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Abstract many measures exist, but we focus on the primary one,
namely the height of the person. Annotating the behav-
In this paper we present a system for automatic anno- ior/action of a person is a complex task. In this work we
tation of humans passing a surveillance camera. Each hu-limit behavior to the attention of a person defined as the di-
man has 4 associated annotations: the primary color of the rection of the head. We are not aiming at actual head pose
clothing, the height, and focus of attention. The annota- but rather the general direction of attention.
tion occurs after robust background subtraction based ona  The paper is structured as follows. In Section 2 it is de-
Codebook representation. The primary colors of the cloth- scribed how humans are segmented and tracked. In Sections
ing are estimated by grouping similar pixels accordingto a 3, 4, and 5 we describe the actual annotation of the three
body model. The height is estimated based on a 3D map-neasures: appearance, size, and behavior, respectively. In
ping using the head and feet. Lastly, the focus of attentionSection 6 results are presented and finally the paper is con-
is defined as the overall direction of the head, which is esti- cluded in Section 7.
mated using changes in intensity at four different positions.
Results show successful detection and hence successful a

) . Segmentation of Humans
notation for most test sequences.

Before any annotation can commence, each human has
. to be segmented from the rest of the image, i.e., figure-
1. Introduction ground segmentation. As this is the first step in many sys-
tems analyzing humans several approaches exist based on
Due to the many potential applications "Automatic e.g., background subtraction [4, 15], motion [14, 16], ap-
Surveillance System” research has received much attenpearance [5, 13], and shape [7, 17]. For an overview see
tion recently [9]. It is generally believed that a successful [9].
surveillance system will contain a figure-ground segmenta- We apply a robust version of background subtraction,
tion to detect humans in the images, tracking to maintain known as the Codebook method [6], because it has been
temporal coherence, and finally a recognition part to recog-shown to operate for ten hours without losing significant
nize identity, actions etc. [9]. So far no system has been ableselectivity [3]. The method contains three steps: modeling
to successfully do any of the three parts in a robust man-the background, pixel classification and model updating.
ner and hence no commercial systems are available. While Each pixel is modeled as a group of codewords which
waiting for robust subsystems to build upon, different suc- correspond to the codebook for this particular pixel. Each
cessful sub-applications have been built. codeword is a cylinder in RGB-space. In each new frame
In our work we follow this trend and aim at an automatic each pixel is compared to its codebook. If the current pixel
annotation system for surveillance video. The long term value belongs to one of the codewords it is classified as
goal is a network of connected cameras, each annotatingbackground, otherwise foreground.
every person passing by in terms of appearance, size, and The codebooks are built during training and updated at
behavior/action. In this particular paper we use one camerarun-time. The training phase is similar to the pixel clas-
and limit the annotation to a few informative measures. sification mentioned above except that a foreground pixel
Different types of appearance measures exist such agesults in the construction of a new codeword and a back-
color and style of hair, shirt, pants, shoes, beard, andground pixel is used to modify the codeword it belongs to
glasses. In this work we focus on the most fundamental, using a standard weighting scheme. The codebooks gener-
namely the primary color of the hair, upper body clothing ated in this way during training will typically fall into three
and lower body clothing. Regarding the size of a person categories:



Static codebook For example a pixel representing a road introduce size criteria see Figure 1, together with a prox-
with no shadows or occlusions. Typically only one imity criterion which merge correct sized blobs located on
codeword is used. top of each other [1].

Quasi-static codebookFor example a pixel containing the
sky, but sometimes occluded by vegetation due to wind
gusts. During training typical two codewords will be
constructed for this codebook, one for the sky and one
for the vegetation.

Noisy codebook One of the above combined with "noise”
in the form of a pedestrian, car etc. passing by the
pixel or noise due to incorrect segmentation. The re-
sult will be an often high number of codewords for this
codebook.

i

Object Classification

To handle the noisy codebooks a temporal filter is
applied. It is based on the Max Negative Run-Length
(MNRL), which is the longest time interval in which a code-
word has not been activated. The filter effectively removes
codewords with little support during the training phase, Figure 1. An illustration of the size criteria.
such as passing pedestrians.

