a good forecasting outcome. 
The input features F(S)k are accepted by the Input Layers 
(IL). The features are passed on to the HL and no other 
computation is done at its nodes. In an IL, each feature in 
F(S)k is initially assigned with their respective weight value 
as: 
 

(𝑊𝑣)𝑙  
= {𝑤1, 𝑤2, 𝑤3 … . . 𝑤𝑛} (13) 

 
Here, (𝑊𝑣)𝑙 is the corresponding weight value of F(S)k. The 
input features and their individual weight values are 
inputted to the HL. In the HL, the input entered via the IL are 
multiplied, and then, they are totally summed, which is 
expressed as: 
 

𝐻𝑖 = ∑ 𝐹(𝑆)𝑘

𝑛

𝑖=1

(𝑊𝑣)𝑙  
 (14) 

 
Here, hi denotes the HL's input value. After giving input to 
the HL, the RAF is determined. 
 

𝑅𝐴𝐹 =
∫ 𝐹(𝑆)𝑘 . 𝑓((𝑊𝑣)𝑙  

𝐹(𝑆)𝑘). 𝑑𝐹(𝑆)𝑘
∞

−∞

∫ 𝑓((𝑊𝑣)𝑙  
𝐹(𝑆)𝑘). 𝑑𝐹(𝑆)𝑘

∞

−∞

 (15) 

 
Here, ((𝑊𝑣)𝑙), 𝐹(𝑆)𝑘) is the Joint probability density 
function of 𝐹(𝑆)𝑘  and (𝑊𝑣)𝑙  . Subsequently, the HL's output 
is computed as: 
 

ℎ0 = 𝐵𝑠 +  ∑ 𝑅𝐴𝐹 .

𝑛

𝑠=1,𝑓=1

𝐹(𝑆)𝑘 . (𝑊𝑣)𝑙  (16) 

where, h0 is the Output of the HL and Bs is the Bias function. 
The last output decision of the DLNN is centred on the biases 
and weights of the past layers prevalent within the network 
structure. The proposed DR's end output is equated as: 

𝑂𝑡
⃗⃗⃗⃗⃗ = 𝐵𝑠 ∑((ℎ0)𝑙+1

𝑛

𝑓=1

− (ℎ0)𝑙). 𝐾𝑟  ((𝑊𝑣)𝑙+1, (𝑊𝑣)𝑙 (17) 

 
Kr denotes the weight value's kernel function; l represents 

the Hidden Layer and 𝑂𝑡
⃗⃗⃗⃗⃗ is the Output unit. 

Grounded on “17”, the proposed DR classifier precisely 
classifies and found the patterns of the Fingerprint whether 
it is loop or arch pattern or whorl. All the afore-mentioned 
phases like pre-processing, FE, FS, and classification are also 

done in the Query Image (QI). In the proposed work, the 
mentioned QI is a culprit's Fingerprint image. 
 
Euclidean Distance (ED) Ranking 
Here, this Euclidean Distance ranking method [16] gauges 
the similarity or dissimilarity between the classified Input 
Image and Classified Query Image, which has one or multiple 
attributes. Consider the input image as p and QI as q. The 
Euclidean Distance ED(p, q) between p and q could be 
evaluated as: 
 

𝐷(𝑝, 𝑞) = √∑ (𝑝𝑖 − 𝑞𝑖)
2

𝑛

𝑖=1
 (18) 

 
where, n is the number of dimensions, qi is the Query Image 
and pi is the input image as of the database. ED(p,i) gauges 
the numerical difference for each corresponding attribute of 
image p and q. The image that is having the lowest ED with 
the QI is regarded as a culprit's Fingerprint. So, grounded on 
the ED(p,i), the culprit's Fingerprint image as of the input 
image has been recognized. The Euclidean Distance is 
applied between all the input images in the dataset and the 
Query Image. 
 
