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Digital video recording (DVR) systems are widely used in our daily life because of
cost-down of capturing devices. Developing an automatic and intelligent system to detect,
track, recognize, and analyze moving objects could save human power in monitoring
centers. In this study, the color features of an employee’s uniform were extracted to identify the entrance legality in a restricted area of an open space. First of all, a background
subtraction technique was used to detect moving objects in image sequences. Three key
object features, the position, the size and the color, were extracted to track the detected
entrants. After that, the body of an entrant was segmented into three parts for locating the
region of interest (ROI) using a watershed transform. Dominant color features extracted
from the ROI were classified for preventing the illegal entrance. Some experiments were
conducted to show the feasibility and validity of the proposed system. In the final part of
the paper, conclusions are drawn and future work is suggested.
Keywords: video surveillance, legality detection, color structure descriptor, color feature,
watershed transform

1. INTRODUCTION
Due to cost-down of capturing devices, monitoring cameras are widely used in public areas. Currently, many realizable systems using computer vision and image processing
techniques intelligently detect, track, recognize, and analyze objects, especially human
beings [1-3]. In an open space, people can move around freely without any limitation.
However, there is no entrance control in restricted areas like at information desks in airports, cash counters in shops, pharmacy/nursing stations in hospitals, …, etc. Important
data or money must be protected in these areas. Surveillance systems observe the entrants
and try to grab their face images for ID identification or legality verification. Grabbing
clear frontal face images is a common and effective approach for computer-based recognition systems. Different from the entrance control applications, face images in low resolution, in side views, or in a back view, are frequently grabbed from still cameras in an
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open space. Successfully grabbing recognizable face images for legality verification has a
low probability. Poor image quality decreases the monitoring performance. Fortunately,
there is a common point in restricted areas: all legal entrants dress in uniforms. In this
study, the color features of a uniform were extracted for verifying the legality of entrants.
Illegal entrance could be considered as an abnormal event. Due to the poor quality
of face-based verification, other object features such as trajectory, shape, color, and motion data, are adopted to detect the abnormal events. These features have been widely
used in content-based image retrieval (CBIR) fields [4]. Trajectory features are the most
used for rare event detection at intersections, parking lots, or freeways for intelligent
transportation systems (ITS) [5, 6], at airports [7], or on campuses [8]. Motion features
are also popular for human behavior analysis. They are extracted from video streams in
both un-compressed and compressed domains. Human motion extracted from motionhistory images [9], motion-energy images [9], moment features [10], and polar-based histograms [11] are used to analyze human actions. It is known that human behavior is represented as a sequence of actions in the spatio-temporal domain. All approaches use the
hidden Markov model (HMM) to solve this spatio-temporal problem. However, humans
seldom behave as robbers with fierce motion or an abnormal trajectory in restricted areas.
Their actions frequently appear to be similar to those of legal users. That means motion
and trajectory features are not suitable in restricted areas. Uniform color is another cue
for the verification of entrance legality, especially at the cases of lacked frontal face images.
In many pattern recognition applications, three common steps, preprocessing, feature extraction, and classification, are sequentially performed. In this study, moving object detection, tracking, segmentation, and region of interest (ROI) location were classified as the preprocessing step. A background subtraction based object detection was first
performed and then targets were tracked based on the color structure descriptors. Since
the object images are varied and poor in an open space, it is insufficient to determine the
legality of an entrant using a single image. Using the tracking module, a sequential object images were grabbed for increasing the verification performance of legality. Next,
the detected region image was segmented using watershed transform in four steps: image
simplification, gradient computation, rain-falling processing, and region merging. In
identifying the human body parts, circularity and human body model-based schemes
were designed for identifying the head region, the upper body, and the lower body. The
ROI was thus determined for extracting the colors of the uniform. A neural networkbased verification was conducted to determine the legality of one object image. The legality of an entrant is determined by voting those sequential outputs.
The rest of this paper is organized as follows: Moving object detection and tracking
are presented in section 2. Next, human body segmentation to find the ROI was designed
using watershed transform as described in section 3. The legality of an entrant was determined in section 4 using color features of the uniform. In section 5, some experimental results were conducted to show the validity of the proposed approach. Finally, some
conclusions are given in section 6.

