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This paper presents a new feature extraction method, compass local binary pattern (CoLBP) for facial
gender recognition. To achieve robustness, the proposed method first computes directional edge re-
sponses using eight Kirsch compass masks. Then, the spatial relationships among the neighboring pixels
in each edge response are exploited independently with the help of local binary pattern (LBP) to enhance
the discrimination capability. Finally, spatial histograms computed from these LBP images are con-
catenated to build a face descriptor. Our proposed descriptor efficiently extracts discriminating in-
formation from four different levels, including gradient, regional, global and directional level. The pro-
posed method was evaluated on three datasets (color FERET, LFW, and Adience) containing facial pho-
tographs. In spite of a wide range of challenges (low resolution, variations in pose, expression, and il-
lumination) present in the datasets, the proposed method provided promising classification performance
in comparison with several existing benchmark methods, thereby validating its robustness. Moreover,
this paper also investigates the gender recognition of facial sketches. The experiments carried out on two
facial sketch datasets including CUFS and CUFSF also demonstrated better classification performance of
the proposed method.

& 2016 Elsevier B.V. All rights reserved.
1. Introduction

Human face plays an important role in social communication
among humans. The face contains various complexly encoded at-
tributes such as identity, gender, age, ethnicity, and emotion. Au-
tomatic extraction of these attributes is an active area of research
due to widespread applications like biometric authentication,
human-computer interaction, automatic image annotation, con-
tent-based image retrieval, and targeted advertising. This paper
concentrates on the facial gender recognition task.

Humans can easily and accurately determine the gender with
just a glimpse of facial appearance. The growing role of computers
in our life motivates the researchers to mimic the machines with
the same capabilities. However, major challenges like low resolu-
tion, occlusions, and variations in illumination, pose, and facial
expressions make the problem really difficult. To deal with such
challenges, the method proposed in this paper has been evaluated
on two recently proposed real-life face datasets: Labeled Faces in
,
itr@ieee.org (B. Raman).
the Wild (LFW) [1] and Adience dataset [2]. Additionally, one of
the most widely used dataset, color FERET [3] is also considered in
this work.

In addition to visible-light images, gender recognition of ima-
ges acquired in near-infrared (NIR) and thermal spectra have also
been investigated [4,5]. However, gender classification of sketch
images has received little attention in the literature. Automatic
gender classification of sketch images can be very much useful in
heterogeneous face recognition (HFR) system which matches the
identity of query sketch image with the photo images stored in the
database. The HFR has potential applications in forensic analysis
for law enforcement. Klare et al. [6] demonstrated the importance
of gender and other demographic information for the hetero-
geneous face recognition task. However, they manually labeled the
sketches with gender information. Thus, it would be of great value
to design an algorithm which automatically identifies the gender
of sketch images. This paper addresses this problem and shows
that existing local binary pattern (LBP) and its variants can also be
useful for gender classification of sketch images. We have eval-
uated several features on two publicly available sketch image da-
tasets including CUHK face sketch (CUFS) and CUHK face sketch
FERET (CUFSF) [7].
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1.1. Related work

The central issue in gender recognition is that of feature ex-
traction whose function is to extract gender discriminating fea-
tures. Further, the extracted features should be robust against
challenges mentioned earlier. Many feature extraction methods
exist in the literature for facial gender recognition. These methods
are typically categorized as holistic or local features.

Holistic methods use whole face images for extracting features.
Some of the earliest approaches [8–11] used raw pixel intensity as
features. In contrast, Baluja and Rowley [12] proposed pixel-based
binary features obtained from various types of pixel comparison
operators. The other popular holistic methods use subspace ana-
lysis to extract the features. For example, the work in [13] used
principal component analysis (PCA) while Rai and Khanna [14]
employed more recent 2D PCA in their framework. Independent
component analysis (ICA) was used in [15] for gender classifica-
tion. The limitation of holistic features is that their performance
degrades significantly under pose and illumination variations [16].

Local feature extraction methods overcome aforementioned
limitations, the capability which has made them very popular in
recent times. Unlike holistic approaches, local methods divide the
whole face into smaller sub-images, each of which is represented
separately as a feature vector. Finally, all the resulting feature
vectors are combined to build one face descriptor. Gabor wavelets
[17,18], scale invariant feature transform (SIFT) [19] and LBP [20]
are among the most widely used local features. The LBP was ori-
ginally proposed for texture classification. However, since the
pioneering work of Ahonen et al. [21], LBP is widely used for face
description because of its high computational efficiency. Further,
LBP is also invariant to monotonic illumination changes.

Following the success of LBP in face description, several
methods have been proposed to improve the discrimination cap-
ability and robustness of LBP. The use of binary encoding function
in LBP makes it sensitive to noise. Hence, to gain robustness
against noise, Tan and Triggs [22] proposed local ternary patterns
(LTP) which use a three-level encoding function using an addi-
tional thresholding parameter. The completed LBP (CLBP) [23] and
extended LBP (ELBP) [24] enhanced the performance of LBP by
utilizing both the sign and magnitude information from gray level
differences between the neighboring pixels and a center pixel. To
capture more discriminative information, the authors in [25]
adopted local quantized pattern (LQP) to generate binary or
ternary patterns from a larger neighborhood using vector quanti-
zation and look up table. Later, LQP was extended to completed
LQP [26] by including a sign, magnitude and orientation in-
formation from gray level differences. Since LBP captures micro-
structure information only around a center pixel, Wolf et al. [27]
proposed three-patch LBP (TPLBP) and four-patch LBP (FPLBP) to
capture additional macrostructure information using surrounding
patches of pixels. Unlike aforementioned works, the issue of blur
sensitivity of LBP was addressed in [28]. They proposed local phase
quantization to obtain blur invariance in texture description.

