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Abstract: Biometric credential system, which uses physical or behavioral features to check a person’s identity, 
ensures much greater security than passwords and number systems. The largest tentative research to date that 
analysis the combination and comparison of 2D and 3D face recognition. According to awareness, this is also the only 
such research to include noble time lapse between gallery and image acquisition, and to view at the effect of depth 
resolution. Recognition outcomes are acquired in single probe and a single gallery research, and a multiple probe and 
single gallery research. A total of 275 subjects contributed in one or more data acquisition sessions. Results are 
presented in gallery and analysis the discrete images of 200 in both 3D and 2D, with one to thirteen weeks’ time lapse 
between gallery and probe images of a certain subject squashy 951 pairs of 2D and 3D images. Using a PCA-based 
method refrained independently for 2D and for 3D, also it discovered that 3D outperforms 2D. This paper invented a 
multi-modal rank-one recognition amount of 98.5 percentage in a single probe research and 98.8 percentage in a 
multi-probe research, which is statistically considerably greater than either 2D or 3D alone. 
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I. INTRODUCTION: 

The identification of the human face in 2D has been 
inspected by many researchers, but relatively few 3D face 
identification studies have been reported. Each imaging 
modality takes its own benefits and difficulties in the 
mission of human face recognition. 2D images are 
commonly easier and less expensive to acquire. The 
professed benefits of using 3D relative to 2D data include 
less distinction perceived due to factors such as 
greasepaint and fewer compassion to illumination 
alterations. In a latest literature review there are two key 
approaches in 2D face recognition, the neural network 
approach and statistical approaches depend on facial 
features. One of the core inspirations of 3D face 
recognition is to engulf the problems in general 2D 
recognition techniques resulting from the illumination 
changes, pose or expression variations. There are 3D face 
recognition techniques suggested by numerous researches, 
this research contract with face recognition using multiple 
sensors (range finder and CCD). Each sensor captures 
different facets of facial features, 2D intensity signifying 
surface reflectance and 3D depth rates characterizing face 
shape data. Also, every image modality occupies its own 
benefits and losses depending on definite circumstances, 
there is repeatedly some expectation that 3D data should 
produce enhanced performance. However, no arduous 
experimental study has been reported to validate this 
expectation. The test statements in this research are 
targeted at (1) testing the hypothesis that 3D face data 
provide well biometric Performance than 2D face data, by 
applying the PCA-based technique, and (2) discovering 

whether a mixture of 2D and 3D face image may offer 
better performance than either one exclusively. This 
project have increased the size of the dataset and have 
advanced the technique of geometric normalization 
applied in the 2D and 3D PCA algorithms, resulting in 
advanced recognition performance, both exclusively and 
in mixture. In general, they can be thought of as stirring at 
the metric level, the image level, or the rank level. In this 
research, the combination of face data at the metric level 
has been measured. 
 
II. PREVIOUS WORK: 

In this division, techniques that apply multiple types of 
facial data for identification purposes, multi-modal 
biometrics, are revised. The term “multi-modal 
biometrics” is applied here to denote to the use of diverse 
sensor types without inevitably indicating that different 
parts of the body are used. The important facets of these 
multi-modal studies are summarized in Table 1. Wang 
et.al. Computed Gabor filters reply in 2D images and 
point signatures in the 3D range images to get enhances 
for face recognition. An SVM and similarity function 
were examined for the classification. They established 
that SVM categorizes superior than the similarity function 
and that integrated features (point signature and Gabor 
coefficients) achieve healthier than a single feature alone 
[9]. Face profile data found with 2D and 3D facial digital 
images for automatic face authentication is offered by 
Beumie. The full facial surface is constructed based: 
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Table 1: Integrated Multiple Types Of Facial Data For Recognition. 

Facial Data (Subjects) Method Fusion 
2D Frontal & 3D Range Image (50) Gabor Filter Response & Point Signature  Support Vector Machine (SVM) 
2D Frontal & 3D Profiles (120) Profile Matching Weighted Sum 
2D Frontal & 3D Profiles (30) HMM & Eigenfaces & Profile Matching  Logarithmic Score Transformation 

 
 
On geometric features of the external form along with the 
profile-based approach. A biased sum of the 2D and 3D 
scores is used to deliver the fusion process. Combination 
of both fore and profile view of 2D face data for 
identification through the combination of face classifiers 
is reported in while the profile view alone provides lower 
performance than fore view, the profile classifier 
combined with HMM or eigenfaces using the fore view 
performs better than recognition with single fore view 
only. 
 
