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Abstract

With the widespread use of vision-based surveillance systems, the capability for person identification is now an essential
component. However, the CCTV cameras used in surveillance systems tend to produce relatively low-resolution images, making it
difficult to use face recognition techniques for person identification. Therefore, an algorithm is proposed for person identification in
CCTV camera images based on the clothing. Whenever a person is authenticated at the main entrance of a building, the clothing
feature of that person is extracted and added to the database. Using a given image, the clothing arca is detected using background
subtraction and skin color detection techniques. The clothing feature vector is then composed of textural and color features of the
clothing region, where the textural feature is extracted based on a local edge histogram, while the color feature is extracted using
octree-based quantization of a color map. When given a query image, the person can then be identified by finding the most similar
clothing feature from the database, where the Euclidean distarice is used as the similarity measure. Experimental results show an
80% success rate for person identification with the proposed algorithm, and only a 43% success rate when using face recognition.
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1. Introduction

In the field of content-based image retrieval, color and textural
information are widely used for characterizing an image. Color
information is an important cue for characterizing an entire image or
the objects contained in the image, yet this information is invariably
unstable due to a dependence on the illumination. Meanwhile, textural
features can be used to represent the visual patterns in an image.

Accordingly, a person identification method is presented based on
the color and texture information of clothing. The proposed algorithm
can be applied to vision-based surveillance systerns, and used to
authenticate arbitrary individuals. In a ubiquitous cnvironment with
the widespread use of intelligent surveillance systems, a function is
needed that can automatically detect unauthenticated persons. Despite
the development of many face recognition techniques [15] for this
putpose, such techniques require high resolution images that clearly
represent the characteristics of faces. However, most surveillance
systerns use CCTV cameras that are located at quite a distance from
the individual' subjects, meaning the resulting images have a low
resolution, which makes it difficult to apply face recogpition
techniques. While several studies [1,5,12] have already explored
person identification based on clothing features, the resulting methods
either require an extensive amount of training data [1] or the
recognition resulis are highly sensitive to an accurate segmentation of
the region of the person in the image [5,12].

The proposed method uses background subtraction and skin color
detection methods to detect the clothing area in an image. The textural
feature of the clothing area is then computed by constructing a local
edge histogram, while the color feature is extracted using octree-based
quantization and a similar color integration technique. By measuring
the similarity between the clothing feature vectors for query and target
images, candidates with similar clothing to that in the query image are
identified. In addition to online person identification in real time, the
proposed algorithm can also be used for person image retrieval and
indexing.

The remainder of this paper is organized as follows. Section 2
discusses related work, then Section 3 outlines the problem of person
identification and presents a flowchart of the proposed algorithm.
Section 4 describes the method used to detect a clothing area in an
image, the construction of textural and color feature vectors for the
clothing area are discussed in Sections 5 and 6, respectively, and the
similarity measurement is covered in Section 7. Section 8 provides
experimental results, and some final conclusions are given in Section
9.

2. Related Work

Image retrieval methods based on content features have already been
actively researched for off-line image retrieval using a multimedia
database, where these content-based image retrieval methods use
visual information, such as color, texture, and shape, to retrieve
similar images to a given query [9].

For example, Kim et al. [8] proposed an edge correlogram method
for texture-based image retrieval. While correlograms are normally
used to analyze the change in the spatial correlation of pairs of colors
according to distance, Kim et al. use an edge correlogram to analyze
object shapes. However, texture information by itself is not robust
enough to find similar images, and even though the computation cost
is lower, analyzing the spatial correlation of an image in real-time is
still difficult due to the heavy computational cost of a correlogram,

Color-based image features have also been defined by applying
various color analysis algorithms. As a simple and effective approach,
histograms are generally used to represent the color information of an
image, and the sum of L1 or L2 distances between matching bins in
histograms used as the similarity between images [13]. Histogram
inlersection has been also widely used as an effective method to

“compare color features [11]. However, histogram-based approaches

are unable to represent the spatial information of colors. Thus,
CCV(Color Cohgrence Vector)-based methods [6] have been
proposed as a way of representing the spatial information of colors,
yet the real-time application of these approaches is difficult due to a
high computation complexity.

More recently, content-based image retrieval technologies have been
applied to intelligent surveillance systems for person identification or
tracking a specific person from a video sequence {10]. In [10], the
body part colors of the target models in a video are analyzed and
compared with the person information in each video frame to detect
the models in each frame. Yet, this approach assumes that the whole
body of each person is captured.

Face recognition has been also actively investigated for person
identification from a video. For example, Zhou et. al [16] proposed a
time series state space model for robust face recognition in a sequence
of video frames. However, the face image resolution has to be high
enough for robust recognition.

