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Adaptive Part-Level Model Knowledge Transfer
for Gender Classification
Yongiang Gao, Zhifeng Li, Senior Member, IEEE, and Yu Qiao, Senior Member, IEEE

Abstract—In this letter, we propose an adaptive part-level model
knowledge transfer approach for gender classification of facial
images based on Fisher vector (FV). Specifically, we first decompose the whole face image into several parts and compute the dense
FVs on each face part. An adaptive transfer learning model is
then proposed to reduce the discrepancies between the training
data and the testing data for enhancing classification performance.
Compared to the existing gender classification methods, the proposed approach is more adaptive to the testing data, which is
quite beneficial to the performance improvement. Extensive experiments on several public domain face data sets clearly demonstrate
the effectiveness of the proposed approach.
Index Terms—Domain adaption, Fisher vector (FV) faces,
gender classification, least-square SVM, transfer learning.

I. I NTRODUCTION

G

ENDER classification [1], [2], also known as gender
recognition or sex classification [3], is to tell a person’s gender based on an input face image. It has many useful
applications in real life, such as human–computer interaction,
surveillance, content-based indexing and searching, biometrics, demographic studies, and targeted advertising [1], [4].
However, despite the advances in gender classification, it still
remains a challenging problem. Especially, in many real-world
application scenarios, it is very common that the training data
are insufficient to learn a robust model. So, the performance
of the learning-based methods on the limited training data
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would be limited. In this letter, we aim to improve the performance based on the adaptive transfer learning model for the
insufficient training data.
A number of approaches have been proposed to address the
representation and classification problems in gender classification of face images. Baluja and Rowley [3] presented a method
based on AdaBoost to identify the gender of a person from a low
resolution gray-scale face image. Rahman et al. [5] proposed an
automatic facial feature extraction system for sex identification
from color images. In [6], the authors used discrete cosine transform (DCT) to extract efficient features followed by a k-nearest
neighbor classifier (KNN) for gender classification. Levi and
Hassner [7] showed that by learning representations through
convolutional neural networks (CNNs), a significant increased
performance can be obtained. Makinen and Raisamo [8] carried
out an experimental evaluation on gender classification, which
contains four gender classification methods and four automatic
alignment methods. In [9], they reported a method for gender
classification based on mutual information and fusion of features extracted from intensity, shape, texture, and from three
different spatial scales.
Recently, dense feature extraction is becoming increasingly
popular in face image recognition and analysis, such as face
recognition in the wild [10], [11], heterogeneous face recognition [12]–[14], and aging face recognition [15], [16]. The
basic idea of dense feature extraction is to densely compute the
local descriptors (such as [17]–[19], [24], and [41]), and then
encode the dense descriptors into an appropriate feature vector. A popular encoding method in dense feature extraction is
the bag-of-visual-words (BoVW) model [20] based on spatial–
temporal local features. More recently, it has been shown that
Fisher vector (FV) encoding method [21] is more effective in
feature encoding and obtains superior performance over the
other encoding ways [22]. Inspired by the good performance of
the FV encoding method, we will use it as the baseline feature
extraction and encoding method in this letter.
This letter deals with the situation that we have sufficient
training examples in the source domain, but sparse examples in
the testing target domain. Most of the existing learning-based
methods rely heavily on a common assumption: the training
data and testing data share a highly similar feature distribution.
Otherwise, the performance of these methods would degrade
notably. To alleviate this problem, we propose a new transfer
learning method to improve the performance of gender classification. To this end, we first divide the whole face into several
parts that are complementary to each other (the left of Fig. 2),
and extract the FV features based on these parts for subsequent analysis. Then, a part-level transfer learning method is
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developed to reduce the distribution gap between the training
data and the testing data, combined with an adaptive SVM classifier for final decision. In this way, the proposed classification
model can be more adapted to the testing data, which is quite
beneficial to the performance improvement. Extensive experiments are conducted on several public domain data sets to show
the effectiveness of the proposed model over the state of the art.

