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An image processing system for the real-time object detection ~ Andlysis |

and recognition was designed on the principles of Active Vision "
and Sequential Analysis. The real-world visual tasks can be d

solved due to predictive control of the vision sensor. The

Sequential Analysis allows real-time implementation of the Predictor Object
system on the low cost DSP hardware. The system was < Database
implemented on the DSP TMS320C50 and requires 18-30 ms
for the detection and recognition of the object.

Figure 1 Structure of the recognition system

1. INTRODUCTION
Performance of the designed algorithms is demonstrated on a
Signal processing tasks and especially image processing may bésual recognition system. The structure of the system is
simplified and effectively implemented in real systems using presented in Figure 1.
active control of the processing algorithm. In image processing
such fields as attention control or purposive vision deal with 2. RECOGNITION PROCESS
optimal organization of processing methods in order to achieve .
the best performance under constraints of processing time o2.1 Feature Analysis
system costs.

. . . ) Assume X0,a) is the feature vector describing the image under
The processing time is closely connected with robustness ofypcaration condition® and camera parameters. Object
processing methods. Th(_e rpbust performance_of signal_ processingemplate %(80,0) generated under optimal observation
systems depends on variation of the observation conditions in th%onditions 9 lis contained in the obiect database. The
real world. Such variations may be partly neglected through 0 ! )

special compensators and invariant transformations, or by mean%ﬁ?p%gentzeOf d)étggzgrlt\)/(;itahehist?tlor;gtr));gﬁi?turue: dg]; tgi?'feor?rid
of sensor adaptation. Yy gh p y

observation conditions.
Active Vision can be defined as control of all parameters of the The matching procedure is based on the calculation of metric

vision sensor [1]. The control allows to achieve much better L X o
performance of the whole image processing system due toL(X’XO) and estimation of the current observation conditiéns

extension of dynamical ranges, increase of resolution and_The \_/arlatlor;]s oehmlusébe co_mp;ensatedfas f?f.as LGXiX not
compensation of internal noises. The simple pan-tilt movement'nvanant to the whole dynamical range of variations.

of the camera allows to observe objects plac_eld outside of therhe muitidimensional vectod represents different observation

camera angle, or using local brightness control it's possible to segongitions such as brightness, relative object position, rotation,
the objects with highly different luminance simultaneously. scale, velocity of the movement. Some of the components can be
Camera control means the change of internal electrical estimated direct_ly frc_>m X, others need a_searph procedure to find
parameters or movement of lenses. The time span required fofhe moment estimation. The local combinatorial search was used

such changes depends on the electromechanical performance 81 the system with the initial estimation 8fgenerated by the
the camera. Movement of the camera from one position toPredictor.

another or changing the shutter may take some seconds. Thighe gecision about the object appearance in the field of view of
time increases the whole processing time and may not be directlyha camera may be defined as:

compensated by using of a faster processor.

. . L . 1. Objectis present, if L(X,y<B
An optimal parallel implementation is possible only on a real ) P X9

parallel hardware. The parallel hardware is more expensive thar?2. Object is not present, if L(Xg=B

modern DSP or embedded PC systems and price/performance

ratio does not allow it's application in most industrial systems. So02.2 Sequential Analysis

we choose the standard sequential processors as core of the

image processing system and focus on optimal organization ofEach component of vector X is measured by a physical sensor
the algorithms. independently from the other components and costs processing



time 5. In order to minimize the whole processing time the
sequential analysis is used.

The sequential algorithm of the object detection in the camera
field of view consists of the measurement of the i-th component

of X and the calculation of metrici(X,Xq) between object

template X% and current observation. Due to theory of sequentia
analysis [2][3] after each estimation one of three decisions ma

be taken:

1. objectis present, ifilX, X g)<B;

2. other components must be estimated, EX,Xg)<A;
3. objectis not present, ifilX,Xg)2A,.

The probability of the error of the first kind can be significantly
decreased through the compensation of variatiorf.ofThe

.Sinvariant properties of metric L have the optimal value in the
predefined range arourtly. Extension of this range needs either

increase of computational complexity of the metric or increase of

| the search time for estimation of curréntAt the same time the

ydynamical range of a real CCD-sensor is much smaller as
required for the real-world application. In order to minimize the
processing time and to extend the applicability of the system the
Active Vision approach is used for control of camera parameters
and compensation of variation of observation conditions.

The estimation of optimal settings of parameteraises the
prediction of the current observation conditions, knowledge of

Every decision is based on Comparison of decision metrictranSfer function of the camera and expectation of the SNR.

Li(X,X0) with two thresholds Aand B, which depend on the
noise of the sensor and the object itself. Thardl B values can
be estimated from the training set and define the bound in
space P(Li). The dynamical range of this space changes, as
as maximal number of X components or sample size depends
the object and variation 6f

A recurrent RBF neural net is used in this design for dynami
estimation of Aand B. The input of the net is vectorp@nd the

outputs are the estimations of #hd B. The net was trained to
minimize the probability of the error of the first kind under fixe:
probability of the error of the second kind. The probabilities we
estimated during the training process on an independent test s

A significant acceleration in processing time is achieved due
adaptive choice of the X components depending on observai
conditionsf.

Metric Li(X,X,) and thresholds generate the trajectories in the :
space P(li) (Figure 2). The derivatiodL/0X; is defined as
informative importance of the i-th component of X. Dependir
on prior assumption about the probability of the object's presel
in the field of view, the order of estimations is changed accordi
to the ascend or descent of:

|

5
oX,

E(.) - expectation value,

Hy - assumption (k=0,1) about the object's
presence in the field of view.

where

- norm of derivation in P(1)

Additional acceleration is achieved with the help of the
sequential search method [4] for the calculation;f,X,). That
means that the metric(X,Xo) must be monotone, so thak,
0L/0X>0 and must maximize the average SNR.

