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Abstract—In this paper, we investigate a machine’s ability to
classify children’s clothes according to gender. This was done
by implementing three different machine learning algorithms;
kernel ridge regression, regularized extreme learning machine,
and support vector machine. A Gaussian radial basis function
kernel was used for both ridge regression and support vector
machine, and for extreme learning machine the softplus function
was used as activation. The algorithms were trained and tested
on a data set consisting of one thousand images gathered from
the Swedish clothing-retail company H&M. The clothes were
categorized as being for children from the ages of eighteen
months to ten years.

We found that support vector machine had the best perfor-
mance on the data set and achieved a classification accuracy
of 76.9%. However, the other two methods obtained similar
accuracies; 76.6% for kernel ridge regression and 76.7% for
regularized extreme learning machine.

Index Terms—children’s clothes, extreme learning machine,
gender classification, kernel method, machine learning, ridge
regression, support vector machine

I. INTRODUCTION

The use of machine learning algorithms for solving pattern
recognition problems has greatly increased in recent years.
This is partly a consequence of the increased need to properly
process and analyze the large amount of data that is generated
daily in our society. One of the most common problems within
the area of pattern recognition is that of classifying different
kinds of data. One such classification problem is to predict
the gender of a person based on e.g. facial traits and clothing.
Some studies have suggested that most children older than two
years can correctly identify the gender of other children and
correctly label objects that are typically associated as being
either female or male [1]. Therefore, gender classification can
be considered easy from a human perspective. It would thus
be interesting to examine if a machine can develop the same
abilities as a child and learn to classify children’s clothes
by gender. Furthermore, the topic of gender stereotypes is a
current discussion in today’s society, and to what extent a
machine inherits these traits might also be of interest.

The aim of this project is to determine if machine learning
algorithms are able to classify children’s clothes by gender,
and if so, to what accuracy. To this end, we implement
three common algorithms; kernel ridge regression [2] [3],
regularized extreme learning machine [4] [5], and support
vector machine [6]. The algorithms are trained and tested on
a data set consisting of 1000 images of children’s clothes
gathered from the Swedish clothing-retail company H&M.

Some prior research has been done on gender classification
in general. In the paper [7] by Cai et al., they study clothing
based gender recognition. Other studies include [8] and [9]
where the gender classification is based on clothing as well as
other attributes, such as facial expressions and hairstyles.

The paper is structured as follows. In Section II the notation
used in the paper is described. Section III covers the necessary
theory behind the classification problem and the different algo-
rithms, whereas Section IV explains the project’s methodology.
Finally, in Sections V-VII the project’s results are presented,
discussed, and summarized.

II. NOTATION

Throughout the paper the following notation is used. Vectors
are written with bold, lowercase characters, e.g. x, whereas
matrices are written with bold, uppercase characters, e.g. A.
The transpose of a vector or matrix is written as AT , and
the Euclidean norm of a vector x = (x1, ..., xn)T as ‖x‖2 =
(x21 + ...+ x2n)1/2. For a matrix A ∈ Rm×n, the entry in the
i-th row and the j-th column is denoted by (A)i,j and the
Frobenius norm is defined by

‖A‖F =

√√√√ m∑
i=1

n∑
j=1

|(A)i,j |2, (1)

where | · | denotes the absolute value. Finally, the trace of an
n× n matrix A is defined as tr(A) =

∑n
i=1(A)i,i.