II. P ROPOSED A PPROACH
In this section, we first briefly review some related works
including FV and LS-SVM, and then elaborate our proposed
adaptive part-level model transfer learning approach.
The formal notation and necessary mathematical tools are
introduced as follows. We use small and capital bold letters
to denote the column vectors and matrices, respectively, e.g.,
a = [a1 , a2 , . . . , aN ]T ∈ RN and A ∈ RM ×N with Ai,j corresponding to the (i, j) element. When only one subscripted
index is present, it represents the column index, e.g., Ai is the
ith column of the matrix A.
A. Related Works
1) Fisher Vector: We basically follow the framework [23]
to extract the dense features and then perform FV encoding, as
described in the following.
First, we warp and crop the original face image into 116 × 80
facial image through five facial landmarks including left eye
center, right eye center, nose tip, left mouth corner, and right
mouth corner. We divide each facial image into six parts, corresponding to forehead area, left eye area, right eye area, mouth
area, jaw area, and the whole facial area, see the left of Fig. 2.
The SIFT [24], [25] features are extracted densely in scale for
each part. Same as FV faces, 24 × 24 pixels patches are sampled with a stride of one pixel and√this process is repeated at
five scales with a scaling factors of 2 for each part.
Second, we encode the large pool of dense SIFT features
into FV features. In general process, FV encoding starts by fitting a parametric generative model to the features, where the
Gaussian mixture model (GMM) is the most commonly used,
and then encoding the derivatives of the log-likelihood of the
model with respect to its parameters. Also, the derivatives with
respect to the Gaussian mean and variances are considered in
our approach due to the gradient with respect to the weight
parameters brings little additional information. We adopt L2
normalization for each FV feature.
2) Least-Square Adaptation Method: Given a binary classification problem and a set of N samples D = {xi , yi }N
i=1 ,
where xi denotes the input feature vector of the ith sample with
the corresponding label yi ∈ {−1, 1}. The least-square SVM
[26] is introduced by formulating the classification problem as
min 12 ||w||2 +
w,b

s.t.

C
2

y i = w T · x i + ξi

N

2
i=1 ξi

∀i ∈ 1, . . . , N .

(1)

In this equation, we set w = [w, b]T and xi = [xi , 1]T conveniently, b is the offset parameter, Ker(x, x ) = xT x , C is a
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parameter trading off between the empirical loss and regularization, and the slack variable ξi is used to measure the degree
of the misclassification on the data xi .
Let us suppose that there are source data sets DS =
S
S
{xSi , yiS }N
i=1 obeying a distribution P , different with respect
to the target data set P corresponding the data set D =
S
{xi , yi }N
i=1 . Note that N  N is a small number. If the two
S
distributions P , P are somehow related, the auxiliary knowledge can be transferred in guiding the learning process. After
getting the optimal source knowledge/weights w by minimizing (1) which is shown as wS 1 in (2), we hope the target w
chosen to be the optimal wS with regularization term. The
final model knowledge transfer of the least-square adaptation
method [27] is
min 12 ||w − wS ||2 +
w,b

s.t.

y i = w T · x i + ξi

C
2

N

2
i=1 ζi ξi

∀i ∈ {1, . . . , N }.

(2)

B. Adaptive Part-Level Transfer Learning Model
In this section, we describe the proposed adaptive part model
knowledge transfer approach. This model consists of K parts.
In our task, the FV is adopted for dense feature extraction, and
the linear kernel is adopted as Ker(x, x ) = xT x . Inspired by
−1
[27], Parameter Z = diag{ζ1−1 , ζ2−1 , . . . , ζN
} is used to balance the different contributions of the different labeled samples,
denoted by

ζi =

N
2N +
N
2N −

if yi = +1
if yi = −1

(3)

which N + and N − denote the number of positive and negative
samples, respectively. Since there are multiple parts, we rewrite
our adaptive transfer learning model (2) as
min
w,b

K
K
N
1
1
C 2
||wk ||2 +
||ak wk − ak wkS ||2 +
ζi ξ
2
2
2 i=1 i
k=1

k=1

(4)
s.t.

ak > 0,

K


ak = 1

(5)

∀i ∈ {1, . . . , N }.

