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Abstract—The automatic prediction of gender from the face
has been studied extensively because of its potential relevance in
numerous applications related to security. Although the problem
of gender classification based on the face is substantial, it remains
far from being solved under difficult environmental exposure,
especially for different illuminations. In this work, we demon-
strate the merits and demerits of classifying gender under cross-
illumination variants. We present our approach by employing
multi-spectral imaging in nine narrow-spectrum bands stemming
from the visible to near-infrared range. The experimental eval-
uation results were obtained on 78300 sample face images of
145 subjects captured under six different illumination conditions.
Further, we present quantitative and qualitative experimental
evaluations to determine the average classification accuracy
for setting the benchmark results. To demonstrate the goal of
this work, we present the results based on three image fusion
techniques independently processed using five feature extraction
methods for cross-illumination scenarios. This work obtained the
highest classification accuracy of 96.32% for cross-illumination
conditions, demonstrating the reliability of employing an image
fusion approach to combine complementary information from
spectral bands in difficult environmental exposure.

Index Terms—Face Biometrics, Multi-spectral Imaging, Cross-
illumination, Fusion, Gender Classification

I. INTRODUCTION

Soft biometric traits such as gender, age, height, and weight

are based on human physiological and behavioral characteris-

tics, which provide discriminative features that can be used to

identify gender (i.e., male or female) [1]. Being a permanent

and stable soft biometric trait, gender classification is useful

in many real-life applications such as social media, secu-

rity, advertisements, entertainment, social interactions, human-

computer interaction communication, demographic research,

and computer vision [2]; hence, a successful gender classifi-

cation approach can provide a boost to all these applications.

The problem of predicting gender is a two-class problem,

ideally used in database management to partition a larger

set of databases into two groups by representing them using

soft labels [3]. In surveillance and security, it finds major

applications to reduce the search space in security databases

and improve the verification accuracy of biometric systems

[4].

Different methods can be used to identify the gender of an

individual based on their physiological and behavioral traits.

Physiological traits include fingerprints, the retina, iris, face,

and hand geometry. Behavioral traits are the features of an

individual, including walking style, writing style, signature

style, typing speed, and mouse usage. Physiological traits

are more easily observed [5] than the behavioral traits of

an individual, and hence find more applications for many

security-related purposes. In particular, the human face [6]

is the most common trait that can be easily acquired to

provide distinct information about gender as well as other soft

information such as expression, age, and ethnicity for security

and surveillance purposes, while also providing seamless ver-

ification.

Apparently, the classification of gender based on facial

biometric traits has been well studied towards the improved

performance of face recognition systems by using gender

as additional complementary information. Specifically, under

surveillance conditions, a sample face image is partially oc-

cluded or acquired under non-standard poses [3]. Moreover,

compared with other biometric traits, face acquisition is non-

intrusive and does not involve human cooperation. However, it

also renders the privilege to acquire face images in a varying

standing position and in a covert manner [7].

Facial features are stable and reliable but challenging [8]

owing to illumination variations, large dimensionality, uncon-

trolled environments, aging, motion blur, face alteration by

plastic surgery, presentation attack, occlusion, etc. There are

also instances in which individuals try to falsify their gender

identity. Hence, gender detection before recognition is con-

sidered an important phenomenon for improved performance

analysis. With conventional surveillance systems operating in

the visible spectrum, the majority of gender classification

works are in the visible spectrum, perform well under con-

trolled environmental conditions, and suffer significantly when

the sensor is exposed to difficult environmental conditions.

For example, the visible spectrum can explicitly provide only

reflectance information, and its robustness can be challenging

under different illumination conditions. Therefore, to mitigate

these limitations of the visible spectrum, the advancement of

sensing technology has led to the use of a spectrum beyond

the visible (VIS) spectrum, mainly in near-infrared (NIR),

Thermal, and Multispectral imaging in nine narrow bands of

the VIS-NIR range, to acquire complementary information for
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Fig. 1: Sample images from multi-spectral sensor collected in nine bands across visible and near-infra-red spectrum. Database

collected in six different illuminations:(a) QTH-QTH, (b) Incad-Incad, (c) Xenon-Xenon, (d) QTH-Incad, (e) QTH-Xenon, and

(f) Outdoor

a reliable gender classification approach.

