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Figure 10: Experimental results from (a) right hand images and (b) left hand 
images in new palmprint database from different 600 subjects. 

4. DISCUSSION 

One critics of the newly introduced database in previous section is 

that it is largely a single session database and two session database 

is expected to provide more reliable estimate on performance under 

deployment scenarios. However, it should be noted that in any two-

session public palmprint databases, e.g. [28], the separation of two 

sessions is quite small 6-8 weeks which is not adequate to capture 

temporal variations in the database as palmprint patterns are known  

to be quite stable among adults. The temporal variations in the palm-

prints could be captured when the interval between sessions are quite 

large (at least one year). The intra-class variations introduced during 

the contactless palmprint imaging are much higher than contact 

based imaging, or those due to the short term temporal variations,  

and the objective of the new database is to evaluate inter-class iden-

tification capabilities from the palmprint modality from large num-

ber of subjects instead of presenting claims on the stability of palm-

print patterns. However, probably for the first time in the palmprint 

literature, figure 11-12 presents set of palmprint images acquired af-

ter 15 years of interval from the subject. Although these images are 

presented in color, the color changes can also be due to the changes 

in camera and the ambient illumination during the imaging. A careful 

look at the corresponding lines and creases, between the images in 

the first row and the corresponding image in the second row, indi-

cates that stability of these features even after such long interval.    

There are many such long interval palmprint image sample pairs in-

cluded in this new database to enable further study on the temporal 

variations in respective images acquired over the large interval. 

 

    The comparative experimental results from the two-session con-

tactless palmprint images are illustrated in figure 13 using the ROC. 

These experiments were performed using twosession images from 

the database of 35 different subjects’ right hand palm images. All of 

these two-session palmprint images, along with respective seg-

mented images used in the experiments, are publicly made available 

from this dataset. The first session for each subject had five images 

in these experiments and second session also utilized five images. 

Therefore 175 (5  35) genuine and 5950 (5  35  34) impostor 

scores were generated for each of the experiments. Figure 14 pre-

sents match scores from two-session sample images acquired after 

15+ year’s interval, along with the decision threshold corresponding 

to EER. The ROC from three comparative methods in figure 13 in-

dicate that the method detailed in section 2 can achieve outperform-

ing results. The equal error rate from the method in [9], using the 

best performing method in [7] and the method introduced in this pa-

per is 0.2629, 0.2514 and 0.2051 respectively. Comparing the exper-

imental results in figure 13 and those in figure 10, it can be observed 

that the method introduced in section 2 of this paper consistently of-

fers outperforming results over the other baseline method. Despite 

such promising results, the performance achieved from two session 

experiments indicates high error rate and such degradation in match-

ing accuracy can be attributed to the challenging images acquired 

during the second session imaging resulting from the long-interval 

imaging, cosmetics or the handwritten text. Availability of such chal-

lenging two-session dataset from this work in public domain can en-

able much needed further work to further improve the performance 

for real-world contactless palmprint identification applications. 

 

      Sub-pixel and pixel-level correspondence points should be lo-

cally matched, instead of globally, to maximally benefit from local 

matches that can be undermined in any global matching strategy. 

Therefore this paper utilized such matching strategy in section 2.3 

and also incorporated better sub-pixel level displacement estimation 

between the images in section 2.2 by suppressing high-frequency 

contents from the cross-phase spectrum and by incorporating closed-

form analytical solution [37] to estimate positions of spectral peaks. 

This matching strategy can also account for noise and has resulted 

in a new approach, which is specifically suitable for contactless 

palmprint images that often have local deformations and are aided   

Figure 11: Sample left hand palmprint images in second column and the cor-
responding palmprint image in the first column acquired after 15+ years. 

 

Figure 13: Comparative experimental results from two-session challenging 

palmprint image dataset. 