(6)

k=1

yi =

K


wkT · xi,k + ξi

k=1

In (5), ak denotes the weight for each part, and the sum of
ak (k = {1, 2, . . . , K}) is set to 1 and the uppercase K denotes
the numbers of parts.
Note that there are two unknown variables a(a =
1
for k =
[a1 , a2 , . . . , aK ]T ) and w, we first set ak = K
{1, 2, . . . , K} and the adaptive part-level least-square SVM
model would become the regular model (2). The corresponding
Lagrangian Lw is
1 The parameters with superscript S denote the source data sets and it is the
same in the following letter.
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K

K

1
1
||wk ||2 +
||ak wk − ak wkS ||2
2
2
k=1
k=1


N
N
K

C 2 
T
+
ζi ξ +
λi yi −
wk xi,k − ξi
2 i=1 i
i=1

Algorithm 1. Adaptive Part Level Model Knowledge Transfer

Lw =

(7)

k=1

where λ ∈ RN is the vector of Lagrange multipliers. The optimality (Karush–Kuhn–Tucker) condition with respect to w, ξi ,
and λi are
N
∂Lw
a2k
1 
S
= 0 ⇒ wk =
w
+
λi xi,k
k
∂wk
1 + a2k
1 + a2k i=1

∂Lw
∂λi

∂Lw
= 0 ⇒ Cζi ξi = λi
∂ξi
K

= 0 ⇒ yi =
wkT xi,k + ξi .

(8)
(9)
(10)

k=1

By combining (8)–(10), we obtain
yi − ŷiS =

K

k=1

N
1 
λi
λj xj,k xi,k +
2
1 + ak j=1
Cζi

(11)

K
a2k
ST
where ŷiS = k=1 1+a
xi,k is the predicted label by
2 wk
k
the source model.
By denoting the kernel matrix Ker with
N
1
Kerji,k = 1+a
xTj,k · xi,k , (11) can be written in a
2
j=1
k
matrix form, denoted by


Z
Ker +
(12)
λ = y − ŷS .
C
Finally, the parameter λ and w are obtained as

−1
Z
λ = Ker +
(y − ŷS )
C
a2k
1
wk =
wkS +
λ T xk .
2
1 + ak
1 + a2k

(13)
(14)

After getting wk , there is one unknown parameter a. The
corresponding Lagrange equation La is

(15)

k=1

where μ is the Lagrange multipliers and const is the constant
terms. The optimality condition with respect to ak , μ are
∂La
= 0 ⇒ ak = −μQk
(16)
∂ak
K

∂La
=0⇒
ak = 1
(17)
∂μ
k=1

where Qk = [(wk − wkS )T ((wk − wkS )]−1 . By combining
(16) and (17), we obtain
K
−1

μ=−
Qk
.
(18)
k=1

Then, ak can be obtained by (16)–(18).
In Algorithm 1, we summarize the adaptive part-level model
knowledge transfer learning approach. Note that there are two
unknown parameters w and a, so we use an iterative learning
strategy. In our experiment, we set #iter = 5.
III. E XPERIMENTAL R ESULTS
In this section, we conduct extensive experiments to demonstrate the effectiveness of our adaptive part-level transfer
learning model on two scenarios: 1) the transfer between
unconstrained facial images and frontal facial images and
2) the transfer between optical facial images and infrared facial
images.
The experimental details are as follows. In preprocessing, the
facial images are warped and cropped by five landmarks and
the resolution is 116 × 80. The cropped facial images are then
divided into six parts and the FV features are obtained for each
part. In the experiments, we fixed the hypeparameter C to 0.05
empirically.
A. Two Transfer Cases

K

1
La =
||ak wk − ak wkS ||2
2
k=1
K


+μ
ak − 1 + const

Input:
The set of source data, DS = {X S , Y S };
The set of small set of target data, D = {X, Y };
The iterations, iter.
Output: The predicted label, Y .
1
, k ∈ {1, 2, . . . , K};
Initialization : ak = K
begin
while iter > 0 do
Compute wk by Eq. 14;
Compute ak by Eq. 16;
set ak = ak ;
set iter = iter
K− 1;
–
Obtained Y = k=1 wkT · xk .
–