III. THEORY

A. Classification

The aim of the classification problem is to assign an input
vector x ∈ RD to one of k classes, C1, ..., Ck. The class Ci can
be represented by a target vector t ∈ Rk, whose entries are all
zero, except for a single one in the i-th position, i.e.

t = (0, 0, ..., 1, ..., 0, 0)
i

T
. (2)

An input vector x can then be assigned to one of the classes
by finding a function f : RD −→ Rk that maps x to one
of the target vectors t. f can be modeled using a set Dtr =
{x1, ..., xN} of N training samples that are labeled by class,
together with their corresponding target vectors, t1, ..., tN , by
using different machine learning techniques. A new input x is
then predicted to belong to one of the classes by calculating
f(x).
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B. Least squares

In a least squares model, a linear relationship is assumed
between each entry in the target t and the input x,

ti = w0,i + w1,ix1 + w2,ix2 + ...+ wD,ixD, (3)

with weights w0,i, ..., wD,i, where i = 1, ..., k [2]. If we add
a single one at the start of x, so that x = (1, x1, ..., xD)T , (3)
can be written as

t = WT x, (4)

where

W =

w0,1 . . . w0,k

...
. . .

...
wD,1 . . . wD,k

 ∈ R(D+1)×k.

The N training samples and target vectors can be collected in
two matrices

X =

1 x1,1 . . . x1,D
...

...
. . .

...
1 xN,1 . . . xN,D

 ∈ RN×(D+1)

and

T =

 t1,1 . . . t1,k
...

. . .
...

tN,1 . . . tN,k

 ∈ RN×k,

to produce a single equation for all training samples,

T = XW. (5)

Since X is usually not invertible, one seeks to determine W
so that the sum of squared errors,

E(W) :=

N∑
i=1

‖ti −WT xi‖22 =

N∑
i=1

k∑
j=1

|(T− XW)i,j |2 =

= ‖T− XW‖2F , (6)

for each data point is minimal. The least squares problem can
thus be stated as a minimization problem

arg min
W

‖T− XW‖2F . (7)

The error function (6) can be expanded using the trace of
T− XW [10],

E(W) = tr((T− XW)(T− XW)T ) =

= tr(TTT − TWTXT − XWTT + XWWTXT ). (8)

Differentiating (8) with respect to W, using the identities from
[10], and setting the result equal to zero, we get

∂E(W)

∂W
= 2(XTXW− XTT) = 0 =⇒

Ŵ = (XTX)−1XTT = X†T, (9)

where X† is the Moore-Penrose inverse [10] of X and Ŵ is
the solution to (7). A prediction for a new input x can then
be calculated using

y(x) = Ŵ
T

x = (y1, y2, ..., yk)T , (10)

and using the decision function

f(y(x)) = (0, 0, ..., 1, ..., 0, 0)
m

T
, (11)

such that ym is the maximal element of y(x). The input x is
then predicted to belong to class Cm.

The minimal solution (9) assumes that XTX is invertible,
i.e. that X has linearly independent columns. If D > N this is
not the case and one has to either reduce the input dimension
or add a regularization term [2], as explained in Section III-C.

The least squares solution (9) can also be derived as the
maximum likelihood solution under an assumed Gaussian
noise model. See [3] for details.

C. Regularization

An overfitted model is a model that is too closely tuned
to the training data and thus may make poor predictions on
new data. To prevent overfitting, one can add a so called
regularization term to the error function (6) that penalizes the
size of the model parameters W, as described in [2] and [3].
A common choice of regularizer is ‖W‖2F . The error function
then becomes

E(W) = ‖T− XW‖2F + λ‖W‖2F , (12)

where λ ≥ 0 is a hyperparameter, i.e. a model parameter
that is not determined in the training phase but is instead set
prior to training. The size of λ governs the importance of the
regularization term.

Differentiating (12) with respect to W, we obtain

∂E(W)

∂W
= 2(XTXW− XTT) + 2λW. (13)

Setting the result equal to zero gives a new expression for the
least squares solution (9),

2(XTXŴ− XTT) + 2λŴ = 0 =⇒ (14)

Ŵ = (XTX + λI)−1XTT, (15)

where I is the identity matrix. The addition of the regulariza-
tion term to the error function thus results in adding a positive
constant λ to the diagonal of XTX in (9). This addition leads to
a modified matrix (XTX+λI) in (15) which is invertible, even
if XTX has linearly dependent columns [2]. The regularized
least squares model is known as ridge regression.