2. MOVING OBJECT DETECTION AND TRACKING
Moving object detection and tracking are essential processes in video surveillance.
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They determine the system performance. Traditionally, three methodologies, the background subtraction-based, the temporal difference-based, and the optical flow-based
approaches, are used to detect moving objects in cluttered backgrounds. In this study, the
background subtraction-based technique was adopted to identify the changing pixels.
However, many detection algorithms have a shadow problem. Prati et al. [12] surveyed
the shadow detection algorithms and made a comparative evaluation of four algorithms.
The approach proposed by Davis et al. [1] was utilized to solve the shadow problem in
this study. Image pixels were classified as the foreground pixels, the background pixels
and the shadow pixels. Next, a labeling process was performed to cluster the components
of objects. Two morphological operations, erosion and dilation, were performed to connect the components and to eliminate the noise. Each object was bounded in a bounding
box from the connected components.
Subsequently, the detected objects were tracked and re-labeled. Generally, the position of objects and the relations among objects can be identified by using the motion data,
template matching, and overlapping information. Many complex algorithms have been
proposed for prediction [1, 13, 14]. In this study, the previous motion vectors [2] were
used for the position prediction. The objects were re-labeled around the predicted position to get the new position. In addition to the labeling process, it was necessary to identify the interaction between objects in the video streams. Region-based template matching algorithm is an effective method to obtain the relation between objects in the consecutive image frames. However, it is a time consuming procedure to use the regionbased template matching algorithm. This can be improved by using the overlapping information, table OR, between the current image frame and those in the histogram [3].
Using this table, several relations, including the ‘merging’, ‘separating’, ‘entering’, and
‘leaving’ between the moving objects can be easily obtained. The information of merging
objects was kept, and a new object of type ‘merged’ was created. Next, the template
matching procedure was performed to assign the exact labels at the ‘separating’ case.
Histogram-based matching is an effective approach for identification. Collins et al. [13]
kept the data of moving objects, such as the color histogram, the shape, the size, the trajectory, and the grey-image histogram.
MPEG-7 based descriptors represent the audio-visual meta-data for many surveillance applications [4, 15, 16]. Texture, color, and shape descriptors were frequently represented and retrieved subjects from a database. In this study, the color structure descriptor (CSD) of MPEG-7 standard was adopted for object representation to identify the
objects during the separation. In addition to the statistical properties of the histogrambased approach, color structure descriptor possesses the regional structure of color distribution. The color data of an object in RBG color space were first converted to HMMD
color space data (Hue, Max, Min, Different). The hue value ranged from 0° to 360°. The
min and max features represent the minimum and the maximum values of the R, G, and B
values. The diff and sum features denote the different feature (diff = max − min) and the
summation feature (e.g. sum = (max + min)/2), respectively. According to the MPEG-7
standard, the CSD expresses the local color structures of a region. In this study, the color
data within a window were quantized into 64 bins to obtain the CSD of an object image.
This window of size 8 by 8 was called the structuring element (SE) and slid through the
object image. If one color appeared within the SE, the number in the corresponding bin
was increased by one. The SE slid from top to bottom and from left to right. The CSD of
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size 64 was generated. The distance metric of CSD between two objects was defined as
the summation of the absolute difference values, e.g., the L1-norm based distance. More
details can be found in [4].

3. HUMAN HEAD/BODY SEGMENTATION AND IDENTIFICATION
In this section, the human body segmentation algorithm proposed by Park and Aggarwal [17] was modified to find the head, the upper body, and the lower body for identifying the ROI.
3.1 Segmentation of Human Body Using Watershed Transform
Park and Aggarwal [17] proposed an expectation maximization (EM) algorithm to
estimate the Gaussian components of color distribution for image segmentation. Each
region with a similar color belongs to the same cluster. It takes a lot of computational
time to obtain the segmentation results. The watershed transform-based approach was
applied for efficiently segmenting the human body regions. Four steps, image simplification, gradient computation, rain-falling processing, and region merging, were performed
in watershed transform for body segmentation. The metric in CIELab color space is similar to that of human vision perception. Object images in RGB color space are thus converted to CIELab color space images before the process.
The main function of image simplification was to filter out noise and to blur the
images. For the sake of simplification, morphology-based closing operations by partial
reconstruction ϕ (res)(δn(f), ϕk(f)) were performed as follows [18]:

ϕ (res)(f, r) = ε(∞)(f, r) = …ε(1)(…ε(1)(f, r))…, r).