A. Related Work

Most of the earlier works based on gender classification

are limited to the visible spectrum, which is performed using

handcrafted features, dictionary-based descriptors, and support

vector machines (SVM) as a classifier. Furthermore, a deep

learning-based approach was employed on a large-scale visible

spectrum database to predict gender from facial images [9]

[4], which are computationally complex. Performance in the

visible spectrum degrades because of the difficulties associated

with the environment, such as uncontrolled lighting conditions,

which forces researchers to obtain data in a controlled environ-

ment [10]. The InfraRed spectrum promises better accuracy,

as the images captured in these spectra are less impacted by

ambiance and are invariant to illumination variations. Consid-

ering this, previous work in this direction has collected data in

multispectral imaging using two to three broad spectra, visible,

near-infrared, and thermal spectra for gender classification.

The significance of these approaches was further analyzed and

demonstrated using texture descriptor techniques [11] [12]. In

addition, recent work has considered the use of multispectral

imaging in nine narrow spectrum bands across the visible and

near-infrared ranges to investigate the use of complementary

information from the spatial and spectral domains for the

performance analysis [13].

Previous studies to predict gender are more limited to the

visible spectrum, in which system performance degrades when

samples are presented with unknown or uncontrolled environ-

mental conditions. However, there are few studies reported

in the literature that use the spectrum beyond the visible

spectrum, mainly multispectral imaging employing two to

three broad spectra (i.e., VIS, NIR and Thermal spectra) or in

nine narrow bands to leverage the complementary information

for gender classification. Although substantial work is evident

from earlier studies, automatic gender classification remains

a challenging task under cross-illumination conditions, which

certainly presents the generalizability of the classification

algorithm. More importantly, the vulnerability of gender clas-

sification when probe samples are compared with enrollment

samples belongs to different illumination conditions.

Therefore, in this work, we present extensive benchmark

results employing cross-illumination protocols for gender clas-

sification owing to a generalized approach. We used a multi-

spectral imaging sensor to acquire unique spatio-spectral imag-

ing features across nine spectral bands for gender prediction,

thereby exploring the photometric reflectance properties of the

human skin [14] [15]. These photometric reflectance prop-

erties vary across genders owing to the presence of varying

concentrations of chromophores present on the sub-surface

of the human skin, and these discriminative features can be

extracted in the form of complementary details (reflectance

and/or emittance) across various bands of the electromagnetic

spectrum.

Now, multi-spectral imaging can solve the problem pertain-

ing to different illumination conditions, which results from

the intrinsic difference in the spectral distribution of faces,

making it invariant to illumination changes [16]. However,

owing to the difference in reflectance properties of individuals

across the spectral bands, comparison of bands is always

challenging, and as a result, some bands may not provide

the discriminative attributes necessary for gender prediction.

Hence, in this study, we combined all spectral bands using

three different fusion techniques: Image Matting Fusion (IMF)

[17], guided filtering-based fusion (GFF) [18] and 2-Discrete

Wavelet Transform Average Fusion (2-DWT) [19], indepen-

dently for the performance analysis of our cross-illumination-

based gender prediction.

In this work, we perform gender classification based on a

multispectral face database of 78300 samples belonging to 145



subjects acquired under six different illumination conditions.

We performed gender classification for the cross-illumination

framework independently on five feature extraction methods

followed by a Support Vector Machine Classifier. In this

benchmark study, we present the experimental evaluation

results using 10-fold cross-validation approach for the random

selection of training and testing sets in a disjoint manner

to compute the average classification accuracy. The major

contributions of this work are summarized as follows.

• Present gender classification by exploring inherent prop-

erties of multi-spectral imaging to acquire the compli-

mentary spatial and spectral face information stemming

from Visible to Near InfraRed spectrum (530nm to

1000nm).

• Experimenting three different image fusion approach to

combine complimentary spectral bands information for

cross-illumination based gender prediction, an approach

towards the generalisation.