(b) 
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by noise.  The experimental results presented in section 3 on three 

different publicly available contactless palmprint databases consist-

ently indicate outperforming results. Among these, the performance 

improvement for the largest database from 600 different subjects is 

significant, as can be observed from the ROCs in figure 10 (with 

36.7% and 34% improvement in EER), and can be considered as 

more reliable indicator for comparative performance. It should also 

be noted that all the parameters for matching palmprint images were 

same for different databases and are stated in section 2. Further im-

provement in the performance is expected by selecting database spe 

 

Figure 13: Comparative experimental results from two-session challenging im-
age dataset. 
 

cific parameters or the region of interest and can be attempted in fur-

ther extension of this work. 

      Automated and accurate segmentation of palmprint images, i.e. 

region of interest, is significantly important for the accurate match-

ing of the palmprints. Accurate   segmentation  is  quite challenging  

when images are acquired under contactless manner and further 

challenging when images are acquired under dynamic backgrounds. 
The segmentation accuracy of palmprint images can also alter the 

matching accuracy of palmprint images and the performance stated 

in this paper incorporated segmented images if/when they are made 

available with the database (e.g. IITD database [30] used for exper-

iments in section 3.1). It is also worth noting that recent studies [34] 

have demonstrated that how the left hand palmprint images can 

themselves be used to match with the right hand palmprint images 

and thereby suggesting that strong correlation can exist between left 

and right palmprint images. This has been the key reason for prefer-

ence for individually evaluating the palmprint matching perfor-

mance from the two hands in this paper.  Figure 15 illustrates few 

palmprint image samples from the two-session part of the database 

that failed to match. It can be observed from the image samples in 

figure 15 (a) and (c) that the second-session palm image samples are 

highly occluded due to the cosmetics. Accurate matching of such 

palmprint images requires the development of specialized algo-

rithms to eliminate cosmetics and recover palmprint texture details 

for the matching and is suggested for the further work. New database 

introduced in this paper is acquired   under   varying   illumination, 

i.e. ambient illumination, under indoor and outdoor environment. 

Therefore, despite best efforts in ensuring accurate segmentation of 

palmprint regions, there are few samples that are not accurately seg-

mented. Figure 16 presents some image samples that represents such 

failure cases and underlines the need for further work in the devel-

opment of accurate palmprint segmentation algorithms. It can be ob-

served from these samples that the segmented region of interest is 

not correctly (at fixed relative distance from the normal to the key 

Figure 12: Sample rightt hand palmprint images in second column and the cor-

responding palmprint image in the first column acquired after 15+ years. 

Figure 14: Match scores from long interval sample images. First images in above three sets were acquired in year 2001-2002 while the second session images 
on the right were acquired in 2017. All three sets of images generate match scores smaller than decision threshold (1.233) and therefore can be considered as 

matched using the best performing method from this paper. 

(a) Match score: 1.1889                                                             (b) Match score: 0.872                                                (c) Match score: 0.739 
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reference points) localized. These poorly segmented image samples 

however do not necessarily reflect the limitation of the segmentation 

algorithm but in many cases the key reason is the failure to correctly 

present hand images by the subject during contactless imaging, e.g., 

the first image sample in Figure 16 is from subject no. 111 and in 

this particular sample the subject has raised his/her hand with pose 

that is not along the x-y plane of the camera. The database introduced 

in this paper has been acquired from working population in more 

realistic environment and introduces new challenges for the re-

searchers. Automated detection of the palm injury regions, detection 

and removal of cosmetic patterns, dirt or handwritten texts, can help 

to further improve the performance for matching such images and 

should be pursued in further work to advance contactless palmprint 

based personal identification. 

   Reference [36] has recently introduced a new contactless palm-

print database and was accessed during the review process to ascer-

tain the performance using the method introduced in this paper. The 

experimental protocol was to match second session images with the 

first session images. This generated 3,000 (300  10) genuine scores 

and 897,000 (10  300  299) impostor scores for each of the left 

and right palmprint images. The distribution of genuine and impos-

tor match scores, for each of the left and right hand palmprint im-

ages, is shown in figure 17. It can be observed from this figure that 

the genuine and impostor match scores for the left and right palm-

prints are completely separated. The average genuine match score is 

0.5369 while the range of genuine match scores is [0.2819 1.0124]. 

