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METHOD AND SYSTEM FOR OBJECT DETECTION AND

TRACKING

FIELD OF INVENTION

The invention relates broadly to a method and system for object detection

and tracking, particularly human objects, and to a data storage medium having

stored thereon computer code means for instructing a computer system to execute a

method of object detection and tracking.

BACKGROUND

A social service robot has to be able to interact with human beings around in a

natural and friendly manner. One of the essential functionalities for such natural human

robot interaction (HRI) is the ability to perceive human beings around, or to detect

human objects around and track each individual in its view. With such ability, the service

robot can identify and approach the person requiring service, interact with the person at

a comfortable distance, and move together with the person in a natural environment. In

the existing applications of service robots, such as delivering hospital meals, mowing

lawns, or vacuuming floors, the HRI is traditionally minimal where people are more often

treated as obstacles to be navigated around rather than as social beings with which to

cooperate.

Many social service robot projects and commercial applications are emerging

where the ability to interact with people is an important part for service and

entertainment. To achieve efficiency, most existing systems employ a one-dimensional

(1D) laser range sensor and simple image models of humans (e.g. skin colour

distribution, face detection, and motion detection) to find the person in front of the robot.

The advantages of existing methods are efficiency and ease of implementation.

However, the employed models, e.g. the face, skin colour, and head-shoulder contour,

focus on a part of human body, e.g. the head. Hence, they are not robust in real world



situations. For example, the Adaptive Boosting (AdaBoost) face detector, which is

available in Open Source Computer Vision (OpenCV) library and employed in many

systems, performs well to detect the front view of faces of certain sizes, but is sensitive

to head pose, view angle, scale variation, and lighting conditions. The skin colour

models are also sensitive to lighting conditions and certain background objects, e.g. the

wooden objects. Furthermore, they are not suitable for detecting multiple humans over a

large range of distances around the robot and track them through complex motion

modes and occlusions.

Since human bodies are non-rigid and articulated objects, other conventional

methods of human detection and tracking are based on motion detection, especially

background subtraction. Such methods are efficient and have no assumptions on human

poses and view angles. However, they are not applicable to mobile robots since in this

case the background keeps changing when the robot is moving. Detecting human

objects in a single image according to visual features is therefore a very difficult problem

due to the variations of human appearances and cluttered backgrounds.

In other prior art approaches, high-performance detectors, e.g. Histogram of

Oriented Gradients (HOG) detector and Adaboost detector, have been developed based

on advanced machine learning techniques. In HOG-based detection, the HOG from a

detection window is employed as a feature vector to describe the local-global visual

features of a human appearance. A Support Vector Machine (SVM) classifier is trained

from manually collected samples for human detection. For AdaBoost detector, the Haar

wavelet-like features are employed to represent the local-global features of a human

appearance. The recognition engine is a cascade of weak classifiers obtained using

AdaBoost learning from manually collected samples. To detect standing and walking

persons of different sizes in an image, multi-scale detection windows have to be applied

to scan the image. Hence, computational cost is very high. In addition, while the false

positive rate is low, these methods may still generate about 2 false positives every

image at the detection rate between 80% and 90% and may also generate multiple

detections around a true human object.

With the availability of low price commercial stereo cameras, stereo-based

human detection has also become an alternative approach since the method can take



the advantage of depth information. Most existing methods are based on bottom-up

segmentation of human bodies from disparity image for human recognition. Since the

disparity data is incomplete and inaccurate, such methods are not reliable to extract

humans at various distances to the camera and segment human individuals in a group.

In a different approach, a top-down method to detect human objects at various distances

to the camera from a disparity image based on a scale-adaptive filtering technique has

also been disclosed. The top-down model-driven method is robust to the incomplete and

inaccurate disparity data, but the computational cost is still high.

For tracking, in existing approaches for visual human object tracking through

image sequence, three components are commonly included in the tracking process, i.e.

target representation, motion prediction, and object matching. Investigated visual models

include blobs of homogeneous intensities, feature points, contours, templates, colour

histograms, and joint colour-spatial distributions of the object regions. The frequently

used motion predictors are Kalman filter, particle filter, and mean-shift tracker. The

likelihood of observation is evaluated from the matching of the target model with the

visual model from new position in the current image frame. Considering the trade-off

between accuracy and efficiency, the colour-based mean-shift tracking algorithms have

been widely used in various applications.

One sequential method for tracking multiple objects through occlusions for video

surveillance has been disclosed in PCT/SG2007/000206, the contents of which are

hereby incorporated. In the method, a Dominant Colour Histogram (DCH) is proposed as

object model. Using DCH, the depth order of objects in a group is first estimated and the

objects are then tracked in sequence from the closest to the farthest employing the

DCH-based mean-shift and exclusion. In addition, a background subtraction is also

applied to extract the foreground objects and filter out the cluttered background.

In existing approaches disclosed thus far, human object detection and tracking

are treated separately due to the high computational cost, that is, a target object is first

detected by a method (e.g. motion segmentation) and then tracked according to its

colour features. Some methods have been proposed to integrate detection output in the

tracking process in each frame. For example, in one method, the AdaBoost human

detection and colour-histogram based tracking are integrated under a particle filter



framework, and in another method, edgelet-based human detection and colour-based

mean-shift tracking are integrated for human detection and tracking. However, in

general, the visual tracker would often lose the target due to e.g. cluttered background,

irregular motion, and complex occlusion. Furthermore, there are at least two major

difficulties with such integration. Firstly, human detection methods require large

computational resources. Secondly, the results of one method may not coincide with

those of another due to e.g. false positives, missed detections, shifted position and

inappropriate scales, etc.