Image Reconstruction using MOB 
In this proposed work, the MOB [17] approach is employed 
for culprits FP image reconstruction. The general Otsu 
Binarization (OB) method utilizes the average sample value 
and derivation for computing dispersion and the location, 
which renders poor thresholding outcomes. For resolving 
this issue, a median centric OB is proposed in the work. 
 
RESULTS AND DISCUSSION 
The proposed algorithms performance is estimated on the 
Latent Fingerprint dataset of IIITD [18]. As of this dataset, 
76 percentage of images are employed in favour of training 
and 24 percentage of images in favour of testing. 
 
Performance analysis of DR classifier 
 Here, the proposed DRs performance is estimated utilizing 
the metrics mentioned in Table 1. 
 
Performance analysis of E-HBO 
The proposed E-HBO technique that is used in Feature 
Selection is contrasted to the existing PSO and HBO 
techniques, in respect of Fitness Value (FV) in Figure 2. The 
FV is assessed for 10 to 100 iterations. From the above 
performance analysis, the outcomes inferred that the 
proposed technique is robust for FP detection and FP 
reconstruction. 
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Fig 2: Fitness comparison of E-HBO with existing algorithms 

 
Table 1: Performance of the proposed DR-classifier with the existing classifiers 

 
Matrices DR Classifier Existing ANN Existing SVM Existing KNN 

Precision 0.8441 0.5303 0.5064 0.7012 

Recall 0.8441 0.4545 0.5064 0.7012 

F-Measure 0.8441 0.4895 0.5064 0.7012 

Sensitivity 0.8441 0.4545 0.5064 0.7012 

Specificity 0.8441 0.7987 0.7532 0.8506 

Accuracy 0.8441 0.6839 0.6709 0.8008 

 
 

CONCLUSION 
 
For authentication, minutiae are employed as an attribute by 
most of the FP systems. These features are conserved in a 
database. Nevertheless, these databases are observed to be 
insecure as the damages caused to them are irreparable. 
Therefore, securing FP in the database is highly significant. 
Thus, by employing WDBS-VSS along with GMRFS, an 
effectual FP reconstruction system is proposed here. 
Securing FPIs along with reconstructing user FPs effectually 
for authentication is the intention of this work. The 
proposed methodology’s outputs are analogized with the 
prevailing methodologies for performance evaluation. The 
latent FP database is wielded to conduct experiments. The 
experiential outcomes displayed that a better performance 
is offered by the proposed model by obtaining a higher 
accuracy and lower MSE of 97.9892 and 0.122057, 
respectively. In proportion to the experiential outcomes 
along with performance evaluation, it is evident that in 
correlation with the prevailing methodologies, enhanced 
performance is acquired by the proposed scheme. The work 
will be advanced by focusing on the additional possible 
reconstruction of FPIs with enhanced algorithms in the 
approaching future. 
 
CONFLICT OF INTEREST 
Authors declare that no competing interests exist. 
 

REFERENCES 

 
1. Cao K, Nguyen DL, Tymoszek C, Jain AK. End-to-end 

latent fingerprint search. IEEE Transactions on 
Information Forensics and Security. 2019 Jul 22; 
15:880-94. doi: 10.1109/TIFS.2019.2930487. 

2. Singla N, Kaur M, Sofat S. Automated latent fingerprint 
identification system: A review. Forensic science 
international. 2020 Apr 1; 309:110187. doi: 
https://doi.org/10.1016/j.forsciint.2020.110187. 

3. Ali SF, Khan MA, Aslam AS. Fingerprint matching, spoof 
and liveness detection: classification and literature 
review. Frontiers of Computer Science. 2021 
Feb;15(1):1-8. doi: https://doi.org/10.1007/s11704-
020-9236-4.   

4. Cao K, Jain AK. Automated latent fingerprint 
recognition. IEEE transactions on pattern analysis and 
machine intelligence. 2018 Mar 22;41(4):788-800. doi: 
https://doi.org/10.1109/TPAMI.2018.2818162. 

