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Abstract— Fingerprint recognition is one of the most 

important techniques used in the field of biometric 

identification. This paper presents a latent fingerprint 

recognition technique followed by Q-learning approach for 

forensic application. Due to small area of the fingers and 

low quality it is necessary to extract all the features of the 

fingerprint for the effective matching. For minutia extraction 

Q-learning algorithm is used. The proposed method uses 

fuzzy & neural network for high recognition rate, high 

accuracy and it takes less time for recovery. The steps for 

this method are Fingerprint Acquisition, Fingerprint 

Enhancement using decomposition method and by median 

filter, Minutia Extraction using Q-learning algorithm, 

Removal of false Minutia using distance computation 

method & fingerprint recognition using neuro- fuzzy rule 

and neural network. 
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I. INTRODUCTION 

Humans have used fingerprints for individual identification 

for several centuries and the matching accuracy exploitation 

fingerprints has been shown to be terribly high [1]. A 

fingerprint is that the shape of ridges and valleys on the 

surface of a tip, the formation of which is set throughout the 

primary seven months of fetal growth. Fingerprint 

Impressions of twins are totally different so are the prints on 

every finger of a similar person. The correctness of the 

presently available fingerprint recognition systems is 

suitable for authentication systems and small-to medium-

scale identification systems involves a number of users. The 

chances of two fingerprints being alike are 1 in 1.9 x 10
15

 

[2]. Multiple fingerprints of someone offer extra information 

to permit for extensive recognition involving lots of 

individualities. One downside with the present fingerprint 

recognition systems is that they need an outsized quantity of 

procedure resources, particularly once in operation within 

the identification mode. Finally, fingerprints of a little 

fraction of the population could also be unsuitable for 

automatic identification as a result of hereditary factors, 

aged, environmental, or professional reasons. 

A fingerprint is made from an impact of the pattern 

of ridges on a finger. A ridge is outlined as one curvilineal 

phase, and a vale is that the region between adjacent ridges. 

The trivialities, that are the native discontinuities within the 

ridge flow pattern, give the options that are used for 

identification. Details like the sort, orientation, and site of 

trivialities are taken under consideration once activity 

trivialities extraction [3]. 

 
Fig. 1: Ridges & Bifurcations 

 
Fig. 2: Features of Fingerprint 

“Minutia Points” are the unique features of 

fingerprint ridges that are used for identification [4]. It’s 

attainable to own identical world options, however the 

native options stay distinctive. Global choices are the 

characteristics that any human will see through naked eyes 

are [5] Pattern Area, Core Points, Delta, Ridge Count, Basic 

Ridge Patterns. Fingerprint which contains 40-100 minutia 

are considered to be a good quality fingerprint. 

Latent fingerprint identification is of importance to 

enforcement agencies in forensics application. Poor quality 

of friction ridge impressions, tiny finger space and huge 

non-linear distortion are a number of the most difficulties in 

latent fingerprint matching. Latent fingerprint pictures area 

unit usually obtained underneath non-ideal acquisition 

conditions, leading to incomplete or distorted impression of 

a finger, and ridge structure corrupted by background. 

Examiners analyze and compare latent prints to famous 

prints of people in a shot to form identifications or 

exclusions. The distinctiveness, permanence, and 

arrangement of the friction ridges permit examiners to 

completely match two prints and to see whether or not two 

friction ridge impressions originated from one supply. 

 
Fig. 3: Latent Fingerprint 

There are number of latent fingerprint classification 

and recognition algorithm that works well in the 

environment [6,7]. The complexity and ambiguity found in 
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fingerprints are mostly based on classification and 

recognition. This leads us into tough situation in learning, 

teaching and active the system for applicable recognition. 

The proposed Neuro Fuzzy Q-Learning method is an 

appropriate approach for the minutia extraction and for the 

recognition of the latent fingerprints. 

II. RELATED WORKS  

P.Devi, M.Manju,Dr.V.Kavitha[8] the author make use of 

soft computing tools like Fuzzy, Neural and Genetic to 

overcome low recognition rate, low accuracy and increased 

time of recovery. This approach has various stages like 

Fingerprint based, Fuzzy trivialities abstraction and Neuro-

Genetic based recognition. Fuzzy rule created schemes are 

used for eliminating the false trivialities from the 

fingerprints. Optimization of neural network parameters is 

completed using Genetic algorithmic rule. The method will 

increase recognition accuracy and reduced training time. 

The system is trained and tested on FVC 2004 information. 