D. Kernel trick

Using equation (14) we can reformulate the least squares
solution to the so called dual formulation [3]. Equation (14)
implies that

Ŵ =
1

λ
XT (T− XŴ). (16)

We now define a new matrix A = 1
λ (T− XŴ), so that

Ŵ = XTA. (17)

The error function (12) can now be expressed in terms of A
as

E(A) = ‖T− XXTA‖2F + λ‖XTA‖2F . (18)
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Differentiating (18) with respect to A, using the identities
from [10], and setting the result equal to zero, we obtain

∂E(A)

∂A
= 2(XXTXXTA− XXTT + λXXTA) = 0 =⇒

Â = (XXT + λI)−1T. (19)

As we can see, in the dual formulation (19) an N ×N matrix
has to be inverted, as opposed to (15) where a (D+1)×(D+1)
matrix is inverted. When the dimension D of the input vectors
x is much larger than the number of training samples N , the
dual formulation is thus less computationally heavy.

Defining a kernel function k(x, x′) = xT x′ between two
input vectors x and x′, as well as a kernel matrix K = XXT ,
so that

K =

k(x1, x1) . . . k(x1, xN )
...

. . .
...

k(xN , x1) . . . k(xN , xN )

 ,
equation (19) can be written as

Â = (K + λI)−1T. (20)

A new expression for (10) can then be made using (17) and
(20),

y(x) = TT (K + λI)−1k(x), (21)

where k(x) = (k(x1, x), ..., k(xN , x))T . A prediction is then
made for a new input x with (11).

Another advantage of the dual formulation comes from the
fact that any kernel function k(x, x′) that defines an inner
product in some vector space can be used in the kernel matrix
K and kernel vector k(x) [3]. Using ridge regression together
with a kernel is known as kernel ridge regression (KRR).

Some common kernels include the polynomial kernel of
degree d,

k(x, x′) = (γxT x′ + c)d, (22)

and the Gaussian radial basis function (GRBF) kernel

k(x, x′) = exp

(
−‖x− x′‖22

s

)
, (23)

where γ > 0, c > 0, d ∈ N, and s > 0 are hyperparameters.

E. Extreme learning machine

In this section, we will briefly explain the algorithm known
as extreme learning machine (ELM), as proposed by Huang
et al. [4], based on a single-hidden layer feedforward neural
network (SLFN). An SLFN consists of one hidden layer with
Ñ nodes, together with an input and output layer with D and
k nodes, respectively, where D is the dimension of the input
x and k is the dimension of the target. For each i = 1, ..., Ñ ,
there is an associated weight vector wi ∈ RD and bias bi that
connects the input to the i-th hidden node, together with a
weight vector βi ∈ Rk that connects the same node to the
output. A visual representation of such a network is shown in
Fig. 1.

The SLFN is then modelled as

y(x) =

Ñ∑
i=1

βig(wTi x + bi), (24)

xD

x1

n1

nÑ

ni

tk

t1

Fig. 1. Schematic overview of an SLFN with Ñ hidden neurons n1, ..., nÑ .
The dashed connections represents the input weights w1, ...,wÑ and bias’
b1, ..., bÑ , whereas the black connections represents the output weights
β1, ...,βÑ .

where g(·) is the so called activation function.
Introducing the hidden layer output matrix

H =

 g(wT1 x1 + b1) . . . g(wT
Ñ

x1 + b
Ñ

)
...

. . .
...

g(wT1 xN + b1) . . . g(wT
Ñ

xN + b
Ñ

)

 ∈ RN×Ñ ,

and the matrix

B =

β
T
1
...