• Extensive qualitative and quantitative benchmark results

of gender prediction based on five different feature ex-

traction methods using 10 fold cross-validation approach

to present the merits and demerits of performing band

fusion for cross-illumination evaluations.

The rest of the paper is organised as follows: section II

provide the details of multispectral face database in six differ-

ent illumination condition. This section also includes details

of data collection and pre-processing approach employed.

Section III consist of detailed methodology used for gender

classification under cross-illumination condition. Section IV

presents the experiments related to gender classification across

three different fusion techniques and five feature extraction

methods and Section VI summarizes final conclusive remarks.

TABLE I: Summarizes the number of samples acquired under

six different illumination conditions

Database
Illumination Conditions

QTH-QTH Incad-Incad Xenon-Xenon QTH-Incad QTH-Xenon Outdoor

Subject 145 145 145 145 145 145

Sessions 2 2 2 2 2 2

Samples 5 5 5 5 5 5

Bands 9 9 9 9 9 9

Total 78300

II. MULTI-SPECTRAL FACE DATABASE

This section explains the details of the multispectral face

database employed in this study for gender classification.

Facial data were collected using a custom-built imaging sensor

[19] that can capture images in nine narrow spectral bands,

which include 530nm, 590nm, 650nm, 710nm, 770nm,

830nm, 890nm, 950nm, and 1000nm belonging to the visible

(VIS) and near-infrared (NIR) spectra. Data from 145 subjects

were captured, comprising 87 males and 58 females.

A. Data Collection

Using a multispectral imaging sensor, the face database

was collected under six different illumination conditions in

TABLE II: Notations used to represents the six different

illumination conditions of multi-spectral face database

Condition Notations Details

Indoor

QTH-QTH Illumination from two Quartz Tungsten Halogen light source

Incad-Incad Illumination from two Incandecent light source

Xenon-Xenon Illuminations from two Xenon light source

QTH-Incad Illuminations from a Quartz Tungsten Halogen and a Incandecent light source

QTH-Xenon Illuminations from a Quartz Tungsten Halogen and Xenon light source

Outdoor Outdoor Illuminations from varying daylight

indoor and outdoor environments. For indoor conditions, five

different illumination conditions were created using three

light sources: Quartz Tungsten Halogen (QTH), incandescent

(Incad), and xenon. These five different illumination conditions

were created either by operating the light sources alone or by

combining them. For simplicity, the five different illumination

conditions created using these three light sources are given

notations in this study: QTH − QTH , Incad − Incad,

Xenon − Xenon, QTH − Incad, and QTH − Xenon.

A brief description of these notations is presented in Ta-

ble II. The outdoor data collection was based on natural day

lighting conditions, and to maintain simplicity throughout the

experiment, this set of data collection was given Outdoor

notation (Refer Table II). Two sessions were conducted for

data acquisition with a time span of 3–4 weeks, and five

sample face images were captured for each band under each

illumination condition. Thus, we created a database consisting

of 145 subjects × 2 sessions × 9 bands × 6 illumination

conditions × 5 samples = 78300 sample face images. Table I

summarizes the number of samples acquired under the six

different illumination conditions.

B. Pre-Processing

The acquired samples were high-dimensional images of

1024× 1280 pixels captured from a custom-built sensor [19].

These images contain an unwanted background, apart from

facial information. To remove unwanted background details,

we used an eye-coordinate-based face detection algorithm to

crop the facial region. This algorithm automatically detects

the facial region based on left- and right-eye coordinates

[20]. We then used histogram normalization to enhance the

contrast of the cropped images for all the bands. We also

resized the images to 120 × 120 spatial resolution to reduce

the computational cost and the time required for gender

classification. Figure 1 shows the sample spectral band face

images of male and female subjects after preprocessing.

III. METHODOLOGY: BAND FUSION, FEATURE

EXTRACTION AND CLASSIFICATION

This section presents a detailed description of the method-

ology used in this work. The study carried out gender classifi-

cation on a multispectral face database by performing spectral

band fusion for cross-illumination evaluation. Therefore, the

scope of this study is to perform an evaluation in which the

training and testing samples belong to different illumination

levels. Specifically, to present the generalization of our ap-

proach, we train the fused spectral band images belonging to
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Fig. 2: Gender classification framework employed in this work for cross-illumination evaluation protocol

one type of illumination (say QTH − QTH) and perform

the testing using the fused spectral band images belonging

to different illuminations (say Outdoor). A block diagram of

this study for evaluating the gender classification is shown in

Figure 2.

