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Abstract
Human thermal comfort is significantly dependent on
thermal insulation of clothing [3]. Therefore, classifying
types of clothing a user is wearing plays an important role
in enhancing human thermal comfort. In our work, we
investigated different combinations of feature extraction
methods and machine learning algorithms for clothing
classification. We conducted our study using temperature
and humidity data collected from smartphones in various
contexts (inside and outside a pocket) and with different
clothing types. We found that using six largest
coefficients returned from Discrete Wavelet Transform
with Support Vector Machines learning algorithm, we can
achieve an accuracy of up to 0.71.
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Introduction
Clothing insulation is the thermal insulation provided by
clothing which is fiber and textile material worn on a
body.1 Thermal comfort is the condition of mind that

1http://en.wikipedia.org/wiki/Clothing insulation
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expresses satisfaction with the thermal environment [1].
As mentioned in [3], human thermal comfort is
significantly dependent on the thermal insulation of
clothing. For example, a user stays in a room having
ambient temperature 70 Fahrenheit, the user may feel
cold if he wears thin clothing (having low thermal
insulation) or feel hot if he wears thick clothing (having
high thermal insulation).

Automatically classifying clothing a user is wearing plays
an important role in enhancing human thermal comfort.
Different types of clothing (e.g. thin and thick clothing)
can have different ranges of thermal insulation. A building
management system can adjust ambient conditions to
comfort a person in a living space by using not only the
space’s current ambient conditions, but also the
association between the person’s preference of ambient
conditions and type of wearing clothing.

Thermal insulation of clothing can be measured as
metabolic heat loss from a human skin. Metabolic heat is
the heat that we produce inside our bodies as we carry
out physical activities [3]. The metric for measuring
clothing insulation clo is described below. The higher
clothing insulation is, the smaller the heat loss from a
human skin. The work [1] gives the full explanation of
how clothing insulation is calculated.

1 clo = 0.155 K · (W/m2)−1

where K (kelvin) is a metric for measuring the difference
between human skin temperature and human ambient
temperature, and W/m2 is a metric for measuring the
heat loss from a human skin (W: Watt, m: meter).

In our work, we try to classify trousers into trouser types
having different ranges of thermal insulation (Table 3) by

using ambient data from built-in sensors of a smart phone
when it is in user trouser pockets. The reason for
choosing these ranges is that they are distinguished from
each other. As a first step, we want to investigate if it is
possible to classify trousers having distinguished thermal
insulation.

Type of trousers Range of thermal insulation (clo)

Shorts 0.06 - 0.08

Thin trousers 0.15

Thick trousers 0.24 - 0.30

Table 1: Type of Trousers and Their Thermal Insulation [1]

There are two main challenges in classifying clothing types
by using ambient data from a smart phone.

• Limited sampling locations: We only use ambient
data from a smart phone being put at one location
(user pocket) to classify clothing types.

• Large degree of freedom: Sensor data from a phone
can be affected by several factors such as a user
metabolic heat and changes of room temperature.

The rest of this paper is organized as follows. First, we
describe related work to our work. Second, we presents
our experimental design. Third, we describe our
algorithms for clothing classification. After that, we show
our evaluation of the algorithms. Finally, we conclude our
work in the last section.

Related Work
In heated mannequin method [5], a mannequin is supplied
a constant level of power in a typical environment.
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Temperatures at different parts of the mannequin are
measured to determine clothing insulation. In our work,
we do not try to determine exact clothing thermal
insulation. Instead, we investigate if it is possible to use
ambient data from smart phones, when they are in user
pockets, to classify clothing having different thermal
insulation ranges.

In [2], the authors build a multi-spectral optical sensor to
identify materials (including clothing) in proximity to a
device. The method relies on the fact that different
materials have different spectral properties. In our work,
we investigate patterns of relative humidity and
temperature collected from smart phones (when they are
in user pockets) to classify clothing based on thermal
insulation without any infrastructure setup.

In [6, 7], the authors present approaches for classifying
clothing based on clothing features such as shape, color,
and texture which are extracted from visual data. In our
work, we focus on classifying clothing having different
thermal insulation based on ambient data (temperature
and humidity) collected from sensors built-in smart
phones, when the phones are in user pockets.

Experimental Design
Goal and Metrics
Our goal is to investigate: to what extent, ambient data
from smart phones can be used to classify different
clothing types?

We use the following metrics.

• accuracy : the ratio between the number of trousers
having correct predicted types over the total
number of trousers

• confusion matrix : the table whose columns and rows
represent predicted and actual classes, respectively.
The entry (ith row, jth column) of the table shows
the percent of testing trousers whose actual class is
the ith class, but is classified as the jth class.

Methodology
Our methodology consists of two steps. First, for each
trouser, we collect ambient data from a smart phone from
the time it is put into a user trouser pocket to a time T to
build our data sets. Then, we apply different combinations
of feature extraction methods, and machine learning
algorithms to build our clothing classification algorithms.

Experimental setup
We use the Samsung Galaxy S4 android smart phone2

which has built-in relative humidity and temperature
sensors. The phone is put completely inside a user trouser
pocket for 5 minutes. The bottom of the phone should
always close to the bottom of the trouser pocket. The
reason is that we want to reduce the inconsistency of
sensor readings because of the difference in the
orientations of the phone, which has these built-in sensors
placed at its bottom. Ambient data (relative humidity,
and temperature) from the phone’s sensors are collected
with sampling rate of 2 Hz. The specification of these
sensors are described in Table 2.

