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Abstract 
The task of sensor planning for object search is for- 

mulated and a mechanism for “where to look next” for 
this task is presented. The searcher is assumed to be 
a mobile platform equipped with an active camera and 
a method of calculating depth, like stereo or a laser 
range jinder. The formulation casts sensor planning 
as an optimization problem: the goal is to maximize 
the probability of detecting the target object with min- 
imal cost. The search space is thus characterized by 
the probability distribution of the presence of the tar- 
get. The control of the sensing parameters depends on 
the current state of the search space and the detect- 
ing ability of the recognition algorithm. In order to 
represent the environment and to efficiently determine 
the sensing parameters over time, a concept called the 
sensed sphere is proposed and its construction, using a 
laser range finder, is derived. The result of each sens- 
ing operation is used to update the status of the search 
space. 

1 Introduction 
Object search is the task of finding a given 3 0  

object in a given 3D environment. It is clear that 
exhaustive, brute-force blind search will suffice for 
its solution; however, our goal is the design of effi- 
cient strategies for search because exhaustive search 
is computationally and mechanically prohibitive for 
non-trivial situations. Generally speaking, this task 
contains three parts. The first is how to select the 
sensing parameters so as to bring the target into the 
field of view of the sensor. This is the sensor planning 
problem for object search, which is the main concern 
of this paper. The second is how to manipulate the 
hardware so that the sensing operators can reach the 
state specified by the planner. The third is how to 
search for the target within the image. This is the ob- 
ject recognition and localization problem, which at- 
tracts a lot of attention within the computer vision 
community. 

Although sensor planning for object search is very 
important if a robot wants to interact intelligently and 
effectively with its environment, there is little research 
within the computer vision community ([9], [12], [3], 
[6], 181). Connell [2] constructed a robot that roams 
an area searching for and collecting soda cans. The 
planning is very simple since the robot just follows 
the walls of the room and the sensor only searches the 
area immediately in front of the robot. This may not 

be very efficient since the likely presence of the target 
is not considered when the robot is roaming. Rimey 
and Ihown [8] used a composite Bayes net and utility 
decision rule to plan the sensor action in their task- 
oriented system TEA. The sensor is directed to the 
center of mass of the expected area for a certain ob- 
ject based on the belief value of the net. Probability 
of presence is used in their system, but the detection 
ability of the sensor is not considered and the purpose 
of the sensor planning is mainly verification instead of 
searching. The indirect search mechanism proposed 
by Garvey [3] is to first direct the sensor to search for 
an “intermediate” object that commonly participates 
in a spatial relationship with the target and then direct 
the sensor to examine the restricted region specified by 
this relationship. Wixson [12] presented a mathemat- 
ical model of search efficiency and predicted that indi- 
rect :search can improve efficiency in many situations. 
The problems with indirect search are that the spa- 
tial relationships between target and “intermediate” 
objects may not always exist and the detection of the 
“intermediate” object may not always be easier than 
the detection of the target. It is interesting to note 
that the operational research community has done a 
lot of research on optimal search 51. Their purpose 
is to determine how to allocate e f /  ort to search for a 
target, such as a lost submarine in the ocean or an oil 
field within a certain region. Although the results are 
elegant and beautiful in a mathematical sense, they 
cannot be directly applied here because the searcher 
model is too abstract and general and there is no sen- 
sor planning involved in their approach. 

This paper proposes a practical mechanism for the 
task of sensor planning for object search. This task 
is formulated as an optimization problem: select an 
ordered sequence of camera configurations that max- 
imin;e the probability of finding the target with mini- 
mum cost. This optimization task is further simplified 
as a. decision problem: decide only which is the very 
next action to execute, considering the effect and cost 
of the candidate action. 

2 Problem Formulation 
In this section, we first explain the searcher model, 

the environment, and some basic concepts used in our 
discussion, and then formulate the object search task 
and give a simplified version of this task. 

The searcher model is based on the ARK robot, 
which is a mobile platform equipped with a special 
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sensor: the Laser Eye [4]. The Laser Eye is mounted 
on a robotic head with pan and tilt capabilities. It 
consists of a camera with controllable focal length 
(zoom), a laser range-finder and a mirror. The mirror 
is used to ensure collinearity of effective optical axes 
of the camera lens and the range finder. The state of 
the searcher is uniquely determined by 7 parameters 
(zc, ye, zc ,p , t ,  w, h) .  Where (x,, yc, zc) is the position 
of the camera center (the starting point of the cam- 
era viewing axis), ( p , t )  is the direction of the camera 
viewing axis (p is the amount of pan, 0 5 p < 2n, t 
is the amount of tilt, 0 5 t < T ) .  w, h are the width 
and height of the solid viewing angle of the camera. 
(z,, ycl zc)  can be adjusted by moving the mobile plat- 

can be adjusted by the motors on the 
form. robotic t7 ead. t, w, h can be adjusted by the zoom lens 
of the camera. We assume in this paper that the cam- 
era’s image plane is always coincident with its focal 
plane. 

