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Abstract—Surveillance systems play a critical role in security
and surveillance. A surveillance system with cameras that work
in the visible spectrum is sufficient for most cases. However,
problems may arise during the night, or in areas with less than
ideal illumination conditions. Cameras with thermal infrared
technology can be a better option in these situations since
they do not rely on illumination to observe the environment.
Furthermore, in our daily lives, it is common for humans to wear
headgears such as glasses, masks, and hats. In surveillance, such
headgears can be a hindrance to the identification of a person,
and hence pose a certain degree of risk. This is not ideal in areas
where the identity of a person is important, for example, in a
bank. Therefore, in this paper we propose a headgear recognition
method using an innovative decomposition approach on thermal
infrared images. The decomposition method is based on Robust
Principal Component Analysis, a modification of the popular
Principal Component Analysis. The proposed method performs
decomposition on a human image and isolates headgears in the
image for recognition purposes. Experiments were conducted to
evaluate the capability of the proposed method. The results show
a positive outcome when compared with other methods.

Fig. 1: Examples of images captured by cameras in different
spectra. Left: An image captured in the visible spectrum.
Right: An image captured in the thermal infrared spectrum.

I. I NTRODUCTION
In recent years, we often see security cameras in various
locations, especially in commercial or public buildings. These
cameras are part of surveillance systems, to maintain security
in certain areas-of-interest. These systems are very useful for
crime investigations. Furthermore, the presence of a security
surveillance system may also deter criminal acts, since it is
likely for the cameras to capture the identity of the personof-interest. However, as a tool to prevent incidents from
happening, it is only relatively adequate. In practice, it is
difficult for the system to perform its duty in real-time. In
common practice, there is usually a dedicated person observing
the camera feed. This causes an inconsistent level of security
due to fatigue, and other human errors. Automation of some
tasks can be very beneficial to achieve a consistent and reliable
security surveillance systems. Some of the tasks that can be
automated includes, but not limited to, face recognition.
Additionally, surveillance systems generally work continuously without stopping for 24 hours a day. In most cases,

Fig. 2: Examples of images in thermal infrared spectrum. Left:
An image of a person without a headgear. Right: An image
of a person with headgears (hat, glasses, and mask).

unless there are sources of light nearby, areas monitored by the
system are dark during the night. Normal cameras that work
in the visible spectrum need illumination to be able to capture
the scene. Without sufficient illumination, loss of information
from the environment is inevitable. In this case, the usage of
thermal infrared cameras are a better option. Thermal infrared
cameras work in the thermal infrared spectrum. They produce
images by capturing infrared radiation from objects, whose
intensity depends on the temperature of the said object. This
is fundamentally different with normal cameras that capture
visible light to produce images. Nighttime surveillance is made
possible by utilizing these thermal infrared cameras. Fig. 1
shows an example of a scene captured in the visible and

Fig. 3: Process flow of the proposed method.

thermal infrared domain.
In our daily lives, it is common for humans to wear
various headgears such as glasses, hats, and other accessories.
However, in the subject of face recognition, the presence of
these headgears is an obstacle. They often occlude parts of the
face, which can hinder the capability of most face recognition
methods. This is particularly problematic in areas where the
identity of a person is important, for example, in a bank.
Fig. 2 shows an image example taken in the thermal infrared
spectrum, with and without a headgear. As we can see, the
presence of humans in the thermal infrared image is relatively
easy to detect. However, identifying them is not an easy task.
This difficulty also increases due to the existence of headgears,
as we can also see in Fig. 2. Therefore, it is important to
recognize these headgears because they can also be considered
as a security risk.
In previous years, there has been no research focusing
specifically on headgear recognition. The most similar research
subject would be attribute recognition which are related to
the humans attributes. For example, classifications of human
expressions [1], [13], race or ethnicity [14], and gender [5],
[18]. Recognition of other attributes, including some headgears and various basic clothing, are being utilized for face
verification [10], [11], people search [4], [17], [15], [3] and
person re-identification [12], [7]. However, all these researches
have been done in the visible spectrum. In the thermal infrared spectrum, there are fewer researches available. Facial
expressions recognition [6], [16] and a brief experiment on
eyewear detection [17] are some of the examples. To the extent
of our knowledge, our previous works [8], [9] are the only

research performed on recognizing headgears as attributes in
the thermal infrared spectrum.
In our previous work [8], we adopted the decomposition
approach before performing the recognition. The decomposition is based on the idea of majority and minority. The
implementation of the decomposition is achieved by utilizing
Robust Principal Component Analysis (RPCA) [2], which is
a modification of the popular Principal Component Analysis
(PCA). RPCA aims to separate an image into a low-rank
matrix L and a sparse matrix S from data M , as seen in 1.
M =L+S