βT
Ñ

 ∈ RÑ×k,

equation (24) can be written as

T = HB (25)

for the N training samples. The goal is then to find parameters
w1, ...,wÑ , b1, ..., bÑ and B such that ‖T−HB‖2F is minimal,
i.e. to solve

arg min
wi,bi,B

‖T−HB‖2F . (26)

This is usually done by using some gradient descent-based
methods. However, as shown in [4], the weights wi and bias’
bi can be randomly chosen from some continuous probability
distribution, and (26) can instead be solved by finding the least
squares solution (9),

B̂ = H†T, (27)

as long as g is infinitely differentiable.
Some common activation functions include the sigmoid

function
g(x) =

1

1 + e−x
, (28)

and the softplus function

g(x) = ln (1 + ex). (29)

As in Section III-C, a regularization term can be added to
create a regularized extreme learning machine (RELM) [5], so
that

B̂ = (HTH + λI)−1HTT. (30)



G4B: GENDER CLASSIFICATION

F. Support vector machine

Support vector machine (SVM) is a so called maximum
margin classifier [6]. Consider a classification problem with
two classes C1 and C2 whose training data x1, ..., xN is linearly
separable. If the training data is not linearly separable, a
feature mapping φ(x) to a higher dimensional vector space
can be introduced [3]. Let the data point xi be labeled with
ti = +1 if it belongs to C1, and with ti = −1 if it belongs
to C2. With the SVM algorithm one seeks to find parameters
w ∈ RD and b ∈ R for a hyperplane

y(x) = wTφ(x) + b (31)

that seperates the two classes, such that the orthogonal dis-
tance from the hyperplane to the closest training samples is
maximized. This distance is called the margin and the vectors
xi that lie on the margin are called support vectors. As shown
in [6], finding the optimal hyperplane (31) is equivalent to
solving the minimization problem

min
w
‖w‖22, (32)

under the constraints

tiy(xi) ≥ 1, i = 1, ..., N, (33)

or equivalently, as shown in [3], by solving the dual problem

max
a

( N∑
i=1

ai −
1

2

N∑
i=1

N∑
j=1

aiajtitjk(xi, xj)
)

(34)

under the constraints

ai ≥ 0, i = 1, ..., N (35)

and
N∑
i=1

aiti = 0, (36)

where a = (a1, ..., aN )T and k(x, x′) = φ(x)Tφ(x′) is the
kernel function. As in Section III-D, any valid kernel can
be used in place of φ(x)Tφ(x′). Equation (34), together
with the constraints (35) and (36), is solved with numerical
optimization methods to find the optimal solution â [3]. The
optimal vector ŵ is then determined using

ŵ =

N∑
i=1

âitiφ(xi), (37)

and b̂ is determined using the constraints (33).
It may sometimes be preferable to let some data points be

misclassified or lie on the wrong side of the margin when
determining a hyperplane. This concept is referred to as using
a soft margin, and is done in order to create either a larger mar-
gin or a less complex model, or both [3]. In this way unusual
data points may be taken into less consideration, thus avoiding
creating an overfitted model. A soft margin is implemented by
adding a penalization term to the minimization problem (32),
instead solving

min
w

(
‖w‖22 + C

N∑
i=1

ξi

)
, (38)

with constraints

tiy(xi) ≥ 1− ξi, ξi ≥ 0, i = 1, ..., N, (39)

and
0 ≤ ai ≤ C, i = 1, ..., N, (40)

where ξi = 0 for data points xi on the correct side of the
margin and ξi = |ti − y(xi)| otherwise [3]. C > 0 is a
hyperparameter that governs the softness of the margin since
the size of C determines how many training samples are
allowed to be misclassified or lie on the wrong side of the
margin.

When the optimal hyperplane is found, a new input x can
be predicted to belong to either class C1 or C2, depending on
which side of the hyperplane φ(x) lies, i.e. depending on the
sign of y(x).

Equations (32)-(39) are gathered from [3] and [6]. For a
detailed explanation of the SVM algorithm, soft margin, and
of the derivations of equations (32)-(39), consult the above
sources.