In the accumulation to recognition techniques based 
exclusively on the human face, there are further 
recognition techniques using numerous biometric sources. 
In combination with face images, lips fingerprints and 
gait ear voice hand geometry and fingerprints, and outline 
has been applied to increase overall recognition reliability. 
One harmony of the studies defined above is that the 
identification rate based on multiple sensors / bio-metrics 
sources provide overall performance improvement. 
 
III. METHODS AND MATERIALS: 

A.​ PCA based 2D and 3D Face Recognition:  
 

Extension work has been performed on face 
recognition methods based on PCA, commonly 
identified as “eigenfaces” A normal employment of 
the PCA-based method is applied in the experiments 
reported here. 
 

B.​ Normalization: 
 

The main objective of the normalization process is to 
minimize the uncontrolled deviations that befall 
during the acquisition process and to conserve the 
variations detected in facial feature differences 
between individuals. The normalized digital images 
are disguised to “gray out” the background and 
evacuate only the face region (See Figure 2). This is 
used to project 2D data (Figure 1 - (b)) and 3D data 
(Figure 1 - (c)) only. In this image dataset obtained 
by the Minolta Vivid-900 range scanner, each and all 
image data points has an intensity value as well as 
depth value. While client-specific score 
normalization can be negatively impacted by the 
scarcity of genuine score samples, group-specific 
score normalization is less affected since the 
matching score samples of different clients belonging 
to the same group are aggregated. 
 

The 2D image data have been usually indulgence as 
having posed dissimilarity only nearby the Z axis, the 
optical axis. The PCA software applies two landmark 
key points in the eye centers for geometric 
normalization to accurate for rotation, position, and 
scale of the face for 2D matching. Though, the face is 
a 3D object, and if 3D data are achieved there is the 
prospect to precise for posing dissimilarity around the 
X, Y, and Z axes. Since the range sensor obtains a 
color texture map recorded with the 3D data, it is in 
standard conceivable not only to accurate the 3D data 
to a standard pose, but to then similarly produce a 
projected 2D image from that identical regular pose. 
A transformation matrix is first computed built on the 
surface usual angle difference in roll (X) and pitch 
(Y) between manually chose landmark points in two 
eye tips and center of the lower lip. And also 
predefined reference points of a standard face posture 
and location. Posture variation around the yaw (Z 
axis) is accurate by measuring the angle variance 
between the horizontal line and a line across the two 
eye points. At the finish of the pose normalization, 
the nose tip of every subject is transmuted to the 
similar point in 3D relative to the sensor (Refer 
Figure 2). Next the 3D data pixels are converted, a 
projected 2D intensity digital image is generated 
from the color texture map that is subordinated with 
the 3D data. 
 
Generating a projected 2D image from the surface 
map associated with the 3D data after the 3D poses 
correction might, at first, appear to have solitary 
merit. After all, it accurate for additional real pose 
difference than correcting the 2D digital image 
solitary for pose variation nearby the Z axis, as is 
done for using PCA to ordinary 2D digital images. 
However, there are difficulties that can arise in 
generating a projected 2 D image from sensed 3D 
data. As the 3D data is formerly obtained, there is a 
“complete” 2D color texture map; that is, there is a 
color texture value even for some points that flop to 
produce a valid 3D value. This flop to produce a 
valid 3D value at some potential model points is due 
to the specific technique of intuiting 3D, in this case, 
structured light applying a projected stripe. There 
may be invalid or missing 3D pixel data in regions of 
the face such as eyebrows or eyeballs, even though 
there is a 2D color texture sample of these points. 
When the actual pose of the 3D dataset is modified, 
the projected 2D digital image that is generated for 
the new 3D pose will have “holes” where there is 
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neglecting 3-D data. Thus the resulted 2D image is 
more entirely pose corrected than the actual 2D 
image can be, but it will also sometimes have few 
missing pixel values around the regions of the 
eyebrows and eyes. 
 