As LBP directly operates on raw pixel intensity, its ability to
handle lighting variations can be limited. In contrast to the raw
pixel intensity, gradient magnitudes have been shown to be more
invariant to lighting changes [19,29]. Further, gradient images
enhance the edge information making it more suitable for devel-
oping an effective face descriptor. Based on these motivations, Vu
et al. [30,31] proposed a method, namely patterns of oriented edge
magnitudes (POEM). They generated accumulated magnitude
images which were encoded using LBP across different directions
to construct the POEM descriptor. Several other works employed
different convolution filters to pre-process the original image.
Then LBP was applied on these filtered images instead of raw pixel
intensities. For example, Zhang et al. [32] proposed local Gabor
binary pattern histogram sequence (LGBPHS) which first applied
40 multi-scale and multi-resolution Gabor filters on the original
image. Then they applied LBP on these 40 Gabor magnitude ima-
ges. The additional Gabor filtering step provides significant per-
formance gain over original LBP algorithm. In contrast to using
Gabor magnitude, Gabor phase information had been used in [33]
to improve the performance. The method, namely histogram of
Gabor phase pattern (HGPP) utilized 90 images from both the real
and imaginary parts of Gabor phase to generate local and global
Gabor phase patterns. Later Xie et al. [34] proposed local Gabor
XOR patterns (LGXP) to encode Gabor phase information which
was fused with Gabor magnitude to enhance the performance.
Further, they showed that Gabor phase also provides illumination
invariance due to quadrant bit coding. Unlike [34], the work in [35]
employed local phase quantization (LPQ) to encode phase in-
formation which was fused with Gabor magnitude to achieve ro-
bustness in facial representation. In contrast to Gabor filtering,
Yang et al. [36] adopted Riesz transform based monogenic signal
analysis for image decomposition. For encoding monogenic mag-
nitude, they utilized LBP-like scheme while monogenic orientation
was encoded using quadrant bit coding method. The resulting
pattern was named as a monogenic binary pattern (MBP). Later,
spatiotemporal MBP [37] was also proposed to recognize facial
expressions from dynamic sequences.

Several other methods such as local directional patterns (LDiP)
[38], enhanced LDiP (EnLDiP) [39], local directional number pat-
tern (LDN) [40] and eight LDiP (ELDiP) [41] have employed Kirsch
compass masks for image filtering. These methods first convolve
the original image with Kirsch compass masks to generate eight
edge response images. Then they consider the relation among
different edge response values of each pixel to extract useful
structural information. However, for a given edge response image,
the relationship among neighboring pixels representing gradient
magnitudes is not considered. Different edge responses are ob-
tained by filtering the original face image through eight different
masks. Hence, they can be used independently to exploit the
spatial relationship among neighboring pixels in each edge re-
sponse image. Such spatial relationships among local directional
gradients would provide more structural information than LDiP
and its variants mentioned above. Hence, it is proposed to apply
LBP on each of the eight edge responses obtained from Kirsch
mask filtering. Thus, eight different LBP images will be generated
from which the spatial histograms are computed as mentioned in
[21]. These spatial histograms are then concatenated to build a
single descriptor. As this descriptor is generated by applying LBP
on compass mask filtered images, the proposed method is called
as compass LBP (CoLBP).

The proposed method is similar to LGBPHS, HGPP, and MBP
since it also adopts a serial combination of convolution filter and
LBP for performance gain. Among these methods, HGPP relies on
phase information while other methods utilize magnitude in-
formation. The other major difference between these methods lies
in the choice of the convolution filter. The LGBPHS and HGPP
methods employ Gabor filters which are specified by a continuous
function that can be scaled and rotated to any arbitrary orienta-
tion. These methods demand more parameter specifications and
computation efforts for constructing Gabor kernels which require
modulation of Gaussian function by a complex plane wave. In
contrast, the proposed method employs Kirsch compass masks
which use fixed kernels oriented at 45° intervals. Hence, Kirsch
masks can be implemented with relatively smaller computation
efforts. Further, as mentioned earlier, Gabor-based methods re-
quire more convolution operations (40 and 90 for LGBPHS and
HGPP respectively) that not only require more computation time
but also increase the storage space due to severely high feature



Fig. 1. Kirsch compass masks.
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dimension. Similarly, as shown in Section 4.8, the MBP also re-
quires relatively high feature dimension and computation time.

Classification rate and computational complexity are two im-
portant measures for comparing the performance of different
feature extraction algorithms. The methods such as LBP and Kirsch
mask based directional patterns (LDiP, LDN etc.) provide compact
feature descriptors with very low computational efforts. However,
they suffer from limited discrimination capability which can be
improved by LGBPHS and MBP. On the other side, the LGBPHS and
MBP demand high computational complexity. Hence, it is desir-
able to have a balance between classification performance and
computational complexity. As an attempt to make this balance, we
propose compass LBP method which is evaluated on the facial
gender classification problem.

To choose a classification algorithm, we have identified fol-
lowing three widely used classifiers in gender recognition litera-
ture: Neural network, Adaboost and support vector machine
(SVM). Whereas very early works [8,11,42] relied on neural net-
works, Adaboost [12,43] and SVM [10,44–46] have also been
popular in recent times. Makinen and Raisamo [47] performed a
comparative study of the state-of-the-art gender recognition
methods using aforementioned classifiers. After extensive eva-
luation, they reported SVM as the most accurate classifier. Since
then, SVM has remained a popular choice in automatic gender
classification literature [14,44–46,48,49]. Thus, SVM is employed in
this work for classification purpose.

1.2. Main contributions

As mentioned earlier, the proposed CoLBP method is evaluated
on the facial gender classification problem. Further, the proposed
method is compared against ten LBP variants including various
directional patterns, LGBPHS, and MBP. Even though such methods
have been successfully applied to face recognition, the perfor-
mance of many of the methods has not been evaluated on facial
gender recognition task.

Moreover, it is important to note that gender recognition of
sketch images has gained very less attention in spite of useful
forensic applications. Hence, this paper evaluates the performance
of LBP and its variants for gender recognition of sketch images and
shows their effectiveness for this task as well. Extensive experi-
ments carried out on five different datasets across two modalities
(photo and sketch) validate that the proposed method provides
promising classification rates with much lower computational
complexity in comparison with LGBPHS and MBP.