G. Validating the hyperparameters

In order to find the optimal values of the hyperparameters
of a given algorithm one can divide the set of training samples
Dtr into two parts; a new training set Dtr,new and a validation
set Dval. The algorithm can then be trained multiple times over
a range of different hyperparameter values using Dtr,new. The
performance of the algorithm in each training instance is eval-
uated by calculating the accuracy achieved when predicting the
classes of the vectors in Dval and the hyperparameter values
that result in the highest validation accuracy are chosen. This
is usually done multiple times, for multiple random shuffles of
Dtr, resulting in a set L of values for a given hyperparameter.
One then chooses the most frequently recorded value in L as
the optimal value of that hyperparameter.

IV. METHODOLOGY

A. Data gathering and image preprocessing

A total of 1000 images were gathered from the Swedish
clothing-retail company H&M’s website [11]; 500 of boy’s
clothes and 500 of girl’s clothes. The clothes were categorized
as being for children between the ages of 18 months and 10
years. The format of the images were .jpeg and the resolutions
were 768× 1152.

The images were preprocessed using the openCV library
[12], version 4.0.0. With openCV, the images were converted
to two-dimensional arrays with 3-channel pixel values, one
value each for the colors red, green, and blue between 0
and 255. The resolution of the images was decreased to
32×48 using openCV’s interpolation method INTER AREA,
as shown in Fig. 2. Thus the dimension of the input x was
decreased to 32 × 48 × 3 = 4608. This was done since the
original images had a high resolution and would have required
a lot of memory and computational power to work with.

The pixel values were normalized to lie between 0 and 1 by
dividing each value with 255. The arrays were then vectorized
using NumPy’s ravel method [13].
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Fig. 2. An example image before and after resizing using openCV’s
INTER AREA interpolation method. Image from [11].

The data was randomly shuffled ten times and for each
shuffle it was divided into two parts; a training set D(i)

tr

consisting of 750 images and a testing set D(i)
ts consisting

of 250 images, i = 1, ..., 10.

B. Training and validation

Three different algorithms were implemented using Python
version 3.6.8; kernel ridge regression with the GRBF kernel
(23), regularized extreme learning machine, and support vector
machine with a soft margin and the GRBF kernel. KRR and
RELM were implemented from the ground up as explained
in Sec. III. The support vector machine was implemented
using the package SVM from [14]. For RELM, the weights
w1, ...,wÑ and the bias’ b1, ..., bÑ for each hidden node
were randomly generated from NumPy’s uniform probability
distribution [13] in the range [−1, 1]. Ñ was set to 5000, i.e.
a little larger than the dimension of the input, and the softplus
function (29) was used as activation. For SVM and KRR, the
hyperparameter s for the GRBF kernel was set to the average
Euclidean distance between all pairs of training samples. The
two classes were represented by target vectors; t = (1, 0)T for
the boy class and t = (0, 1)T for the girl class. The code used
in the project can be seen in the Appendix.

Each training set D(i)
tr , i = 1, ..., 10, was randomly shuffled

and split into two parts as explained in Sec. III-G; 80% of
D

(i)
tr was used for D(i)

tr,new, i.e. 600 images, and 20% was used
for D(i)

val, i.e. 150 images. For all training sets, KRR, RELM,
and SVM were trained for all λ,C ∈ {10−10, 10−9, ..., 1010},
where λ is the regularization constant and C the soft margin
constant. The performance for each λ and C was calculated
using D(i)

val and the values of λ and C that achieved the highest
validation accuracy were recorded for each algorithm.

The above procedure, i.e. randomly shuffling and splitting
D

(i)
tr and finding the best performing hyperparameters, was

done a total of ten times and the most frequently recorded
values of λ as well as C were chosen. Thus, for each D

(i)
tr

an optimal λ̂(i)krr, λ̂
(i)
relm, and Ĉ(i) was determined for KRR,

RELM, and SVM, respectively, i = 1, ..., 10.