Linear Symmetry features for fingerprint image processing 

are conferred and exploited in a novel image improvement 

procedure. For trivialities extraction Fuzzy Rule based 

approach is employed. Since the projected work deletes the 

false trivialities using fuzzy rules. For post-processing 

Neuro-Genetic approach is employed. Before training the 

network with the extracted features the optimum weights are 

calculated using Genetic parameters. The simulation results 

show that the projected fuzzy based neuro-genetic approach 

will increase the popularity rate and it reduces the time 

interval. 

Soweon Yoon, Jianjiang Feng, Anil K. Jain[9] 

Growing deployment of fingerprint recognition systems in 

national and constitutional applications has resulted in more 

and more fingerprints being gathered from people who were 

not essential to pass fingerprint record in the past, like an 

applications for certain jobs, worldwide border crossing at a 

port of entrance, and a suspicious stopped by a patrol 

officer, etc. Matching these new fingerprints to latent of 

unsolved cases has the potential of resolving other “cold 

cases” Automatic feature extraction in latent fingerprints 

could be a difficult drawback due to poor quality of most 

latent, like unclear ridge structures, coincided lines and 

letters, and overlay fingerprints. Author has proposed a 

latent fingerprint enhancement algorithmic rule which needs 

physically marked region of interest (ROI) and singular 

points. The core of the proposed enhancement algorithmic 

rule may be a unique orientation field estimation algorithmic 

rule, which inserts alignment field model to coarse 

orientation field projected from skeleton outputted by a 

commercial fingerprint SDK. Experimental results latent 

fingerprint information show that by including the projected 

improvement algorithmic rule, the matching accuracy of the 

commercial matcher was considerably improved identical 

precision. 

Alessandra A. Paulino, Anil K. Jain, Jianjiang Feng 

[10] In this paper, author increases latent to full fingerprint 

matching precision by combining manually marked trivia 

with mechanically extracted trivia. Matching unidentified 

latent fingerprints upraised from crime scenes to full (rolled 

or plain) fingerprints in enforcement databases is of 

essential importance for combating crime and fighting act of 

terrorism. Compared to smart quality full fingerprints 

acquired using live-scan or inking methods throughout 

enrollment, latent fingerprints are typically smudgy and 

blurred, capture solely a small finger space, and have 

massive distortion. For this reason, options (minutiae and 

singular points) in latents are usually physically marked by 

trained latent examiners. However, this introduces an 

unwanted interoperability drawback between latent 

surveyors and automatic fingerprint identification 

organizations (AFIS); the options marked by surveyors don't 

seem to be always compatible with those mechanically 

removed by AFIS, leading to reduced matching accuracy. 

Whereas the utilization of mechanically extracted trivia 

from latents will avoid ability drawback, such trivia tend to 

be terribly untrustworthy, because of the poor quality of 

latents. Experimental results on a property right information, 

NIST SD27, demonstrate the effectiveness of the planned 

algorithmic rule. The performance of physically 

marked trivialities in latent is enhanced by 

utilizing mechanically extractedtrivialities from increased lat

ent pictures. This framework comprises of the 

subsequent steps: (i) recreate the orientation 

field supported manually marked trivialities and singular 

points; (ii) enhance the latent using median ridge frequency 

computed in small image blocks and also 

the rebuilt orientation field; (iii) match enhanced latent and 

rolled fingerprints; (iv) combine the scores 

from two matchers using boosted max. This framework 

improved the latent matching performance regardless 

of their quality. Throughout image improvement, if 

the calculable alignment field during a block isn't reliable, 

spurious trivialities will be created. 

Therefore, improving the alignment field reconstruction is 

critical for higher performance.  Manually marked ROI is 

used to reconstruct the orientation field and enhance the 

image solely within that region. 

Jiangyang Zhang, Rongjie Lai, and C.-C. Jay Kuo 

[11] A new image decomposition scheme, referred to as the 

adaptive directional total variation (ADTV) model, is 

planned to attain effective segmentation and improvement 

for latent fingerprint pictures in this work. The planned 

model is inspired by the traditional total variation models, 

however it distinguishes itself by integrating two distinctive 

options of fingerprints; particularly, scale and orientation. 

The planned ADTV model decomposes a latent fingerprint 

image into two layers: cartoon and texture. The cartoon 

layer contains unwanted parts (e.g. structured noise) 

whereas the texture layer primarily consists of the latent 

fingerprint. This cartoon-texture decomposition facilitates 

the method of segmentation, because the region of interest 

may be simply detected from the texture layer using ancient 

segmentation ways.  