Similarly the average impostor match score is 1.3174 while the range 

of impostor match scores is [1.0601 1.5410].  Therefore, any deci-

sion threshold chosen between1.0124 to 1.0601 can offer perfect 

separation between the genuine and impostor scores. Therefore, the 

EER is 0% and the ROC is simply the straight line, for both the left 

and right cases. The reason for such performance can be attributed 

to very good quality palmprint images acquired by authors [36] un-

der controlled illumination with a large imaging system, in addition 

to the capability of method introduced in section 2 to accommodate 

contactless imaging variations. 

5. Conclusions and Further Work 
Contactless palmprint identification offers promising solution to the 

hygiene and skin deformation problems. However, the contactless 

palmprint imaging generates relatively higher intra-class variations 

in successive images from the same subjects. Accurate matching of  
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Figure 17: Distribution of genuine and impostor match scores for two session 
(a) left hand and (b) right hand pamprint images from additional experiments 
using the database in [36]. 
 

such palmprint images requires additional capabilities to robustly in-

corporate deformations along the camera axes. This paper has inves-

tigated a new approach to match contactless palmprint images. The 

experimental results detailed in section of this paper on three pub-

licly available database indicate outperforming results and validates 

the matching approach considered in this paper. Merit of contactless 

Figure 16: Sample palmprint images from new contactless database that were not adequately segmented. 

(b) Match score: 1.454                                              (b) Match score: 1.347                                         (c) Match score: 1.408 

Figure 15: Sample image pairs from new databases that failed to match. The first session images are shown on the left while respective second session images 
are shown on the right from the same hand/palm. The match scores in (a), (b) and (c) respectively were 1.408, 1.454, and 1.347. All the three sets of images 
generated match scores higher than decision threshold (1.233) and therefore are considered as non-matched using the best performing method from this paper. 
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palmprint matching methods can be better-ascertained using results 

from the datasets with large population and variations. Therefore it 

is worth noting that the performance improvement from the ap-

proach investigated in this paper is significant for matching contact-

less palmprint images from the challenging and larger databases (e.g. 

ROC in figure 7 or ROC in figure 10). The results in section 2 also 

demonstrate 68.65% improvement in EER and 30.33% improvement 

in EER for these respective datasets. This paper has also presented a 

new contactless palmprint database in public domain. This database 

has been acquired from 600 different subjects, which is largest to-

date, and includes images acquired under ambient illumination that 

can closely represent more user-friendly scenarios in future deploy-

ments. Earlier research on the palmprint identification and available 

databases have largely been focused on the palm images from sub-

jects that represents office workers. The availability of database from 

diverse population that includes manual laborers, countryside school 

students, or hands from special capabilities, injury and cosmetics, 

will help to develop new solutions for the applicability of contactless 

palmprint technologies in new domains. Unlike any other known 

public palmprint databases, this database also provides images ac-

quired from same subjects after long interval, i.e., over 15 years, 

which can enable new insights on the stability of palmprint patterns. 

Availability of such images in public domain can also help to de-

velop convincing courtroom arguments for the prosecution of sus-

pects using forensic images where only the palmprint is the available 

piece of evidence. 

 

       Despite insightful details from the palmprint samples encoun-

tered from diverse populations and encouraging experimental results 

on this new database, the experiments reported in this paper should 

be considered preliminary. There are several limitations on the usage 

of the new database or for the contactless palmprint matching ap-

proach introduced in this paper. More experiments need to be done 

to utilize color information available in the palmprint images, to dy-

namically exploit larger palmprint area or on the development of al-

gorithms that can detect (also correct) palm cosmetics, injury, or text 

to enable higher accuracy. Further work also needs to be done to 

evaluate the matching accuracy under more challenging matching 

protocols, e.g. combining left and right palms and for the left hand 

part of two-session database, and to reduce the computational com-

plexity as the complexity of method introduced in this work is sig-

nificantly higher than the baseline method in [9]. A multi-session 

palmprint database from large number of subjects, instead of two-

session from this paper, is highly desirable to evaluate gradual tem-

poral variations and should be developed in further extension of this 

work. In this work the focus has been on the authentication experi-

ments and evaluating recognition accuracy in such large population 

can reveal strengths and weakness of various algorithms and is sug-

gested for further work. 
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