C. Testing

The algorithms were retrained on each D(i)
tr using the values

λ̂
(i)
krr, λ̂

(i)
relm, and Ĉ(i) that were chosen in the validation

phase. The performance was evaluated on D(i)
ts by calculating

the classification accuracy, thus resulting in ten accuracies
a1, ..., a10 for each algorithm. In each case, the total accuracies
of the algorithms were calculated as the average ā of all testing
accuracies and the standard deviation was calculated using

σ =

√∑Mts

i=1 (ai − ā)2

Mts − 1
, (41)

where Mts = 10 [2]. For RELM the above procedure was
repeated for all Ñ ∈ {0, 100, ..., 6000} in order to see how
the accuracy changes with the number of nodes.

All the training, validation, and testing was done on a
computer with an Intel Core i7-6700 3.40GHz CPU, 32GB
of RAM, and with an Ubuntu 16.04 operating system.

V. RESULTS

A. Validation

Figs. 3-5 show the total validation accuracy for all algo-
rithms as a function of the values of the hyperparameters,
together with the standard deviations. The total accuracy was
calculated as the average over all accuracies achieved on D(i)

val,
i = 1, ..., 10, for all splits and shuffles. We can see that the
validation accuracy for each algorithm varies with the values
of the hyperparameters. For KRR, the optimal λ over all
validation sets and splits was λ̂krr = 10−2, whilst for RELM
the optimal λ was λ̂relm = 105. For SVM, the optimal value
of the soft margin constant C was Ĉ = 102.
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Fig. 3. Average validation accuracy for ridge regression with a GRBF kernel
as a function of the logarithm of the regularization constant λ for all ten
shuffles together with the standard deviation. The hyperparameter s was set
to the average Euclidean distance between all pairs of training samples.
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Fig. 4. Average validation accuracy for regularized extreme learning machine
with Ñ = 5000 as a function of the logarithm of the regularization constant
λ for all ten shuffles together with the standard deviation.
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Fig. 5. Average validation accuracy for support vector machine with a GRBF
kernel as a function of the logarithm of the soft margin constant C for all ten
shuffles together with the standard deviation. The hyperparameter s was set
to the average Euclidean distance between all pairs of training samples.

B. Testing

In Fig. 6, the relationship between the average testing
accuracy for RELM on all D(i)

ts , i = 1, ..., 10, and the number
of hidden nodes is shown. We can see that the testing accuracy
increases with the number of hidden nodes. However, at
around 3000 hidden nodes the accuracy saturates and stays
approximately constant.

Table I shows the average total testing accuracy for the
algorithms as well as the average accuracies achieved on
each class. The table also includes the average time spent
on training and testing for each algorithm. The highest total
accuracy achieved and the shortest training and testing time are
highlighted in bold. We can see that SVM had the highest total
testing accuracy, 76.9%, and the smallest error, 1.9%, although
all three algorithms achieved roughly the same accuracy.
Furthermore, SVM had the shortest training and testing time.
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Fig. 6. Average testing accuracy for regularized extreme learning machine
as a function of the number of hidden nodes Ñ together with the standard
deviation. The optimal regularization constant λ̂(i)relm for each test set was
determined in the validation phase.

TABLE I
AVERAGE TOTAL TESTING ACCURACY AND THE TIME ELAPSED DURING

TRAINING AND TESTING FOR ALL ALGORITHMS TOGETHER WITH THE
TESTING ACCURACIES FOR THE TWO CLASSES.

