
   

 

 

  

Abstract 
 

Recovery of 3D fingerprint data using photometric stereo 

generates 3D surface normal and albedo which forms rich 

3D fingerprint surface information. These surface normal's 

are further subjected to the reconstruction process, which 

integrates the surface normal to generate depth data. Since 

the source of depth information is essentially the surface 

normal, it is prudent to examine if this source information 

can itself be used for 3D fingerprint identification. In 

addition to avoiding the errors introduced by well-known 

integrability problem, such an approach can also enable 

significantly faster identification as the 3D reconstruction 

is the most computationally complex operation before the 

template matching. This paper investigates such an 

approach for 3D fingerprint identification using recovered 

surface normal and albedo information. We use publicly 

available 3D fingerprint database from 240 clients for the 

performance evaluation. The experimental results 

presented in this paper are highly promising, validates our 

approach, and indicate promises from matching contactless 

3D fingerprints without the 3D surface reconstruction.  

 
Keywords— Biometrics, 3D Fingerprint Identification, 3D 

Fingerprint Reconstruction, Contactless Fingerprint Matching  

1. Introduction 

Automated fingerprint identification has been widely 

employed by the law-enforcement and civilian applications 

around the world for several years [1], [13]. Availability of 

low-cost imaging sensors, high storage and processing 

capabilities have motivated researchers to explore full 

potential from fingerprint modality and therefore several 

promising attempts have been made in the literature to 

realize contactless 3D fingerprint identification. Imaging, 

identification, interoperability and analysis of 3D 

contactless fingerprints is an emerging area of research in 

biometrics with significant potential to alter the way 

fingerprint modality is employed today. This paper focuses 

on such an effort towards more efficient 3D fingerprint 

identification. We present some promising results from this 

preliminary work to achieve 3D fingerprint identification 

from the direct source 3D information or without employing 

complex 3D surface reconstruction. 

1.1. Related Work 

Acquisition and identification of 3D fingerprint images has 

attracted the attention of many researchers and there are 

several promising attempts [2]-[5], [15], [23] in this area. 

Acquisition of 3D fingerprint images using structured 

lighting approach requires an additional fixed projector that 

projects patterned structured lighting illuminations. This 

approach is employed in [14] and detailed in [2], [5]. The 

matching strategy from such imaging in [2] acquires ridge 

information from the ridge geometry, instead of the surface 

albedo, and generates 3D fingerprint match scores using the 

height of these ridges. Despite higher cost and bulk 

associated with structured lighting based approach, this 

approach can enable high speed imaging and dense surface 

reconstruction. There are other methods of 3D fingerprint 

imaging using the range sensing such as the stereo imaging 

[26] and laser scanning. Earlier attempts [3]-[4] to acquire 

3D fingerprint images employed multiple cameras that 

provided enhanced coverage of fingerprint regions and 

multiple images from such cameras were mosaiced together 

[11] to generate larger templates than those possible with 

the help of single camera. Such efforts essentially match 

multiple 2D fingerprint images acquired from multiple but 

different 3D views and there is very little (surface shape) or 

nil depth information is extracted from such stereo vision 

systems. However, such imaging [23] captures more 

information (2D surface area) and therefore results in more 

accurate and robust fingerprint identification. Acquisition 

of 3D fingerprints using photometric stereo has been 

recently introduced, e.g. in [15] or [25]. Photometric stereo 

is highly suitable for the acquisition of high frequency 

details, such as the ridges on 3D fingerprints, and offers 

low-cost alternative for the imaging as it only requires 

single fixed camera. Recent availability of 3D fingerprint 

databases in public domain has also attracted further 

research on contactless 3D fingerprint identification.  

1.2. Our Work 

The objective of this work has been to investigate on the 

possibility of matching 3D fingerprints without the need to 

incorporate time-consuming reconstruction process. The 

motivation is to incorporate fundamental information from 

3D surface normal vectors and investigate potential from 
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such information for more accurate 3D fingerprint 

identification. The key idea is to exclude computationally 

complex process for 3D reconstruction which also 

introduces errors in the reconstructed fingerprints. These 

errors are introduced as its difficult to find closed form 

solutions for the integration, i.e., integrability problem [6]-

[8], and mainly results from the discontinuities around ridge 

valley boundaries. 