During run-time the activated codewords are updated in  Each time a new track is initiated an ID is assigned.
two ways. Firstly, as described above, using a standardThe tracking of IDs is done using temporal filtering with
weighting scheme to ensure updates with respect to slowa zero'th order predictor and an Euclidean distance mea-
changes in the scene, e.qg., the position of the sun. The secsure. Groups and partial occlusion will result in blobs that
ond type of update handles fast changes in the scene. Imagare too large or small respectively, which are ignored. This
ine a car enters the scene and is parked inside the scenean result in small tracks or tracks not assigned an ID in ev-
Obviously the car will be segmented as a foreground ob- ery frame. To decide whether we want to keep a track or not
ject. Ifthe car stays in the scene it is considered backgroundfor further processing we use the same principle as used for
and new foreground objects passing the car can be correctlthe MNRL [1].
classified as foreground objects. This is done by defining a
new codeword whenever a pixel is classified as foreground.
If this new codeword has support in terms of a small MNRL
then it is defined as a codeword and added to the codebook . )
for this pixel. These types of codewords are densted- ~ Representing a human by colors has been used in track-
permanent codewordsd can be removed again if they lack NG for some time. The standard approach is to divide the
support for some time. A codeword learned during training Silhouette into a number of regions (usually three) and rep-
is denoted @ermanent codewordnd can not be removed. resent each region by either a Mixture of Gaussian or a his-

Using the two updates provides a robust figure-ground seg-togram, see e.g., [10, 13] and [9] for an overview. These
mentation for further processing. representations tend to describe the average color in a re-

gion. Furthermore, they often use fixed region borders re-
sulting in a long shirt contributing to the colors of both the
upper and the lower body parts.

Neither the averaging nor the fixed region borders con-

After having performed figure-ground segmentation we stitute a problem in tracking. However, for annotation a
need to filter the output first spatially to ensure that each different method is required, which allows for a detection
blob corresponds to one and only one human and secondf the primary color for both the upper and the lower body
temporally to obtain a track of each human over time. parts, respectively. Before explaining how this is done we

We assume walking or standing humans and can therefirst describe the chosen color space representation.
fore define an interval of acceptance for the ratio between Th — , . , "

. . . ese criteria are defined with respect to the camera’s position (cal-

the height and width of the bounding box. Furthermore, af- iration), the layout of the scene, and the position of the human in the
ter improving the output using standard filter methods we scene.

3. Appearance: Color

2.1. Tracking




3.1. Color Space Representation To compensate for oversegmentation, similar clusters are
merged together. Two clusters are merged, if the euclidian

We use HSV colors since these are more practical for distance in the hue-saturation space between their centers is

human interpretatichin an annotation system and at the below a predefined threshold.

same time decouples color and intensity allowing for less A cluster can consist of a high number of blobs, which

lighting dependent annotations. are not necessarily connected. We therefore apply a con-
Even though humans can distinguish between thousandgiected component analysis based on contours [1] to find

of color shades, they are normally only able to rememberall the individual blobs. The resulting blobs can be seen

11 basic colors: red, green, yellow, orange, brown, pink, in Figure 3(c). For all blobs, the size and the mean color

purple, white, gray, and black [2]. are found. Too small blobs are ignored as are blobs hav-
In order to convert from HSV color coordinates to these ing a color similar to skin. We use a look-up-table in hue-

11 color terms, the HSV-color space has to be subdivided.Saturation space to detect skin pixels [1].

The hue-saturation color space is divided as shown in Figure ~ The different blobs are assigned to one of the body parts

2 [1]. based on the assumption that people are upright. We use
the vertical position of their centers to assign blobs [12]:
100 Heade [0,16%)]. Upper bodye [16,45%)]. Lower bodye
< [45,100%)]. 0% = top of bounding box and00% = bottom
€ 50 of bounding box. See Figure 3.
n
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Figure 2. The hue-saturation space is divided
into eight fields [1].