A need therefore exists to provide a method and system for human object

detection and tracking that seek to address at least one of the above problems

SUMMARY

In accordance with a first aspect of the present invention there is provided a

method for object detection and tracking in a stereo image sequence, the method

comprising two or more steps of a group consisting of:

a) locating position of the object in a frame based on a stereo-based

detection;

b) locating position of the object in the frame based on an image-

based detection;

c) estimating position of the object in the frame based on a colour-

based tracking;

d) estimating position of the object in the frame based on motion

history of the object in a preceding frame;

further comprising e) detecting all possible candidate tracked objects in the

frame from the two or more of steps a) to d); and f) calculating an expected new

position of each tracked object in the frame based on a weighted average of the

candidate tracked objects in a Maximum A Posterior (MAP) framework.

The candidate tracked objects may be weighted based on respective

association values for each of the candidate tracked objects with a true new position

of the tracked object in the MAP framework.



The method may be applied to tracking of multiple objects, and each of the

tracked objects is assigned a priority, and wherein a tracking order is from the

highest priority to the lowest priority.

The priority may be calculated based on a depth distance of the object in the

stereo frame.

The priority may be calculated further based on a proportion of the object that

is occluded in the image.

The priority may be calculated further based on a probability of observing the

object from a proportion that is visible in the image.

The priority may be calculated further based on maximum association values

of the candidate objects.

Step a) may comprise locating peaks in disparity information that are

substantially close to a dimension of the object.

Step a) may further comprise segmenting the peaks into regions based on

the Maximum A Posterior (MAP) framework.

The segmenting step may comprise using IPL functions.

Step b) may comprise using Histogram of Oriented Gradient (HOG)

descriptors for distinguishing an appearance of the object.

The appearance may be selected from a group consisting of an upper body

of the object, a 2/3 body of the object and a full body of the object.

An algorithm for step b) may comprise starting at a smallest depth distance in

the stereo frame; applying detection windows for locating possible objects; and

repeating the above step at the next depth distance.



Step b) may further comprise using disparity information obtained from step

a) for finding a detection window having the highest probability of containing the

object.

Step c) may comprise generating a Dominant Colour Histogram based on

disparity information obtained from step a).

Step d) may comprise calculating a probability of the object being occluded

by at least one different object having a smaller depth distance in the stereo frame.

The position of the object in the frame may be estimated when the probability

of being occluded exceeds a selected value.

The method may further comprise updating positions of all objects in the

frame after all objects have been tracked.

In accordance with a second aspect of the present invention there is provided

a system for object detection and tracking in a stereo image sequence, the system

comprising two or more of a group consisting of:

a) means for locating position of the object in a frame based on a

stereo-based detection;

b) means for locating position of the object in the frame based on an

image-based detection;

c) means for estimating position of the object in the frame based on a

colour-based tracking;

d) means for estimating position of the object in the frame based on

motion history of the object in a preceding frame;

further comprising e) means for detecting all possible candidate tracked

objects in the frame from the two or more of means a) to d); and f) means for

calculating an expected new position of each tracked object in the frame based on a

weighted average of the candidate tracked objects in an Maximum A Posterior

(MAP) framework.



In accordance with a third aspect of the present invention there is provided a

computer storage medium having stored thereon computer code means for

instructing a computer system to execute a method of object detection and tracking

in stereo image sequence, the method comprising two or more steps of a group

consisting of:

a) locating position of the object in a frame based on a stereo-based

detection;

b) locating position of the object in the frame based on an image-

based detection;

c) estimating position of the object in the frame based on a colour-

based tracking;

d) estimating position of the object in the frame based on motion

history of the object in a preceding frame;

further comprising e) detecting all possible candidate tracked objects in the

frame from the two or more of steps a) to d); and f) calculating an expected new

position of each tracked object in the frame based on a weighted average of the

candidate tracked objects in a Maximum A Posterior (MAP) framework.

BRIEF DESCRIPTION OF THE DRAWINGS

Figure 1 is a flow chart illustrating a method for object detection and tracking

in a stereo image frame according to an example embodiment.

Figure 2 is a graph showing a relationship between K1 and disparity value.

Figures 3a-3c show comparisons of the stereo-based object detection results

based on the approach as described in the example embodiment and a conventional

approach.

Figures 4a-4c show illustrations of the half-body, 2/3 body and full body

models of human appearance respectively according to an example embodiment.



Figure 5 shows an illustration of an object size in relation to the detection

window at various depth distances according to an example embodiment.

Figures 6a-6b show bounding boxes and core ellipses of head and torso of a

human object on colour and disparity images respectively according to an example

embodiment.

Figures 7a-7c show plan views of two objects on a ground plane in example

events of no occlusion, partial occlusion and full occlusion respectively according to

an example embodiment.

Figures 8a-8f show a series of images illustrating separate results of the

detection and estimation models and the final result according to the method of

Figure 1 in an example embodiment.

Figure 9 shows a schematic diagram of a computer system for executing a

method according to an example embodiment.

Figure 10 shows an implementation of a system for object detection and

tracking according to and example embodiment.

Figure 11 is a flow chart illustrating a method for object detection and tracking

in a stereo image frame according to an example embodiment.

DETAILED DESCRIPTION

The example embodiment provides a novel method of object detection and

tracking in a stereo image frame captured by a stereo camera. As will be

appreciated by a person skilled in the art, in the conventional approaches, outputs of

object detection models and estimation models may not coincide with one another

due to various factors such as false detection, missed detection, cluttered scenes,

irregular motion of the object, and partial or full occlusion. Hence, in such cases,

one-to-one assignment of a detected object to a tracked object may be inaccurate.



In the example embodiment, a MultiModel Joint Association (MMJA) approach is

applied to combine results of different detection and estimation models.

Figure 1 shows a flow chart 100 illustrating a method for object detection and

tracking in a stereo image frame according to an example embodiment. At step 102,

position of the object in the frame is located based on a stereo-based detection. At

step 104, position of the object in the frame is located based on an image-based

detection. At step 106, position of the object in the frame is estimated based on a

colour-based tracking. At step 108, position of the object in the frame is estimated

based on motion history of the object in preceding frames. At step 110, all possible

candidate tracked objects in the frame from the two or more of steps 102 to 108 are

detected. At step 112, an expected new position of the object in the frame is

calculated based on a weighted average of the candidate tracked objects in a

Maximum A Posterior (MAP) framework.