2.3 Camera Control
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Figure 2 Dynamic of thresholds A,B and metric L(¥),X
under different prior assumptions about object
EH11, EH10. (EH11 - detection of the object
under assumption that object is present, EH10 —
detection that object is not present under false
assumption that the object is present)

2.4 Prediction

The predictor controls the feature analysis and the camera head.
Predictive control is needed for optimization of feature analysis
algorithm and compensation of the electromechanical delays of
the camera.

The variation of parameters of observation conditions (position

of the object, relative rotation and scale) is estimated with the
help of local combinatorial search. The performance of different

search algorithms depends on the initial assumption about the
solution.

The system is based on a standard CCD-video camera , mountethe nonlinear predictor, implemented as a recurrent multilayer

on a pan-tilt unit and can be rotated in the range66F. This

neural network, was used for generation of the assumptions about

camera has an interface for the control of internal parametergossible values of8 components. The nonlinear predictor

such as zoom, focus, gain, shutter, iris and camera position.

generates much better predictions [5] compared to such linear
methods as Kalman-filter. The predictor uses the object template



Xo and the latest measured component of X as the input data foerror of the first kind is 0.06 if the probability of the error of the
prediction of thed components. second kind was fixed at 0.02.

The step from the estimation of the (i-1)-th component to i-th is In order to compare the processing time of the system with other
connected with the changes of the internal parameters of themethods, the elastic-graph matching method [6] was
camera. The changes of the electromechanical parameters requiigiplemented. This method shows very good performance in
the time denoted as;}, so that the whole processing time for various applications and is used in a number of commercial
estimation of N components is: systems. Both methods were simulated on PC.

N N The comparison shows that both methods are able to achieve the
T=Xt+3 1t same recognition performance, but have different processing
e 2 time.
Minimization of f; was achieved through prediction of the first
assumption about observation conditi@hg he transition delays EGM Sequential method | Sequential method
t.1,; are compensated through the prediction of the next optimal Initialization phase Predictive phase
setting ofa before the current calculation of Is ready. The
calculation of the prediction needs less time than the calculatio 220-860ms 80-720 ms 12-32ms
of Li , so that the camera is able to change it's parameters
simultaneously with the calculation of; Ut speedups the
recognition, especially during the initialization phase.

Table 1. Comparison of the processing time.

The analysis of the recognition process shows that sequential
recognition algorithm is approximately 20 times faster than the

Figure 4 Detection and recognition of the real
object on a complex background.

Figure 3 Detection and recognition of the partially
covered object

3. RESULTS application of parallel method on a sequential processor.

3.1 Performance of the recognition system The components of X describe stationary features of the object,

. allowing stable recognition of the object independent of the
The recognition system was tested on a set of the real W°r|doackground (Figure 3).

objects. The recognition statistics were estimated on 1042 images

of 58 different objects. The objects were presented with The sequential analysis requires only partial matching between
approximately 16 images per object under different lighting template and object. Due to this feature, the object can be
conditions, backgnmnd and variations of scale and rotation. The recognized even if big part is covered by another object (Figure
system is not able to recognize the object in the whole range of4). The size of the observable part needed for stable recognition
rotational and scale variations in the real time, thus theis dependent on the object and can be predicted for the defined
simulation results were used for testing. The probability of the observation conditions through direct modeling. After the



estimation of the observation conditions only 8-15% of the object decrease of the processing time is possible. For example, if only
was used for recognition. the position of the object is interesting the processing time will
reduced to 0.5-1.2 ms and free processor resources are available

Interesting properties of the predictive estimationBofs the for detection of the next object.

ability to use the internal memory of the predictor for the
detection of the another object. The observation conditions

change relative slow in compare to the processing time, that 4. SUMMARY
allows the predictor to use the old information about environment
when a new object will detecting. This feature speedups the
initialization phase of the detection of new objects. The Figure 5
shows significant decrease of the initialization phase of the
detection of the second object.

Application of the sequential analysis in combination with the

active vision principles has allowed the real-time implementation
of the visual recognition system on the low cost DSP hardware.
The adaptive estimation of decision thresholds was implemented
by the recurrent RBF neural net. Significant speedup was
Active Control of the camera parameters allows extending of theachieved through the application of the neural network predictor
dynamical ranges of the system. Lighting conditions can changefor the estimation of the initial conditions of the local

in the range of approximately 50dB without any loss of combinatorial search algorithm and for the compensation of the
recognition performance. Controlling the zoom parameters of theinternal delays of the vision sensor. Comparison with other
camera the objects can be detected in the distance range frof¢cognition systems shows, that the application of described
0.1m till 6m, together with rotation of the pan-tilt unit the space methods allows 20 times acceleration of the recognition process.
angle of 180° can be scanned during a search of the object. So that detection and recognition of real objects on the complex
background takes 18-30 ms on the low cost hardware.

3.2 Real-Time Implementation
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Figure 5 Optimization of the number of used components
of X(8,0)

The actual processing time depends on the processing stage and
difference betweefi and6,. The average processing time for the
initialization phase is about 180-1200ms. When the first
estimation of the observation conditiofss done, the predictor

is able to predict the optimal sequence of measurements and the
processing time decreases drastically to 18-30 ms.

Various industrial applications require only estimation of some
specific parameters of the object and in this case the consequent