The main contributions of this paper are recapitulated as
follows:

� A new face descriptor called compass LBP is proposed.
� The proposed method is evaluated on three benchmark image

datasets and compared against ten different LBP variants.
� Gender classification of sketch images is also carried out on two

sketch datasets.
� Methods like EnLDiP, LDN, ELDiP, POEM and MBP have been

evaluated for the first time on facial gender classification task.
� In comparison with LGBPHS and MBP, the proposed method not

only lowers the computation complexity but also provide pro-
mising classification performance.

The remainder of this paper is structured as follows: Technical
details of existing local patterns are briefly described in Section 2.
The methodology of proposed compass LBP is discussed in detail
in Section 3 which is followed by experimental results and dis-
cussion. Finally, concluding remarks are presented in Section 5.
2. Existing local patterns

This section aims to provide a background to understand the
proposed method. Here, some of the relevant local feature ex-
traction methods based on Kirsch masks are briefly reviewed.

Local binary patterns [20,50] consider P neighboring pixels on a
circle of radius R surrounding a center pixel with coordinates
(xc, yc). The LBP code is computed as follows:

( )∑( ) = − ( )
=

−

x y f g gLBP , 2 1P R c c
p

P

p c
p

,
0

1

where gc and gp indicate pixel intensities of a center pixel and its
pth neighbor. The binary function f(x) is defined as

( ) =
≥

( )
⎧⎨⎩f x

x1, if 0;
0, otherwise.

2

The LBP operates directly on raw pixel intensities which may
limit its discrimination ability. In contrast, gradient images contain
enhanced edge information. Further, gradient images are more
stable than pixel intensities, making it more robust against noise
and illumination variations [39,41]. In view of these advantages,
LDiP operator was derived in [38] using Kirsch compass masks
{ }M M M, , ... ,0 1 7 shown in Fig. 1. The original face image is first
convolved with Kirsch compass masks to obtain eight edge re-
sponse images. Afterward, the bits corresponding to top three
edge magnitudes are set to one while remaining bits are set to
zero in an 8-bit LDiP code which is finally converted to a decimal
form. A couple of following works considered two-digit octal
numbers which were then converted to decimal code. Enhanced
LDiP [39] used two most prominent edge directions. However, it
discards the sign of edge responses, making it unable to differ-
entiate intensity variations (dark to bright or vice versa). To
overcome this limitation, Rivera et al. [40] proposed local direc-
tional number pattern (LDN) which encodes the top positive and
top negative directions. The aforementioned methods encode di-
rectional information using a subset of edge responses. The recent
work in [41] urged that all the edge directions are important.
Hence, they used all of them to build an 8-bit binary code by re-
taining their sign. The binary number was then converted to
decimal to obtain a descriptor called eight local directional pat-
terns (ELDiP). Fig. 2 illustrates the coding scheme of aforemen-
tioned local patterns.
3. Proposed method

Unlike aforementioned methods, the proposed method treats
each edge response separately to exploit the spatial relationships
among neighbors within that edge response. Such treatment of
encoding each edge response differently has potential to reveal



Fig. 3. The framework of the proposed method.

Fig. 4. The face image and corresponding compass LBP images.

Fig. 2. Coding scheme of existing local patterns.
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more structural information which is so valuable for face re-
presentation. The steps of the proposed compass LBP method are
outlined in Fig. 3.

Given the original image I, its eight edge responses Ei are
computed by convolving it with each of the Kirsch masks Mi as
follows:

= * = ( )E I M i, 0, 1, 2, ... , 7 3i i

The LBP is then applied on each of the edge responses to obtain
compass LBP images Ci:

( ){ } ∑= = − ( )
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C E f e eLBP 2 4i
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where ec
i and ep

i indicate the edge response values of the center

pixel and its pth neighbor in ith edge responseEi. Fig. 4 shows the
example of eight compass LBP images for the original face image
shown in the center.

Finally, to describe each face, a histogram is computed from
each compass LBP image. However, a simple computation of the
histogram of the whole image ignores the location information.
The components of a face image follow the specific spatial order,
i.e. forehead at the top, followed by eyes, nose, lips and jaw. Thus,
efficient face representation requires spatial information which is
retained by segmenting the face image into small regions as sug-
gested in [21].

Let Hj
i denotes the histogram of jth region Rj (j¼0, 1, 2, …,

N�1) in ith compass LBP image Ci (i¼0, 1, 2, …, 7). The histogram
Hj

i is defined as:
( )( ) ∑ δ= ( ) − ∈ ( )
( )∈

⎡⎣ ⎤⎦H k C x y k k K, , 0, 5j
i

x y R

i

, j

δ ( ) =
=

( )
⎧⎨⎩x

x1, 0
0, otherwise
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where ( )x y, denotes a pixel position in the region Rj and K re-
presents the maximum possible value of compass LBP code.
Without loss of generality, we have used uniform local binary
patterns [50] in this work to reduce the feature dimension. Hence,
the value of K equals ( )− +P P 1 2 for P neighboring pixels. Finally,
the compass LBP histogram (CLH) is obtained by concatenating the
histograms Hj

i for each region across all eight compass LBP images:

∏ ∏= ( )
= =

−

HCLH 7
i j

N

j
i

0

7

0

1

where ∏denotes the concatenation operation and N represents
the number of regions in the segmented face. The spatial histo-
gram CLH represents the information at four levels:

1. Gradient level information is captured by different LBP codes.
2. As the LBP codes are summed to create a histogram for each

region, it produces regional level information.
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3. Concatenation operation of all the regional histograms for each
compass LBP image generates the global description.

4. Concatenation of histograms of different compass LBP images
captures the directional information as well.

It is hypothesized that the combination of these four levels of
information can enhance the facial characteristics.