In the description that follows, the method is first described with respect to

obtaining results in respective steps 102 to 108 based on different detection and

estimation models, before the application of the MMJA approach in steps 110 and

112. The example embodiment described relates to the detection and tracking of

human objects, or "persons", which are substantially complex. However, it should be

understood that the method can be applied to other types of objects, for example,

vehicles.

Some portions of the description which follows are explicitly or implicitly

presented in terms of algorithms and functional or symbolic representations of

operations on data within a computer memory. These algorithmic descriptions and

functional or symbolic representations are the means used by those skilled in thejdata

processing arts to convey most effectively the substance of their work to others skilled in

the art. An algorithm is here, and generally, conceived to be a self-consistent sequence

of steps leading to a desired result. The steps are those requiring physical manipulations

of physical quantities, such as electrical, magnetic or optical signals capable of being

stored, transferred, combined, compared, and otherwise manipulated.



Unless specifically stated otherwise, and as apparent from the following, it will be

appreciated that throughout the present specification, discussions utilizing terms such as

"processing", "estimating", "calculating", "determining", "assigning", "generating",

"computing", "locating", or the like, refer to the action and processes of a computer

system, or similar electronic device, that manipulates and transforms data represented

as physical quantities within the computer system into other data similarly represented

as physical quantities within the computer system or other information storage,

transmission or display devices.

The present specification also discloses apparatus for performing the operations

of the methods. Such apparatus may be specially constructed for the required purposes,

or may comprise a general purpose computer or other device selectively activated or

reconfigured by a computer program stored in the computer. The algorithms and

displays presented herein are not inherently related to any particular computer or other

apparatus. Various general purpose machines may be used with programs in

accordance with the teachings herein. Alternatively, the construction of more specialized

apparatus to perform the required method steps may be appropriate. The structure of a

conventional general purpose computer will appear from the description below.

In addition, Jhe present specification also implicitly discloses a computer

program, in that it would be apparent to the person skilled in the art that the individual

steps of the method described herein may be put into effect by computer code. The

computer program is not intended to be limited to any particular programming language

and implementation thereof. It will be appreciated that a variety of programming

languages and coding thereof may be used to implement the teachings of the disclosure

contained herein. Moreover, the computer program is not intended to be limited to any

particular control flow. There are many other variants of the computer program, which

can use different control flows without departing from the spirit or scope of the invention.

Furthermore, one or more of the steps of the computer program may be

performed in parallel rather than sequentially. Such a computer program may be stored

on any computer readable medium. The computer readable medium may include

storage devices such as magnetic or optical disks, memory chips, or other storage

devices suitable for interfacing with a general purpose computer. The computer readable



medium may also include a hard-wired medium such as exemplified in the Internet

system, or wireless medium such as exemplified in the GSM mobile telephone system.

The computer program when loaded and executed on such a general-purpose computer

effectively results in an apparatus that implements the steps of the preferred method.

The stereo-based object detection step 102 comprises the steps of scale-

adaptive filtering, object segmentation and object verification based on stereo

images from stereo cameras. Scale-adaptive filtering focuses the detection on

significant peaks that are likely to correspond to objects of interest, such as humans,

based on height, width and thickness information of human metrics. Object

segmentation assigns disparity pixels to corresponding regions of the object. Object

verification confirms the detection of the object by comparing edge evidence along

the segmented region with a predetermined template.

In a stereo image, the theoretical relation between a depth distance z and a

disparity value d is expressed as

z = bf I d = K I d (1)

where b is a base-line distance and fis a focal length of the stereo cameras.

In practice, K1 decreases when d decreases, or z increases. One example of the

K1- d curve from a Stereo-on-a-Chip (STOC) stereo camera from VIDERE DESIGN is

shown in Figure 2. In the example embodiment, a linear model is used for the K1 - d

relationship such that

z =K (d)ld with K1 d) =Kd +B (2)

where parameters K and β may be for each camera from an offline calibration. Using

model (2), the depth range of effective human detection can be extended significantly.

Since humans stand on the ground surface, significant evidence of human

objects can be observed from the projection of disparity measures on the ground plane.

In the example embodiment, if d(x, y) is the disparity image of M x N pixels and L

disparity levels, the projection of the stereo data on x - d plane is generated as

h(x,d) = δ(d(x,y),d) , where δ(d(x,y),d) =\ when d(x,y) =d and



δ (d(x,y),d) = 0 otherwise. If a height of the stereo camera is -H6 by triangle

calculation, a height limit y{d) for an object with z = K (d)/d distance to the camera

can be obtained as

y t (d) =y c - (HT - HE) = y c - K2(d) -AH -d (3)

where K2(d) =f IK (d) , yc is a vertical centre of image yc N/2 ) and the

direction of y axis is from top to bottom.

The disparity information for each object can be aggregated by scale-

adaptive filtering

h(x,d) Gd * h(x,d) (4)

where * denotes the convolution and Gd{-,-) is the adaptive two directional (2D) kernel

functions. The subscript d indicates that the scale of the kernel is determined based on

the depth information. Assuming that, at a given depth distance to the camera, the

variations of the spatial and depth measures are independent, the scale-adaptive filter is

chosen as

Gd ((uu,,vv)) == ee Λd ) σΛd ) = GσΛd) (u)-G σΛ d ) (y) (5)

where σx(d) and σd(d) are adaptive scale parameters of the filter for both spatial (x) and

depth (d) measures. Substituting (5) into (4), the adaptively filtered image can be

expressed as

h(x,d) = G σΛ d ) * GσΛ d ) *h(x,d) (6)

Equation (6) indicates that the 2D convolution in (4) can be decomposed as two

cascade one-directional ( 1D) convolutions. Considering the non-linear relation between

z and d, a non-symmetry Gaussian like kernel is designed as

where σd + (d) = Cd (d + -d) and σd {d) = Cd {d-d_) with

d ± = K l (d)d/(K 1(d) + D bd/2) and C d = ^-ln(0.5)) 1 , where Db is a n average of



human body thickness, for example. In the example embodiment, the scale

parameter for the adaptive spatial filter is σ d (d) = 0.25Cdwb(d) with

wb(d) = K2{d)Wbd , where Wb is the average width of human bodies. In h(x, d) , human

evidence has been enhanced as significant, smooth and separated peaks.