Let the set of spectral band images Hλ(s, r) acquired using

a custom-built multispectral imaging sensor be expressed by

Equation 1.

Hλ(s, r) = {H1(s, r), H2(s, r), . . . ,H9(s, r)} (1)

where Hλ ∈ R
s×r consists of nine narrow spectral band

images, that is, λ = {1, 2, 3, . . . , 9} and each image has

s × r spatial dimension that corresponds to 120 × 120 size.

Considering the differential reflectance properties of individual

face images across different illumination conditions, we per-

form the spectral band fusion approach to form a composite

image from the complementary spectral band images. The

composite image formed after band fusion not only reduces

the dimensions, but also preserves the discriminate information

required for cross-illumination-based gender classification. We

employ three image fusion techniques: image matching fusion

(IMF) [17], guided filtering-based fusion (GFF) [18] and 2-

Discrete Wavelet Transform Average Fusion (2-DWT) [19].

Therefore, spectral band images (Equation 1) were prepro-

cessed, and image fusion algorithms were employed to obtain

the composite image represented as Ufus(s, r) in Equation 2.

Ufus(s, r) = {ω1 ∗H1 + ω2 ∗H2 + . . .+ ω9 ∗H9} (2)

where, ω1, ω2, . . . , ω9 are the weight vectors. Furthermore,

we extracted dominant features from the fused spectral band

images using texture descriptor methods. In this work, we

employed five texture descriptor methods that include Local

Phase Quantization (LPQ), Histogram of Oriented Gradients

(HOG), GIST, logGabor (LG), and binarized statistical image

features (BSIF) independently before learning the classifier

model. Further, to learn the classifier model, the histogram

feature vectors obtained from the texture descriptor method

were then processed to train the two-class model. Let K denote

the number of training samples, and let the training feature

matrix employed to learn the classifier model be represented

using Equation 3 as follows:

Td =
{(

J i
λ, ϕ

i
)}K

i=1
(3)

where Td represents the training feature matrix after process-

ing with the feature extraction method and the variable d

denotes the illumination variation belonging to six different

illumination conditions, that is, d = 1, 2, 3, . . . , 6. Further,

J represents the individual training vectors belonging to the

spectral bands, and ϕ denotes the class information that can

be represented as follows:

ϕ(v) =

{

v = 0 ∈ Male

v = 1 ∈ Female
(4)

where 0 denotes the male class label, and 1 denotes the

female class label. In this study, we employed a linear Support

Vector Machine (SVM) classifier to learn the features and

perform gender classification on fused spectral band images

[13]. The SVM divides the data points of the two classes in

the feature space and finds the optimal hyperplane that divides

these two classes into male and female. The margin, which is

the distance between the closest data points of both classes,

determines the optimum hyperplane, and can be represented

using Equation 5 as follows:

ϕ(v) = ψ
′

· σ(v) + b (5)

where ϕ(v) represent the gender class labels, ψ denotes the

learning weights, b indicates the bias and σ(v) presents the

kernel function. Now for the given probe fused spectral band

images belongs to different illumination other than used in

training set, processed to compare with each class and based

on threshold values, the probe sample is classified as male or

female class label.



IV. EXPERIMENTS

This section of the paper is based on an experimental evalua-

tion protocol and related experimental results. In this work, we

perform gender classification on fused spectral band images of

a multispectral face database (refer to Section II) in which

training and testing samples are considered from different

illumination conditions. Thus, the experimental classification

results are based on analyzing the influence of employing

cross-illumination frameworks on fused spectral band images

for the performance analysis of gender classification. We

present an extensive and quantitative experimental benchmark

evaluation of 78300 sample images from a multispectral face

database that belongs to 145 subjects and nine bands. To

demonstrate the objective of this work, we present the results

independently using three different fusion methods and five

different feature extraction algorithms, along with a linear

Support Vector Machine (SVM) classifier. Furthermore, to

obtain the average classification accuracy along with the

standard deviation, the experiments were repeated using 10-

fold cross-validation approach, thereby randomly selecting the

training and testing samples for performance analysis with

statistical significance.