(1)

Here, two operations, dilation δn(f) and closing ϕk(f) operations, were operated by
the window structuring elements of size n and k, respectively. In addition, the geodesic
erosion of size one was defined as ε(1)(f, r) = max(ε1(f), r). That means: image f was first
dilated by a structuring element of size n. The dilated image δn(f) was repeatedly eroded
by the geodesic erosion operation. The ‘max’ operation of ϕk(f) and the eroded image
was done in each time. This process was repeated until convergence.
In the second step, the morphological gradient [19] was generated for obtaining the
gradient magnitude defined as G(f) = δ(f) − ε(f). Three gradient images GL, Ga, and Gb on
channels L, a, and b were generated and integrated to obtain an effective gradient image g
= max(wLGL, waGa, wbGb), where weights were set as (wL, wa, wb) = (1, 2, 2), respectively.
Third, a rain-falling process was executed for region growing using a pre-labeling
strategy. Two advantages were presented in this strategy: the over-segmentation problem
was solved, and the rain-falling process for the pre-labeled pixels became unnecessary.
Therefore, the watershed transform process was performed. Initially, if the gradient magnitude of a pixel was lower than a specified drowning level t, this pixel was marked as
the candidate of an initial region. Here, t was set as 0.6 of the average value of the gradient image. After all pixels were examined in this step, a labeling process was performed to obtain the initial regions and the new labels were assigned under the drowning
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level t. The direction of unmarked pixels was defined to point to the neighbor with the
lowest gradient magnitude. All unmarked pixels were assigned a region label by following their gradient downhill to the initial region.
The region merging rules were based on the region features such as size, color, and
adjacency in the fourth step. These features for a specified region Ai were represented by
the region size |Ai|, the mean vector of region color μi = [μL, μa, μb], the boundary set
Ψ(Ai), and the adjacency rate βi ( A j ) =
rules were designed as follows:

Ψ ( Ai ∩ Aj )
of two regions Ai and Aj. The merging
Ψ ( Aj )

Rule Adjacency: If the adjacency rate was larger than a given threshold T1, e.g., βi(Ai) >
T1 or βj(Ai) > T1, the two regions were merged.
Rule Color Consistency: If the color distance between two adjacent regions was smaller
than a pre-defined value, e.g., |μi − μj| < T2, the two regions were merged. The L2-norm
based distance was adopted in this step.
Rule Size: If the size of region Ai was smaller than a threshold T3, e.g., |Ai| < T3, region
Ai was merged to the adjacent region with the highest color similarity.
Three merging parameters T1, T2, and T3 were set as 0.7, 15, and 50, respectively.
For instance, Figs. 1 (a) and (b) show an original image and its simplified result. Fig. 1 (c)
shows the results of watershed transform, and Fig. 1 (d) shows the merged result. There
are seven regions in this figure.

(a)
(b)
(c)
(d)
(e)
Fig. 1. The segmentation results using watershed transform; (a) a detected object, (b) the simplified
result, (c) the segmentation result using watershed transform, (d) the region merging results,
and (e) the region map.

3.2 Identification of Human Body Parts
In order to find the ROI, a circularity-based measure and a merging scheme were
designed for identifying the head, the upper body, and the lower body. Compared with
the other body parts, the human head is a region with stable and obvious features [20]. In
this study, the circularity measurement was adopted to evaluate the merged regions for
finding the head region. The lower and the upper body parts were determined based on
the ratio of the human body.
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(a)

(b)
(c)
(d)
(e)
(f)
Fig. 2. The identification of a head region using a circularity-based measure.

