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Abstract:  Gender classification from biometrics data is a 

significant step in forensics to categorize and minimize the 

suspects search from the criminal records. In this paper, we 

present multimodal biometrics data analysis for Gender 

Classification using machine learning algorithms which take 

input as a Face, Fingerprints and Iris images. Extensive 

experiments were conducted using feature level and synthesis of 

classifiers on the SDMULA-HMT and KVK-Multimodal datasets. 

Experimental results presented using multimodal biometrics data 

fusion schemes achieves high gender classification accuracies 

compared to the contemporary techniques stated in the literature. 

Keywords: Biometrics, Decision Tree, Fusion, Gender 

Identification, K NN, Multimodal biometrics, SVM.  

I. INTRODUCTION 

Gender identification refers to identify gender of an 

individual based upon there physiometrics or behaviometrics 

[51]. A numerous types of uni-modal biometric systems for 

identification and recognition have been developed; which 

includes fingerprints [1-2], Iris [3-5], palmprints [6-8][26], 

face [11-14][24], speech[15-16] and gait[22] etc. Later to 

improve the security aspect, multimodal biometric systems 

have been adopted, which ensures the characteristics of 

multimodal biometrics as reliable and able to provide higher 

security and accuracy. As uni-biometric system, utilizes a 

single biometric clue, which may come across the problems 

like missing information (e.g. occluded face), poor data 

quality (e.g. dry fingerprint), overlapped between identities 

(e.g. Identical twins face images) [33] and so-on. In such 

situation, the usage of the multi-biometrics clues becomes 

inevitable. Multimodal-based gender identification system 

has [17] attracted attention in recent times because of ethical 

and reliability concern. Multiple biometrics-based gender 

identification represents an emerging trend and practically 

has many real-world and business applications like access 

control, re-identification in surveillance, internet browsing, 

computer based games, mobile phones and artificial 

intelligence which can be customized to the user’s gender.  

Fusion scheme is generally a good practice for all the 

applications for improving the efficiency, robustness and 
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applicability of the system. From the literature, it is witnessed 

that Fusion can be accomplished by four different [27] ways 

namely they are: sensor-based, feature-based, score based 

and a decision based fusion. Presently, several application 

areas have embraced the fusion of features and synthesis of 

classifiers, such as image recognition, radar emitter 

recognition, medical diagnostics and face recognition [28] 

etc. In this work, a multimodal biometrics-based gender 

identification system is presented by assimilating features of 

three different modalities viz Face, Iris, and Fingerprints. The 

Multi-block Projection Profile, Binarized Statistical Image 

Features, Gabor Wavelet, Multi-block-local binary pattern 

feature and Segmentation based Fractal Texture Analysis 

features are computed individual. Further, experiments 

implicate the fusion of features along with synthesis of 

classifiers. The rest of the paper is organized as follows:  

section II, exhibits the related work. The proposed 

methodology is described in Section III. In section IV fusion 

strategies are discussed. Section V includes experimental 

analysis and finally, conclusions are drawn in section VI. 

II.  RELATED WORK 

Studies on gender identification using multi-modal 

biometrics are reported in this section Xiong Li et al. [18] 

have performed multimodal based gender identification by 

combining local binary patterns and Bag of words features. 

The decision level fusion on the face and fingerprint traits of 

the internal database of 397 volunteers from Han nationality 

and obtained an accuracy of 94% using Bayesian 

Hierarchical model. Mohamed A et al.[19] have performed 

multimodal based gender identification by combining binary 

features, Eigenvalue, Syntactic Complexity, Response 

length, shallow and deep syntax and mean heart rate max-min 

difference features are fused on five different traits i.e. visual 

linguistic, physiological, thermal and acoustic traits. Results 

are computed on a database of 51 males and 53 females and 

obtained an overall accuracy of 80.6% using decision tree 

classifier. Abdenour H et al [20] have worked on unimodal 

datasets of face and video which are further combined to 

form a multimodal database. Likewise, by using local binary 

patterns an overall accuracy of 96.3% is obtained using 

support vector machine. Caifeng Shan et al [21] performed 

multimodal gender identification by combining the face and 

gait modalities from CASIA Gait-b dataset from which 

frontal face image is extracted from 119 subjects which are 

further combined with gait videos. AdaBoost based face 

detector and Background subtraction feature extraction 

techniques are implemented respectively and using the 

support vector machine classifier an overall accuracy of 

97.2% is achieved. 
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Preceding research has shown that there is a possibility of 

authenticating an individual from their respective biometrics 

traits however from the available literature it is witnessed that 

limited work has been carried out for identifying a person’s 

gender using multi-modal biometrics.  