The hue-saturation space is divided into eight different
fields. When the saturation is low, which is the white field @ ®
in the figure, it is hard to separate different colors. Instead ) )
the color term is either black, gray or white, depending on ~ Figure 3. Assignment of blobs to body parts.
the brightness of the color. The seven other fields represent  (2) Input. (b) Anideal color segmentation of a
the rest of the color terms. The brown color is missing inthe ~ P€rson. (c) Blobs. (d) Head. (e) Upper body.
figure, because it shares the hue and saturation with other (f) Lower body. (g) Merged blobs. Black rep-
fields. When the brightness is low, both orange, yellow and ~ fésent skin, red the hair, green the shirt and
pink look brown. This is used to define the brown color. blue the pants.

(d) (e)

The body parts still consist of a large number of blobs.
To lower this number blobs are merged in the same man-
) i i , ... ner as for clusters. Only this time, the color threshold is

Taking the silhouette as input we are interested in first go1 pigher to merge more blobs. Different thresholds can be
finding the color of the pixels belonging to the different used in the three body parts. Normally, people wear uniform
body parts, see Figure 3(b), and then constructing a textual,,5req pants, but might wear a multicolored shirt. There-

representation. , , fore, the threshold should be lower for the upper body than
The input color image is segmented using kimeans the lower body.

clustering algorithm. The number of samplesjs equiva- The merged blobs are illustrated in Figure 3(g). In the

lent to the number of pixels in the image. The feature space, e the black color represent skin blobs, which have not
is 3 dimensional, corresponding to the dimension of the ee merged. The two red shades are hair, the three green

color space. Experiments in this work show that better Ség-g» jes are the shirt and the three blue shades are the pants.
mentation is achieved using all color components instead OfThe largest of the merged blobs is used as output in the tex-

only hue and saturation. The samples are divided M0 5| description, since only the most dominant color is de-

clusters (20 in this work) using themeans algorithm with ;.04 | order to obtain stable color estimates we filter the

an euclidian distance measure. output for each track by selecting the most often occurring
2For enquires into a database of annotations. color along a track.

3.2. Assigning Pixels to Body Parts




4. Size: Height are the head point coordinates akidandY” are the world
coordinates for the ground point.

To estimate the height we assume walking or standing
persons. A prerequisite of the method is a calibration be-
tween the camera and floor, yielding the projection matrix
shown in Equation 1.4 is a matrix containing the intrin-
sic parametersR and{ are the extrinsic parameters. The
extrinsic parameters are chosen sothandY world axis
are in the ground plane, which is assumed to be a two di-
mensional plane.

hii hiz hiz hia
H=A [Rﬂ = | ho1 ho hos hos (1)
hai hsa hzz hag

Figure 5. An illustration of the height esti-
mate using the ground point and head point.
The height is given by the 7 world coordinate
of the intersection point between the normal
and the plane extended by the head point.

Two image points must be located to calculate the height.
One point located on the ground between the person’s feet
called the ground point and a point at the top of the head.
The ground point is estimated using convex hull points. In
order to find the ground point, two foot points are located as
the two convex hull points closest to the two lower corners
of the bounding box, see Figure 4. The ground point is

the intersection between a vertical line through the median (ho1 — vhg1)X + (hog — vh32)Y + hoy — vhay

point of the body and a line defined by the two foot points, - vhss — hag

see Figure 4. The head point is chosen as the topmost pixel (2)

in the body silhouette. The height estimate is stored with the tracking ID for

each frame the person is tracked. When a track is ended,
e.g., by the person leaving the scene, we have several es-
timates of the person’s height. However, only one height
estimate is desired and this is chosen as the median value of
all the height estimates. This makes the estimate robust to-
wards outliers, which may be caused by poor segmentation
in a few frames of the total tracking period. Furthermore,
the method is based only on a couple of matrix operations
and a convex hull method making it computationally inex-
pensive.

Figure 4. The principle used to find the top of
the head and ground point.

5. Behavior: Head Direction

The orientation of the person’s head is used as an esti-

After locating the ground point and head point, the next Mate for the person’s attention. We first extract the head in
step is to map these points into world coordinates. Thean image and then classify the head direction into one of
ground point is assumed to be in the ground plane, hencdive different categories.