Consider the pixels (x, y) of a region A (e.g. regions A0, …, A6 in Fig. 2 (b) or regions A0, …, A4 in Fig. 2 (e)). The centroid O( x , y ) of region A was first calculated as
follows: x = 1 ∑ ( x , y )∈A x, and y = 1 ∑ ( x , y )∈A y. Two circularity measurements, C1 and
A

A

C2, were introduced in a textbook [21]. The first one represents the compactness of a region:
Ψ ( A)
. Here symbols |Ψ(A)| and |A| denote the perimeter and the size of region A,
A
μ
respectively. The second one is formulated as C2 = σ A , μA and σA represent the average
A
2

C1 =

distance and the standard derivation of distances from all boundary points to the centroid
of region A as follows:

μA =

1
Ψ ( A)

σ 1A =

1
Ψ ( A)

∑

( x, y ) − ( x , y ) ,

(2)

∑

( ( x, y ) − ( x , y ) − μ A ) 2 .

(3)

( x , y )∈Ψ ( A)

( x , y )∈Ψ ( A)

Since metric C1 was much affected by the un-smoothing boundary, metric C2 was
adopted in this study. In addition, two criteria of the human model must be satisfied. First,
the size of the head region must be smaller than N/3. Value N is the size of a moving object detected and tracked in the previous section. Second, the region with skin color possesses the higher priority for merging into the head region. The merging sequence of
regions was based on the y coordinates of the regions’ centroids. The finding steps are
described below:
Step 1: Sort the y coordinates of the regions’ centroids from top to bottom, initialize a list
R0 as an empty set, and set an iteration index k = 1.
Step 2: Add the unselected and the top region Ai to list Rk-1, i.e. Rk = Rk-1 ∪ Ai, to obtain
a new region.
Step 3: If the size of region Rk is larger than N/3, terminate this procedure, and set the
head region by choosing the region with the skin color and the largest circularity
value. If not, choose the region with the largest circularity value.
Step 4: Compute the circularity value C(Rk) for region Rk. Increase the iteration index k
by one and repeat the above steps 2 to 4.
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Table 1. The circularity values of the merged regions in Fig. 2.
Figures
(b)

(e)

Regions
A0
A0 ∪ A1
A0
A0 ∪ A1
A0 ∪ A1 ∪ A2
A0 ∪ A1 ∪ A2 ∪ A3
A0 ∪ A1 ∪ A2 ∪ A3 ∪ A4

Circularity
2.83
4.81
11.54
8.01
4.42
3.20
2.46

Two examples, a frontal image and a back one, are given to show the merged results
as shown Fig. 2. The regions were numbered and the circularity values were calculated
as tabulated in Table 1. In the first illustration, two regions A0 (hair) and A1 (face) with
circularity value C2 = 4.81 were assigned as the head region. Since the skin region possessed the higher priority, the A0 (hair) and A1 (face) regions whose circularity value C2 =
8.01 were assigned as the head region even though region A0 possessed the highest circularity value in the second example.
The information of the head region was thereafter obtained from the following
equations [21]: The (p, q) order of central moments were computed as

μ p,q =

∑

( x − x ) p ( y − y )q .

(4)

( x , y )∈ A

Three second order moments μ1,1, μ2,0, and μ0,2 were computed for determining the
lengths and orientations of the major and minor axes. The orientation of the major axis
and two lengths of the major and minor axes were thus generated from the following
equations:
⎡

l=

2μ1,1

⎤
⎥,
⎣⎢ μ2,0 − μ0,2 ⎦⎥

1
2

θ = tan −1 ⎢

(5)

∑

[( y − y ) cos θ − ( x − x ) sin θ ]2 ,

(6)

∑

[( y − y ) sin θ − ( x − x ) cos θ ]2 .

(7)

( x , y )∈ A

L=

( x , y )∈ A

After finding the head region, the region of interest (ROI) was easily found. Approximately, the upper ROI was set as the region of length 2L, e.g. twice that of the head
region. The rest of the regions of a moving object were classified as the lower ROI.
When the color of the upper and the lower parts was similar, two parts were merged in
the segmentation process. This scheme can also separate it into two parts, e.g. an upper
ROI and a lower ROI. The upper ROI was considered in a 7-11 shop, and the entire part
was treated as the ROI in a laboratory space. Only the pixels in the ROI were countered
for legality verification. Three regions for the illustrated images in Figs. 2 (a) and (d)
were identified as shown in Figs. 2 (c) and (f), respectively.
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4. CONSTRUCTION OF UNIFORM COLOR MODEL
In this section, the color features of a uniform are extracted and classified for determining legality. An example for dominant color extraction is given. The image data of
legal entrants were collected in the training phase. Using the segmentation algorithm for
the human body in the previous section, the ROIs of human bodies were successfully
identified as shown in Fig. 3 (a). The colors of the uniform were automatically modeled
in CIELab color space. Since the number of dominant colors within the ROI was unknown, it had to be determined first. The number can be automatically determined using
an un-supervised clustering algorithm. The images as shown in Fig. 3 (a) were segmented

(a) The ROI images of training samples.