To gain further insight, correlation coefficients were computed
between different pairs of compass LBP images. The total number
of pairs is given by C8

2 resulting in 28 pairs. The correlation coef-
ficient γ between two images Ci and Cj each of size ×m n is de-
fined as:

( )( )
( )( )

( ) ( )
( ) ( )

( ) ( ) ( )
γ

μ μ

μ μ
=

∑ ∑ − −

∑ ∑ − ∑ ∑ −

( ) ∈ [ ] ≠

=
−

=
−

=
−

=
−

=
−

=
− 8

C x y C x y

C x y C x y

i j i j

, ,

, ,
,

, 0, 7 ,

ij
x
m

y
n i i j j

x
m

y
n i i

x
m

y
n j j

0
1

0
1

0
1

0
1 2

0
1

0
1 2

where μi and μ j are the mean of images Ci and Cj.
If the correlation coefficient is þ1, it means the two images

have a positive linear relationship while �1 indicates a negative
linear relationship. When the value of correlation coefficient is
close to zero, it means that two images have a weak linear re-
lationship between them. Fig. 5 shows the box plot of 28 corre-
lation coefficients computed from a subset of the color FERET
dataset containing 200 images. It is seen that different pairs of
compass LBP images are not highly correlated. In fact, out of 5600
(28�200) pairs, 70.48% pairs had γ < 0.5ij . Thus, different com-
pass LBP images carry complementary information which is uti-
lized effectively by the proposed method to enhance discrimina-
tion power.

Before presenting the experiments and results, a summary with
comparison among different feature extraction methods is pre-
sented in Table 1.
4. Experimental results and discussion

Experiments were carried out to evaluate the performance of the
proposed method on five different datasets on two modalities: Pho-
tograph and sketch images. Color FERET, LFW and Adience datasets
contain visible light photographs. Some example images from these
datasets are shown in Fig. 6. The other two datasets namely CUFS and
CUFSF contain facial sketches as shown in Fig. 7. The summary of the
number of images used in each dataset is presented in Table 2.
Fig. 5. Correlation analysis of compass LBP images.
The LBP features were extracted using the neighborhood size of
P¼8 and radius R¼1. Further, uniform patterns with maximum
two bitwise transitions per LBP code were utilized as suggested in
[21]. For a fair comparison with the proposed feature, the POEM
feature was extracted using eight orientations. For building face
descriptors, spatial histograms were obtained (for all feature
types) after dividing the local pattern images into disjoint rec-
tangular blocks (sub-regions) of size 8�8 resulting in a total of 36
blocks per face image. The only exception is the TPLBP descriptor
which required only 25 blocks since it considers neighborhood
patches instead of pixels [27]. The LGBPHS descriptor was im-
plemented using 40 Gabor filters at five different scales and eight
different orientations. The other parameters were set as follows:
The maximum frequency π/2, the standard deviation π2 , and the
frequency domain spacing factor between filters 2 . The MBP
descriptor was implemented using the codes provided by the
authors [36] with following default filter parameters: The minimal
wavelength 4, the multiplying factor of wavelength 0.64, the ratio
factor 1.7 and the number of scales 3. For classification purpose, a
simple yet powerful model of linear support vector machine was
used since this work focuses on the strength of the features rather
than the classifier. The value of soft margin parameter (C) was
fixed to C¼100 as done in [45].

After converting the original images into the grayscale format,
faces were detected using Viola-Jones face detector [51] with the
exception of LFW dataset for which readily available cropped faces
[52] were used. The cropped faces were resized to 48�48 pixels
and no other kind of pre-processing was applied to have a fair
comparison and to evaluate the actual capability of local features.

4.1. Evaluation protocol

To evaluate gender classification performance, stratified five-
fold cross validation is used for every dataset mentioned earlier.
The five-fold cross validation scheme randomly divides the data
into five non-overlapping subsets and at a time, only one subset
(20% data) is used as a test set while other subsets (80% data) are
used to train a classifier. This procedure is repeated five times so
that each subset is used once as a test set. Finally, the average of
five different classification rates is computed. Moreover, the stra-
tified partitions are used to ensure similar gender distribution in
each fold as present in the whole dataset. Further, as suggested in
[53–55] we have ensured to use only a single image per each
subject in every dataset to avoid a classifier from learning identity-
related information.

To compare the performance of different features, two eva-
luation measures have been used in this work. The first measure,
namely classification rate (CR) is defined as follows:

= × ( )CR
Number of correctly classified images

Total number of images
100% 9

Further, the classification rates for each type of gender were
also measured for each experiment. This work also utilized re-
ceiver operating characteristic (ROC) curves to analyze the per-
formance of a classifier. The ROC curve is a plot of false positive
rate (FPR) versus true positive rate (TPR). The TPR is defined as a
ratio of the number of correctly classified positive samples to the
total number of positive samples in the dataset. The FPR is given
by the ratio of the number of misclassified negative samples to the
total number of negative samples in the dataset.

4.2. Results on color FERET database

The color FERET is the most commonly used face database for
benchmarking the performance of different algorithms for face



Table 1
Comparison of different local feature extraction methods.

Feature Methodology Strengths Limitations

LBP Threshold the gray level difference be-
tween the neighboring pixels and the
center pixel

� Computationally efficient
� Invariant to monotonic illumination changes

� Operates on raw pixel intensity limiting its
robustness and discrimination power.

LDiP Threshold the directional edge responses
based on their prominence

� Captures directional information from edge responses � The choice of a number of directions has a
significant impact on classification
performance.

� Ignores the sign of edge magnitudes.
� Discards spatial relation among neighbors of

each edge responses.
EnLDiP Encode the directions of top two positive

edge responses
� Captures directional information from edge responses
� Compact encoding scheme

� Unable to differentiate intensity variations.
� Focuses on two prominent directions only and

ignores the other edge responses.
� Discards spatial relation among neighbors of

each edge responses.
LDN Encode the directions of top positive and

top negative edge responses
� Captures directional information from edge responses
� Capable of differentiating intensity variations
� Compact encoding scheme

� Focuses on two prominent directions only and
ignores the other edge responses.