Z = 0in world coordinates. As described in [8] can be

altered to represent a mapping from the image plane to the5.1. Head Extraction

ground plane (wher& = 0) of the world coordinate sys-

tem. This makes it possible to compute the person’s ground Before the orientation of the head can be determined,
plane position in world coordinates. Knowing the ground template matching is first applied to extract the head.

plane position, it is now possible to extend a line in the di-  The head is extracted from the silhouette of the person.
rection of the ground plane normal until it intersects a plane The binary image allows for fast matching with exclusive-or
extended by the head point. This is illustrated in Figure 5. operations. A number of preprocessing steps trim the size
The heightZ is calculated by Equation 2, wheteandv of the silhouette to further reduce processing time.



The template consists of a head and torso whose size is
changed dynamically for scale invariance. The head and
torso is dimensioned based on typical human measures, and
the size is determined by an estimate of the person’s shoul-
der width. The shoulder width is estimated as 90 percent
of the minimum distance from the median of the silhouette
to either side of the person’s bounding box. This approach
provide a reliable measure invariant to typical segmentation  Figure 7. (a) head region divided into twelve
errors. Figure 6 shows the steps in the head extraction pro- subimages. (b) four selected subimages of a
cess. 5 x 8 grid.

Silhouette  Preprocessed
and median image

Initial Best locate more specific areas in the head, and the four fea-

estimate Match & tures depicted in Figure 7(b) were selected. The numbers

in the subimages corresponds to the numbering of the fea-

tures, and the plot in Figure 8 depicts their mean value and

Template variance. As seen in the figure, these features are able to

separate the classes in the training data, but does also raise
the requirements for the training data to be representative.
The different grid division gives areas in the head where
e.g. the area is skin-only when the head is orienfechfid

Figure 6. The steps in the head extraction hair-only when the head is orienteD0° .
process.
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5.2. Head Direction Classification
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The head is classified into one of five classes, corre- -
sponding to an orientation of Right 90 Right 45 , 0° ,
Left 45° and Left 90 , where O is a person facing the cam-
era. For determining the head orientation at low resolution,
a view-based method inspired by [11] is used. The method
in based on calculating moments of pixel intensity distribu-
tion in subimages of the extracted head. The moment fea-
tures provide invariance to scaling and robustness toward _, -~ _| s o o5 1 15 2
imperfect segmentation and head extraction. In [11], the Feature value
head is divided into twelve subimage i3 & 4 grid, as de-
picted in Figure 7(a), and for each subimage a feature value Figure 8. The mean and variance of the four
W is calculated using Equation 3. features, calculated from the four selected

subimages.
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mean(subimage) — mean(image)

W = ©))

std(image)

Only those pixels that are within the silhouette of the The four-dimensional feature vector is classified using
person are part of the calculations. Furthermore, any high-k-nearest-neighbor using Euclidean distance. A temporal
lights in the head region are removed beforehand, to reducsilter is applied to each track selecting the most occurring
the influence of face items like eyeglasses or shiny skin. In- head orientation class within the lakt frames as the out-
spection of these twelve features in the training data showedput. Experiments have shown that uskg 15 frames gives
some features provide very little or no information. The cor- the best output and seems to be a reasonable size to filter
ners had a poorly separated mean value and a high varianceut sudden head movement. 15 frames correspond to one
Furthermore, many of the features are highly correlated. Tosecond meaning that attention is defined as a constant head
improve this, 40 subimages infax 8 grid were used to  direction for one second.



6. Results suggestion is therefore to represent borderline colors by two
different colors.

In this section we present test results for the previous sec-  1his test also highlights difficulties when a person is
tions. All results are recorded with a standard web-cameraearing shirt and pants of the same color. For test subject 2,

with a resolution of 320x240 pixels and with a frame rate of it is difficult to find the border between the upper and lower
15 Hz. body. The clusters often separates the upper and lower body,

but after the merging of clusters, the upper and lower body
can be fused. The annotated color terms are however often
correct, because the largest color blobs of both the upper
) ) and lower body are still correct - blue in this particular case.