(b) The prototype of a blue color.

(c) The prototype of a green color.

(d) The pixels belonging to the dominant colors. (e) The CSDs of dominant colors within the ROI.
Fig. 3. The generation of dominant colors within the ROI.
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into several regions with similar color pixels. Each region could be represented by its
mean vectors and classified using the components of channels a and b. Moreover, regions smaller than 5% of the ROI were ignored. The maxmin-distance-based clustering
algorithm was adopted to cluster regions as shown in Fig. 3 (b). Each small circle represents a segmented region. Two dominant color prototypes within the ROI were obtained
in this illustration.
The distribution of each color prototype was computed from the pixels belonging to
the same cluster. It could be formulated in the following steps.
1.
2.
3.
4.

Compute the mean μ and the standard derivation σ of each color prototype.
Remove those pixels whose distances to the cluster center are larger than a threshold
value(ασ), α = 3.
Remove the isolated pixels using the morphology-based clustering technique.
Bound the region using a convex hull.

The above steps identified the range of each dominant color. The range was bounded
by a convex hull represented in several polynomial functions. In the given illustration,
the distributions of two dominant color prototypes, blue and green, are displayed in Figs. 3
(b) and (c), respectively. Since the range of dominant colors has been identified, the pixels belonging to the dominant colors were counted as shown in Fig. 3 (d).
Since the entrants freely moved in a monitored space, the poses were varied with
the time. Besides, the appearance of every entrant was also different. Because of the
above causes, the ratios of dominant colors within the ROI were different at different
times. Using the ratios of dominant colors within the uniform regions was not enough to
determine legality. The spatio relations between color pixels also helped discrimination.
Using the CSD-based representation, a structure element of size 8 by 8 slid the ROI, and
the numbers of dominant colors were automatically counted to generate the feature vectors of the uniform. The color data within a window were quantized into 64 bins to obtain the features of an entrant. In the given example, the numbers of two dominant colors
within the structuring element were counted as shown in Fig. 3 (e).
Backpropagation neural network (BPNN) classifier has been widely utilized in the
filed of pattern recognition. In this study, this well-known classifier was applied to perform the verification task. Consider the feature vectors of dimensionality n to be inputted
into a BPNN classifier. Value n was set as 64, e.g. the dimensionality of CSD of an ROI
in the experiments. The BPNN architecture was designed as a three layer-based network
1 , and 1 neurons in
including an input, a hidden, and an output layer. There were n, n+
2
each layer, respectively. Fully connected links were established and trained for finding
the better weights. The training process of BP neural network includes sample collection,
weight initialization, forward learning, and backward learning steps. The scaled conjugate gradient algorithm [22] was utilized to adapt the weights with a specified error function in the last three steps. Given several video sequences, moving entrants were tracked,
and the ROI of an entrant in every frame was located and identified. The features in a
CSD-based vector were extracted from an ROI for representing the entrant’s uniform.
This vector was considered as a training sample for a BPNN classifier. Positive and
negative training samples were collected from video streams. In our experiments, both
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positive and negative samples were equally created for the simplification of training
process. In addition, negative samples play a crucial role in determining the threshold
value. When the video sequences of each entrant’s uniform features were extracted and
sequentially inputted the trained BPNN, the sequential outputs were obtained. The legality of an entrant was determined by voting the outputs.