In the segmentation step, a Maximum A Posterior (MAP) framework is

applied in the example embodiment for robust segmentation from e.g. incomplete

and uncertain depth measures. Potential objects such as humans in the view are

located by searching significant peaks in the 2D histogram h(x,d) from the closest

to the furthest depth distance relative to the stereo camera. A Gaussian model is

used to characterize a distribution of a data cloud for each human object, wherein a

Gaussian distribution (m,, ∑,) can be obtained from the data h(x, d) within a

bounding box R, for the i object, where m , is the mean vector and Σ, is the

covariance matrix. Further, in segmentation, a pixel d(x,y) in the disparity image with

feature vector \ = (x,y,d(x,y)) is assigned to a human region according to a MAP

probability. Let c, = (χ,,d ) be the position of the i significant peak, then the cloud

of disparity data for the i person will be within an envelope or bounding box

R1= [x_,d_,x+,d+]\n the x-d plane (i.e. maximum extents of the object in 2D) where

= jc, + (</,)/ 2 and d = ' ' . The point assignment based on MAP
Kl(d )±d Db/2

probability can be expressed as

(x,y,d(x,y)) - >/v = argmaxP,(v)& (V) > T1 (8)

where

(V) (v- m )E;-I(v-m )r ) (9)

Furthermore, in the example embodiment, when a significant peak in h(x,d)

is located, the core part of the human object in the 2D histogram h(x,d) is suppressed.

An example algorithm for suppression is as follows: for a point v = (x, d) in the x-d plane,



if P1 > 2T1, set h(x,d) = 0 , where T1 is the threshold for the probability of the pixel

belonging to the human body.

A template of a contour distinctive to the object of interest may be used for

object verification. For example, a deformable head-shoulder template to distinguish

humans from non-human objects is used in the example embodiment. The head-

shoulder template may be generated manully using actual front view human images

from a database and may comprise a number of control points, e.g. 12 control points

, = (X1, y,) where i = 1, ..., 12.

A belt along the boundary of the human region segmented from the disparity

image is generated. Edges in the colour image within this belt are extracted as E(x, y)

which represent the potential coincident edges along the body boundary. Before

matching the template to E(x,y), the control points are adjusted to the corresponding

positions along the upper part of the segmented region from disparity image. The

deformed template of scale γ for the k region is represented by a point sequence

T = { ' . ,' ' } with n points, where two example scales γ = 1 and 1.2 are used to deal

with the scale variation of persons. For Tζ , the support from the evidence is computed

from the vertical position ys = yt - 0.2wb(dκ) to ye = yt + 0.2W (CI ) . The likelihood of the

upper part of the / 1detected human region to be a head-shoulder contour is evaluated

as

PH
k
S = + . + J d<>)

where xc is the body center in x dimension. If P 3 > Tm (e.g. 0.5), the object is identified

as a human object.

Figures 3a-3c show comparisons of the stereo-based object detection results

based on the approach as described above and a conventional approach. Pictures

302, 312 and 322 show colour images of example settings and 304, 314 and 324

are the corresponding disparity images. As shown in 306, 316 and 326, the

conventional approach either fails to detect the object of interest (i.e. one or more



humans in the example settings) or produces multiple detections around a single

object, as shown in 316. On the other hand, the stereo-based detection according to

the example embodiment accurately detects the objects as shown in 308, 318 and

328.

In step 104 (Figure 1), Histogram of Oriented Gradients (HOG) descriptors

are used to detect object shapes such as human figures in cluttered backgrounds or

under various illuminations. A HOG descriptor combines the local intensity gradients or

edge directions to characterize the visual structure features. A Support Vector Machine

(SVM) classifier is usually trained based on the HOG descriptors for human detection.

Additionally, the object shapes as captured by the camera may partially or

completely correspond to the full shapes depending on the depth distance of the object

from the camera. For example, when a human object is very close to the camera, only

the head and upper torso are in the view of the camera, but when a person is far away

from the camera, the full body is in the image. In the example embodiment, the image-

based detection is based on three models of human appearances in the image, i.e. the

upper body, 2/3 body, and full body models as shown in Figures 4a-4c respectively.

The upper body model shown in Figure 4a is used to detect human objects which

are very close to the camera. In this case, only the head and upper torso are in the view

of the camera. A detection window of 6x6 cells is assigned to cover the human figure

and sufficient margin on the three sides except the lower side. The 2/3 body (Figure 4b)

model is used to detect persons at a moderate distance to the camera, and the

corresponding detection window comprises 9x6 cells which cover sufficient margin on

the three sides except the bottom. In this case, the lower legs are out of the camera

view. Similarly, for the full body model (Figure 4c) for persons far away from the camera,

a 12x6 cell detection window, which covers sufficient margin around the four sides, is

used. The cell size or the scale of the detection window is determined according to the

scale of the expected person to be detected.

The HOG descriptor is generated from distributions of edge directions in each

cell. In a detection window, each group of 2 x 2 cells forms a block. The blocks overlap

each other in a sliding fashion, so a detection window of K x L cells contains (K- 1) x (L -



1) blocks. The local texture feature in each cell is represented by a Histogram of

Oriented Gradients (HOG) where the orientations of gradients from -90° to +90° are

quantified into 9 bins. Thus, each block contains a combined 36-bin histogram from all of

its cells. The histogram of each block is normalized in a L2 - norm or L2 - Hys scheme.

The histograms of the blocks in a detection window are joined to form the HOG

descriptor of (K - 1) x (L - 1) x 36 bins for the window. Multi-scale detection can be

performed by varying the size of cells for the detection window.