The search region Q can be in any form and it is 
assumed that we know the boundary of f2 exactly but 
we do not know its internal configuration. In practice, 
we tessellate the region into a series of elements ci, 
Q = c, and ci n c j  = 0 for i # j. In the rest 
of the paper, we assume the search region is an office- 
like environment, and we tessellate the space into little 
cubes of the same size. Usually the size of the cube 
is determined by the size of the environment and the 
size of the target [13]. 

An operation f = f(x,,y,,z,,p,t,w,h,u) is an ac- 
tion of the searcher within the region Q. Where a 
is the recognition algorithm used to detect the target. 
An operation f entails: take a perspective projection 
image according to the camera configuration off and 
then search the image using the recognition algorithm 

The target distribution can be specified by a prob- 
ability distribution function p. p(ci, t) gives the prob  
ability that the center of the target is within cube ci 
at time t .  Usually this distribution is assumed to be 
known at the beginning of the search process and it is 
determined by our knowledge of the world. If we know 
nothing about the distribution, then we can assume a 
uniform distribution at the beginning. Note, we use 
p(co,t) to represent the probability that the target is 
outside the search region at time t .  

The detection function on Q is a function b, such 
that b(ci,f) gives the conditional probability of de- 
tecting the target given that the center of the target 
is located within ci and the operation is f .  For any 
operation, if the projection of the center of the cube 
ci is outside the image, we assume b(ci,f) = 0; if the 
cube is occluded or it is too far from the camera or 
too near to the camera, we also have b(ci,f) = 0. In 
general [13], b(ci,f) is determined by various factors, 
such as intensity, occlusion, and orientation etc. It is 
obvious that the probability of detecting the target by 
applying action f is given by 

U. 

n 

P(f) = CP(Ci,tf)b(Ci,f) (1) 
i=l 

where tf is the time just before f is applied. Let Q 

540 

be the set of all the cubes that are within the field of 
view off and that are not occluded, then we have 

The reason that the term tf is introduced in the 
calculation of P(f) is that the probability distribution 
needs to be updated whenever an action fails. Here we 
use Bayes’ formula. Let ai be the event that the cen- 
ter of the target is in cube c i ,  CY, be the event that the 
center of the target is outside the search region, let p 
be the event that after applying a recognition action, 
the recognizer successfully detects the target. Then 
P(+ I ai) = 1 - b(ci,f) and P(ai [ -/?) = p(ci,tf+). 
Where tf+ is the time after f is applied. Since the 
above events a l l . .  . , an, a, are mutually complemen- 
tary and exclusive, we get the following updating rule 

where i = 1 , .  . . , n, 0. 
The cost to(f) gives the total time needed to (1)ma- 

nipulate the hardware to the status specified by f ;  
(2)take a picture; (3)update the environment and,reg- 
ister the space; (4)run the recognition algorithm. We 
assume that: (1) and (2) are same for all the actions; 
( 3 )  .is a constant; (4 is known for any reco nition al- 

Let On be the set of all the possible operations that 
can be applied. The effort allocation F = {fi , . . . , fk} 
gives the ordered set of operations applied in the 
search, where fi E On. It is clear that the probability 
of detecting the target by this allocation is: 

gonthm. Then, to( 2 ) is only influenced by t4). 

The total cost for applying this allocation is (fol- 
lowing [lo]): 

k 

(5) 
i=l 

Suppose K is the total time that can be allowed in 
the search, then the task of sensor planning for object 
search can be defined as finding an allocation F c 00 , 
which satisfies T(F) 5 IC and maximizes P[F]. 

Since this task is NP-complete [14], we consider a 
simpler problem: decide only which is the very next 
action to  execute. Suppose we have already executed 
q (q  2 1) actions F, = {fi, . . . , f,}.. We now want to 
find the next action to execute, with the hope that 
our strategy of finding the next action may finally 
lead to an approximate optimal solution of the ob- 
ject search task. For any next action f ,  its contri- 
bution to the probability of detecting the target is 
Ap(f) = { nq=,[l- P(fj)]}P(f). The additional cost 



is AT(f) = t,(f). Since { n;,,[l - P(fj)]} is fixed, 
the next action should be selected that maximizes the 
term 

Note, the above strategy may sometimes led to an 
optimal solution (see [14] for detail). 