_ 111 frames are selected randqmly from five different Lastly it was found that problems occur when people
video sequences. 91 frames contained one of more humans, o \vearing skin-colored clothes. In these situations, the

The pixels belor;]gmg toa humark]‘ arfe lfound manualléy.to Ob- hroduced color term might only represent the second most
tain ground truth. On average the false acceptance I®te  jominant color. This is the case with the pants of test sub-

0.06% and the false rejection rétds 5.95%. The erors o0t 10 The pants are classified as skin making the white
originate especially from foreground camouflage and Shad'shoes the largest part of the lower body. The pants are

ows. When the appearan'c,:e of"a person’s clpthing i_s similary, o efore labeled as white. To handle such situations more
to the background then a "hole” can appear in the S'lhouetteadvanced analysis of the blobs is required.

leading to false rejections. This, however, seldom affepts The second test case tests the color descriptor when con-
the rest of the system. Shadows can affect both the estima; o taq to the tracking module. Instead of using manu-

tion of the colors as well as the he_lght estimation. In most ally segmented images, the output produced by the tracking
cases, however, the temporal filtering solves the problems 1,0, 1e is used directly. The same test recordings as in the
The tracking works very well because occlusions are ig- ¢« test case are used.

nored. If the system is to be used to annotate individuals

, e hen b X q King i In general, for all test subjects the same issues are ob-
during occlusions, then better segmentation and tracking iSgeryeq,  Outliers occur mainly because color descriptors
required. Possible solutions can be found in [9].

are made even though the person is not completely in the
scene. Also, misclassifications from the figure-ground seg-
6.2 Appearance: Color menting caused by strong shadows lead to false color terms.
However, these problems are eliminated (except for the hair
The color descriptor is tested in two test cases. The firstwhere the resolution is too low to produce trustworthy re-
case tests the correctness of the annotated color term and th&ults) by temporal filtering and the correct color terms are
second case tests the variation of the extracted color valuefound in all cases except a few where blue and green are
for a person walking through the scene. mixed up as illustrated in Figure 9.
The purpose of the first test case is to analyze the ability
to annotate different colors. Furthermore, the transforma-6.3 Size: Height
tion from HSV to the 11 color terms is tested. 33 input
images are manually segmented, so only the person and a \we recorded a video with four people moving in differ-
white background is present. Four people agreed on thegnt directions and at different speeds within the scene to test
color terms yielding ground truth. See examples in Figure the height estimate. The results are shown in Table 1. A to-
9. The first row is the ground truth for the upper body, while ta] of 17 tracks or height estimates are performed and the
the second row is the annotated color terms. number of frames available for the height estimation is be-
All shirts are annotated correctly, except for the tween 33 and 90 (2-6 seconds). The table shows the statis-
turquoise-green t-shirt (#6), which is annotated as blue. Thetjcs of each person. Despite the segmentation issues and the

reason for wrong assignment is that the HSV value lies in merging of two tracks, the poorest height estimate is only
between the green and blue color term, where the border is3.4 cm from the actual height.

sharply defined, despite it being rather fuzzy in reality. This
problem also exist when humans determine a color and ag 4 Behavior: Head Direction

6.1 Segmentation of Humans

3The false acceptance rate is defined as the number of background pix- o
els falsely accepted as foreground pixels, divided by the total number of ~ Two types of tests are conducted, a quantitative and a
manually annotated background pixels. qualitative test.

4 o . - . o ) ] ]
The f_alse reje_ct_lon rate is defined as the number of foreground pixels In the quantitative test elght test subjects are instructed
falsely rejected, divided by the total number of manually annotated fore-

ground pixels. to put their heads in one of the five head positions for a
5For more results on the figure-ground segmentation please refer to [3]. certain period of time by standing still and looking at certain



#5 #7 #8 #9 #10 #11
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True: blue blue brown Dblue red green yellow white yellow  gray brown
Annotated: blue blue brown blue red blue yellow  white yellow gray brown

Figure 9. 9 test images. The first row of color terms is ground truth. The second row is the output
from the system.

