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Abstract. This paper proposes several improvements for a fingerprint image denoising method 
that is based on nonlocal total variation (TV) models using split Bregman iteration. The main 
improvement involves the addition of relaxation factors to the two-step iterative process of split 
Bregman iterative algorithms to obtain a double relaxation split Bregman iterative algorithm. The 
improved method is tested using numerous fingerprint images from FVC2004 databases. The 
experimental results show that the improved double relaxation split Bregman iterative algorithm 
achieves significantly better performance in terms of the visual subjective evaluation and the 
quantitative objective evaluation. The method achieves better noise suppression and effectively 
retains image edge details. 

Introduction 

Fingerprinting is a common biometric technology for personal identification. Fingerprints are 
employed as variables of security during voting, examinations, and banking operations and yield the 
highest individualization rate. Therefore, fingerprint systems have received significant attention 
from researchers.  

Traditional image denoising is implemented in spatial domains and primarily includes mean 
filtering [1], median filtering [2] and Wiener filtering [3]. A defect of spatial domain methods is that 
they usually smooth or blur edges in the image during denoising. Conversely, the frequency domain 
methods that use wavelets frequently obtain more satisfying results. Because wavelets exhibit 
superior time-frequency characteristics and multi-resolution characteristics, it is extensively applied 
in the field of image denoising [4, 5]. The frequency-based denoising methods have achieved a 
better denoising effect. However, defects of suppresses on both noise and other high-frequency 
features of the image produce an overly smoothed and denoised image. 

The total variation (TV) model was proposed by Rudin et al. in 1992[6]. In recent decades, 
concern with the variational-based denoising model has increased. One of the most classic models 
is the Rudin–Osher–Fatemi (ROF) model [6] due to its ability to smooth noise without a loss of 
image edges; it has been successfully applied in many image restoration fields. The model can 
retain the image edge while removing noises. However, some disadvantages of the model include, 
such as false edges due to misjudgment of image noise and the regional present ladder effect. 
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Due to existing problems of the TV model, some researchers have proposed improved 
algorithms. The split Bregman method for L1-regularized problems was proposed in [7], and 
nonlocal total variation models for multiplicative noise removal using the split Bregman iteration 
were introduced in [8]. 

This paper proposes several improvements for a fingerprint denoising method that is based on 
nonlocal total variation models using split Bregman iteration. The main improvement involves the 
addition of relaxation factors to the two-step iterative process of split Bregman iterative algorithms 
to obtain a double relaxation split Bregman iterative algorithm. 

Methods 

Traditional denoising methods are not sufficient for image edge preserving;denoising causes edges 
to generate a fuzzy definite effect. In 1992, Rudin, Osher and Fatemi proposed the ROF model [6]. 
In 2009, the split Bregman method, which was proposed by Osher and Goldstein [7], overcame the 
shortcomings of the ROF model; it is considered to be more efficient in processing denoising 
problems. 

Considering the anisotropy of the total variation model, 
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First, using ,x yd d  instead of ,x yu u∇ ∇ , we obtain the following constraint problem:  
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After weakening the constraints and increasing the fidelity term, we obtain 
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Using the Bregman distance in this formula, to obtain the following format: 
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Consider sub-problems about u : 
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The first-order optimality conditions are as follows:  
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To achieve optimal efficiency, select the Gauss-Sediel method to obtain an approximate solution 
for u . 
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Then, apply the double relaxation split Bregman iterative algorithm to obtain the following 
double relaxation anisotropy split Bregman total variation denoising algorithms. 

Experiment results 

Experiments were performed on various standard gray-scale images from the FVC2004 databases 
[9]. All experiments were conducted using MATLAB 2014a on a personal computer with an Intel 
Xeon Core i7-3770 central processing unit and 4 GB of random access memory.  

In the denoising experiment, the noise of the standard deviation 20σ =  is added to all test 
images. Contrastive algorithms include median filters, mean filters, wiener filtering, the wavelet 
transform, the TV model, the ROF model and the improved total variation (TV) algorithm. 

Because a large number of experimental data are consistent with the results, only a few 
experiment diagrams and test results are provided. The experimental results indicate that only two 
images were randomly selected from the FVC2004 fingerprint database, i.e., the image names are 
101_2.tif in DB1, 101_1.tif in DB2 respectively. Different algorithms for the denoising results of 
the two images are shown in Figure 1-2. 

 

Fig. 1 101_2.tif in DB1. (a) original image; (b) noisy image; (c) result for the median filter; (d) result for the 

mean filter; (e) result for the Wiener filter; (f) result by the wavelet transform; (g) result for the TV model; (h) 

result for the ROF model; (i) result for the improved TV algorithm. 

 

Fig. 2. 101_1.tif in DB2. (a) original image; (b) noisy image; (c) result for the median filter; (d) result for the 

mean filter; (e) result for the Wiener filter; (f) result by the wavelet transform; (g) result for the TV model; (h) 

result for the ROF model; (i) result for the improved TV algorithm. 

The peak signal-to-noise ratio (PSNR) is the most extensively employed objective measurement 
and evaluation of image quality. The larger is the PSNR value, the smaller is the image distortion. 
PSNR [10] is defined as follows: 
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where MSE  is the mean square error between the original image and the processed image. 
Table 1 lists the output PSNR s for different algorithms on the test images shown in Figure 1-3. 

Table 1 summarizes the results of image denoising using the median filters, the mean filters, Wiener 
filtering, the wavelet transform, TV algorithm, the ROF model and the improved total variation 
(TV) algorithm. The experiments are realized for six different images in the FVC2004 fingerprint 
database. The results in Table 1 suggest that the improved total variation (TV) algorithm improves 
the denoising performance. 

Table 1. Output PSNR for different algorithms on the test images shown in Figure 1-Figure 2. 
Image Noisy image Median Mean Wiener Wavelet TV ROF Improved 

101_2.tif in DB1 24.1762 28.875 27.1138 28.5366 28.925 30.1958 30.1901 30.6262 

101_1.tif in DB2 22.3617 27.014 25.5516 26.1667 26.5375 28.3214 28.5194 28.6333 

Conclusions 

In this paper, several improvements to a fingerprint image denoising method that is based on 
nonlocal total variation(TV) models using split Bregman iteration have been proposed. The 
performance of the proposed methods is compared with median filters, mean filters, Wiener 
filtering, the wavelet transform, the TV model and the ROF model. Using experiments conducted 
on test images, the proposed method was determined to improve the results of the previously 
mentioned methods with a slight increase in performance in terms of method noise, visual quality 
and PSNR. In some cases, the ROF model has demonstrated improved performance when compared 
to the proposed method. 
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