Finally, the use of clothing for person identification has received
some recent attention [1,5,7,12]. Kim et al. [7] suggested a method
based on the textural features of clothing. While their method assumes
the use of grayscale input itages, an even better performance can be
expected with the use of color images and the color features of the
clothing. Anguelov et al. [1] suggested a probabilistic method for
recognizing individuals in photo albums. Using facial and clothing
information, this method combines several contextual cues, such as
the lighting conditions and the time when the photo was taken, to
construct a Markov Random Field. As a result, this method can be
applied to images with a complicated background, and the
performance is not highly sensitive to an accurate segmentation of the
region of interest, although a huge amount of training data is required
for successful recognition. Meanwhile, Gorras et al. [S] and Tous et al.
{12] developed two similar methods that use the structural features of
the clothing area. The structural feature is derived by interpreting the
regions inside the clothing area based on the color and texture.
However, the performance of these methods is highly dependent on
accurate segmentation of the clothing area from the background and
the segmentation of the regions inside the clothing area. Thus, in the
case of an input image with a complicated background, high reflection,
or shadows, it is difficult to segment the foreground accurately. Plus,
clothing with complicated patterns also makes the accurate
segmentation of the inside region very difficult, resulting in severe
distortion of the structural feature.



3. Overview of Proposed Algorithm

A flowchart of the proposed algorithm is shown in Figure 1.
Consisting of two parts, the algorithm first constructs a database of
authenticated people. Whenever an individual is authenticated at the
building entrance, several images of that person are captured and
feature vectors computed for the clothing arcas. For each clothing area,
a tuple is constructed that is composed of three components: the
identification number of the person, plus texture and color feature
vectors for their clothing. As such, for an authenticated person, several
tuples that share the same identification number are added to the
database.

The second part of the algorithm involves identifying the person in a
given image. Inside a building, images of people are captured
wherever a CCTV camera is installed, and the algorithm then
identifies the person in the image by extracting the clothing feature
and comparing it to those already in the database.

Thus, from a given image, the clothing area A is detected first and

the textural feature VT then extracted from the clothing area A. Next,
the database is searched to find tuples with texture features within a
distance of &, from ¥, . From among these tuples, five are then
selected with the closest color feature to that of A and within a
distance of within . . The values of £, and 6. are thresholds that

are tuned through experiments. The person that appears most
frequently among the final five tuples is then the output.
The following sestrictions on the input images are also assumed:
1) Between two captured images of a person, it is assumed
that the subject has not changed their clothes.
2) Each input image contains a face and the upper half of the
body.
3) Inanimage, different iters of clothing have different visual
characteristics as regards color or style.

4. Detection of Clothing Area

A clothing area is detected using the position of the face area as
follows:

1. Extract the foreground and skin pixels.

2. Define skin blobs using a grid image [2].

3. Detect faces from skin blobs using the AdaBoost algorithm [3].
4. Detect clothing areas by finding the area that is apart from the
face rectangle at a fixed distance in the lower direction. The size of
the clothing area is decided by doubling the size of the face area.

The cameras are classified into two categories based on the height of
the camera Jocation, where the Type A cameras are low and capture
the entrance images, while the Type B cameras are high on the ceiling
and capture the indoor images. The viewpoint of the Type A cameras
is also almost in front of the person, whereas the viewpoint of the
Type B cameras is higher than the height of an average male adult,
Thus, in the case of an image from a Type A camera, the distance
between the face and the clothing area is 1/4 the height of the face
blob, while for an image from a Type B camera, the clothing area is
stuck to the face area. Fig. 2 shows front and ceiling camera images
with the detected clothing areas (blue rectangle) and face areas (red
rectangle).

5. Textural Feature Vector

Edge information is used to construct the featurc vectors of the
clothing area. The Sobel edge equation is applied to each pixel in the
clothing area to produce an edge image, which is then vertically
divided into 3 sections. For each section, a histogram is computed by
accumulating the edge values in a vertical direction:
|4 3("11:"12;""’1».)’ Vy= (sza"zzs""’zm )» and

Vs = (Vsnvaz:‘“"am)~

Meanwhile, for the whole edge image, a histogram is computed that
represents the accumulation of the edge values in a horizontal
direction: H = (k,h,,-~h,). The textural feature vector is then

constructed as follows:

X= (V11>""Vim"’zn"':vz:nrvsv'"svzm’hlshza'”:hn)-
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Fig. 1 Flowchart for person identification algorithm



Fig. 2 Automatically detected clothing areas (blue rectangles) in Type
A (first row) and Type B (second row) camera images.

Fig. 3 Sub-regions of clothing area for color analysis.

6. Calor Feature Vector

To define the color feature vector, quantized colors are used for an
effective color analysis. In the proposed approach, up to 10 major
colors are extracted for each clothing area by applying octree-based
color quantization [4], which can deal with any image, regardless of
the number of colors in the image, and can produce reasonable results
with little degradation when converting from a high number of colors
to a restricted number of colors.

To include 'spatial information on the colors, the clothing area is
divided into six sub-regions, as shown in Fig. 3, and a histogram
constructed for each sub-region based on the extracted quantized
colors.

Let m be the number of major colors extracted from a clothing
region when applying octree-based color quantization. The quantized
color palette P consists of m extracted quantized RGB colors,
(RGB,,RGB,,--,RGB,) . A color histogram C, for each clothing

sub-region with respect to mz colors of P is defined as follows.