(1)

In this research, we utilize the recognition framework proposed in our previous work [8]. As mentioned previously, the
idea of majority and minority is the basis of the decomposition.
Assuming a collection of thermal infrared images in which
most of them do not have a headgear in the image, but some
do, the presence of these headgears in this dataset is the
minority. Under this assumption, the decomposition can isolate
headgears from the original image and use only the headgear
component for the recognition.
II. H EADGEAR R ECOGNITION F RAMEWORK
The proposed recognition framework decomposes a thermal
infrared image, and separates the headgear components from
the non-headgear components of the image. This approach
achieves decomposition by utilizing RPCA. Principal Component Pursuit (PCP) is employed as the chosen algorithm
to solve the RPCA problem, and is implemented in the

(a) Disguise 2 and
motorcycle mask

(b) Glasses, motorcycle mask, and helmet

(c) Glasses and fake
mustache

(d) Mask

Fig. 4: Image examples from the dataset.

decomposition part of the framework. Fig. 3 shows the process
flow of the proposed framework.

TABLE I: Distribution of headgears in the dataset.
Headgears

A. Training Phase
The training phase includes the decomposition of the thermal infrared images and the training of the classifier for
recognition. Before the decomposition process commences,
the available thermal infrared images for training need to be
separated into two groups. The first group contains thermal
infrared images without any headgear worn. These images
are used as base data B = (b1 , b2 , · · · , bI ). B contains I
observations, which will also be used in the recognition phase.
The second group contains thermal infrared images with the
person wearing at least one headgear. These images are the
training data, represented as D = (d1 , d2 , · · · , dJ ), with J
observations.
The RPCA problem is described in 1. The decomposition
utilizes PCP to solve it, adapting the idea of majority and
minority. The problem that need to be solved then changed to
the following:

B


dj = M j = Lj + S j ,

No headgear

64

Balaclava (full-face)

25

Balaclava (half-face)

110

Disguise 1

59

Disguise 2

38

Disguise 3

38

Disguise 4

12

Glasses

287

Hat

162

Helmet (half-face)

182

Surgical mask

138

Motorcycle mask

110

Fake mustache

116

Wig

123

(2)

B

where
 j
S j = SB


xj .

# of images

(3)

This process is performed for every training data and
then grouped together as X = (x1 , x2 , · · · , xJ ), with J
observations. After the decomposition process, the training of
the classifier is performed. In this framework, virtually any
classifier can be used. For example, since there are positive
and negative samples for each headgear, a binary classifier can
be used. When the training of the classifier is concluded, the
training phase of the headgear recognition framework ends.
B. Recognition Phase
For a thermal infrared image t, we aim to recognize which
headgear is present in the image. To do so, we go through
the same process as in the training phase. The first step is to
decompose the image t. The optimization problem is solved
by PCP as follows:


t = M t = Lt + S t ,

(4)

 t
S t = SB

(5)

where

y .

In this case, y is the sparse component of thermal infrared
image t which contains only the headgear. The sparse component y then serve as the input to the classifier chosen in
the training phase. The output of the classifier is then the final
result of the recognition phase.
III. E XPERIMENTS , R ESULTS AND A NALYSIS
In this section, we provide explanation regarding the dataset
used in this research and the experiment performed. Additionally, we also provide some analysis and discussion on the
experimental results.