The Adaptive Directional Total Variation (ADTV) 

model as an image disintegration scheme that enables 

effective latent fingerprint segmentation and improvement. 

The projected model has the flexibility to 

decompose one latent image into two layers and find the 

important latent space for feature matching. The two 

spatially varied parameters of the model, scale and 

orientation, are adaptively chosen consistent with the 

background level and textural orientation, and successfully 

distinct the latent fingerprint from structured noises within 

the background. Experimental results show that 
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the projected theme provides effective segmentation 

and improvement. The enhancements in feature recognition 

accuracy and latent matching additional justifies the 

effectiveness of the projected scheme. The effectiveness of 

the planned theme is valid through experimental results on 

NIST SD27 latent fingerprint information. The planned 

theme achieves correct segmentation and improvement 

results, resulting in better feature detection and latent 

matching performance. 

Qijun Zhao, Yi Zhang, Anil K. Jain , Nicholas G. 

Paulter Jr., Melissa Taylor [12] This paper investigates the 

correlation between ridge orientation field and trivialities. 

Assuming that trivialities are distributed not absolutely on 

the variation in native ridge orientation, a brand new 

generative model is projected for fingerprint trivialities. To 

judge the projected model, we tend to train the model 

victimization fingerprint pictures within the NIST SD14 

information, and simulate the trivialities within the 

fingerprints within the authority SD4 information with the 

trained model. The experimental results show that by 

exploiting each the native ridge orientation variation and 

also the neighborhood trivialities structure, the projected 

model will higher simulate the trivialities extracted from 

fingerprints than different models on the market within the 

literature. 

Haiying Guan, Andrew M. Dienstfrey, and Mary 

Frances Theofanos[13] In this author suggest a new image-

based metric and explore its utility as a high 

quality investigative for fingerprint image preprocessing 

.Our new metric relies on an extension of the Spectral Image 

Validation and Verification (SIVV) . SIVV was initially 

established to distinguish ten-print or rolled fingerprint 

pictures from different non-fingerprint pictures like face or 

iris pictures. Many alterations are needed to increase SIVV 

analysis to the latent space. Author suggests, implement, 

and check this new SIVV-based metric to measure latent 

fingerprint image quality and also the effectiveness of the 

forensic latent fingerprint preprocessing step. Initial 

outcomes show that the new metric will give positive signals 

of each latent fingerprint image quality, and also 

the efficiency of fingerprint preprocessing. 

Sandeep Tiwari, Neha Sharma [14]In this paper 

author proposed a Q-learning method for trivia abstraction 

from the fingerprint image. Traditional methods for trivia 

abstraction are extraordinarily unreliable in the case of poor 

quality fingerprint image because of the involvement of 

image processing steps. This has been improved by using 

agent based method SARSA within which agent learns to 

follow the ridges and stop at the trivia. One problem with 

this method is that it needs exploring the policy that will 

increase the convergence speed. So, we've planned a Q-

learning approach that is unaffected to the policy of 

investigation. Agent learns by calculating Q value on the 

basis of relation between zones of grey scale values of 

ridges and realize original trivia by choosing most Q values. 

The planned approach considerably reduces convergence 

speed due to insensitiveness to the policy exploration .Q 

learning offer an best result to determine the values to 

extract the trivialities from the fingerprint as compare to 

SARSA method. This technique made the method very 

simple due to the inability to the policy exploration and 

reduced the convergence speed due to the presence of 

maximum operator. This approach also has reduced the time 

interval just in case of noisy image and has only one agent 

for learning that is simpler to maintain. 

O. Assas, A. Aijimi, I. Boudrah, M. Bouamar and 

K. Benmahammed [15] This paper presents some 

intermediary outcomes on fingerprint classification adopting 

a fuzzy neural network as decision stage. The classification 

relies on fingerprint feature abstraction, which involves 

coding the singular points together with their comparative 

positions obtained from a fingerprint image. The output 

vector is outlined in terms of membership values to the five 

categories, arch tented arch, whorl, left Loop and right 

Loop. Three models of fuzzy neural networks were 

implemented and fingerprint pictures from CASIA-

FingerprintV5 information were used for coaching and 

testing these networks. The investigational results have 

shown that the performance of Fuzzy neural networks is best 

as compared to the overall neural network for fingerprint 

classification. In this fuzzy-neural networks are established 

for fingerprints classification drawback. Fingerprint 

classification provides a vital appliance for automatic 

fingerprint recognition systems. Three neuro-fuzzy networks 

are created and used as classifiers. Every one classifies input 

fingerprints into five classes consistent with the amount of 

the core and delta (singular points), and their relative 

positions. The classifiers were tested on 200 pictures of the 

CASIA-FingerprintV5 information. For the five-class 

drawback, classification accuracy as high of 100% is 

realizable. The utilization of neuro-fuzzy approach for the 

classification will increase the quality of the output of the 

organization. 