Furthermore, in the example embodiment, an algorithm is applied to

significantly reduce the number of detection windows necessary to detect all

potential human objects, thereby reducing the amount of computation required. The

detection is carried out from the smallest depth distance to the furthest. Let Zmιn be

the closest distance of a person that could be detected in the image. From the linear

model (2), the disparity value for Zmιn is dm = B/(Zmιn - K). The body width in the image

can be computed as W (On = K2(dm) Wbdm. Set k = 0 , dk = dm, and wb = wb d k ) , the

HOG-based human detection is performed iteratively as follows:

(a) Detect potential persons with the same depth distance from the camera. From

wk , the width of the detection window can be set, for example, wd = 1.8w>* and the cell

size wc = w</ 6 correspondingly as all 3 models have 6 cells horizontally. The top position

for a person of average height can be obtained as yt from (3). One HOG-model is

selected according to the height of visible human body in the image, i.e. \yb - yt\ where yb

is the bottom of the image. Human detection is performed from the horizontal centre

position xc = M/2 to both sides of the image. The horizontal shift of detection window is

set e.g. as one third of the body width (wb
k / 3 ) so as to be dense enough to detect all the

possible humans in the image. To adapt to the variation of human heights, at each x

position, the top of detection window is placed at three positions, i.e. yt - wc, yt, and yt +

wc. The maximum response from the three detections is marked as the detection

position.

(b) Move to the next depth distance. Set wb
k+ = γwb

k with γ < 1 (for example, γ =

0.7 in the example embodiment), humans close to the km depth distance can be

detected as the body width in the image decreases with increasing depth distance. From



the linear model (2), the depth measure for the person of width being wb
k+l can be

obtained as dk+l = (Bwb
k+ )/(β Vb - Kwb

k+l ) . If d
k+1

> d
min

, set k =k + 1 and go to step (a).

As shown in Figure 5, from the above algorithm human objects are in layers with

increasing depth distances to the camera. It generates sparse detection windows, and

the closer the depth distance for the potential persons, the fewer the detection windows

required since the pictures of close persons are large in the image. For example, the

size of a detected person 502 may be about one third of image 510, but in images 520

and 530, it is substantially smaller. In the k step of iteration which detects persons close

to the k depth layer, the number of detection windows can be computed as

nw
k = (9W,)/wk , where W, is the width of the image and wb

k = , since the

W
horizontal positions are ; - and 3 vertical positions are used at each horizontal

ό / 3

position to adapt to variation in human heights. Let be the width for the persons

around the closest depth layer and w be the width of persons around the furthest

depth layer, the number of iterations can be calculated as K - I + b— -and the
log/

number of total detection windows is nw = i=1

In the example embodiment, with = 180 pixels, wb = 24 pixels and the image

size is 320x240 pixels, the maximum number of detection windows used is 287, as

compared with over 200,000 by using conventional approaches. The number of

detection windows can be further reduced, for example, by setting a furthest distance for

reliable detection at 6m, about 119 to 188 detection windows are sufficient to detects all

possible human objects. Furthermore, the efficiency can also be improved by exploiting

the disparity image. For a detection window for the kth depth distance, if no disparity

evidence between
- 1

and dk+i from the detection window, there is no need to apply

HOG-based human detection on the window.

To further speed up the HOG-based human object detection, suitable scales may

be applied. For example, if wb
k is larger than 88 pixels, HOG-based human detection is



performed at the image of 1/4 size of the original image, if is larger than 44 pixels, it

is performed at 1/2 size image, otherwise, it is performed at the original image. In this

way, the computation for generating the HOG feature vectors for close persons is

reduced substantially.

Additionally, in the example embodiment, the result of step 104 may be

improved by using disparity information obtained from step 102 for finding a best

detection window associated with a detected object, thereby minimising or

eliminating multiple detections due to overlapping detection windows. For example, if

an object is detected in a detection window W of the k 1 depth distance k. The

average depth measure of the object may be calculated as

where s = (x, y) is an image point, Wp is the core window of with cells along the

margin removed and Np is the number of pixels within the core window Wp such that

the disparity values are within (d
k+1

, dk.i). The probability of the window W being

associated with the object can be defined as

dh - dk1-- if dh ≥ dk

P1 w,h =
d k-\ ~ d k ' (12)

i - A - , - dh <dk
d k - d

whereby the closer the value of dh to dk, the higher the probability of the window

being associated with the object. When the object is detected in multiple detection

windows, only the detection window with the highest probability is retained as result

and the others are suppressed.

In step 106 (Figure 1), the object is tracked based on a colour-based tracking

model disclosed in PCT/SG2007/000206, in which the object in the foreground

region is extracted using background subtraction for generating a Dominant Colour

Histogram (DCH), which is a list of a few most significant colours and their weights

for a region. In the example embodiment, however, the DCH is generated using the

disparity segmentation obtained in step 102 because the background may be

changing.



Figures 6a and 6b show bounding boxes and core ellipses of head and torso

of a human object H on colour and disparity images respectively. From the disparity

information of a human object H detected by stereo-based detection in a previous

frame, the bounding boxes of head Bh and torso B , and the depth range D = [dn, c

may be determined. A DCH of torso or head is generated from two types of pixels, i.e.

those within the bounding box and depth range or those within a core ellipse 602, 604

even though the disparity measures are unavailable. The core ellipses 602, 604 may be

determined from average human metrics in a prior step. By applying the DCH-based

mean-shift tracking method disclosed in PCT/SG2007/000206 on the DCH generated

from disparity segmentation, the new position of the human object in the current frame is

determined.