� Discards spatial relation among neighbors of
each edge responses.

ELDiP Threshold all the directional edge re-
sponses with reference to zero

� Captures directional information from edge responses
� Collects more information by using all the eight directional

edge responses

� Discards spatial relation among neighbors of
each edge responses

CoLBP Separately apply LBP on each of the edge
responses

� Encodes complete structural and directional information from
all eight edge responses overcoming the limitations of above
methods

� Causes high dimensionality

Fig. 6. Examples of cropped face images from three datasets. The first two rows are from color FERET. The middle two rows are from LFW dataset and the last two rows are
from Adience dataset.

B. Patel et al. / Neurocomputing 218 (2016) 203–215208



Fig. 7. Examples of cropped facial sketches. The first two rows correspond to CUFSF dataset and the last two rows are from CUFS dataset.

Table 2
Summary of images used in experiments.

Photograph Sketch

Color FERET LFW Adience CUFSF CUFS

Male images 587 (59.47%) 4259 (74.25%) 840 (47.81%) 587 (59.47%) 369 (60.89%)
Female images 400 (40.53%) 1477 (25.75%) 917 (52.19%) 400 (40.53%) 237 (39.11%)
Total images 987 5736 1757 987 606
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and gender recognition. It consists of several images from 994
subjects taken under controlled conditions with variations in pose
and facial expression. In this work, only single frontal image per
subject have been used from fa gallery. Further, we have used 987
images in this work to maintain uniformity with the CUFSF dataset
which contains the sketches of subjects present in the FERET da-
taset. As mentioned in Table 2, our collection consists of 587 male
images and 400 female images.

Table 3 shows the results of color FERET dataset. The second
and third columns show the classification rates for the male and
female category. The last column shows the mean overall classi-
fication rates after five-fold cross validation. The numbers in the
brackets represent the standard deviation of classification rates of
five folds. Following inferences can be drawn from the Table 3.

1. The proposed method performs the best achieving close to 94%
overall classification rate, which is better as compared to state-
of-the-art methods. The LGBPHS and MBP methods also pro-
vided competitive performance. Comparing the performance
with various Kirsch mask based directional patterns such as
LDiP, EnLDiP, ELDiP and LDN, the proposed method clearly
performed significantly superior. The former methods ignore
spatial relationships among the neighbors in each edge re-
sponse. In contrast, the proposed method exploited such re-
lationships to collect more structural and textural information
resulting it to perform better.

2. The LBP showed the competitive classification rate of 91.69%.
The LBP has also performed better on other applications like
face recognition, face detection, texture classification and image
retrieval. Thus, the results are in agreement with the literature
showing good generalization ability of LBP for different appli-
cations. Further interesting observation is that the LBP out-
performed LDiP. Even though LDiP captures the directional in-
formation, the encoding method of LDiP relies excessively on a
number of most prominent edge directions which may generate
unstable codes in uniform areas [56]. Hence, LDiP did not
perform superior to LBP in our experiments. A similar observa-
tion was also reported in [56].

3. Male faces have been classified with higher rates for all the
features. The performance gain achieved using the proposed
method is largely due to improvement in male classification
rate. From the table, it is clear that the proposed method



Table 4
Classification rates of LFW database.

Feature Male (%) Female (%) Overall (%)

Table 3
Classification rates of color FERET database.

Feature Male (%) Female (%) Overall (%)

LBP 94.04 88.25 91.69
(2.40) (4.01) (1.22)

ELBP 96.60 87.75 93.01
(2.54) (5.41) (2.85)

TPLBP 91.48 80.25 86.93
(2.20) (2.85) (1.41)

LDiP 90.97 87.25 89.46
(2.54) (5.11) (2.67)

EnLDiP 91.99 87.00 89.97
(2.32) (5.49) (1.13)

ELDiP 90.63 80.00 86.32
(2.86) (5.66) (3.62)

LDN 93.36 86.50 90.57
(4.08) (1.05) (2.27)

POEM 94.38 86.00 90.98
(2.31) (5.82) (2.67)

LGBPHS 97.11 85.75 92.50
(0.96) (4.01) (1.57)

MBP 96.43 88.00 93.01
(2.19) (2.88) (2.08)

CoLBP 97.10 89.25 93.92
(1.65) (3.81) (2.04)
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achieves around 3% gain over the LBP in classifying male ima-
ges. In contrast, such performance gain was only 1% for female
faces. Thus, the results indicate that the female faces are more
difficult to classify. A similar observation has also been reported
in [10,44,57].

The performance of different features has also been evaluated
using ROC curves as shown in Fig. 8. The vertical axis shows the
true positive rate, which should be higher for better performance.
At the same time, the false positive rate shown on the horizontal
axis should be as low as possible. Hence, the closer the ROC curve
is to the top left corner, the better is the performance. Further, a
standard performance measure of ROC, area under the curve (AUC)
Fig. 8. ROC curves for color FERET.
is also reported in brackets with every feature type in the figure.
As noted earlier, the ROC plots also clearly depict that the per-
formance of MBP, LGBPHS, and the proposed method are com-
parable to each other and superior to rest of the methods. How-
ever, the advantage of the proposed method is lower feature di-
mension as compared to LGBPHS and MBP. This aspect is discussed
in more detail in Section 4.8.

4.3. Results on LFW database

As mentioned in Section 1, the major challenges in facial gen-
der recognition are low image resolution, occlusions, and varia-
tions in illumination, pose, and facial expressions. The color FERET
dataset was designed under a controlled environment where
above mentioned challenges were largely absent. To investigate
the robustness of the proposed method, this work employed two
challenging datasets containing real-world facial images. This
section describes the results on LFW dataset while the next section
presents the results on the more recently built Adience dataset.