5. EXPERIMENTAL RESULTS
The proposed method was implemented in a 7-11 shop and in a laboratory as shown
in Fig. 4. In the 7-11 shop, the restricted area was set at the cash counter, and in the laboratory, it was set at several personal desks. When the centroid of an entrant was located at
an area, the detection procedure was triggered. Only the upper body was set as the ROI
from the monitoring data in a 7-11 shop; the entire body was set as the ROI in the laboratory. Shown in Fig. 5 is the moving object detection and tracking results. There were
several fragments in these figures. The results of body segmentation are shown in Fig. 6.
The detection and segmentation results are shown in Figs. 6 (a) and (b), respectively.
Eight illustrations are given from Figs. 7 and 8. In each figure, two image sequences were
identified for the legality. Illegal entrants were detected and bounded in the red rectangles. In order to show the detection rate, 65 video sequences, 40 legal and 25 illegal,
were collected in a 7-11 shop. 15 legal and 15 illegal entrants were randomly selected in
the training phase. The others were used for testing. The false acceptance rate (FAR) and
false rejection rate (FRR) were 9.8% (689/7000 frames) and 0.4% (30/7000 frames),
respectively. Similarly, 30 video sequences were collected in a laboratory; 16 were used
for training. The FAR and FRR for the other video data were both 6.7% (200/3000
frames). Moreover, the false detected frames were manually checked for comparing the
errors of segmentation and classification. The segmentation errors are the main culprits
of the FAR and FRR because more than 93% errors were generated from them.

(a)
(b)
Fig. 4. The experimental spaces (a) in a 7-11 shop and (b) a laboratory.

In order to show the capability of the proposed method, five conditions of entering
were simulated. The testing space was chosen at a stairway with two desks and several
chairs. In the first case, a T-shirt in black color was considered as the legal uniform as
shown in Fig. 9 (a). The first test is to verify an entrant wearing a gray T-shirt, e.g., in a
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(a)

(b)
Fig. 5. The detected moving objects (a) in a 7-11 shop, and (b) a laboratory.

(a) The original images.

(b) The segmented results.
Fig. 6. The body segmentation results in a 7-11 shop and a laboratory.

(a) Image sequence one.
Fig. 7. Four legal entrants in (a) a 7-11 shop and (b) a laboratory.

1585

1586

JAU-LING SHIH, YING-NONG CHEN, KAI-CHIUN YAN AND CHIN-CHUAN HAN

(b) Image sequence two.

(c) Image sequence three.

(d) Image sequence four.
Fig. 7. (Cont’d) Four legal entrants in (a) a 7-11 shop and (b) a laboratory.

(a) Image sequence one.

(b) Image sequence two.

(c) Image sequence three.

(d) Image sequence four.
Fig. 8. Four illegal entrants in (a) a 7-11 shop and (b) a laboratory.
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similar color. In this case, he was considered as a legal one as shown in Fig. 9 (b). From
cases two to five, the video sequences of entrants wearing the seven-horizontal-stripe
clothes in black-and-white colors were collected for training the detectors. Two samples
are shown in Figs. 9 (c) and (d). The upper part of an entrant was set as the ROI. The
dominant colors were determined from the training video sequences. The second case is
to show the detection capability of multiple persons. Two persons simultaneously appeared in the image frame as shown in Fig. 9 (e). Since each entrant was correctly segmented, multiple persons can be verified by the trained classifier respectively. If the entrants were legal, they were drawn in white rectangles. Otherwise, they were drawn in
red rectangles. The occlusion problem as shown in Fig. 9 (f) can’t be solved because the
illegal entrants occluded the legal one. The third and fourth cases show the robustness of
a detector verifying the clothes in different patterns. Fig. 9 (g) shows an entrant wore the
similar clothes but in different patterns. The CSDs of two ROIs, e.g. Figs. 9 (g) and (c),
were quite different. The person in Fig. 9 (g) wore a black-white T-shirt was identified as
an illegal entrant. Similarly, two persons wore the clothes both in similar colors and patterns. One person wore a T-shirt in ten black-and-white horizontal stripes, and the other
one wore the clothes in vertical stripes as shown in Figs. 9 (h) and (i), respectively. In
these conditions, the rates of dominant colors and the CSDs between two ROIs were
almost equal and similar with those of legal entrants. They were both identified as the
legal entrants. The last one is to show the case of wearing a back-bag. If an entrant wore
a back-bag as shown in Figs. 9 (j) and (k), e.g. another occlusion problem, the BPNN
outputted an illegal value because of the low rate of dominant colors. Since the tracking
module was used in the proposed approach, they could be solved using a voting strategy.
When the frontal view of an entrant was grabbed, he was considered as a legal one as
shown in Fig. 9 (l).