      We investigate a new approach for 3D fingerprint 

identification that does not incorporate 3D surface 

reconstruction process. In order to judiciously use the 

surface normal and albedo information acquired under 

photometric stereo imaging, we incorporate a series of 

operations that enable reliable extraction of minutiae 

information from the component images. Our experimental 

results using the publicly available 3D fingerprint database 

illustrate superior results and validate the promises from the 

approach investigated in this paper.  

 

Figure 1: Block diagram for 3D fingerprint identification approach  

                 investigated in this paper.  

2.   3D Fingerprint Acquisition using 

Photometric Stereo 

Photometric stereo based imaging of 3D fingerprints 

requires single camera and can faithfully recover high 

frequency ridge information. This approach is largely based 

on the relationship between observed 2D image pixel 

intensity and the corresponding 3D surface normal 

information. Accurately reconstructing the 3D fingerprints 

surfaces (is highly desirable for accurately matching them), 

is challenging particularly under high intra-class variations 

that are mainly introduced due to pose changes that are 

common under such contactless imaging. One possibility to 

alleviate the errors introduced in the reconstruction of 3D 

fingerprints due to the well-known integrability problems 

is to exclude 3D reconstruction and use the fundamental 

source of 3D information, i.e., surface normal, from the3D 

fingerprint surface. Figure 1 illustrates the block diagram of 

such an approach investigated in this paper.  We incorporate 

the recovered 3D surface normal and albedo information to 

more reliably recover the minutiae features for the 3D 

fingerprint identification. The key steps in this block 

diagram are described in the following sections.  

2.1. Recovering 3D Fingerprint Surface Normals 

Since the classical Lambertian based photometric stereo 

method can loose detail during the surface reconstruction, 

we divide the input images into several sets and use each 

set for the normal reconstruction. The more number of 

reconstructed normal are expected to increase 3D feature 

details as compared with those from one set of normal. The 

publicly available 3D fingerprint database has been 

acquired under seven different illuminations and therefore 

seven (noisy) images are available. One possibility is to 

group these seven images into seven subsets with each 

subset containing six images as shown in figure 1. Similar 

to as in [15] we also consider3D finger surface as the 

Lambertian surface and is  illuminated by m fixed LED light 

sources, i.e., 𝐋 = [𝒍1, 𝒍2, … 𝒍𝑚]𝑇 . Each of these LED 

sources (LED’s) are calibrated from their fixed and known 

directions 𝒍 = [𝑙𝑥 , 𝑙𝑦 , 𝑙𝑧]𝑇 . Let 𝐧 = [𝑛𝑥, 𝑛𝑦 , 𝑛𝑧]𝑇 represent 

unknown unit surface normal vectors on the 3D fingerprint 

surface. and I be the observed pixel intensities in each of 

the m fingerprint images from the photometric imaging. 

The unknowns can be estimated from the least squared 

solution for the following equation: 

𝒃 = (𝑳𝑇𝑳)−1𝑳𝑇𝑰                 (1) 

where 𝑳 ∈ 𝑹𝟔×𝟑 represents the illumination direction 

matrix, 𝑰 ∈ 𝑹𝟑×𝟏 represents the intensity, and 𝒃 ∈ 𝑹𝟑×𝟏 is 

a vector, the albedo 𝜆  and surface normal 𝒏(𝑥, 𝑦, 𝑧)  is 

computed by 

𝜆 = norm(𝒃),                 (2) 

𝒏 = 𝒃/𝜆                          (3) 

The surface normals and albedo recovered using (2)-(3)  is 



   

 

 

used as the source information and processed as detailed in 

the following sections. 

 

2.2 Preprocessing 3D Surface Normals 

 

The surface normal reconstruction step enables us to 

recover seven surface normals for each of the client 

fingerprints as shown in Figure 1. Each of the 3D surface 

normals have four components; albedo, x-component, y-

component, and z-component. Figure 2 illustrates The 

visualization of these components in gray level image for a 

client fingerprint in the database. 