5. Krish RP, Fierrez J, Ramos D, Alonso-Fernandez F, 
Bigun J. Improving automated latent fingerprint 
identification using extended minutia types. 
Information Fusion. 2019 Oct 1;50:9-19. doi: 
https://doi.org/10.1016/j.inffus.2018.10.001. 

6. Maysanjaya IM, Kesiman MW, Putrama IM. Evaluation 
of contrast enhancement methods on finger vein NIR 
images. InJournal of Physics: Conference Series 2021 
Mar 1 (Vol. 1810, No. 1, p. 012035). IOP Publishing.  



Sreemol R et al., Efficient Fingerprint Reconstruction System using Novel GAG Method.  J Biol Engg Res & Rev, Vol. 8, Issue 2, 2021 76 

7. kumar Rai R, Gour P, Singh B. Underwater image 
segmentation using clahe enhancement and 
thresholding. International Journal of Emerging 
Technology and Advanced Engineering. 2012 
Jan;2(1):118-23. 

8. Kaur P, Khehra BS, Pharwaha AP. Color Image 
Enhancement based on Gamma Encoding and 
Histogram Equalization. Materials Today: Proceedings. 
2021 Jan 1;46:4025-30. doi: 
https://doi.org/10.1016/j.matpr.2021.02.543. 

9. Gupta R, Khari M, Gupta D, Crespo RG. Fingerprint 
image enhancement and reconstruction using the 
orientation and phase reconstruction. Information 
Sciences. 2020 Aug 1;530:201-18. doi: 
https://doi.org/10.1016/j.ins.2020.01.031. 

10. Poonia P, Deshmukh OG, Ajmera PK. Adaptive Quality 
Enhancement Fingerprint Analysis. In2020 3rd 
International Conference on Emerging Technologies in 
Computer Engineering: Machine Learning and Internet 
of Things (ICETCE) 2020 Feb 7 (pp. 149-153). IEEE. 
doi:https://doi.org/10.1109/ICETCE48199.2020.909
1760. 

11. Verma R. Wavelet based fingerprint authentication 
system: A review. Electrical and Electronics 
Engineering: An International Journal (ELELIJ) Vol. 
2016 Feb;5:61-72. 

12. Zhuoran Z, Changqiang H, Hanqiao H, Shangqin T, 
Kangsheng D. An optimization method: hummingbirds 
optimization algorithm. Journal of Systems 
Engineering and Electronics. 2018 May 10;29(2):386-
404. doi: https://doi.org/10.21629/JSEE.2018.02.19 

13. Sharma H, Bansal JC, Arya KV, Yang XS. Lévy flight 
artificial bee colony algorithm. International Journal of 
Systems Science. 2016 Aug 17;47(11):2652-70.doi: 
https://doi.org/10.1080/00207721.2015.1010748. 

14. Lim MH, Yuen PC. Entropy measurement for biometric 
verification systems. IEEE transactions on cybernetics. 
2015 Jun 2;46(5):1065-77. doi: 
https://doi.org/10.1109/TCYB.2015.2423271. 

15. Tanaka M. Weighted sigmoid gate unit for an activation 
function of deep neural network. Pattern Recognition 
Letters. 2020 Jul 1;135:354-9.doi: 
https://doi.org/10.1016/j.patrec.2020.05.017. 

16. Alqadi Z, Abuzalata M, Eltous Y, Qaryouti GM. Analysis 
of fingerprint minutiae to form fingerprint identifier. 
JOIV: International Journal on Informatics 
Visualization. 2020 Feb 17;4(1):10-5. doi: 
http://dx.doi.org/10.30630/joiv.4.1.332 

17. Yang X, Shen X, Long J, Chen H. An improved median-
based Otsu image thresholding algorithm. Aasri 
Procedia. 2012 Jan 1;3:468-73.doi: 
https://doi.org/10.1016/j.aasri.2012.11.074 .  

18. Sankaran A, Dhamecha TI, Vatsa M, Singh R. On 
matching latent to latent fingerprints. In2011 
international joint conference on biometrics (IJCB) 
2011 Oct 11 (pp. 1-6). IEEE.  doi: 
https://doi.org/10.1109/IJCB.2011.6117525. 