In step 108 (Figure 1), the position of the object in the current frame is

estimated based on motion history in the preceding frame, particularly in instances

where the person is occluded. Let X-Z plane be the ground plane, where X-direction is

aligned with the image plane and Z-direction is aligned with optical axis of a camera. The

probability of being occluded can be estimated according to the object's position on the

ground plane. Figures 7a-7c show possible events for two human objects HA and HB. In

Figure 7a, human objects HA and HB are completely visible to a camera 730(?). In Figure

7b, human object H is partially occluded by human object HA who is nearer to the

camera 730 (i.e. ZA < ZB) , while in Figure 7c, human object H is completed occluded by

human object HA. Further, let the line between the camera and a person's left side and

right side be /, and lr respectively and the angles of // and lr to the X-axis be α, and ar

respectively. The probability P0 of HB being occluded by HA can be computed as

P (B/ A) =



where P0 = 1 means complete occlusion, 0 < P0 < 1 means partial occlusion and P0 = 0

means no occlusion. Further, if a person is occluded by more than one person, the

persons occluding him are classified into two groups, i.e. on the left and right sides. The

maximum probabilities for both groups are selected and the final probability value is the

sum of the two maximum values.

In the example embodiment, from the value of P0 calculated using Equation (20),

if the person is completely visible (i.e. no occlusion) or slightly occluded, the position in

the current time step is recorded and the velocity vector on the X-Z plane updated such

that if S, = (X n Z1) is the position vector of the person in the current time step, the

speed vector V = {Vx' ,V ) is updated as

V = (1-/?)V +/?(S, -S,_,) (21)

where β is a smooth factor and β = 0.25 in the example embodiment.

If a substantial part of the person is occluded, e.g. P0 > 0.33, reliable

detection and segmentation from visual features in the view might not be available

and the possible position of the person in the scene is predicted, e.g. from the simple

linear model. Let t0 be the time just before substantial occlusion, the current position

of the person is estimated as

S, S,O+('-O)V'° (22)

The steps 102 to 108 (Figure 1) as described above provide separate results

based on the respective detection, tracking and estimation models. In the MMJA

approach, a MAP integration is applied based on the results of steps 102 to 108. For

MAP integration, in the example embodiment, the results of steps 102 to 108 are

standardised such that the results of each step comprises respectively an average

disparity value d, a range of disparities d±, centre positions of head sh and torso st,

bounding boxes of head Bh, torso B and body Bb as inputs to the MMJA model, as

shown in Table 1.

Table 1



A MAP framework is established to combine the results. In the example

embodiment, human candidates (x 1 5—,x ) are available from the human detection

and estimation measurements in steps 102 to 108. may not be the four times of the

true human objects in the view due to possible false detections, missing detections, and

multiple detections from both human detection in steps 102 and 104. The posterior

probability of the / 1 person's position at x l in the image can be expressed as

P(x *
k IX1, ,xR) . Using Bayesian law,

P(xk Ix 1 -,x ) cc P(X 1,-, x R IXl)P(Xl) (23)

since P(X1, ---,X ) can be assumed as a constant. Because the human candidates

(x,,---,x ) are generated by different models from different measurements, it can be

assumed that they are conditionally statistically independent. The joint likelihood

probability can be written as

If x l is the true position of the c 7 person in the image, the posterior probability

reaches a maximum value, i.e. 9P(xI | = 0 . Combining (23) and (24):

dP(x*
k \x ---,xR) P(XI )Π P(X, |XI )

(=1

dx*
k 5x1 (25)



It will be appreciated that, when k" is the true position of the k person, both

P(x*) and P ) are at the maximum points.

From dP(x\ | x , , , x ) / x = 0 , it can be derived that

R
y — i— a ( ,, | )

= 0 (26)
P(x, \x'k) dx k

In the example embodiment, P(x, | x ) follows a Gibbs distribution such that

P(x, I - β- ( ,- : )2
(27)

where Zlk is a constant for normalisation, β lk indicates the association of detection x ,

to the k tracked person, and E
1
(X = 1 - x *

k )2 is the energy term. It can also be

shown that

aP(!J Xl) =2/?, (x, - ;)P(x, |xl) (28)
x

By substituting equation (28) into equation (26), the value of x *
k can be

obtained under the Maximum A Posterior (MAP) framework such that the expected true

position is the weighted average of the detected and estimated positions according to

their associations to the tracked person, i.e.

Y β x

The association value β lk may be between 0 and 1 where a value close to 1

indicates strong association while a value close to 0 indicates a weak association.

Further, a sequential tracking scheme is applied in the example embodiment.

An order for tracking multiple objects in the view is determined according to the

respective depth distances and visible clues from the image. A measure for the priority

of a person in the tracking order at a relevant time step is defined as

Ok = +(l-P/)Pe +As
k +A,k (30)

where Oz
k = 1- Zk / Z

max
defines the priority on the depth distance with respect to the

maximum distance (e.g. Zn x = 6m in the example embodiment), P0 (from equation



(20)) is the proportion of occluded body part, Pc
k (from equation (19)) is the

probability of observing the person from his visible part, and As
k and A) are the

maximum association values to the detected persons from stereo-based and HOG-

based human detection steps respectively. The values in equation (30) are obtained

from the tracking results in the previous time step such that a person who is at a close

distance to the camera, has smaller occluded part and has high probabilities of being

detected in pervious images has a high chance of being tracked reliably from visual

information.

With the priority values O k = 1, ..., Nτ, for the tracked persons, the sequential

tracking is performed individually from the person with maximum priority value to the

person with minimum priority value. In each iteration, three operations are performed:

colour-based tracking, application of MMJA model, and exclusion.

For the k tracked person, the colour-based mean-shift tracking is first performed

as described above and the new position is represented by the parameters shown in

Table 1. The association value /3l can be estimated from a correlation between a

detected position and the position from colour-based tracking such that association

between two positions is estimated from the overlaps on spatial position and depth

dimension.

The spatial correlation of the i person detected by stereo-based human

detection with the k 1tracked person can be defined as

where αs and αd are weights for 2D spatial and depth matches (αs + αd = 1), wh and

w, are the weights for the matches of head and torso parts (wh = and

, with |B| being the area of the box), P and P are the overlapping

rates of head and torso bounding boxes between the detected and tracked persons, and

P is the overlapping rate of disparity ranges. The overlapping rates are defined as



where f | represent intersection and U represents union, Df = [df_,df+] and

Dl = [dl_,dl+J are the depth ranges of the detected and tracked persons. To avoid the

partially and fully occluded person being locked on the detected occluding person, the

association of the detected person with the tracked person is finally defined as

(i - ; Xi - ; , 03)

where 0 is from equation (20) and represents the proportion of occluded body,

Pa'pt = is the accumulated association of the detected person with previously

tracked persons who may occlude the k tracked person and P is the probability of the

heights of the detected and tracked persons being close.