 

 

 

 
 

 
   Figure 2: Visualization of (a) x-component, (b) y-

component, (c) z-component and (d) albedo from a typical 

3D fingerprint sample. 

 

Then the preprocessing step is applied on these 28(7 ×
4) images (figure 1). The preprocessing method is inspired 

by the framework in [9], [12] to recover 3D feature 

descriptors from a single image. We therefore such spatial 

filters to encode the 3D information using the ordinal 

measurements. We use a spatial filter f to convolute with 

each of these 28 images and binarize the convoluted results. 

This preprocessing operation can be described as follows:   

                                     𝐵 = 𝜏(𝑃 ∗ 𝑓)                    (4) 

where 𝐵 is the binarized image or the preprocessed result 

(Figure 3), 𝑃 is one of the 28 images, 𝑓 is the spatial filter, 

and 𝜏 is the sign function which can be defined as follows: 

 𝜏(𝛼) = {
0, 𝛼 < 0
1, 𝛼 ≥ 0

        (5) 

The spatial filter  𝑓  [22] used in this work is defined as 

follows: 

𝑓𝑖,𝑗 = {

1,   |𝑖| > |𝑗|

−1, |𝑖| < |𝑗|

0, |𝑖| = |𝑗|
            (6) 

In all our experiments, the size of spatial filter was fixed to 

set 13 × 13.  

 
Figure 3: Sample 3D surface normal component image  

                 after the preprocessing operation. 
(c) 

(b) 

(a) 

(d) 



   

 

 

2.3. Minutiae Extraction, Selection and Matching 

Each of the preprocessed images are used to extract 

minutiae features. There are several minutiae extraction 

algorithms and in this work we used BOZORTH3 

implementation from NIST which is available in public 

domain [17]. This implementation also provides a quality 

score for each of the extracted minutiae. The binarized 

image after preprocessing generates a range of minutiae 

details. We therefore developed and incorporated an 

adaptive minutiae selection algorithm which is based on the 

minutiae quality. This algorithm is summarized as follow: 

a) We consider a minutiae number threshold T2 (80) 

and select those minutiae whose minutiae quality 

is higher than T1 (40); 

b) if the total minutiae number is smaller than T2, 

decrease T1 and select the minutiae again; 

c) the selection process ends when T1 < 0 or the 

selected minutiae number is larger than T2. 

Above adaptive minutiae selection algorithm results in 

selection of higher quality minutiae as well as ensures that 

the number of selected minutiae are not too large. 

 

 
(a) 

 
(b) 

Figure 4: Image samples for binary image (a) after 

preprocessing and (b) from using implementation in [17].   

The match score from a client 3D fingerprint is generated 

from the list of selected minutiae. The best score among the 

28 × 28 match pairs is returned as the matching score. The 

algorithm for the generation of final match score can be 

summarized as in the following. 

 

Input: 28 selected minutiae sets N from probe  

            28 selected minutiae sets M from gallery 

set score:=0 

for each minutiae set 𝑁𝑖 from probe do 

      for each minutiae set 𝑀𝑗 from gallery do 

           match 𝑁𝑖 and 𝑀𝑗 and get the matching score T 

           if score<T 

              score:=T 

           end if 

      end for 

end for 
 

3. Experiments and Results 

We used publicly available contactless 3D fingerprint 

database [21] for our experiments. This database also 

provides calibration information, i.e., pixel positions, for 

the computations of the surface normal vectors. This 

database has been acquired from 240 different clients and 

each of the clients has provided 6 3D fingerprint images. 

The size of each of the seven region of interest fingerprint 

image from the photometric imaging is 350  700 pixels. 

The size of 3D surface normal images 3  350  700. The 

average number of minutiae recovered from the 

preprocessed images was 62.204.  

 

We performed matching experiments using all of the 240 

client’s 3D fingerprint images. Six 3D fingerprint images 

from  each   of  the  240 clients  generated 3600 (240  15)  

 

 
Figure 5: Receiver operating characteristics from the 3D 

fingerprint verification experiments. 