A. Experimental Evaluation Protocol

Considering the scope of this work and to present the

performance analysis of the gender classification algorithm, we

present an experimental evaluation protocol that partitions face

multispectral data into training and testing sets. Based on the

database samples, the training set consisted of 50% samples

belonging to the male class and 50% samples from the female

class. Hence, the training set comprised 40 male × 2 sessions

× 5 samples + 40 female × 2 sessions × 5 samples = 800
images. The testing set consisted of the remaining samples

belonging to the male and female classes, and comprised 47
male × 2 sessions × 5 samples + 18 female × 2 sessions ×
5 samples = 650 images.

V. RESULTS AND DISCUSSION

In this section, we present the performance of our approach

in performing cross-illumination-based gender classification.

Figure 3 illustrates the mean-variance plot illustrating the

performance analysis of cross-illumination for gender classi-

fication. Figure 4 and Figure 5 present the average classifi-

cation accuracy across the three different fusion methods and

across five different feature extraction methods. Furthermore,

quantitative experimental results in the form of the average

classification accuracy obtained after 10-fold cross validations

are summarized in Tables III, IV, V, VI, VII and VIII.

The purpose of conducting a cross-illumination-based gen-

der classification experiment was to demonstrate a real-life

surveillance scenario in which the samples were trained under

controlled lighting conditions and tested against different

illumination conditions for gender prediction. Therefore, in

this section, we present an evaluation of the training and

testing samples under different illumination conditions. The

multi-spectral face database was acquired under six different

illumination conditions; therefore, considering the scope of

this work for cross-illumination performance analysis, we have

presented the results independently across all the illumination

conditions when trained and tested against different illumi-

nations in cross-illumination-based gender classification. For

instance, fused spectral band faces image samples is trained

with QTH − QTH illumination and then fused spectral

band face image samples tested independently from different

illuminations to present the benchmark results. The procedure

was repeated for the remaining illumination conditions when

trained and tested under different illumination conditions.

Based on our quantitative results, the spectral band fusion

approach for cross-illumination-based gender classification

provides reasonable performance accuracy. A summary of the

major observations related to the experimental results is as

follows.