Because of limited space, in this paper we only ad- 
dress the “where to look next ” problem: how to select 
w, h,p,t , .a of f so as to maximize E f )  for a fixed cam- 

next” problem, please refer to [13]). 

3 Detection Function 
We briefly discuss the detection function in this sec- 

tion. For details, please refer to [13]. 
The standard detection function bo((B,6, I ) ,  < 

a, w, h >) gives a measure of the detecting ability of 
the recognition algorithm a when there is no previous 
action. < w, h > is the viewing angle size of the cam- 
era, (0,6, I )  is the relative position of the center of the 
target to the camera, B = arctan(:) ,  6 = arc tan ($ )  
and 1 = z ,  (2, y, z )  is the coordinate of the target cen- 
ter in the camera coordinate system. The value of 
bo((0,6, l ) ,  < a,  U ) ,  h >) can be obtained empirically. 
We can first put the target at (0,6,1) and then per- 
form experiments under various conditions, such as 
light intensity, background situation, and the relative 
orientation of the target with respect to the camera 
center. The final value is the total number of success- 
ful recognitions divided by the total number of exper- 
iments. These values can be stored in a look up table 
indexed by 8,S,E and retrieved when needed. Some- 
times we may approximate these values by analytic 
formulas. 

We only need to record the detection values of one 
angle size < W O ,  ho >. Those of other sizes can be ap- 
proximately transformed to those of size < WO,  ho >. 
Suppose (0,6,Z) is the target position for angle size 
< w, h >, we want to find the value (&,60, l o )  for angle 
size < WO,  ho > such that bo((Bo,do,Zo), < a ,  wq, ho > 
) M bo((B,6,l),.< a , w , h  >). To guarantee this, the 
images taken with parameter < BO,  SO, l o ,  WO,  ho > and 
< 0,S, 1, w, h > should be almost the same. Thus, the 
area and position of the projected target image on the 
image plane should be almost the same for both im- 
ages, we get 

era position (For the discussion of t  i, e “where to move 

t a n (  ? ) tan (  $) d t a n  ( ?)tan ( +) 
l o  = 1 

(9) 

When the configurations of two operations are very 
similar, they might be correlated with each other (re- 
fer to [13] for detail). Repeated actions are avoided 

during the search process. When independence is as- 
sumed, b(ci, f )  is calculated as follows. First, calculate 
the corresponding (0, S, 1) of the center of ci with re- 
spect to operation f .  Second, transform ( B , d , l )  into 
the corresponding ( B O ,  SO, l o )  of angle size < WO, ho >. 
Third, retrieve the detection value from the look up 
table, or get the detection value from a formula. 

4 The sensed sphere 
The space around the center of the camera can be 

divided into a set of solid angles. Each solid angle 
is associated with a radius which is the length of an 
emitting line along the direction of the central axis of 
the ciolid angle from the origin. The environment can 
thus be represented by the union of these solid angles. 
This representation is called the sensed sphere [9]. 
We can use a laser range finder to construct the sensed 
sphere. First, we need to tessellate the surface of the 
unit sphere centered at the camera center into a set 
of surface patches. Then, we need to ping the laser at 
the center of each patch so as to get the radius of each 
solid angle. 

In order to make the tessellation as uniform as pos- 
sible and to make the number of mechanical operations 
as small as possible, we use the following method. 

First, we tessellate the 
range [0,n] of tilt uni- 
formly by a factor 2m, m 
is integer. This tessella- 
tion in general depends 
on the complexity of the 
environment. Thus the 
tilt ranges are 

Fig. 1 
[O, a), . . ., [(i- l ) a ,  ia), . . . , [n- a ,  n), where Q! = L. 
Then, for each tilt range except 0, a)  and [n - a,  7r , 

lation, the amount of change of pan Ai for tilt range 
[(i- l)a,ia) is 

we tessellate the range [0,2n) o I pan. In the tesse 7 - 

So, for tilt range [ ( i  - l ) a ,  ia), the pan ranges are 
[0, Ai), [Ai, 2 A ; ) ,  . . ., [niAi, 27r). The length of each 
pain range is Ai except the last one [niAi, 2n). Fig. 
1 chows a side view of a tessellation with m = 10. 
The sensed sphere constructed with the tessellation 
scheme described above can be concisely represented 
as the union of all solid angles 