 
 

Figure 1: Processing the Missing Holes in 3D 
 

This problem with the 3D is alleviated to some 
degree by pre-processing the 3D data to fill in holes 
and remove spikes. This is done by median straining 
trailed by linear interpolation using legal data pixels 
around a hole. Though, this manuscript attempt to fill 
in the missing holes in 3D, there are regions where 
filling holes is not adequate, such as the nostril area 
after the pose correction.. For the missing data pixels 
in intensity images, a mask is applied that neglects 
the eye regions, where data are sternly immoral due 
to the specular surface (Refer Figure 1-(b)). As 
demonstrated in the Figure 1-(c), though the missing 
holes in the eye area are consistently filled compared 
to the holes in the nostril area in 3D. This encourages 
us to block nostril area in 3D. 
 

C.​ Data Collection:  
 

A gallery image is an image that is registered into the 
system to be identified. A probe image remains a test 

image to be matched against the gallery images. Two 
one-week sessions were demeanour for data 
collection, around seven week’s divisions. The first 
week division is to collect gallery images and the 
second week division is to gather probe digital 
images. Thus, for a given subject in this research, 
there is at least six and as numerous as thirteen 
weeks’ time lapse between the attainment of their 
gallery image and their investigation image. All 
subjects comprehensive an IRB-approved accord 
form prior to participating in each data attainment 
session. A sum of 278 diverse subjects contributed in 
one or more data attainment sessions. Of these 278 
subjects, totally 166 contributed in both a gallery 
attainment and a probe attainment. 
 
Therefore, for the experiments in this research, there 
are 166 non-identical in the probe set, the same 166 
non-identical in the gallery, and 278 non-identical in 
the training set. In the total 278 training dataset, 166 
datasets are in the gallery and the 112 dataset is better 
data was not attained in both the gallery and probe 
sessions. 
 

 

Figure 2: Background removed in 3D 
 
D.​ Distance Metrics: 

 

2D data denotes a face by intensity variation whereas 
3D data denotes a face by shape variation. It is 
evident that the “face space” could be very diverse 
between modalities. Therefore, during the decision 
process, certain advantages might make improved in 
one space than in the other. In this simulation, 
Euclidean distance and Mahalanobis distance metrics 
were discovered for possible apply during the 
decision process for the gallery alike Mahalanobis 

20 | Page 
 



INTERNATIONAL EDUCATIONAL APPLIED RESEARCH JOURNAL (IEARJ)  
Volume 03, Issue 07, July 2019  

E-ISSN: 2456-6713 

performed superlatively in both cases. Eigenvector 
choice for the “face space” was done disjointedly for 
each modality. 
An assembled matrix distance metric 3built 2DLDA 
is proposed for face representation and recognition. 
In this new technique, an assembled matrix distance 
(AMD) metric is used to measure the distance 
between two 2DLDA feature matrices. A face 
recognition system classifies faces in digital images 
and videos routinely using computers. It contains four 
parts: face alignment, face detection, facial fact 
extraction, and face classification. Face Detection: 
offers information about the location and measure of 
each detected face. In the case of video, the found 
faces might be tracked. In face position, facial 
components, such as nose, eyes, and mouth, and 
facial sketch are located, and thereby the input face 
digital image is standardized in photometry and 
geometry. In feature extraction, structures useful for 
distinguishing between diverse humans are extracted 
from the standardized face.  
 
In face classification, the mined feature vector of the 
input face is competing against those of listed faces 
in the dataset, outputting the individuality of the face 
when a competition is found with a sufficient 
sureness or as an unidentified face otherwise. 
Depending on the claim, a face recognition 
mechanism can be working on identification or 
verification mode. In a face identification application, 
the system identifies a distinct by matching the input 
digital image in contradiction of images of all users 
in a dataset and discovering the finest match. In face 
verification process the user privileges a uniqueness 
and the system receives or rejects her (his) privilege 
by matching the input digital image in contradiction 
of the image that agrees to this meticulous identity, 
which can be stocked either in a database or an 
identification card. 
 

E.​ Data Fusion: 
 

The pixel level provides perchance the simplest 
technique to combining the information from 
numerous image-based bio-metrics. The images can 
solely be concatenated together to form one larger 
cumulative 2Dplus-3D face image. The metric level 
focuses on joining the match distances that are found 
in the separable spaces. Having distance metrics from 
two or more diverse spaces, a regulation of how to 
associate the distances across the diverse biometrics 
for each human in the gallery can be used. The ranks 
can then be regulated based on the joint distances. 
 