TABLE III: Average classification accuracy (%) when trained

with QTH −QTH illuminations

Testing
Training: Samples from QTH-QTH Illuminations

Fusion LPQ-SVM HOG-SVM GIST-SVM LG-SVM BSIF-SVM

QTH-QTH

IFM 69.19 79.70 82.07 88.51 83.96

GFF 63.35 77.37 77.47 87.96 80.51

Wavelet 81.38 96.02 93.27 96.91 93.43

Incad-Incad

IFM 67.63 74.17 83.36 86.55 81.49

GFF 68.51 76.13 78.87 86.46 77.53

Wavelet 79.23 88.76 93.18 93.56 91.53

Xenon-Xenon

IFM 69.38 75.53 86.19 89.81 81.58

GFF 69.88 77.99 87.44 90.96 81.70

Wavelet 78.46 93.47 91.22 93.44 91.64

QTH-Incad

IFM 63.20 74.92 82.95 85.96 79.73

GFF 63.00 77.32 81.14 87.63 80.53

Wavelet 82.79 91.27 92.52 93.61 91.35

QTH-Xenon

IFM 66.03 73.30 87.17 88.52 83.45

GFF 69.81 78.77 85.94 89.75 82.54

Wavelet 81.95 95.28 92.91 95.83 94.16

Outdoor

IFM 78.71 85.53 89.66 89.41 86.49

GFF 77.38 83.58 86.16 89.45 84.00

Wavelet 84.20 89.23 90.66 92.47 89.59

TABLE IV: Average classification accuracy (%) when trained

with Incad− Incad illuminations

Testing
Training: Samples from Incad-Incad Illuminations

Fusion LPQ-SVM HOG-SVM GIST-SVM LG-SVM BSIF-SVM

QTH-QTH

IFM 67.38 77.50 79.58 87.07 81.24

GFF 61.66 76.02 75.71 86.50 77.52

Wavelet 77.74 91.89 92.19 95.61 90.00

Incad-Incad

IFM 67.98 74.79 83.81 88.65 82.34

GFF 69.34 76.71 79.38 87.58 78.80

Wavelet 82.30 90.99 94.78 96.53 93.40

Xenon-Xenon

IFM 68.94 75.51 84.41 89.15 80.22

GFF 68.92 77.19 86.67 89.52 80.73

Wavelet 77.76 91.72 90.80 92.77 89.43

QTH-Incad

IFM 63.07 73.98 82.16 86.17 78.85

GFF 62.42 76.43 80.46 87.04 79.19

Wavelet 82.17 88.49 89.59 95.42 90.43

QTH-Xenon

IFM 64.67 72.47 85.49 87.20 81.54

GFF 68.25 77.69 85.02 88.34 80.31

Wavelet 80.39 92.42 93.29 94.97 91.16

Outdoor

IFM 78.52 85.15 88.14 89.78 85.86

GFF 77.84 83.31 86.26 89.78 83.27

Wavelet 85.30 88.94 90.05 89.78 90.16
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Fig. 3: Mean and variance plot represents the cross-illumination performance for gender classification: (a) illustrates the results

when the samples from QTH − QTH is in training set and tested independently with QTH − QTH , Incad − Incad,

Xenon − Xenon, QTH − Incad, QTH − Xenon and Outdoor. Similar illustrations can be drown for (b,c,d,e,f). For

simplicity, the performance of GFF fusion and LG-SVM method is shown (Results are best viewed in colors).