Sensor type Unit Resolution Range*

Relative Humidity % RH 0.04 (0, 100)

Temperature C 0.01 (-30, 100)

Table 2: Specifications of Sensors Built-in Samsung Galaxy S4
Smart Phone. (*) Operating ranges of these sensors

2http://www.samsung.com/galaxys4
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We conducted our experiments with one user sitting in
indoor environment (home). He can wear different
trousers which have different thermal insulation.
Specifically, for each type of trouser described in Table 3,
we select two different trousers for the user to wear. The
descriptions of our experimental trousers are shown in
Table 3.

Trouser type Experimental trousers

Shorts
short 1 (100% cotton),
short 2 (100% polyester)

Thin trousers
trouser 1 (100% cotton),
trouser 2 (100% polyester)

Thick trousers
active pant 1 (100% polyester),
sweatpant 1 (75% cotton, 25% polyester)

Table 3: Experimental Trousers for Each Type of Trousers

Clothing Classification Algorithm
The algorithm consists of three steps: pre-processing,
feature extraction, and classification. Below, we will
describe these steps in detail.

Pre-processing
In this step, each time-series data set is normalized by
using normalization scheme 1. Let X be a vector
consisting of ambient readings in an experimental
duration T . After normalizing X, we have X ′ whose
values are in [0, 1]. Normalizing time-series data sets is
important because we want to investigate differences in
patterns of the data sets instead of their differences in
offsets and amplitudes.

X ′ =
X −min(X)

max(X)−min(X)
(1)

Feature Extraction
In this step, first, we use two methods which are Discrete
Fourier Transform (DFT) and Discrete Wavelet Transform
(DWT) to transform each time-series data set into a
frequency domain. Each frequency is represented by a
coefficient. Then, we select k coefficients from a set of
coefficients returned by DFT or DWT. We use two
methods for selecting k coefficients. In Kfirst method, we
select the k first coefficients. In Klargest method, we
select the k coefficients whose mean square values are
larger than those of other coefficients [4]. We compute the
mean square values of the coefficients in our training set.

In each of our experiments, we get one humidity
time-series data set, and one temperature time-series data
set. After selecting k and k′ coefficients from each data
set, we combine these coefficients to form a feature vector
whose length is k + k′. For selecting the values of k and
k′, I perform grid search with our data sets. In total, we
have four different methods for extracting features from
our data sets.

Classification
In this step, we use three different machine learning
algorithms to classify clothing type. These algorithms are
Naive Bayes, Support Vector Machines (SVM), and
AdaBoost.

In total, we build 12 different clothing classification
algorithms which are the combinations of the machine
learning algorithms and the feature extraction methods.

Evaluation
In each of our experiments, we get one humidity
time-series data set, and one temperature time-series data
set. Each data set consists of 600 ambient readings. To
investigate the patterns of these data sets after
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normalization, we analyze their means and standard
deviations. Figure 1 and Table 4 shows that normalized
temperature and humidity have distinguished patterns
when a phone is in different types of trousers. Therefore,
it is possible to classify trouser types based on the
patterns of the normalized ambient data.

Type of trousers

Average standard deviations
of ambient data

Relative humidity Temperature

Shorts 0.06 0.1

Thin trousers 0.05 0.08

Thick trousers 0.04 0.07

Table 4: Average Standard Deviations of Ambient Data When
a User Is Sitting, and a Phone is Put in Different Trouser
Pockets. The average standard deviations of the ambient data
are small.

We use 4-fold cross validation to evaluate our algorithms
for classifying clothing types. Our data sets consists of
540 time-series data sets for each data type (temperature,
relative humidity). Each data set consists of 600 ambient
readings. Table 5 shows the accuracy of our algorithms in
our training and testing data sets. We found that the
combination of feature extraction method extracting 6
largest coefficients returned from DWT and SVM machine
learning algorithm provides the best classification accuracy
which is 0.71 in both training and testing data sets.
Furthermore, Table 6 shows the performance of the
algorithm for each type of trouser. We observed that thin
trousers can be classified from other trouser types with
the highest accuracy. It makes sense because the patterns
of ambient data from a phone in thin trouser pocket are
distinguished from the patterns of those from the phone

in thick trousers and shorts.

Feature Machine Learning

Extraction Naive Bayes SVM AdaBoost

DFT Kfirst (0.62, 0.67) (0.64, 0.65) (0.63, 0.72)

DFT Klargest (0.62, 0.67) (0.64, 0.65) (0.63, 0.72)

DWT Kfirst (0.64, 0.69) (0.68, 0.68) (0.64, 0.72)

DWT Klargest (0.66, 0.72) (0.71, 0.71) (0.66, 0.76)

Table 5: Average Accuracy of Algorithms for Classifying
Clothing Types. The first and second values in each of the
table’s entry represents the accuracies in testing, and training
data sets, respectively.

Actual type
Predicted type

Shorts Thin trousers Thick trousers

Shorts 61.0% 15.7% 23.3%

Thin trousers 10.4% 81.5% 8.1%

Thick trousers 18.8% 11.9% 69.3%

Table 6: Confusion Matrix for Algorithm Using DWT Klargest
and SVM. Thin trousers can be classified from other types of
trousers with the highest accuracy.

Conclusion
In our work, we showed that it is possible to classify three
trouser types having different ranges of thermal insulation
by using ambient data (temperature, humidity) from a
smart phone when it is in user trouser pockets. We
created and evaluated 12 different algorithms to classify
clothing types. The algorithm which uses feature
extraction method extracting 6 largest coefficients
returned from Discrete Wavelet Transform and Support
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(a) (b)

Figure 1: Means and Standard Deviations of Normalized Ambient Data versus Time When a User Is Sitting a)Relative Humidity
b)Temperature. The mean of ambient data have distinguished patterns when the phone is in different types of trousers.

Vector Machines learning algorithm provides the best
classification accuracy which is 0.71. In the future, we will
collect more data with different users sitting or walking in
different environments to make the performance of our
algorithm more representative.
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