III. PROPOSED METHODOLOGY 

Gender Identification using multimodal biometrics mainly 

emphases on pre-processing; which is rather dependent on 

application and on biometrics traits. Then in Feature 

computation step, deals with extraction of textural 

information using fusion of multiblock local binary patterns 

and BSIF filters, Gabor wavelet, Multi-block-local binary 

pattern and SFTA. Lastly, the computed features are 

evaluated with different binary classifiers and further, 

syntheses of classifiers are carried out. The flow of proposed 

method is represented below: 

 

 
Figure 1: Schematic representation Proposed 

Methodology 

A. Preprocessing 

Preprocessing mainly plays a vital role in biometrics and its 

applications are biometric trait dependent. The fingerprint 

images are normalized, and then the background is 

eliminated. The Iris trait images are normalized by CLAHE 

algorithm. The faces, images are resized and normalized to 

250x250. Lastly, contrast limited adaptive histogram 

equalization is applied.  

B. Feature Extraction  

In this step, features of an image are expatiated which results 

in recognition and classification of accuracy with a simple 

classification module. Most of the traditional methods 

employed in the literature are dependent on the nature of the 

image under study. The well-known traditional methods of 

the features extraction are not generic in nature, their 

performance of describing the image and extracting 

meaningful information from them has lot of deviations. This 

emphasizes the study of behavior and use potentiality of the 

traditional methods such as the Multi-block Projection 

Profile, Binarized Statistical Image Features, Gabor Wavelet, 

Multi-block-local binary pattern and SFTA.  

Though, some of individual features have exhibited 

exceptional performance in other prior domain applications. 

However by empirical testing we have witnessed that fusion 

scheme is significant and improves the performance of 

gender classification accuracy rather than individual 

performance. 

 Multi-Block Local Binary Patterns: (MB-LBP) 

These features provide micro and local information of an 

image. It is quite similar to the LBP’s operation, except that 

summed blocks are used instead of individual pixel values of 

each neighboring sub regions, 9 equal sized non overlapping 

rectangles blocks are implemented for computing the 

features. From each such rectangle, the sum of pixel intensity 

is computed. The operator compares the central block 

intensity by its neighborhood. 
2n9

1n 0 )ps(pLBPMB c−=−  =           (1)
 

Where pc is the average intensity and pk= {k=1…9} for 

neighboring the blocks, resulting into binary patterns from 

each non overlapping blocks, furthers these pattern values are 

integrated and formed 90 features for each image. 

• Binarized Statically Image Features 

Binary Statistical image feature technique encodes textural 

information from sub-regions of image which relies upon the 

statistics of natural images. The basic vector obtained by 

projecting patches on subspaces from images locally by 

Independent Component Analysis [22]. Pixel coordinate is 

thresholded and then respective binary codes are calculated. 

The image intensity patterns are represented by value in 

neighborhood of considered pixel [25] for I (m, n) and filter 

WiKxK, Likewise, BSIF is calculated as 

 =

− =
l

i
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Binary Statistical Image Feature is worked out as a histogram 

of pixels binary codes for each sub-region of images to 

characterize texture properties from it. The, filter size 11 *11 

filters and 8bit length is fixed empirically which is quite 

capable in capturing suitable information from an image. 

This filter as a result produces a feature vector of 256 

elements from each image.  