U [ t b ;  ,t,;)=[(i-l)a,ia),i=I ,..., 2m 

{ Ubc;,; ,P,,,j)=[0,A*),[Ai,2hi),...,[niai,2n) 

Aij ( t b ; ,  t e ; ;  Pb;,j, Pe i ,  j ;  fij)} 

Where rjj is the length of the radius along the 
direction t i l t  = tbiatei, p a n  = 3 2 J * [tb;, te,) ,  
b ,b i , j ,pe i , j )  and rij give the range of the Aij, t b ,  2 
tikt < tei,pbi,; 5 p a n  < P, , ,~ .  Note, the sensed sphere 

P b ,  j f P e ,  
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representation is similar to a radially organized occu- 
pancy grid representation [13]. 

5 Where to  look next 
We need to select w, h,p,  t ,  a for the next action. 

First, we select w, h, p, t for each given recognition al- 
gorithm. 

The abilitv of the recognition algorithm and the 
value of the aetection fun2ion are Gfluenced by the 
image size of the target. Only when the target can be 
brought wholly into the field of view of the camera and 
the features can be detected with certain precision, 
can the recognition algorithm be expected to function 
correctly. So, for an operation with a given recognition 
algorithm and a fixed viewing angle, the probability of 
successfully recognizing the target is high only when 
the target is within a certain distance range. We call 
this range the effective range. Our purpose here is 
to select those angles whose effective ranges will cover 
the whole distance of the depth D of the search region 
and at the same time there will be no overlap of their 
effective ranges. 

Suppose that the biggest viewing angle size for 
the camera is W O  x ho and its effective range is 
[ N O ,  Fo]. We want to select other necessary view- 
ing angle sizes w1 x hl ,  . . . , wn, x h,, and their 
corresponding effective ranges [ N I ,  F I ] ,  . . . , [N,,, Fno], 

[Ni ,  Fi) q N j ,  Fj) = 0 if i # j .  To guarantee this, 
we have i-1 = N i ,  i = 1,. . .,no and the area of the 
image of the target patch for angle size wi-1 x hi-1 at 
Ni-1 and Fi-1 should equal to the area of the image 
of the target patch for angle size wi x hi at Ni and Fi 
respectively. According to section 3, we can get 

such that [No, Fo] U .  . . U[Nn, , Fno] _> [No, DJ and 

(10) 
No ’ WO 

FO 2 
w; = 2arc t~n[( - )~ tun( - )]  

No . ho 
FO 2 hi = 2arctan[(-)’tan(-)] 

Where 1 5 i _< no. Since Ni 5 D ,  we get i 5 

The sensed sphere can 6e further divided into sev- 
eral layers according to the effective viewing angle 
sizes derived above. This layered sensed sphere L S S  
can be represented as 

L s s  = U LSS<Wk,hk> (14) 
< W k , h k > , k = O ,  ..., n o  

Where LSS<Wk,hk> is the layer corresponding to an- 
gle size < W k ,  hk >, LSS<,,,h,> = ui,j LA,, . 
The layered solid angle slice is the inter- 
section of the solid angle Aij of the sensed sphere and 

< W k , h k  > 

the current layer LSS<,, ,hk >. There is a probability 
p F k l h k ’  associated with which gives the 
sum of the probabilities of all the cubes that belong 
to (Note: the distance of each cube to the 
camera center should be less than ri I of Aij).  

The following is used to select the viewing direc- 
tion for a given angle size < W k ,  hk >. First, tessellate 
the sphere using the method in section 4 with angle 
size equal to min{wk, hk}. Each resulting patch cor- 
responds to a viewing direction. Second, calculate the 
sum of all p G w k l h k >  for those LA<Wkjhk’ $3 that belong 
to a given patch. This is the probability for this patch. 
Third, the direction < pk , t k  > whose corresponding 
patch has the maximum probability is the best direc- 
tion for size < W k  , hk >. 

For each recognition algorithm, we can find no + 1 
candidates < wk, hk,pk,fk > (0 5 k 5 no). Then, use 
P(f) to select among them to get the best candidate 
for this algorithm. Lastly, because different algorithms 
have different costs, we use E(f) to select among the 
best candidates for all the recognition algorithms so as 
to find the next action to be applied. The environment 
needs to be updated if the target is not found after the 
selected action is applied. 