One of the primary missions in data fusion is to 
regularize the scores, which are the results of a metric 
function. Scores from each space essential to be 
standardized to be equivalent to each other. There are 
several ways of transforming the scores, including 
logarithm, linear, logistic, exponential, etc. The 

scores are standardized so that the scattering and the 
choice of score rates are mapped to the same domain 
between for mutually modalities. 
There are many ways of joining diverse metrics to 
attain the best decision process, including majority 
vote, multiplication rule, sum rule, median rule, 
average rule, min rule and so on. Depending on the 
process, a convinced grouping rule might be 
improved than others. It is recognized that 
multiplication rule and sum rule offer typically 
plausible results. 
 
In this study, a weight is foreseeable based on the 
distribution of the first three ranks in each space. The 
inspiration is that a larger distance between first- and 
second-ranked ties which infers superior certainty 
that the first-ranked match is correct. The level of the 
inevitability can be reflected as a weight representing 
the certainty. The weight can be used to each metric 
as the mixture rules are used. The multi-modal 
decision is made as follows: - First the 2D probe is 
coordinated against the 2D gallery, and next the 3D 
probe is coordinated against the 3D gallery.  
 
This offers a set of N distances in the 2D face space 
and alternative sets of N distances in the 3D face 
space, where N is the dimension of the gallery. A 
plain sum-of-distances rule would sum the 3D and 
2D distances for each gallery subject and choose the 
gallery subject with the least sum. Here apply a 
confidence-weighted disparity of the sum of distance 
rule. For each of 2D and 3D, a “confidence” is 
calculated using the three distances in the top ranks 
as (second distance - first distance) / (third distance - 
first distance). If the variance between the first and 
second match is big compared to the typical distance, 
then this confidence rate will be large. The 
confidence rates are applied as weights in the sum of 
distances. A simple product-of-distances rule 
generated related combination results, and a 
min-distance rule produced only marginally inferior 
combination results. 
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Figure 3: Sensor in 3D 
 
V. CONCLUSION 

The rate of multi-modal biometrics with 2D intensity and 
3D shape of facial pixel data in the context of face 
recognition is surveyed. This is the largest experimental 
study (in terms of number of subjects) that this method 
know of to scrutinize the assessment and grouping of 2D 
and 3D data for face recognition. In this outcome, each 
modality of facial data has coarsely alike rate as an 
appearance-based biometric. The mixture of the face 
information from both modalities outcomes in significant 
enhancement over either specific biometric.  
 
In universal, this outcome seems to sustenance the 
inference that the path to higher accurateness and 
robustness in biometrics contains apply of multiple 
biometrics rather than the finest conceivable sensor and 
method for a single biometric. The source of biometric 
requirements to be judiciously scrutinized to find 
complementary sources and the number of biometrics 
requirements to be controlled in the context of data 
(sensor) fusion. Prior to including a novel modality to 
current biometrics, an individual modality requirements to 
be legalized methodically so that it has a sensible correct 
identification rate. One of the key determinations of 
sensor fusion is to decrease the obscurity between domain 

experts. Therefore, without obviously proven advantage, 
it cannot be expected to unavoidably improved 
performance by a novelty included dimensionality in the 
decision domain. 
 
The common quality level of the pixels in a 3D image 
gathered by current range scanners is perhaps not as noble 
as that of the 2D intensity image taken with existing 
camera technology still. Range scanner technology has 
glitches with missing and noisy data that do not occur 
with a regular camera (CCD) technology. It is probable 
that the quality of 3D sensor data will advance more 
quickly in the near future than will the relatively mature 
regular camera technology. If this happens, it could 
increase the usefulness of 3D face data relative to 2D face 
data. There are still few biometrics methods, other than 
PCA, for which one of the 3D faces or the 2D face deals 
statically significantly better recognition performance 
than the other. Similarly, there may be specific application 
scenarios in which it is not practical to obtain 3D and 2D 
face images that encounter alike quality control 
conditions. 
 
However, data have been gathered in a governed there is 
some degree of restraint that just cannot be con-trolled, 
such as the slight movement around the lips or eye area. 
This affects the performance value subsequently it really 
modifies the shape of face data occurring around the 
missing area. These problems more sternly affect the 
performance in 3D than they do in 2D. 
 

 

Figure 4: Multi-Biometric Corrects Individual Biometric. 
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