• Segmentation based Fractal Texture Analysis(SFTA) 

In this work, applicability of the fractal dimension [32] on 

multi-biometrics trait image is explored. Generally fractal 

dimension (FD) is determined by the following equation  

( )
ε

1log

log(N(εog
limFD 0ε→=             (3) 

Where N (∊) is objects, (1/∊) is the scale factor and FD is 

obtained by a least square regression method. SFTA feature 

extraction is split into two parts. Firstly, by threshold a set of 

binary images is yielded [30] then later, by Th threshold 

values it image intra class variances is minimized. 
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=     (4) 

Where B (m, n) is a binary input image, ThL and ThU are 

lower and upper limit [31] threshold values. Secondly, SFTA 

feature vector is created by calculating binary image size 

(pixel count) and mean grey level and the limits by 

computing fractal domain (FD) given by equation-3 and 4. 

The Mean grey level value and size (pixel count) are 

complementary information calculated and extracted without 

increasing the computational time and computes 45 features 

from each image. 

• Multi-Block Projection Profile (MB-PP) 

Projection Profile [33] explicitly stores each cell of the 

projection vector is associated with a number of pixels of the 

background. A Projection Profile has number of black pixel 

values gathered via parallel projecting an image which may 

be denoted by:  




=
v
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Where, w and y are rows and columns of image. The image is 

successively splited into r x r non-overlapping sub-blocks 

that are individually equivalent in self-representing blocks 

like: Sblock1, Sblock2….Sblockn(r x r).  Likewise, the 

obtained non overlapping r x r sub-blocks for each image is 

the size of an image S. Further, on each sub-block horizontal 

projection profile feature extraction is performed by using the 

equation-5.  

Features are calculated by alternative runs of either black or 

white pixels, all are added column-wise by white pixels 

skipping all alternative black pixels. Finally, resulting 

features from each sub-block are integrated and stored which 

contains 9 features from each image. 

• Gabor Wavelet  

Gabor Wavelet is rotational and scale invariant in nature and 

mimics simple pictorial cortex of mammalian brains 

exceptionally. 
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Gabor wavelets have both multi-resolutional and 

multi-orientation properties and are even effective in finding 

the spatial frequencies of an image.  Therefore, multimodal 

images are characterized through Gabor filters; they are used 

in extracting energy features from the images for gender 

identification tasks. 

Here F specifies the central frequency of interest points from 

the underlying image, w= 0, 1…; l-1; where S is the total 

scales and v=0, 1…; k-1; where k is the total number of 

orientation. Likewise, by changing w and v values different 

orientations and frequencies features are estimated from an 

image. Thus a total of (30 Mean-squared energy and 30 

Mean-amplitudes) features are extracted from each 

multi-biometric trait male and female image.  

C. Feature Selection 

The multimodal biometrics features-data are intuitively large 

in size, as the feature vectors obtained from a face, iris and 

fingerprint modalities are augmented. From this, it is 

observed that the values are redundant in nature. Thus the 

feature selection method can make the representation into 

compact set of features which mainly contains the potential 

and strongest features values.  

Feature selection is a method which defines and selects 

significant [29] features with high discriminative information 

by reducing the dimensionality curse. In this experiment 

adaptive threshold based feature selection is implemented to 

choose the appropriate features.  

The computed texture features have been passed as input to 

adaptive threshold based feature selection method which 

optimally finds the threshold values and further, the datum 

values below the threshold are omitted. In this experiment, it 

is observed that the adaptive threshold based feature selection 

method generates new feature vector with only 66% of the 

total features and other irrelevant features have been 

eliminated. 

D. Classification 

K-Nearest Neighbor classifier will label the class based on 

measuring the distance between testing and training of data. 

KNN will classify by suitable K value and interns which 

finds the nearest neighbor and provides a class label to 

un-labeled. In this work, City-block distance is considered 

with K=3 which is empirically fixed throughout the 

experiment. Basically, K-NN is non-parametric classifier 

which tries to find minimum,’d’ distance using the following 

equation: 

 =
−=

n

0J JJCityBlock
TST)(S,D              (7) 

Support Vector Machine: performs binary classification 

based upon hyperplane separation. A discriminant function:  

F (X) = WT .Y – b determines the distance between the data 

item in hyperplane and vectors. This representation is used to 

characterize linear separation based upon splitting each data 

item [27] into 2 classes. In our experiment Yi yields the 

results of male (+1) or female (-1). 