Algorithm
Accuracy (%) Time (s)

Boy class Girl class Total Training Testing

KRR 75.8 ± 2.6 77.3 ± 3.5 76.6 ± 2.3 6.9 ± 0.2 1.7 ± 0.1

RELM 75.9 ± 3.1 77.4 ± 4.2 76.7 ± 2.6 11.2 ± 0.4 4.1 ± 0.2

SVM 76.8 ± 2.4 77.0 ± 3.9 76.9 ± 1.9 4.0 ± 0.2 0.6 ± 0.1

VI. DISCUSSION

A. Validation results

In Fig. 3, we can see that the validation accuracy for KRR
increases with increasing λ up to λ̂krr where it reaches about
76%. It then starts to quickly decrease and for a too large
value of λ, i.e. a too large penalty on the size of the model
parameters, the accuracy drops to about 54%. For small values
of λ, the validation accuracy for KRR is only about 68%.
This indicates that the model is overfitted and thus a larger
penalty on the size of the model parameters is needed. A
similar behaviour can be seen for RELM in Fig. 4. However,
for λ ∈ {10−10, 10−9, 10−8}, the validation accuracy gets as
low as approximately 49% for RELM, which indicates that
RELM is even more overfitted than KRR for such small values.

The validation accuracy for SVM is constant at around 49%
for all values of C up to C = 10−2, as can be seen in Fig.
5. With too small values of the soft margin constant a lot of
training samples are allowed to be misclassified, which leads
to a poor model. The accuracy then quickly increases to about
76% for Ĉ and then stabilizes at around 72% for larger values
of C. This is expected since large values of C leads to a harder
margin where essentially no training samples are allowed to
be misclassified or lie on the wrong side of the margin.
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B. Testing results

For RELM, Ñ was set to 3000 during testing because of the
saturation trend that can be seen in Fig. 6. A further increase
of the number of nodes would only lead to a longer training
and testing time and not a substantial increase in accuracy.

As can be seen in Table I, all three algorithms achieved
approximately the same total testing accuracy, 77%. One of the
reasons for this could be that no more information is available
in the data set. However, to determine if this is the case one
would need to examine the data set more closely and compare
the misclassified images for each algorithm.

C. Time complexity

RELM had significantly longer training and testing times
than the two other methods. Since the input dimension D =
4608 was rather large, a large number of hidden nodes was
necessary in order to achieve an acceptable accuracy, which
resulted in a large hidden layer matrix H. During training,
most time was spent on creating the matrices K ∈ R750×750

and H ∈ R750×3000, for KRR and RELM, respectively.
Therefore, since the dimensions of K were much smaller than
the dimensions of H, KRR had a faster training time. One
should note that the implementation of SVM is probably more
optimized than our implementations of KRR and RELM. This
could be one of the reasons why SVM is faster than both KRR
and RELM.

D. Future work

To further investigate the classification accuracy that a
machine can achieve on our data set, one could implement
and test more kernels and activation functions. Experiments
with convolutional neural networks or other more advanced
algorithms could also be of interest. Furthermore, more images
could be gathered to see how well the results generalizes to
a larger data set. The dependence of the testing accuracy on
the image resolutions could also be investigated. Since lower
resolutions result in faster training and testing times, it is
preferable to use as low a resolution as possible.

A study in how the testing accuracy depends on the size of
the training set could also be performed. Such a study could be
comparable to a child’s increasing ability to correctly classify
images with increasing age, since we tend to get better at
classifying objects if we have seen more of them. Furthermore,
in order to get a perspective on how the achieved results
compare to a child’s ability to classify the data, a human test
study could be conducted. The test subjects could then be
shown both the original images and the images with reduced
resolution to see how well they perform on both.

VII. SUMMARY AND CONCLUSIONS

All three of the implemented algorithms – kernel ridge
regression, regularized extreme learning machine, and support
vector machine – achieved similar testing results, although
SVM achieved the highest accuracy of 76.9% with an error of
±1.9%. As such, we conclude that with the used algorithms, a
machine is capable of classifying children’s clothes by gender

with an accuracy of approximately 77%. However, if more
advanced algorithms were to be implemented and tested, a
higher accuracy may be attained. How these results compare
to a child’s ability to classify clothes by gender needs further
investigation, e.g. via a human study.

APPENDIX
CODE USED IN THE PROJECT
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