III. METHODOLOGY 

The projected methodology using neuro-fuzzy Q-learning 

approach which overcomes low recognition rate, low 

accuracy and improved time of recovery. This method 

involves various stages like Image acquisition, Image 

enhancement, Minutia extraction by Q-learning technique, 

Removal of false Minutia, Fingerprint Recognition by neuro 

fuzzy rule. The proposed algorithm model are as follows:  

 
Fig. 4: Block diagram of Fingerprint Recognition method 
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In the above proposed model Finger print 

enhancement plays an important role in it. Fingerprint 

enhancement technique eliminates the noise and distortion 

from the image. An algorithm based on Q-learning approach 

is used for extraction of trivia.By using this approach ridge 

enduing and bifurcations of the fingerprint are extracted 

from the thinned image. The extracted minutia is used to 

remove the false features from it. Distance is computed 

between the ridge ending and bifurcation to eliminate the 

false minutia. Neural network is used to give the training to 

the position of these trivial points and to increase the 

performance of the system. After training and testing of the 

minutia we apply ANFIS for the proper recognition of the 

latent fingerprint. 

IV. FINGERPRINT ENHANCEMENT 

 The performance of a latent fingerprint recognition 

system essentially depends upon the standard of the input 

image. Latent fingerprints are poor quality images and have 

low information in comparison to rolled and plain 

fingerprint images. The latent examiner can arise a problem 

of False Reject Rate (FRR) and False Accept Rate 

(FAR).For Latent Fingerprint Enhancement decomposition 

& median filters are used. Decomposition of any images are 

necessary for removing the object from the background. In 

fingerprint binarization we transform gray level image into 

binary image where 0-value is for ridges and 1-value is for 

valleys. Binarization process uses adaptive threshold method 

where each pixel is assigned a value 0 or 1 according to the 

intensity mean of local neighborhood.  

 
Fig. 5 Binarized image 

Median filter is use to reduce the noise present in the image 

during image acquisition method. Median filter smooth’s the 

data by preserving the small and sharp details of the images. 

The median value is calculated by sorting the neighborhood 

intensity of the target pixel in numerical order and then 

replacing the pixel which is considered with the target pixel. 

V. MINUTIA EXTRACTION 

Before extraction thinning is required in the given image. 

Ridge thinning is used to convert the redundant ridges of the 

given latent fingerprint image till it changes into one pixel 

wide ridge. This process of converting enhanced image into 

one skeleton image of the given fingerprint is known to be 

as thinning.   Due to the small known area of the finger and 

poor quality of the image it is necessary to extract all the 

features of latent fingerprint images for the effective 

recognition. For latent fingerprint Minutia Extraction Q-

Learning algorithm is used. 

A. Q-learning Algorithm  

Q-learning is a reinforcement learning technique. It is used 

to find the best action-selection policy. It works on action-

value function in which any action in any state is provided 

and the best policy is used which will be suited for the given 

action and state to provide the expected results. In 

Reinforcement Learning (RL) technique the agent and the 

environment interact with each other where the agent goes 

through several trials to find out the best greedy action. The 

Q-learning algorithm consists of agent, states and set of 

actions per state. It works by approximating the state –action 

pair values. In this algorithm Q-table is generated to index 

the Q-values which makes use of state-action pairs. The Q-

value is defined as the estimated reduced payoff of taking 

action “a” in state “s” assuming the agent follow the best 

policy[16,17] .The rule for generating Q-values is as 

follows:                  

 (   )   (   )   (        ( (     )   (   )) 

Where is α learning factor and γ is discount factor 

the decimal values are positive values which is  less than 

1.The Q-learning algorithm is as follows: 

 Step 1: arbitrarily initialize the value Q(s, a) 

 Step 2: Repeat (for each episode) 

 Step 3: Now we Initialize s 

 Step 4: Repeat (For step of episode) 

 Step 5: Now we choose the value ”a” from ”s” 

using rules derived from “a” 

 Step 6: We observe “r” & “s’ ” by taking action “a” 

 Step7:  (   )  
 (   )   (        ( (     )   (   )) 

 Step 8:   s ← s’ ; 

 Step 9: Repeat until s is terminal 

VI. REMOVAL OF FALSE MINUTIA 

There are differing kinds of fake trivialities, namely, detail 

close to the borders, trivialities on short ridges, trivial due to 

bridges and trivia associated with branches. Trivialities 

concerning the border may be eliminated using the standard 

image, wherever the surrounding close blocks are very poor. 