1.b.YWf(x) i −= T
             (8) 

Decision Tree Classifier: It is widely used classifier for 

binary-class problems. In decision tree the outcome is 

demonstrated in terms of leaf node where as non-leaf nodes 

depicts the decision. Here the various decedents are encircled 

based on the attributes examined by non-leaf nodes. The 

major step while building the decision tree is to figure out 

which characteristic is to be investigated and which among 

numerous possibility tests dependent on characteristic has to 

be performed. In decision tree the important query is to 

estimate the optimal partition of m components into n 

sections. Every leaf is allocated one single class 

corresponding to most suitable target value. It may so happen 

that the leaf node may hold the probability vector specifying 

target attribute comprising some specific value. Further the 

classification is carried out by navigating from the root to a 

leaf along the path. The Gini diversity index impurity is 

measured using the following equation 

−=
k

2 (k)c1gdm
                      (9)                 
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Where, c (k) is the observed classes with class k that reach 

the node. 

IV. FUSION 

From the literature, it is observed that there are different 

types of fusion levels they are; match score level, sensor 

level, feature level and decision level fusions [33]. Among 

four levels of fusions our aim is to implement feature level 

fusion along with fusion of classifiers to address the issues of 

multimodal-based gender classification. 

• Feature Level Fusion 

In any traditional application a single feature extraction 

technique is unable to capture all the significant information 

from an image thus to get most prominent and resilient 

features from an image, feature-level-fusion is implemented. 

The feature level fusion technique is accomplished by 

augmenting the feature vectors obtained after the feature 

selection process of a face, iris and fingerprint modalities of a 

single subject.  The final feature vector is obtained after the 

threshold based feature selection which is stored and used to 

train and test the system to classify male and female subjects 

based on multimodal-biometrics traits. 

• Synthesis Of Classifier 

In any traditional recognition problem the usage of a single 

classifier is quite obvious, but when the members of classifier 

are diverse and un-correlated, the multiple classifiers 

potentially offer better results than single classifier. The 

synthesis mechanism can be implemented generally by two 

types: building a single sophisticated classifier by fusing 

multiple relative weak classifiers another way is fusing the 

classifier outputs of different classifiers.  

In this experimentation, the majority voting strategy is 

considered by presumptuous that each of the classifier 

provides a label as output. The output of the classifiers 

provides d1,d2…dn belongs to c1,c2,…cn and which denotes 

the label of ith class and the voting strategy is denoted 

as:

  = = +=
n

1j

n

1j ijij{1...m}t

1,

0,
Q(d)α.m)(cB)(cBifE(d)

                           (10) 

In view of it Q (d) is level of adjunction of selected class and 

denotes score for the selected class [34]. The voting strategy 

E using thresholding is denoted by 

 α.K)eif..MAX.(,c

rejected

K

i

i1

E


=            (11) 

Where K defines classifiers [28] that is to be fused and with 

=1, the final class is assigned to the class label of the most 

represented among the classifiers outputs. 

V. EXPERIMENTAL ANALYSIS 

Dataset: In this work we have used two standard datasets for 

experimentation out of which, first one is publicly available 

SDUMLA-HMT standard dataset which is collected by 

machine learning and application lab of Shandong 

University[9]. The dataset includes real multimodal data 

from 106 individuals of which 59 are male volunteers and 47 

are female volunteers. The database contains face images 

which were collected from different poses, expressions and 

accessories. An Iris, dataset images are captured giving 

proper direction to volunteers, images from the both eyes are 

collected. Likewise, fingerprint dataset images are acquired 

with FT-2BU sensors, from each such subject images of 

both-hand thumb, index and middle finger were collected by 

giving prerequisite directions. A sample dataset of male and 

female images are shown in in figure 2. 