The LFW dataset consists of more than 13,000 color photo-
graphs of faces from 5749 individuals. The images were collected
from the web which includes aforementioned variations. The de-
tection of facial texture is extremely challenging under such var-
iations making it difficult to recognize gender. The dataset con-
tains multiple images which are numbered sequentially for each
the subject. In this work, the first image for each subject is used
and their gender was labeled manually. It was difficult to de-
termine gender from 13 images, hence total 5736 face images have
been used in this work. It is important to note that prior work [44]
used 7443 images in their work on gender recognition. The use of
multiple images for some subjects raises a risk of learning iden-
tity-related information which may bias the gender recognition
results.

The classification rates of various methods are given in Table 4.
The MBP recorded the highest classification rate of 89.82%. How-
ever, the performance of the proposed method (89.70%) is very
LBP 88.61 70.55 83.96
(0.72) (2.29) (0.46)

ELBP 93.52 70.07 87.48
(0.72) (2.70) (0.67)

TPLBP 88.66 61.34 81.62
(0.86) (2.35) (0.74)

LDiP 84.86 63.91 79.46
(0.85) (1.62) (0.68)

EnLDiP 84.13 61.95 78.42
(0.77) (2.51) (0.54)

ELDiP 90.30 60.93 82.74
(1.06) (1.29) (0.85)

LDN 87.02 68.18 82.17
(1.44) (2.52) (1.03)

POEM 94.25 68.31 87.57
(0.76) (1.48) (0.40)

LGBPHS 97.07 67.30 89.40
(0.24) (2.92) (0.75)

MBP 96.71 69.94 89.82
(0.41) (3.83) (0.90)

CoLBP 95.37 73.32 89.70
(0.71) (1.90) (0.97)



Fig. 9. ROC curves for LFW.

Table 5
Classification rates of Adience database.

Feature Male (%) Female (%) Overall (%)

LBP 75.60 76.55 76.09
(3.74) (2.51) (2.15)

ELBP 76.61 78.63 77.69
(5.11) (2.76) (2.38)

TPLBP 71.07 77.10 74.22
(4.39) (3.28) (2.36)

LDiP 69.40 72.08 70.80
(5.78) (2.37) (3.46)

EnLDiP 69.17 72.63 70.97
(3.22) (2.78) (1.07)

ELDiP 68.57 75.57 72.23
(2.28) (2.15) (1.50)

LDN 73.57 73.06 73.31
(2.93) (2.15) (1.91)

POEM 76.31 79.17 77.80
(4.46) (3.44) (1.44)

LGBPHS 81.67 80.04 80.82
(3.40) (2.06) (2.14)

MBP 79.17 80.05 79.63
(4.23) (3.11) (1.94)

CoLBP 84.88 82.99 83.89
(3.17) (2.44) (1.92)

Fig. 10. ROC curves for Adience database.
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close to MBP and LGBPHS (89.40%) also. Moreover, the proposed
method achieves the significant performance gain (5.74%) over LBP
for LFW dataset in contrast to 2.23% gain achieved on color FERET
dataset. Similarly, the performance gap between the proposed
method and other Kirsch mask based directional patterns is much
more prominent in this database. The same fact is also reflected in
the ROC curves shown in Fig. 9.

Understanding the challenging real-world conditions reflected
in the LFW dataset, it is not surprising to observe the degradation
in the performance as compared to color FERET dataset. However,
the proposed method along with MBP and LGBPHS sustained
those challenges much better as compared to other existing
methods. This promising performance actually demonstrates the
robustness of the proposed method.

4.4. Results on Adience database

The color FERET and LFW datasets were mainly designed to
study face recognition. In contrast, the main purpose of the re-
cently designed Adience dataset was to study age and gender re-
cognition of challenging real-world conditions. Further, the data-
set contains a wider range of challenging conditions as compared
to LFW [2]. The dataset is partitioned into two categories: The
frontal and the complete sets. In this work, the subset containing
frontal images was used. Further, we discarded those images on
which automatic face detection algorithm [51] failed. This resulted
in a total 1757 images, including 840 males and 917 females.
Hence, the dataset is the most balanced in terms of gender ratio.
As mentioned earlier, this dataset is more challenging than LFW
dataset, the fact which is also reflected in the results shown in
Table 5. As compared to LFW dataset the reduction in classification
rates of all the features is clearly visible. However, the proposed
method clearly outperforms the other approaches by a significant
margin. On comparing the category wise classification rates, con-
trasting results can be seen for this dataset. While male faces have
been consistently classified at a higher rate for previous two da-
tasets, the opposite is true for most of the features for Adience
dataset. Unlike, color FERET and LFW datasets, the difference be-
tween the performances of each category is narrow for the ma-
jority of the features. This can be attributed to more balanced
gender ratio present in this dataset.

The ROC curves shown in Fig.10 also indicate superior performance
of the proposed method which recorded the AUC of 0.9089. The sec-
ond best AUC of 0.8892 was recorded by LGBPHS. Based on the results
of three datasets containing face photographs, it can be concluded that
the proposed method not only provides more discrimination cap-
ability but it is also robust against different real- world challenges.
Further, it is important to note that other directional patterns (except
LDiP) have not been evaluated earlier on gender recognition task.
These methods have shown superior performance over LBP on face
recognition task [39–41]. However, in our experiments on gender
classification, these methods (LDiP, EnLDiP, ELDiP and LDN) could not
beat the LBP showing their inability to capture gender information
from face images.



Table 6
Performance comparison of the proposed method with other representative
approaches.