The spatial correlation of the j detected person by image-based detection with

the k 1tracked person is defined as

aj
!
k = asPJb

k +adPoj (34)

and the association value is defined as

(35)

In the example embodiment, if the k tracked person is occluded in the previous

frame, the output of motion prediction is a good estimate of the new position since fewer

visual clues are available in recent frames. The association value of the position

determined by motion estimation with the true new position can be defined as

On the other hand, if strong visual evidence can be observed from the position

located by colour-based tracking, the result of the colour-based tracking is a good

estimate of the new position. The association value of the tracked position with the true



new position is defined as β = ( 1- Po
k )Pk (35b),

where Pc
k can be obtained from equation (19)

The MAP framework can be formulated based on Equations (33), (35), (35a) and

(35b) such that the expected true position can be calculated as

where N and N are the number of stereo-based and image-based

detections of persons in the current image frame, respectively.

Equation (36) is used to calculate the positions of parameters in Table 1, e.g.

head centre (where xk = ), torso centre (xk = s ), average depth position (xk = dk)

and depth range (xk = dk±) , and the 2D sizes of head and torso. The centres of head

and torso may be adjusted if they are separated too far away from each other according

to average human metrics.

Additionally, in the example embodiment, an exclusion step is carried out for

removing the visual feature of the k 1 tracked human object from its new position in the

colour image for preventing the next persons from being trapped in a position of the k

tracked person when an occlusion event happens. The weight image ω(s) is updated

such that if the colour of a pixel within the box of the new position has a high probability

of being from the tracked person, the weight of the pixel is suppressed. Let T
011

be the

DCH from the region within the new bounding box of head or torso, and T H be the

DCH of the head or torso of the k tracked person. For a pixel s e B, ω(s) > 0 and

cs = /(s) , the significance of cs in both T
011

and T H can be obtained as

(c ) 07)



In the example embodiment, the probability of s belonging to the k tracked

object is defined as Aω (s) = τήm(\,ek (ca)/e B(cs)) . The algorithm for updating the

weight image is β>(s) = max{ θ,ø(s) - ∆ fi>(s)}. In addition, once all the objects in the

tracking order have been tracked, their positions in 3D space are updated. For

example, the measurements on the 2D image and disparity information are

transformed as positions on the ground plane. The spatial relations of the objects in

3D space and the probabilities of being occluded are also updated.

Figures 8a - 8f show a series of images of a human object 802 in a scene,

comprising respectively: a colour image of the scene (Figure 8a), a corresponding

disparity image (Figure 8b), a stereo-based human detection and segmentation result

(Figure 8c), a colour image with HOG-based human detection result (Figure 8d), a

colour-based tracking result (Figure 8e), and a colour image of the final expected

position (Figure 8f). As shown in Figure 8c, the stereo-based detection successfully

captures position of the human object 502 and segments the profile into head and torso

bounding boxes. However, the image-based detection (Figure 8d) is not successful as

image is a side view and not a front view of the human object 502, hence none of the

three human appearance models can be matched. In Figure 8e, the colour-based

tracking provides an estimation of the position of the human object 502 in which the

position of head bounding box is offset from the true position. The final expected position

in Figure 8f after applying the MMJA approach is a weighted average of the results in

Figures 8c-8e such that the positions of the bounding boxes are substantially the same

as true positions of the head and torso in the frame.

Some steps of method for object detection and tracking as described above

may be further improved in several ways. In step 102 of the example embodiment,

Intel Image Processing Library (IPL) functions can be used for morphological

operations to speed up the calculations. The computational cost of step 102 can also

be reduced by reducing the size of image for detecting close objects. For example,

the scale-adaptive filtering can be performed on images of half a normal size for

detecting persons with small depth distances (e.g. wb(d) > 50 pixels) and on normal

size images for persons who are further. The amount of computation can also be

reduced by applying the segmentation and verification steps only within the



bounding boxes of the image where detections are more likely, thereby minimising

or avoiding image processing of unrelated positions in the image.

The method and system of the example embodiment can be implemented on

a computer system 900, schematically shown in Figure 9 . It may be implemented as

software, such as a computer program being executed within the computer system

900, and instructing the computer system 900 to conduct the method of the example

embodiment.

The computer system 900 comprises a computer module 902, input modules

such as a keyboard 904 and mouse 906 and a plurality of output devices such as a

display 908, and printer 910.

The computer module 902 is connected to a computer network 912 via a

suitable transceiver device 914, to enable access to e.g. the Internet or other

network systems such as Local Area Network (LAN) or Wide Area Network (WAN).

The computer module 902 in the example includes a processor 918, a

Random Access Memory (RAM) 920 and a Read Only Memory (ROM) 922. The

computer module 902 also includes a number of Input/Output (I/O) interfaces, for

example I/O interface 924 to the display 908, and I/O interface 926 to the keyboard

904.

The components of the computer module 902 typically communicate via an

interconnected bus 928 and in a manner known to the person skilled in the relevant

art.

The application program is typically supplied to the user of the computer

system 900 encoded on a data storage medium such as a CD-ROM or flash

memory carrier and read utilising a corresponding data storage medium drive of a

data storage device 930. The application program is read and controlled in its

execution by the processor 918. Intermediate storage of program data maybe

accomplished using RAM 920.



Figure 10 shows an implementation of a system 1000 for object detection

and tracking according to an example embodiment. The system 1000 comprises a

stereo camera 1002, for example a STOC stereo camera from Videre Design,

coupled to the computer system 900 via a data connection, e.g. a 1394 firewire

connection. The computer system 900 contains computer code means for instructing

the computer system 900 to execute the method of object detection and tracking as

described above. The system 1000 may be coupled to a service robot (not shown) in

an example embodiment such that the results of human detection and tracking are

sent to a main control machine of the robot for making decisions.