 
Fig 2 Sample of SDUMLA-HMT Database 

       
Fig 3 Sample of KVK –Multimodal Database 

Second dataset is KVK Multimodal dataset which is 

collected and maintained by KVK multimodal Biometrics 

Researcher Lab Aurangabad, Maharashtra [10]. This dataset 

includes real multimodal database from 48 individuals of 

which 39 are male subjects and 9 are female subjects. The 

dataset contains face images which were collected from 

different poses, expressions and accessories. An Iris, dataset 

images are captured giving proper direction to volunteers, 

images from the both eyes are collected. Likewise, 

fingerprint dataset images are acquired with Futronic 

fingerprint sensor, from each such subject images of 

both-hand thumb, index and middle finger were collected by 

giving prerequisite directions. Sample dataset images are 

presented in figure 3. 
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The algorithmic steps are as follows:  

Input: Multimodal images. 

Output: Gender Identification using Multimodal biometrics. 

Step 1: Input the images from database. 

Step 2: Image preprocessing is carried out.  

Step 3: Feature level fusion is computed by adaptive 

threshold based feature selection. 

Step 4: Feature vectors are generated by concatenation rule. 

Step 5: Training and Testing is performed.  

Step 6: Fusion of classifiers is implemented. 

Step 7: Gender classification. 

 The experimentations were carried out by 10 cross validation 

over different binary classifiers i.e. K-NN,SVM and Decision 

Tree classifier on publically available SDUMLA-HMT and 

KVK- Multimodal database where each volunteers 

contributes 10 images from each modality respectively. 

Further the Chi square test for testing the goodness of fit [23] 

is performed to check whether there exists any correlation 

between the respective modalities and it is observed that the 

modalities are unambiguously co- related. The results are 

predicted in the form of confusion matrix which is 

represented in Table-1 to Table-4. 

From the Table 1, it is observed that from individual SFTA, 

the highest accuracy of 96.8 % is obtained by Decision Tree 

classifier and lowest accuracy of 95.8% is yielded by K-NN 

classifier. From the BSIF, the highest accuracy of 98.9 % is 

obtained by Support vector machine classifier and lowest 

accuracy of 95.5% is yielded by K-NN classifier. At the same 

time by Gabor wavelet, the highest accuracy of 98.4 % is 

gained by K-NN classifier and lowest accuracy of 97.7% is 

yielded by SVM classifier. It is also noted that by MB-LBP, 

the highest accuracy of 97.9 % is obtained by Decision Tree 

classifier and lowest accuracy of 94.3% is yielded by K-NN 

classifier. Besides for the MB-PP, it is perceived that the 

highest accuracy of 95.7 % is obtained by Decision tree 

classifier and lowest accuracy of 84% is yielded by K-NN 

classifier respectively. 

Further the experimentation involves the fusion on 

SDUMLA-MLA Multimodal dataset. From Table-2, it is 

observed that by feature-level fusion, a conservative result of 

99.5% is achieved with SVM classifier and the lowest 

accuracy of 99.3% is noted with K-NN classifier. From the 

above results it is apparent that by different features and 

classifiers of varying results are noticed. Thus, for achieving 

novel classification accuracy, the synthesis of classifier is 

employed and a novel accuracy of 100% is witnessed. 

Further, the experiment has been extended on 

KVK–multimodal database for testing the robustness of the 

algorithm. From the individual features evaluation, of 

Table-3 it is observed that for SFTA feature, the highest 

accuracy of 99.8% is obtained by SVM and lowest accuracy 

of 99.5% is yielded by K-NN classifier. Besides, for the 

BSIF, the highest accuracy of 99.9% is obtained by K-NN 

classifier and lowest accuracy of 99.2% is yielded by 

Decision Tree classifier. Moreover, for the Gabor wavelet, 

the highest accuracy of 99% is obtained by Decision Tree 

classifier as well as lowest accuracy of 98.2% is yielded by 

SVM classifier. Then by MB-LBP, it is noticed that the 

highest accuracy of 99.5% is obtained by Decision Tree 

classifier and lowest accuracy of 98.2% is yielded by SVM 

classifier. Further for the MB-PP, it is observed that the 

highest accuracy of 96.5% is obtained by Decision Tree 

classifier and lowest accuracy of 94.1% is yielded by SVM 

classifier. 