TABLE V: Average classification accuracy (%) when trained

with Xenon−Xenon illuminations

Testing
Training: Samples from Xenon-Xenon Illuminations

Fusion LPQ-SVM HOG-SVM GIST-SVM LG-SVM BSIF-SVM

QTH-QTH

IFM 67.96 79.25 81.59 88.42 82.74

GFF 62.60 77.11 77.37 86.98 79.25

Wavelet 79.81 95.98 91.33 96.32 91.83

Incad-Incad

IFM 66.70 73.72 82.87 86.10 79.99

GfF 67.93 75.56 78.79 84.28 76.25

Wavelet 79.03 87.18 91.88 94.70 89.24

Xenon-Xenon

IFM 69.87 77.41 86.63 90.93 83.52

GFF 70.75 79.28 88.42 91.73 83.93

Wavelet 80.92 96.33 93.46 95.80 93.62

QTH-Incad

IFM 63.12 74.36 82.51 84.93 77.65

GFF 62.99 85.05 81.38 85.05 78.63

Wavelet 82.34 88.41 90.32 91.76 89.67

QTH-Xenon

IFM 65.72 74.30 87.13 88.99 84.33

GFF 69.73 76.70 86.36 89.83 82.98

Wavelet 83.52 97.18 94.09 96.67 94.78

Outdoor

IFM 78.37 86.68 89.44 89.75 85.50

GFF 76.88 84.88 85.98 89.34 83.13

Wavelet 83.99 90.37 89.36 93.41 89.20

• From the tabular representation, it is evident that the

gender classification accuracy based on cross-illumination

is slightly poor compared to the performance when the

same illumination conditions sample data in the training

and testing sets. However, this decrease in performance

is marginal (Figure 3), which mainly results from em-

TABLE VI: Average classification accuracy (%) when trained

with QTH − Incad illuminations

Testing
Training: Samples from QTH-Incad Illuminations

Fusion LPQ-SVM HOG-SVM GIST-SVM LG-SVM BSIF-SVM

QTH-QTH

IFM 68.16 79.22 81.84 87.33 83.16

GFF 62.40 77.32 76.95 87.33 79.52

Wavelet 80.64 94.64 92.81 97.15 83.67

Incad-Incad

IFM 66.42 74.26 83.52 87.20 81.09

GFF 67.51 76.29 78.59 85.93 77.83

Wavelet 81.06 90.75 94.51 95.70 92.64

Xenon-Xenon

IFM 69.74 76.16 85.77 89.38 81.06

GFF 70.04 77.93 87.81 90.35 81.14

Wavelet 78.32 92.14 92.04 95.41 90.64

QTH-Incad

IFM 63.98 75.03 82.75 86.93 79.88

GFF 63.42 77.88 81.64 88.08 80.72

Wavelet 85.30 90.94 92.76 95.69 92.79

QTH-Xenon

IFM 65.38 74.00 87.16 87.45 82.63

GFF 69.29 79.14 85.79 88.59 81.40

Wavelet 81.58 93.19 93.26 96.92 92.88

Outdoor

IFM 78.34 85.53 87.84 88.61 86.23

GFF 76.99 83.87 85.27 89.32 83.67

Wavelet 84.49 88.97 90.43 92.60 89.69

ploying the spectral band fusion approach to combine

the information in the form of a composite image from

the complementary information across the spectral bands

spanning the VIS to NIR wavelength range. For instance,

when the training and testing datasets belong to the same

illumination condition, the highest classification accuracy



TABLE VII: Average classification accuracy (%) when trained

with QTH −Xenon illuminations

Testing
Training: Samples from QTH-Xenon Illuminations

Fusion LPQ-SVM HOG-SVM GIST-SVM LG-SVM BSIF-SVM

QTH-QTH

IFM 68.06 79.46 82.05 88.56 76.24

GFF 63.12 77.29 77.37 87.70 79.64

Wavelet 79.89 96.13 92.77 97.11 92.64

Incad-Incad

IFM 66.96 73.54 82.88 86.51 80.31

GFF 67.74 75.92 77.94 84.88 76.24

Wavelet 78.78 87.31 93.20 93.92 89.40

Xenon-Xenon

IFM 70.31 76.60 86.94 91.01 83.12

GFF 70.80 78.79 88.19 91.55 83.27

Wavelet 79.80 95.64 92.83 95.73 93.62

QTH-Incad

IFM 63.21 74.19 82.98 85.88 78.58

GFF 63.15 76.91 81.27 86.37 79.30

Wavelet 83.41 88.95 91.92 95.07 90.69

QTH-Xenon

IFM 66.05 73.60 87.65 89.30 84.46

GFF 70.09 79.40 86.39 89.92 83.25

Wavelet 83.72 97.05 94.67 97.03 95.19

Outdoor

IFM 78.26 86.77 88.94 89.70 85.43

GFF 76.76 84.86 86.68 89.34 83.06

Wavelet 84.11 89.10 89.59 92.25 89.27

TABLE VIII: Average classification accuracy (%) when

trained with Outdoor illuminations

Testing
Training: Samples from Outdoor Illuminations

Fusion LPQ-SVM HOG-SVM GIST-SVM LG-SVM BSIF-SVM

QTH-QTH

IFM 67.76 77.71 81.07 85.85 80.66

GFF 62.10 75.67 76.10 84.94 77.31

Wavelet 77.88 92.27 91.97 93.46 89.06

Incad-Incad

IFM 67.05 73.57 83.46 85.48 80.92

GFF 67.59 75.91 78.93 84.68 76.96

Wavelet 78.91 89.37 91.96 93.46 90.06

Xenon-Xenon

IFM 69.01 75.80 85.32 87.68 80.52

GFF 69.26 77.64 86.89 88.81 80.82

Wavelet 77.80 93.94 91.49 94.02 89.50

QTH-Incad

IFM 63.27 73.19 82.31 83.57 77.80

GFF 62.86 76.00 81.69 84.75 78.20

Wavelet 82.20 89.41 89.74 92.55 90.18

QTH-Xenon

IFM 65.05 72.98 86.39 86.12 81.39

GFF 68.47 77.79 85.03 87.15 80.58

Wavelet 80.44 94.22 92.82 94.59 90.72

Outdoor

IFM 81.35 88.38 90.86 92.12 89.44

GFF 79.89 86.12 88.40 92.34 87.26

Wavelet 87.86 93.24 92.01 95.54 93.93

obtained was 97.05%. However, when the training and

testing datasets belong to different illumination condi-

tions, the highest average classification accuracy obtained

is 96.32% which signifies the potential of employing

spectral band fusion for gender classification in cross-

illumination evaluation.