 

genuine match scores and 2064960 (240  6  6  239) 

impostor match scores. The receiver operating 



   

 

 

characteristics using these match scores is shown in Figure 

5. The equal error rate (EER) from this experiment is 

2.49%. 

 

 
 

Figure 6: Cumulative match characteristics from the 

recognition experiments. 

 

  We also performed experiments to ascertain the 

performance for the 3D fingerprint recognition. The 

cumulative match characteristics from the recognition 

experiments is shown in Figure 6. It can be observed from 

this figure that the rank-one recognition accuracy is 99.1%. 

It may be noted that the rank-one accuracy in [15] by using 

3D minutiae matching approach, by using same 3D 

fingerprint database and same matching protocols, is 

94.75% while the equal error rate is 2.73%. Therefore, the 

achieved experimental results are highly encouraging and 

indicates promises from the proposed approach for the 3D 

fingerprint identification. 

 

 

 

3.1 Discussion 
 

Although our approach for the 3D fingerprint identification 

excludes the 3D surface reconstruction, additional 

complexity is introduced due to seven pairs of surface 

normals generated in our framework. However, it should be 

noted that complexity for the computations of surface 

normal vectors (also for minutiae extraction/selection) is 

relatively much smaller as it only requires pixel 

multiplication since the term  (𝑳𝑇𝑳)−1𝑳𝑇 is computed 

offline and stored for the multiplications during the online 

3D fingerprint identification.  

    The key objective of the work detailed in this paper has 

been to comparatively ascertain if the sensed or source 3D 

information during 3D fingerprint imaging process can 

itself be utilized to more accurately match 3D fingerprints. 

Therefore the comparison with 3D fingerprint minutiae 

matching approach, which represents 3D information and 

offers better performance than 3D surface curvature based 

features in [15], is justified. It should also be noted that 

experiments in [15] provides comparison with 3D 

fingerprint matching with multiple noisy 2D fingerprints. 

Therefore it is not reasonable to infer that 2D fingerprint 

matching illustrates superior matching accuracy over 3D 

fingerprint matching from the results presented in [15]. 

4. Conclusions and Further Work  

This paper has investigated a new approach for the 

contactless 3D fingerprint identification. The key 

motivation for this investigation has been to alleviate the 

3D reconstruction step, which is the most complex step and 

also known to introduce errors due to the well-known 

integrability problem. Therefore, we investigated a new 

framework (Figure 1) to match 3D fingerprints using the 

surface normal vectors and albedo information, which 

appropriately represents source 3D information. This 

framework incorporated multiple pieces of sensed 3D 

information and preprocessed the component features to 

recover the 3D descriptors introduced in [12]. The 

experimental results presented in this paper using publicly 

available 3D fingerprints database indicates promises from 

this approach. These results indicate the possibility that the 

source information acquired to reconstruct the 3D 

fingerprint model can itself be used to achieve superior 

matching accuracy. 

 

  Our motivation has been to ascertain the accuracy from 

a new approach for the 3D fingerprint identification and we 

achieved outperforming or very encouraging results. 

However, the investigation detailed in this paper should 

only be considered preliminary as there are several 

limitations. The computational benefits from this approach 

are only qualitatively analyzed and exact quantitative 

numbers to validate the computational benefits can be more 

convincing and desirable. The performance from binarized 

features generated in (6) can be improved by considering 

their consistency or fragility, similar to as in [24], and needs 

to be explored in the further extension of this work. Similar 

to as in [15], our work assumes that the finger skin surface 

can be modeled as the Lambertian surfaces which however 

may not be true. The real image formation from contactless 

photometric stereo imaging is much more complex. 

Therefore, further work should consider practical 3D image 

formation model, incorporate intra-class variations due to 

perspective changes and the finger motion, to develop more 

accurate for contactless 3D fingerprint identification. 

Method EER Rank-One Accuracy 

This Paper 2.49% 99.1% 

3D Minutiae Matching [15] 2.73% 94.75% 

Table 1: Comparative Performance for 3D Fingerprints Matching. 
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