Similarly, the experiments are extended for 

KVK-Multimodal dataset. From the Table 4, it is found that 

feature-level fusion give better accuracy as features of 

Heterogonous multi-modal biometrics traits features are 

contemplated. The SVM classifier and K-NN classifier yields 

the highest accuracy of 99.7% is achieved and lowest 

accuracy of 99% is yielded by Decision tree classifier. 

Further, with Fusion of classifiers, it is observed that fusion 

tends to yield a better accuracy of 100% respectively.  

VI. CONCLUSION 

In this paper, empirically tests are conceded for reporting 

gender discriminative ability of multimodal biometrics by 

exploring individually using textural features: as-well-as with 

the fusion correspondingly. Initially, the experiments are 

implemented by individual features i.e. multiblock local 

binary patterns ,binarized statistical image feature, gabor 

wavelet, multi-block-local binary pattern and SFTA features 

and then, later fusion of respective features are tested with the 

implementation of adaptive threshold based features 

selection. The overall results are observed optimal by fusion 

rather than using them alone. As MB-LBP and MB-PP are 

capable in gathering minor and local information, in contrast 

to it BSIF, SFTA along with Gabor wavelets encodes textural 

information over a wider range of scale from the multimodal 

biometrics trait images. 

We explored performance evaluation of gender classification 

algorithm over 2 different state-of-the-art multimodal 

databases. With the adaptive feature selection, not only the 

dimension is reduced, but also the time complexity is 

observed to be minimized. Thus overall result exhibits to be 

significantly increased with the fusion scheme of 

Feature-level and synthesis of classifiers which provides 

higher accuracy rather than using individually. 
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Table 1: Confusion matrix of Individual Features on SDUMLA-HMT Database 

 

Table 2: Confusion Matrix of Fusion Scheme on SDUMLA-HMT Database

 

Table 3: Confusion matrix of Individual Features on KVK-Multimodal Database  

  

 Table 4: Confusion Matrix of Fusion Scheme on KVK-Multimodal Database

 

 

 
 

 

 

Classifier 
SFTA BSIF GABOR MB-LBP MB-PP 

Female Male Acc Female Male Acc Female Male Acc Female Male Acc Female Male Acc 

KNN 441 29 95.8 443 27 95.5 459 11 98.4 437 33 94.3 376 94 84 

15 575 420 570 5 585 27 563 75 515 

SVM 442 28 96.3 462 8 98.9 452 18 97.7 457 13 97.6 432 47 91.6 

11 579 3 587 6 584 12 578 41 549 

Decision 

Tree 

461 9 96.8 455 15 96.7 461 9 98.3 462 8 97.9 454 16 95.7 

24 566 3 587 9 581 14 576 29 561 

Classifier Female Male Accuracy 

KNN 465 5 99.3 

2 588 

SVM 469 1 99.5 

4 586 

Decision Tree 468 2  

99.4 4 586 

Fusion of Classifier 470 0  

100 0 590 

Classifier 

SFTA BSIF GABOR MB-LBP MB-PP 

Female Male Acc Female Male Acc Female Male Acc Female Male Acc Female Male Acc 

KNN 69 1 99.5 69 1 99.9 67 3 98.7 68 2 99.2 58 12 95.6 

1 339 0 340 2 338 1 339 6 334 

SVM 70 0 99.8 68 2 99.8 63 7 98.2 63 7 98.2 47 23 94.1 

2 338 0 340 0 340 0 340 1 339 

Decision 

Tree 

67 3 99 68 2 99.2 68 2 99 69 1 99.5 59 11 96.5 

0 340 1 339 2 338 1 339 3 337 

Classifier Female Male Accuracy 

KNN 
69 1 

99.7 
0 340 

SVM 
69 1 

99.7 
0 340 

Decision Tree 
69 1 

99 
3 337 

Fusion of Classifier 
70 0 

100 
0 340 
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