TABLE II: Results of the proposed method and comparative methods evaluated in F-Score.
Methods

Average F-Score

Without decomposition
(baseline)

0.933

Conventional Average

0.944

Proposed method

0.948

TABLE III: Detailed results per headgear of the proposed method and comparative methods evaluated in F-Score.
Methods

Headgears
Without decomposition
(Baseline)

Conventional Average

Proposed method

Balaclava (full-face)

0.83

0.90

0.93

Balaclava (half-face)

0.93

0.92

0.93

Disguise 1

0.90

0.92

0.90

Disguise 2

0.93

0.93

0.95

Disguise 3

0.93

0.93

0.94

Disguise 4

0.94

0.99

0.97

Glasses

0.96

0.96

0.96

Hat

0.92

0.90

0.92

Helmet (half-face)

0.95

0.95

0.98

Surgical mask

0.93

0.95

0.94

Motorcycle mask

0.94

0.92

0.93

Fake mustache

0.99

0.99

0.98

Wig

0.99

0.99

0.99

A. Dataset
Since there are no publicly available thermal infrared
datasets available for our purpose, we created our own dataset.
We captured 775 thermal infrared images of humans taken
frontally. There are 13 types of headgear available in the
dataset, whose distribution is shown in Table I. The subjects in
the images may wear an individual headgear or a combination
of multiple headgears. Some image examples from the dataset
are presented in Fig. 4.
The average size of the human body image is 140 × 204
pixels. The captured thermal image shows temperatures ranging from 25 to 36 degrees Celcius, taken indoors at room
temperature. The thermal infrared image is represented in
“hotblack” scheme, which means the closer the pixel value
to zero, the higher the temperature.
B. Experimental Setup
The experiment is performed to evaluate the capability of
the proposed method. The results are then compared to the
results by other methods. The first comparative method is
the baseline, where the human images are directly used as
the input as the classifier without decomposition. The second
comparative method is called “Conventional Average” for
convenience. From the base data B = (b1 , b2 , · · · , bI ), we

calculate its average b̄. This average is used to “decompose”
both the training and the test data by means of subtraction.
In this paper, the experiment is conducted with crossvalidation. As for the classifier chosen for the proposed
method, we chose Support Vector Machine (SVM). We reiterate that in principle, any classifier can be used for recognition.
C. Results and Analysis
Table II shows that the proposed method shows an improvement over the baseline method. Table III shows the performance of the proposed method and the other comparative
methods for each headgear. It can be seen that the proposed
method outperforms other methods in most headgears. Some
types of headgears such as the fake mustache and wig show
high scores even using the baseline method. This is possibly
due to the ideal conditions present at the time of the dataset
creation, resulting in very good quality thermal infrared images
of each headgear. In real-world surveillance systems, it is less
likely that the ideal conditions will be possible. On the other
hand, the other types of headgears such as full-face balaclava
shows the biggest improvement when using the proposed
method, taking full benefit of the decomposition.
The main difference between each of the evaluated algorithms is the decomposition process. Therefore, the infor-

mation of the processing time/complexity of the algorithms
is useful to know. Currently, the decomposition algorithm
which we used in the proposed method is relatively time
consuming since it performs optimization/minimization for
each input. By replacing the optimization process with an
approximation algorithm, the processing time can be reduced
and the algorithm becomes faster.
IV. C ONCLUSION
This paper addressed the headgear recognition problem in
captured human images in the thermal infrared spectrum.
The recognition of headgears is necessary for surveillance
purposes, for human identification and security. To the extent
of our knowledge, there are no other researches specifically
preformed to achieve this recognition, even more so in the
thermal infrared spectrum.
The headgear recognition approach proposed in this paper
adopted a decomposition approach to separate the headgear
information from the other information in the thermal infrared
image. The proposed method utilized Robust Principal Component Analysis solved by Principle Component Pursuit to
perform the decomposition.
To evaluate the proposed framework we conducted experiments on a thermal infrared image dataset. For the purpose
of this research, we have created a new thermal infrared
dataset. The results of the decomposition show that overall, the
proposed method outperforms the other comparative methods.
When looking at individual types of headgears, the recognition
of the full-face balaclava using the proposed method showed
the biggest improvement.
The dataset used for this experiment was captured in ideal
conditions and a consistent angle. For real-world surveillance,
these conditions are not likely to be achieved. For future
work, this research can be expanded to non-frontal human
images and various image quality and lighting to simulate
real-world conditions. The addition of angle information is a
relatively well known problem which provides a big challenge
and warrants further research. Lastly, the approach proposed in
this paper can be generalized and is not limited to recognition
for the purposes of surveillance.
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