Reference (Year) Approach Dataset Number of
images

CR (%)

Makinen and Rai-
samo [53]

LBP FERET 900 86.28

Jabid et al. [38] LDiP FERET 2000 95.05
Logoglu et al. [58] Gradientfaces FERET 2468 92.40

Ahmed and Kabir [56] Directional ternary pattern FERET 1800 93.11
(DTP)

Li et al. [49] LBP FERET 782 95.80
Clothing and hair
features

Chu et al. [55] Subspace SVM FERET 800 91.13

Berber [59] Gray-level co-occur-
rence matrix

FERET 644 93.11

(GLCM)

Rai and Khanna [14] Gabor þ (2D)2PCA FERET 700 98.40
LFW 13,010 89.10

Shan [44] Boosted LBP LFW 7443 94.81

Arigbabu [60] Pyramid histogram of
gradients

LFW 2759 89.30

(PHOG)

Proposed method CoLBP LFW 5736 89.70
FERET 987 93.92
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4.5. Comparison with other state-of-the-art results

Comparison of published results is a difficult task since stan-
dard evaluation protocols are not available in gender classification
literature. Hence, there exists diversity in the choice of dataset,
image size, pre-processing method, the subsets used for evalua-
tion, the type of classifier and its tuning parameters. However, for
completeness and to get an overall idea, we compare the proposed
method with recently published approaches in Table 6.

It is seen that the work in [14] has reported the highest classifi-
cation rate on the FERET dataset. However, they used only 700 images
from the FERET dataset in contrast to 987 images used in this work.
Further, they have used two-fold cross validation scheme whereas we
employed five-fold cross validation which is more common in the
literature. On the LFW dataset, the boosted LBP approach [44] ob-
tained the best results. However, they have used multiple images per
subject in their evaluation. This may bias the results since the classifier
may learn identity-related information [12]. Based on preceding dis-
cussion and keeping the classification rates of the proposed method in
mind, it is clear that the proposed method provides a competitive
performance in comparison with state-of-the-art approaches.

4.6. Comparison among components of CoLBP

The proposed method combines information from different
Table 7
Overall classification rates (%) of different components of CoLBP.

Component Color FERET LFW Adience

1 87.74 (1.11) 77.98 (1.29) 72.40 (3.19)
2 88.85 (3.16) 81.14 (1.37) 75.75 (1.47)
3 87.94 (2.00) 79.83 (0.91) 73.59 (2.14)
4 88.25 (2.07) 81.42 (1.07) 75.58 (1.35)
5 87.74 (2.02) 78.87 (0.70) 73.36 (1.58)
6 88.35 (1.68) 80.86 (1.12) 74.79 (3.17)
7 87.33 (1.42) 81.61 (0.59) 74.62 (1.27)
8 90.78 (0.98) 81.59 (0.95) 72.79 (1.55)
All 93.92 (2.04) 89.70 (0.97) 83.89 (1.92)
compass LBP images obtained using eight Kirsch compass masks. It
is interesting to evaluate the gender classification performance of
each of the eight components separately. The comparison of clas-
sification rates of different components is presented in Table 7. The
numbers in the brackets represent the standard deviation of clas-
sification rates of five folds. As expected, the performance of in-
dividual components is inferior to their combination. Every in-
dividual component also performed lower than LBP on all the three
datasets. Different edge responses obtained from Kirsch compass
masks capture edge information from only one direction which
could not provide sufficient discriminatory information. However,
the proposed descriptor combines information from different
components to achieve robustness and higher discrimination
power. The performance gain by CoLBP over the best performing
component is 3.14% on color FERET, 8.09% on LFW and 8.14% on
Adience dataset. This performance gain of CoLBP can be attributed
to complementary information captured by different components.

4.7. Results on sketch images

Gender classification of sketch images has not been in-
vestigated earlier to the best of our knowledge. Further, sketch
images have been widely used in heterogeneous face recognition
(HFR) due to useful forensic applications. The work in [6] de-
monstrated the significance of gender information for HFR. Thus,
the gender classification of facial sketches has a potential appli-
cation in the fully automatic HFR system. Based on these motiva-
tions, this work investigates the problem of gender classification of
facial sketches.

The work in [61] suggested that the texture operators like LBP
and its variants can efficiently describe the facial characteristics of
sketches. Hence, eleven different texture features including the
proposed method have been tested for gender classification of
facial sketches.

The present work employed two sketch image datasets namely
CUHK face sketch FERET (CUFSF) and CUHK face sketch (CUFS)
database. Both the databases were released by Chinese university of
Hong Kong to study face photo-sketch synthesis and recognition.
The CUFS dataset contains 606 facial sketches of subjects from three
different datasets: CUHK student database, AR database [62] and
XM2VTS database [63]. The CUFSF was released later, which con-
tains 1195 sketch images of subjects from FERET dataset. However,
some subjects were duplicated with multiple identities. After fixing
this error, 987 sketches of distinct subjects were used in this work.

The sketches in both the datasets were drawn by different artists
whose different drawing styles exhibit variations in shape ex-
aggerations. Hence, different classification rates were achieved for
both the datasets as shown in Table 8. Overall, the performance on
CUFSF dataset is higher than CUFS dataset for all the feature types.
Further, the proposed method achieved the best classification rates
on both the datasets. Hence, the effectiveness of the proposed
method is verified on sketch modality as well. The ROC curves for
both the datasets are shown in Fig. 11. As observed earlier, the AUC
measure for MBP, LGBPHS, and the proposed method are very close
to each other and much better than the rest of the methods.

4.8. Computational complexity

This section compares the computational complexity of various
methods using four measures: Feature dimension, feature extraction
time, classifier training time and image classification time. These
performance measures were obtained using the color FERET dataset
with the parameter settings as mentioned earlier in Section 4. The
experiments were carried out using MATLAB 2013a on Intel quad-
core CPU @3.40 GHz with 8 GB RAM. To estimate the feature ex-
traction time, 300 images were arbitrarily selected from the color



Table 8
Classification rates of sketch image datasets.