Person 1| Person 2| Person 3| Person 4 Sub. | RO®® | R4A%° 0° L45° | L90O°
# tracks 4 7 2 4 1 100% | 4.9% | 75.8% | 0% | 100%
Height | 182.0cm| 192.0cm| 170.0cm| 186.0 cm 2 48.2% | 100% | 100% | 90.1% | 100%
Mean 181.4cm| 191.5cm| 171.9cm| 186.0 cm 3 100% | 100% | 100% | 0% | 100%
Std.dev. | 1.9cm 1.9cm 2.2cm 0.5cm 4 95.8% | 45.6% | 86.3% | 75.3% | 100%
Min 179.7 cm| 189.4cm| 170.3cm| 185.7 cm 5 20.8% | 88.3% | 100% | 100% | 100%
Max 184.0cm| 193.7cm| 173.4cm| 186.7 cm 6 0% | 97.6% | 100% | 100% | 0%
7 100% | 86.3% | 100% | 100% | 100%
Table 1. The result of estimating the height 8 100% | 88.1% | 100% | 100% | 100%
for four people. # tracks _I|sts the number Total correct classifications: 80.1%
of tracks for each person in the recording. Classifications i ad ol 5919 99
Height is the actual height of the person. assimcations In adjacent ¢ ass(e5)19.9%
Classifications in other classes: 0.0%

Table 2. The result of estimating head direc-
tion for the test subjects.

markers mounted in the room. Two samples per class per
subject is used to train a classifier which is tested on more
than 2000 frames.

The results are shown in Table 2. The table shows themeters enough head pixels ((0x15) are available for clas-
percentage of correctly classified frames for a specific classsification. The results depend on the distance to the camera.
and test subject along with the total correct classifications. When the subjects are more than 4.5 meters away 49.0% is
The system yields a classification rate of 80.1%. Of the correctly classified. 75.4% was correctly classified for sub-
19.9% misclassifications all were classified within the ad- jects closer than 4.5 meters. The total correct classification
jacent class(es), which i545° of the correct class. If the  for the entire walking distance is 62.2%. By merging the
five classes are merged into three classes (Right, Front andive classes into three classes (Right, Front and Left) the far
Left) the result is a 98.5% correct classification rate. The distance, close distance and total correct classification be-
results vary between the test subjects. The poorest claseomes 72.5%, 92.4% and 82.5%, respectively.
sification is for test subject 1 who has hair that sticks up.  In real-life applications a frame-by-frame head direction
The hair moves the subimages to an undesired area causinig not always desirable and annotation of general tendencies
more misclassifications. Test subject 5 and 6 are the samén the form of a textual output rather than frame-by-frame
person without glasses and with glasses, respectively. Withoutput is more feasible, e.g., registration of how many cus-
glasses it is harder to classify Left 9Qcorrectly and itis ~ tomers are looking at a certain display window. In such
misclassified as Left 45. In the qualitative test 40 video applications, a coarse time location of a change in head po-
sequences (7000+ frames) are used. In each sequence a testion is sufficient. The filtered output from the head direc-
person walks towards the camera and changes his/her postion classification have stable periods where the same class
tion in a supervised manner. When the subject is within 9 is outputted for several frames. If we define a stable period
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Figure 10. Head direction. Blue: Estimate. Green: Ground truth. Yellow: Stable period.

to be at least one second we can create a textual output. For

the left graph in Figure 10, the textual outpuf Fame 119-
175 looking Right 99, Frame 191-270 looking Left 45}

(4]

using the stable periods and is depicted graphically in the
figure by yellow line§. Besides the inaccurate location of

the transition in head direction, the textual output is correct.

A problematic issue is shown in Figure 10 (right). In
this case, an extra head direction is listed in the textual out-

put. However, it is typically a head direction within 45f

(5]

(6]

the correct direction and occurs when the subject is located
farthest away from the camera or during head direction tran-
sition. Hence in the context of for example determining if

a customer is looking at the stores on his left or right, the

proposed head direction provides a reliable result.

7. Conclusions

The paper has presented annotation of persons passing a[

(7]

(8]

surveillance camera in terms of primary color of upper and
lower body part, the height of the person, and head direction
to estimate attention. The annotations are incorporated into[10]

a system based on a robust segmentation of individuals.

One limitation of the system is its lack of occlusion han-

dling. For dense areas this will reduce the number of per-
sons that are actual annotated and a more advanced segme

o

tation is required to handle such situation, see [9] for exam-
ples. In future work an active camera will be controlled
by the segmentation to zoom in on the face for obtaining a [12]
quality picture to store along with the other annotations or

for further processing, e.qg., ID or facial expression recogni-

tion.
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