Case 1: We evaluate the proposed model based on the transfer
between unconstrained facial images and frontal facial images.
The “LFW” data set [28] and the color “FERET” data set [29]
are used in this case. The “LFW” contains more than 13 000
images of 5749 subjects collected from the web. These images
satisfy “natural” distribution of faces in unconstrained environment, e.g., some of the facial images are under extreme lighting
conditions, some of the range and diversity of pictures are very
large, and so on. We choose the first picture for each subject
as the image in our experiment. There are 5102 subjects with
3790 males and 1312 females. The color “FERET” data set
consists of 2409 subjects with 1495 males and 914 females,
and all the face images are very clean (noise free, fairly consistent lighting, no background clutter, etc.). For the two data sets,
we randomly select the 80% images for training and the 20%
images for testing.
Case 2: We then evaluate the proposed model based on
the transfer between optical facial images and infrared facial
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Fig. 1. Classification ration of comparison results along various small training data sets on two transfer types: the transfer between unconstrained facial images
(LFW) and frontal facial images (FERET), and the transfer between optical facial images (VIS), and infrared facial images (NIR). We show the three comparison
algorithms: classification without any transfer algorithm (NoTrans), classification with adaptive transfer learning (AdaTrans), and part-level adaptive transfer
learning (PartAdaTrans).
TABLE I
C OMPARISON R ESULTS W ITH THE S TATE - OF - THE -A RT M ETHODS

Fig. 2. Left: sample parts of one facial image. It is divided into five meaningful
parts. Right: correct classification ration of comparison results along various
divisions transferred from the “LFW” to the “FERET.”

Noting that the experimental constructions of “LFW” are presented different,
we set 80% data for training and others for testing and five iterations are run
and mean accuracy rates are reported.

images. The CASIA NIR-VIS 2.0 face database [30] is used in
this case. There are 728 subjects (407 males and 321 females),
with each person having one optical (VIS) image and one corresponding infrared (NIR) image as a result of another two
data sets in our experiment. This data set was collected in four
recording sessions that are from 2007 to 2010, and the age distribution of the subjects is very broad (ranging from children
to old people). For each data set, we randomly select the 500
subjects for training and the other 228 subjects for testing.

P4 + P5 , the whole image), the “Four parts” type is (P1 + P2 +
P3 , P4 , P5 , the whole image), the “Five parts” type is (P1 , P2
+ P3 , P4 , P5 , the whole image), and the “Six parts” type is (P1 ,
P2 , P3 , P4 , P5 , the whole image). Note that “Pk ” is shown in the
left of Fig. 2, and the comparison results are shown in the right
of Fig. 2. We can see that “Six parts” type achieves the best
performance. We choose the “Six parts” type in the following
experiments.

B. Evaluation of the Proposed Model

C. Compared to the State of the Art

We set the source training data set and the target training
data set as the whole training data, and the target testing data
as the testing data. Fig. 1 shows the comparison results for
these experiments, where “NoTrans” refers to the classification
with only target data (1), “AdaTrans” refers to the classification
with LS-SVM adaptation model (2), and “PartAdaTrans” is our
proposed part-level LS-SVM adaptation model (4). From these
results we have the following three observations.
1) The classification rates can be improved if the size of
training data increases.
2) The performance of the adaptive models outperforms
those with only target data used.
3) The “partAdaTrans” model can achieve the best result.
This shows the advantage of the proposed model.
To investigate how the different numbers of divisions affects
the performance of our approach, we design different types of
division combinations. The “Three parts” type is (P1 + P2 + P3 ,

Finally, we compare the proposed model against the stateof-the-art methods on both the “LFW” and “FERET” data sets.
Table I reports the comparative results. It is very encouraging
to see that our proposed approach (partAdaTrans) consistently
outperforms the existing ones on the two data sets by a clear
margin. This confirms the effectiveness of the proposed new
approach.
IV. C ONCLUSION
In this letter, we have proposed a novel part-level model
knowledge transfer approach for gender classification of facial
images. Unlike the existing methods in gender classification,
our model can reduce the distribution gap between the training
data and the testing data by the model knowledge transfer learning. Extensive experiments have been conducted to demonstrate
the effectiveness of our new approach.
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