19. Zhou W, Hu J, Petersen I, Bennamoun M. Partial 
fingerprint reconstruction with improved smooth 
extension. InInternational Conference on Network and 
System Security 2013 Jun 3 (pp. 756-762). Springer, 
Berlin, Heidelberg.  doi: 10.1007/978-3-642-38631-
2_67. 

20. Al-Saggaf AA. A Post-Quantum Fuzzy Commitment 
Scheme for Biometric Template Protection: An 

Experimental Study. IEEE Access. 2021 Jul 
28;9:11095261.doi:https://doi.org/10.1109/ACCESS.
2021.3100981 

21. Al-Ameen Z, Sulong G, Rehman A, Al-Dhelaan A, Saba T, 
Al-Rodhaan M. An innovative technique for contrast 
enhancement of computed tomography images using 
normalized gamma-corrected contrast-limited 
adaptive histogram equalization. EURASIP Journal on 
Advances in Signal Processing. 2015 Dec;2015(1):1-2. 
doi: https://doi.org/10.1186/s13634-015-0214-1 

22. Palma CA, Cappabianco FA, Ide JS, Miranda PA. 
Anisotropic diffusion filtering operation and 
limitations-magnetic resonance imaging evaluation. 
IFAC Proceedings Volumes. 2014 Jan 1;47(3):3887-
92.doi: https://doi.org/10.3182/20140824-6-ZA-
1003.02347. 

23. Mohanaiah P, Sathyanarayana P, GuruKumar L. Image 
texture feature extraction using GLCM approach. 
International journal of scientific and research 
publications. 2013 May;3(5):1-5.  

24. Jirachaweng S, Areekul V. Fingerprint enhancement 
based on discrete cosine transform. InInternational 
Conference on Biometrics 2007 Aug 27 (pp. 96-105). 
Springer, Berlin, Heidelberg. doi: 
https://doi.org/10.1007/978-3-540-74549-5_11.  

25. Qayyum H, Majid M, Anwar SM, Khan B. Facial 
expression recognition using stationary wavelet 
transform features. Mathematical Problems in 
Engineering. 2017 Jan 11;2017. doi: 
https://doi.org/10.1155/2017/9854050. 

26. Khan TM, Bailey DG, Khan MA, Kong Y. Efficient 
hardware implementation for fingerprint image 
enhancement using anisotropic Gaussian filter. IEEE 
Transactions on Image processing. 2017 Feb 
20;26(5):2116-26. doi: 
https://doi.org/10.1109/TIP.2017.2671781. 

27. Mingqiang Y, Kidiyo K, Joseph R. A survey of shape 
feature extraction techniques. Pattern recognition. 
2008 Nov 1;15(7):43-90.  

28. Prakasa E. Texture feature extraction by using local 
binary pattern. INKOM Journal. 2016 May 30;9(2):45-
8. doi: http://dx.doi.org/10.14203/j.inkom.420. 

29. Zhang Z, Huang C, Ding D, Tang S, Han B, Huang H. 
Hummingbirds optimization algorithm-based particle 
filter for maneuvering target tracking. Nonlinear 
Dynamics. 2019 Jul;97(2):1227-43.doi: 
https://doi.org/10.1007/s11071-019-05043-0. 

30. Ch S. An efficient facial emotion recognition system 
using novel deep learning neural network-regression 
activation classifier. Multimedia Tools and 
Applications. 2021 May;80(12):17543-68. doi: 
https://doi.org/10.1007/s11042-021-10547-2 

 
 
 
 
 
Sreemol R received her Bachelor’s in Computer Science and 
Engineering in 2014 and Master’s in Computer Science and 
Engineering in 2017, where she is currently pursuing her 
Ph.D from the Department of Computer Applications, Cochin 
University of Science and Technology, South Kalamassery, 
Kochi, Kerala,India. Her research interests include pattern 
recognition and image processing with applications in 
biometrics and security systems. 

About Authors 