• Specifically, the performance under the five indoor arti-

ficial illumination conditions was better than that under

outdoor illumination conditions. The possible reason for

the better performance is mainly the controlled data

acquisition condition adapted to all indoor illumination

conditions, even though the illumination sources operated

are different. It was further inferred that the spectral

reflectance properties of the three illumination sources

employed in this work have better reflectance properties

across the visible and near-infrared spectra.

• Among the illumination conditions employed in this
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Fig. 4: Average classification accuracy across three fusion

methods when samples are trained with QTH − QTH and

tested independently across other illumination data. For sim-

plicity results are shown with of LG-SVM method
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Fig. 5: Average classification accuracy independently across

six different feature extraction methods when samples are

trained with QTH − QTH and tested independently across

other illumination data. For simplicity results are shown with

2-DWT fusion method

work, when fused spectral bands from QTH − Xenon

illumination were tested against Xenon−Xenon training

set, a better average classification accuracy of 97.18%
was obtained. This could be due to the presence of

one Xenon illumination in the testing set, which is

also a common illumination in the training dataset, as

compared to totally different illumination conditions in

training and testing. Therefore, for the same training

illumination condition, when the test set is completely

different, especially from Outdoor, the classification

accuracy is reduced to 90.37%, which could be because

varying daylight conditions result in nonuniform spectral

reflectance properties across the visible and near-infrared



spectra.

• Among the three image fusion methods employed, spec-

tral band fusion based on 2-DWT outperforms the IFM

and GFF methods, as illustrated graphically in Fig-

ure 4, which demonstrates the potential of employing the

wavelet fusion method to obtain discriminate features that

require robust gender classification.

• We also note that, of the five feature extraction method

employed in this work, HOG, LG, GIST and BSIF

performs better compared to LPQ method as can be

viewed from Figure 5.

In summary, cross-illumination gender classification is a

challenging task. However, the use of multi-spectral imaging

demonstrates its potential for gender classification. A reason-

able performance accuracy can be observed when the training

and testing samples belong to different illuminations, which

could be due to the invariant properties of the multi-spectral

imaging and the use of spectral band image fusion method.

However, cross-illumination gender classification remains a

challenging task in outdoor illumination condition and requires

further analysis and robust methods.

VI. CONCLUSION

Gender classification is important in many critical appli-

cations such as security, surveillance, and biometrics. The

majority of studies employed in this direction for gender

prediction are based on the visible spectrum and limited work

exploring NIR, thermal, and multi-spectral imaging. With ad-

vancements in imaging technology across the spectrum, there

are challenges in performing cross-illumination performance

analysis under varying illumination conditions, which have

not received significant attention. Thus, to present the gen-

eralization in the performance analysis, we performed gender

classification by evaluating the cross-illumination approaches

on a multispectral face database. The experimental results are

presented on 78300 sample images captured from 145 subjects

under six different illumination conditions. We employed

three different image-fusion methods: Image Matting Fusion

(IMF), Guided Filtering Based Fusion (GFF), and 2-Discrete

Wavelet Transform Average Fusion (2-DWT) were used to

combine the spectral band face images corresponding to nine

narrow spectrum bands. Further, the results were obtained

across five different feature extraction methods: Local Phase

Quantization (LPQ), Histogram of Oriented Gradients (HOG),

GIST, log Gabor (LG), and binarized statistical image features

(BSIF), independently with a Support Vector Machine (SVM)

classifier. Experimental evaluations were presented based on a

cross-illumination evaluation, in which samples from training

and testing were obtained under different illumination con-

ditions. The use of multi-spectral imaging has shown rea-

sonable classification across different illumination conditions,

presenting the invariant properties of multi-spectral imaging

sensors. The results were presented in the form of average

classification accuracy by repeating the experiment 10 times

for the random selection of training and testing samples. Based

on the obtained results, the highest classification accuracy of

96.32% was obtained for the cross-illumination condition.
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