In this method we use Euclidian algorithm to find out the 

distance between the bifurcations and ridge ending. After 

finding out the distance between the two we apply some 

fuzzy rules to eliminate the false minutia the false minutia. 

These rules are as follows: 

1) If (distance is small) then (minutia is not BOOL)   

2) If (distance is medium) then (minutia is BOOL) 

3) If (distance is large) then (minutia is BOOL)   

Where BOOL stands for identifier 

 
Fig. 6: Input Variable “Distance” 
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By applying the above rules we will successfully 

delete all the false minutie from the fingerprint image. 

 
Fig. 7: Output variable “Minutia” 

VII. FINGERPRINT RECOGNITION 

After the successful elimination of the false minutia now we 

apply this minutia for the training and testing purpose 

through back propagation method of neural network. After 

training and testing of the minutia we apply ANFIS for the 

proper recognition of the latent fingerprint.  

 
Fig. 8: Trained Data 

A. Adaptive Neuro-Fuzzy Inference System 

Mamdani Fuzzy Inference system is a model which maps 

the input features to input membership functions, input 

membership functions to rules, rules to a collection of 

output features, output features to output membership 

functions, and therefore the output membership functions to 

a single-valued output or a choice related to the output. 

The Neuro-Adaptive learning works same as that of 

neural network. It offers a way for the fuzzy modelling 

technique to learn about information set. Fuzzy logic uses 

input/output information set, the toolbox function anfis 

constructs a fuzzy Inference system (FIS) whose 

membership function parameters are tuned either by a back 

propagation method alone or together with least 

square method. 

 
Fig. 9: FIS First Input 

 
Fig. 10: FIS Second Input 

B. Membership function rules 

1) If (input1 is in1mf1) and (input2 is in2mf1) then 

(output is out1mf1)   

2) If (input1 is in1mf1) and (input2 is in2mf2) then 

(output is out1mf2)   

3) If (input1 is in1mf2) and (input2 is in2mf1) then 

(output is out1mf3)   

4) If (input1 is in1mf2) and (input2 is in2mf2) then 

(output is out1mf4)                         

 
Fig. 11: FIS Output 

VIII. RESULT 

In this section we have performed experiments on latent 

fingerprint images. The images obtained were form CASIA 

database. The given image is matched with the present 

database. This proposed algorithm evaluates the accuracy, 

sensitivity, specificity & of the given fingerprint. The 

experiment result shows the proposed approach gives the 

average accuracy of 94%, sensitivity of 100%, specificity of 

84% and precision of 84% are shown in the table: 

No. of 

Classes 
Accuracy Precision Sensitivity Specificity 

10 80% 66.67% 100% 66.67% 

20 100% 100% 100% 100% 

30 100% 100% 100% 100% 

40 93% 66.67% 100% 66.56% 

                                                                       
    Fig. 12:  Fingerprint v/s Accuracy Graph 

             
  Fig. 13: Fingerprint V/S Precision Graph                         
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Fig. 14: Fingerprint v/s Sensitivity 

    
Fig.  15. Fingerprint v/s Specificity 

IX. CONCLUSION 

The main focus of this project was on the recognition of 

latent fingerprint through neuro fuzzy logic system. In this 

method first we have enhanced the latent image and try to 

find of the different features of the fingerprint. After 

enhancing the image through median filter we try to extract 

the minutia from the given input image. We make use Q-

learning technique for minutia extraction. Experimental 

results shows that this method is able to detect the ridges 

and bifurcations accurately from the enhanced image. False 

minutia is being removed by distance computation method. 

Many a times the extracted minutia do not match the true 

minutia. To improve the performance of the method training 

has been done on the network by back-propagation method 

and also automated neuro-fuzzy Inference System is used 

for the proper recognition of the latent fingerprint. The 

matching is high accuracy when the sensitivity is 1, 

specificity and score matched are high and low of FRR. 
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