Co = o130+ Com )> G= (cmclza‘ s me)>

G = (621?6225' “3Com ), = (csl €327 5 )s

G = (C»‘uacaz 5 Cm ), Cs= (051 »Ca25" " "2 oy )’
where Cy is the frequency of bin j in the histogram for sub-region /.

The quantized color palette P = (RGBi ,RGB, -, RGB,, ) and

color histogram € =(C,,C,,C,,C,,C,,C ) are then used as the
color feature vector of the clothing region,

7. Measuring Similarity between Feature
Vectors

For the texture feature vectors, the Euclidean distance between two
texture feature vectors, as defined in Section $, is used to determine
their similarity. Whereas, for the color similarity, the histogram bins
are matched between two images. In the case of histograms based on
a fixed color palette, they can be compared by computing the
difference between the bins with the same index. Yowever, with the
proposed approach, since bins with the same index can represent
different colors in different images, the bins also need to be matched
between histograms of two images.

This bin matching between two histograms is achieved by finding the
shortest Euclidean distance between the bin colors in the two
histograms. Thus, multiple bins in the histogram for image 1 can be
matched to one bin in the histogram for image 2, and vice versa.
These multiple bins are then merged to match one bin, allowing the
frequencies of multiple bins to be aggregated into one bin. Thereafter,
the color similarity C(Z, J) of the two clothing areas is computed as
follows:

& MAX(HI "»‘HJM(i))
ClU,J )= DIC, . Cho L : s
¢.J) g ( " J’M())* MIN\H, 1, H ; 4y(5)

where m means the number of color bins in histogram 1,
D(C“,C ;. M(,.)) represents the Euclidean distance between the color

of bin i in histogram I and the color of the matched bin in histograin J,
and H 7:2nd H 1,m(;) Tepresent the normalized frequency of bin i in

histogram 7 and the normalized frequency of the matched bin in
histogram J, respectively. Fig. 4 shows an ¢xample of matched bins,
where bin 2 and bin 6 in histogram 1 are merged.

Finally, the clothing similarity S(Z, J) based on the texture and color
feature vectors is defined by the weighted sum of the texture
similarity X{Z, J) and color similarity C{/, J).

S(1,0)= X(I,J) MAX , +C(1,J)/ MAX.,

where MAX, and MAX . are weighted factors to normalize the
texture and color similarities, respectively.

8. Experimental Results

In experiments, the proposed approach based on clothing similarity
was applied to distinguish authenticated persons from non-
authenticated persons.
Five pictures of 42 different items of clothing worn by 13 different
people were captured using two CCTV cameras A and B. Camera A
was located at the main gate of the building and took pictures of a
person when they were authenticated based on an identification card
or fingerprints. Five images were then selected from the sequence of
images captured by the main gate CCTV camera (Type A).
Meanwhile, another five images were selected from the images
captured by a CCTV camera (Type B) located in an indoor corridor.
Let the main gate and indoor images be denoted as 4, (i) and B,(i),
respectively, where { is the serial number of the clothing included in
the image and s is the serial number of the image(1-5). Given one
image of clothing i captured by the indoor camera as the query image,
five identical clothing images were refrieved from 4,(/), where

1<5<85, 1< 7 <42 I most of the 5 retrieved images included the
same clothing, this was counted as a success for identifying an



authenticated person. When using the proposed texture and color
features, the rate of success in identifying authenticated and non-
authenticated people was 80.0% and 68.57%, respectively.

Fig. 5 shows a detected person with an authenticated pass captured
by the camera at the main gate, while Fig. 6 shows an automatically
detected authenticated and non-authenticated person.

To compare these results with the performance of face recognition, a
2D PCA (Principal Component Analysis) based on a face recognition
technique [14] was applied to the face data set derived from the
clothing images. As the clothing images were taken using thirteen
people, thirteen different faces were used for the test. The composition
of the training and test data set is shown in Fig. 7. The images in each
column in Fig. 7 were taken of one person. The data set is explained
in Table 1 and the recogpition success rate is shown in Table 2. The
Type A camera images were uscd as the training set, while the Type
B camera images were used as the test set.
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Fig. 4 Matching and similar color bins between histograms.
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Fig. 6 Automatically detected authenticated and non-authenticated
persons from images captured by camera B.

Table 1 Data used in face recognition.

Data set Numberof | Imagesper | Total number of
persons person images
Training set 13 5 65
Test set 13 5 65

Table 2 Success rate of face recognition (number in parentheses
represents number of eigenvectors used in test)

Dimension  of | 40%(3) 40%(6) | 40*(10) 40%(20)
feature vector
Success rate (%) | 41.53 43.07 35.38 33.84

set)

oy

Type A camera images (training

Fig. 7 Face data unéges

9. Conclusion

This paper presented a person identification method based on clothing.
Textural feature vectors of the clothing area are constructed based on
local edge histograms, which are efficient in representing spatial
information, while color features are extracted based on octree-
quantization and the integration of similar colors.

The similarity between two feature vectors is measured by the
Euclidean distance, and the final success rate of person identification
shown to be up to 80%.
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