Figure 11 shows a flowchart 1100 illustrating a method of object

detection and tracking in a stereo image frame. At step 1102, two or more steps of a

group consisting of locating position of the object in the frame based on a stereo-

based detection; locating position of the object in the frame based on an image-

based detection; estimating position of the object in the frame based on a colour-

based tracking; estimating position of the object in the frame based on motion

history of the object in a preceding frame, are carried out. At step 1104, all possible

candidate tracked objects in the frame from the two or more steps are detected. At

step 1106, an expected new position of the object in the frame is calculated based

on a weighted average of the candidate tracked objects in an Maximum A Posterior

(MAP) framework.

It will be appreciated by a person skilled in the art that numerous variations

and/or modifications may be made to the present invention as shown in the specific

embodiments without departing from the spirit or scope of the invention as broadly

described. The present embodiments are, therefore, to be considered in all respects to

be illustrative and not restrictive.

For example, it will be appreciated that the present invention may be applied to

detection and tracking of objects other than persons, including, but not limited, cars. In

such embodiments, it will be appreciated that the parameters and models described for

use with detection and tracking of persons would be changed or adjusted accordingly

without departing from the spirit or scope of the present invention, including e.g.

adjusting or choosing detection windows of suitable scales for the relevant objects.



CLAIMS

1. A method for object detection and tracking in a stereo image

sequence, the method comprising:

two or more steps of a group consisting of:

a) locating position of the object in a frame based on a stereo-based

detection;

b) locating position of the object in the frame based on an image-

based detection;

c) estimating position of the object in the frame based on a colour-

based tracking;

d) estimating position of the object in the frame based on motion

history of the object in a preceding frame;

further comprising:

e) detecting all possible candidate tracked objects in the frame from the two

or more of steps a) to d); and

f) calculating an expected new position of each tracked object in the frame

based on a weighted average of the candidate tracked objects in a Maximum A

Posterior (MAP) framework.

2. The method as claimed in claim 1, wherein the candidate tracked

objects are weighted based on respective association values for each of the

candidate tracked objects with a true new position of the tracked object in the MAP

framework.

3 . The method as claimed in claims 1 or 2, wherein the method is

applied to tracking of multiple objects, and each of the tracked objects is assigned a

priority, and wherein a tracking order is from the highest priority to the lowest priority.

4. The method as claimed in claim 3, wherein the priority is calculated

based on a depth distance of the object in the stereo frame.

5 . The method as claimed in claims 3 or 4 , wherein the priority is

calculated further based on a proportion of the object that is occluded in the image.



6. The method as claimed in claims 3 to 5 , wherein the priority is

calculated further based on a probability of observing the object from a proportion

that is visible in the image.

7. The method as claimed in claims 2 to 5 , wherein the priority is

calculated further based on maximum association values of the candidate objects.

8 . The method as claimed in any one of the preceding claims, wherein

step a) comprises locating peaks in disparity information that are substantially close

to a dimension of the object.

9. The method as claimed in claim 8 , wherein step a) further comprises

segmenting the peaks into regions based on the Maximum A Posterior (MAP)

framework.

10. The method as claimed in claim 9, wherein the segmenting step

comprises using IPL functions.

11. The method as claimed in any one of the preceding claims, wherein

step b) comprises using Histogram of Oriented Gradient (HOG) descriptors for

distinguishing an appearance of the object.

12. The method as claimed in claim 13, wherein the appearance is

selected from a group consisting of an upper body of the object, a 2/3 body of the

object and a full body of the object.

13. The method as claimed in claims 1 1 or 12, wherein an algorithm for

step b) comprises:

starting at a smallest depth distance in the stereo frame;

applying detection windows for locating possible objects; and

repeating the above step at the next depth distance.



14. The method as claimed in claim 13, wherein step b) further comprises

using disparity information obtained from step a) for finding a detection window

having the highest probability of containing the object.

15. The method as claimed in any one of the preceding claims, wherein

step c) comprises generating a Dominant Colour Histogram based on disparity

information obtained from step a).

16. The method as claimed in any one of the preceding claims, wherein

step d) comprises calculating a probability of the object being occluded by at least

one different object having a smaller depth distance in the stereo frame.

17. The method as claimed in claim 16, wherein the position of the object

in the frame is estimated when the probability of being occluded exceeds a selected

value.

18. The method as claimed in any one of the preceding claims, further

comprising updating positions of all objects in the frame after all objects have been

tracked.

19. A system for object detection and tracking in a stereo image

sequence, the system comprising:

two or more of a group consisting of:

a) means for locating position of the object in a frame based on a

stereo-based detection;

b) means for locating position of the object in the frame based on an

image-based detection;

c) means for estimating position of the object in the frame based on a

colour-based tracking;

d) means for estimating position of the object in the frame based on

motion history of the object in a preceding frame;

further comprising:

e) means for detecting all possible candidate tracked objects in the frame

from the two or more of steps a) to d); and



f) means for calculating an expected new position of each tracked object in

the frame based on a weighted average of the candidate tracked objects in an

Maximum A Posterior (MAP) framework.

20. A computer storage medium having stored thereon computer code

means for instructing a computer system to execute a method of object detection

and tracking in stereo image sequence, the method comprising:

two or more steps of a group consisting of:

a) locating position of the object in a frame based on a stereo-based

detection;

b) locating position of the object in the frame based on an image-

based detection;

c) estimating position of the object in the frame based on a colour-

based tracking;

d) estimating position of the object in the frame based on motion

history of the object in a preceding frame;

further comprising:

e) detecting all possible candidate tracked objects in the frame from the two

or more of steps a) to d); and

f) calculating an expected new position of each tracked object in the frame

based on a weighted average of the candidate tracked objects in a Maximum A

Posterior (MAP) framework.
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