Feature CUFSF CUFS

Male (%) Female (%) Overall (%) Male (%) Female (%) Overall (%)

LBP 95.06 88.75 92.50 91.06 82.28 87.62
(1.86) (4.42) (1.53) (4.99) (4.54) (2.88)

ELBP 95.06 87.50 92.00 92.67 84.80 89.60
(1.38) (4.24) (1.82) (3.95) (2.85) (2.53)

TPLBP 92.16 84.25 88.96 91.60 81.82 87.79
(1.93) (3.60) (1.27) (4.00) (6.19) (3.76)

LDiP 92.33 83.75 88.86 91.60 83.97 88.61
(2.91) (3.85) (1.65) (4.27) (5.69) (3.99)

EnLDiP 94.21 88.75 92.00 90.24 82.70 87.29
(0.72) (4.24) (1.35) (3.82) (2.92) (2.48)

ELDiP 96.42 81.25 90.27 91.06 76.79 85.47
(1.39) (3.95) (1.35) (4.61) (2.77) (3.46)

LDN 93.02 88.50 91.19 90.79 80.59 86.80
(1.82) (4.18) (1.80) (4.61) (3.51) (2.69)

POEM 95.57 89.00 92.91 92.95 85.65 90.10
(2.83) (4.63) (2.11) (2.80) (3.87) (2.12)

LGBPHS 96.60 89.00 93.52 94.03 83.08 89.76
(1.33) (2.85) (1.44) (3.29) (5.12) (2.40)

MBP 96.94 90.00 94.12 94.84 85.20 91.09
(1.29) (2.65) (1.50) (2.98) (4.35) (1.61)

CoLBP 96.25 92.00 94.53 95.39 84.81 91.25
(1.54) (3.01) (1.35) (2.27) (2.42) (1.26)

Fig. 11. ROC curves of sketch image datasets. (a) CUFSF dataset, (b) CUFS dataset.
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FERET dataset. For every image, the time needed to extract the
specified feature vector was recorded and their mean value is re-
ported. In contrast, to estimate the classifier training time and image
classification time, five-fold cross validation experiments were re-
peated 20 times and mean value of 100 (20 trials�5 folds) folds are
reported. The color FERET dataset contains 987 images in total. Five-
fold partition of these images for cross validation provided around
790 images in the training set and around 197 images in the test set
for each fold. The classifier training time represents the average time
required to train a linear SVM classifier on a training set of 790
feature vectors. The image classification time denotes the average
time required to classify a single test image represented by a feature
vector.

Table 9 provides an overall comparison of the above measures for
various types of features. From the table, it is clear that the LBP not
only requires less feature dimension, but it is also computationally
the most efficient method among others. The methods such as En-
LDiP and LDN, even though require slightly less feature dimension,
demand more computation time due to eight convolutions required
in obtaining edge responses. The feature size of the proposed method
is 8 times more than LBP, but it is much smaller than the other two
competitive state-of-the-art methods namely MBP and LGBPHS. The



Table 9
Comparison of computational complexity.

Feature Dimension
(block)

Dimension
(Image)

Feature
extraction
time (ms)

Classifier
training
time (ms)

Classification
time (ms)

LBP 59 2124 3.0 219.4 0.9
ELBP 59 8496 10.3 375.5 5.0
TPLBP 256 6400 7.0 334.0 3.9
LDiP 256 9216 7.6 441.1 4.5
EnLDiP 56 2016 5.1 240.0 0.9
ELDiP 256 9216 7.2 407.2 5.3
LDN 56 2016 5.1 229.3 0.9
POEM 59 16,992 30.0 622.7 9.0
LGBPHS 59 84,960 226.2 2743.2 50.4
MBP 256 27,648 116.8 952.9 15.9
CoLBP 59 16,992 28.2 610.0 8.7
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LGBPHS requires 40 convolutions in contrast to just 8 of the proposed
method which significantly improves the computational speed as
seen from the table.

It is also important to note that, when comparing the computa-
tional complexity of various methods, their classification perfor-
mance should also be taken into account. It is desirable to have a
balance of classification performance and computational complexity.
Thus, in comparison with LBP, even though the proposed method
requires 8 times more feature dimension, it also provided remarkable
gain in classification rates (2.23% on color FERET, 5.74% on LFW and
7.8% on Adience dataset). Moreover, although MBP and LGBPHS also
provided competitive classification performance, the proposed
method has a clear advantage over them in terms of lower compu-
tational complexity. Further, high-performance computing systems
are easily available nowadays. Hence, the moderate computational
complexity of the proposed method can be usually under control.
Based on the foregoing discussion, it can be concluded that the
proposed method provides a good balance between a classification
performance and computational complexity. Hence, it is a good
candidate for high-performance facial gender classification.
5. Conclusion

Local binary pattern (LBP) has enjoyed substantial success in
face image analysis, including person identification and gender
classification. However, LBP operates on raw pixel intensity which
limits its discrimination capability and robustness. To enhance
them, the properties of Kirsch masks and LBP have been utilized
effectively in this work. The proposed compass LBP (CoLBP)
method has been evaluated to classify facial gender on three
publicly available datasets including color FERET, LFW, and Adi-
ence. The last two datasets are really challenging as they contain
poor resolution images and variations in pose, expression, and
illumination. The proposed method provided promising classifi-
cation rates as compared to several state-of-the-art methods.
Further, as compared to LGBPHS and MBP methods, the proposed
method demands lower computational complexity. However, the
feature dimension of the proposed method is 8 times higher than
LBP. Although, availability of high-performance computing ma-
chines can handle such order of feature dimension, other possi-
bilities can be considered to reduce feature dimension. One simple
solution to the problem is to uniformly quantize histogram bins to
reduce the number of features. Other possibilities are to use sub-
space-based dimensionality reduction methods or sophisticated
feature selection methods.

In addition to facial photographs, this paper has also considered
the gender classification of facial sketches which has received little
attention. This work evaluated the applicability of 11 different
texture features in classifying the gender of facial sketches on two
datasets including CUFS and CUFSF. On this modality also, the
proposed method obtained the highest classification rates which
validate its effectiveness.

The results clearly indicate the scope of improvement on both
the photograph and the sketch modalities. In particular, the clas-
sification rates dropped significantly on the Adience dataset in
view of a wide range of challenges present in the dataset. The
performance on sketch modality can also be improved further so
that it can be integrated into the heterogeneous face recognition
which has useful forensic applications. The other interesting future
work is to evaluate the performance of CoLBP on other facial
analysis tasks including face recognition.
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