(a)

(b)

(c)

(d)

(e)

(f)

(g)
(h)
(i)
Fig. 9. The verification results of uniforms in various colors and patterns.
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(j)
(k)
(l)
Fig. 9. (Cont’d) The verification results of uniforms in various colors and patterns.

(a) An original image. (b) (0.2, 15, 50)

(c) (0.4, 15, 50)

(d) (0.7, 15, 50)

(e) (0.95, 15, 50)

(f) (0.7, 5, 50)
(g) (0.7, 100, 50) (h) (0.7, 15, 10) (i) (0.7, 15, 75) (j) (0.7, 15, 200)
Fig. 10. The segmentation results using various parameters T = (T1, T2, T3).

The segmentation results depend on the parameters T1, T2, and T3. An original object image is shown in Fig. 10 (a). During the merging process, value T1 located in a
range (0, 1) results in the segmentation results as shown in Figs. 10 (b) to (e). If value T1
was too small, all regions are merged into an entire object region. On the contrary, small
regions are isolated as shown in Fig. 10 (e). Next, parameter T2 is a merging threshold
using the color consistency criterion. If two regions belong to the same region of a uniform, the color difference should be small. The results shown in Figs. 10 (f) and (g) are
similar by setting parameter T2 as 5 and 100, respectively. The upper part and lower part
are not merged because of the large color difference between them. Parameter T3 is a
threshold to merge fragmented regions. It can’t be a large value. The upper and lower
parts are merged by setting parameter T3 as a large value, e.g. 200, as shown in Fig. 10
(j). The un-merged regions will be ignored in identifying the ROI. In summary, parameter T1 is more sensitive than parameters T2 and T3. The over-segmentation of watershed
transformation generates lots of fragmented regions. The first merging rule, rule adjacency, merges most of the small regions with high adjacency. The second rule determines
the color difference between the upper and lower parts. Rule three merges the fragmented regions to obtain the complete region of a uniform.
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Next, the false detections generated by the segmentation errors are presented in the
following cases. In the first case, the detection errors occurred due to segmentation errors.
They resulted in incorrect features of the uniform. Another factor causing the segmentation error was the basket used by an entrant, as shown in Fig. 11 (a). It changed the ROI's
size and resulted in the incorrect rate of dominant uniform colors. In the second case,
human posture resulted in segmentation errors, as shown in Fig. 11 (b). One hand of an
entrant, for example, was put on his head. It generated an incorrect head region and an
incorrect uniform feature.

(a)
(b)
Fig. 11. The detection errors generated by segmentation errors.

Now, let us discuss the execution time of the proposed approach. According to the
performance requirement, the event decision should be made within a few seconds. In
the proposed approach, detecting and tracking moving objects needed 0.11 seconds per
frame in both experiments. The legality identification included two sub-processes: the
body segmentation and the uniform color extraction. The needed time depended on the
object sizes and the region number within the ROI. The object sizes and the region
number in a 7-11 shop were larger than those in a laboratory. Therefore, the legal identification in a 7-11 shop needed 0.37 seconds per frame, and it needed 0.14 seconds per
frame in the laboratory. In summary, two image frames in a 7-11 shop and four image
frames in a laboratory were processed in one second for illegality detection.

6. CONCLUSIONS
In this study, the color features of the uniform were extracted to determine the legality of entrants. This approach is suitable for use in a large space where the image
resolution is low, the image quality is bad, or where there are back face images. In addition to the detection and tracking of moving objects, ROI identification and dominant
color extraction were the main tasks used for representing the uniform. The domain colors were automatically determined using an un-supervised clustering algorithm. The
CSDs of the uniform colors were extracted and inputted into the NN-based classifier for
the legality decision. Since the BPNN classifier is trained in few minutes, this detector of
any legal uniform can be easily constructed even though the illumination is varied. One
important thing should be emphasized: This simple and useful approach can be imple-
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mented on the existing systems without any extra equipment. This early warning system
warns the employees to keep an eye on the cash counter when they leave out. In future,
the video clips of illegal entrances will be collected and indexed for further retrieval.
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