6 Experiment 
We assume only one recognition algorithm is avail- 

able for all the experiments. The first simulation ex- 
periment (results shown in Fig. 2 and Fig. 3) is used 
to test the general scheme of our algorithm. The 
biggest angle for the sensor is x 2. The detec- 
tion function is bo((6,6,1), < a ,  %,: >) = D(2)(1 - 

search region is shown in Fig. 2(b). Only two an- 
gle sizes are needed to examine the search region with 
respect to the first robot position. They are $ x : 
and 0.376 x 0.376. Their effective ranges are [ll, 271 
and [27,66] respectively. We assume the outside prob- 
ability is 0.5 and the distribution within the room is 
uniform at the beginning. Fig. 3(b) shows that the 
actions are selected by our algorithm to only examine 
the unoccluded region. 

The environment, the robot position and the sensor 
model €or the second simulation (results shown in Fig. 
4) are same as those of the first except that there is 
no obstacle in the room. The target distribution sat- 
isfies a 3-variate normal distribution N ( p ,  E), where 
the mean vector p = (25,25, 15)T, the covariance ma- 
trix = diag(a2, g2, (5)’). We can notice from Fig. 
4 that the number of actions needed to reach the de- 
tection limit for the planning strategy is much smaller 
than that for non-planning strategy. This illustrates 
that the planning strategy is more efficient. 

The real experiment is performed in our lab us- 
ing the Laser Eye. The task is to search for a white 
baseball within the region shown in Fig. 5 (a)(b). 
Four criteria are used by the recognition algorithm. 
They are intensity 10 = 119, blob size Bmjn = 250 
pixels, B,,, = 1375 pixels, and roundness percent- 
age Bo = 0.91. The algorithm first generates a bi- 

1 6  -- e ;)(1 - i t ) ,  where D(1) is shown in Fig. 2(a). The 
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(4 (b) 
Fig. 2: Simulation 1. (a) The D(Z); (b) The room 
length x width x height = 50 x 50 x 25), the obstacle 
5 x 37 x 19) and the robot (the white blob, height = 

( 4  (b) 
Fig. 3: Simulation 1. (a) The sensed sphere at the 
first position. White points represent the intersections 
of the laser and the environment. (b) Top 7 actions 
selected. The short and long lines correspond to the 
viewing axis of actions with angle size 2 x 2, and 
0.316 x 0.316 respectively. 

j ! ,  , 
O L ’  ” ” ‘ ‘ 1  O l  
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140 

Achon Index Action Index 

(4 (b) 
Fig. 4: Simulation 2. The detection probabilities P[F] 
of the planning strategy (Plan) and those of the non- 
planning strategy (Noplan). a)b = 1; (b)c = 5. The 

corresponding to the first layer one by one, then ex- 
ecute every action corresponding to the second layer 
one by one. 

non-planning strategy means 8 rst execute every action 

nary image by thresholding the image using l o .  Then 
it performs morphological and region growing oper- 
ations. Only the white blob whose size is between 
Bmin and B,,, and whose roundness is bigger than 
Ro can be taken as the target. Two angle sizes are 
needed to search the region. They are 41° x 39” and 
2 0 . 7 ” ~  1 9 . 7 O .  Their effective ranges are [l.47m, 3.01mI 
and [3.01m, 6.16m1 respectively. Experimental results 
are listed in Table 1, which gives the average number 
of actions needed to find the ball for planning and non- 
planning strategies. Where A) means to give the re- 

bility at the beginning. The same for (B), (C), (ABC). 
From the second and third row of Table 1, we can see 
that t,he planning strategy is much more efficient when 
our knowledge about the distribution is correct at the 
beginning. From the fourth row of Table 1 we can see 
that the performance of the planning strategy is not 
very satisfactory when we have misleading informa- 
tion at the beginning. One of the above test results is 
shown in Fig. 5 (d)(e)(f)(g)(h). 

gion corresponding to the ta b le surface A high proba- 

E r e e t  Pos. I A  I C  

Table 1 
In our strategy, the huge space of possible sens- 

ing actions is decomposed into a limited number of 
actions that must be tried. With respect to these lim- 
ited actions, our algorithm may even generate a near 
optiinal action sequence for the object search task in 
some situations. Suppose the available operations are 
On = {fi,fi,. . . ,fm}. For any operation f E 00, we 
define its influence range as Q(f) = {e I b(c,f) # 0 . 
We lhave previously proved the following result ([14] 1 : 
if On satisfies: (A) to(fi) = to(fj), 1 5 i , j  _< m; 
(B) Q(fj) nQ(fi) = 4, 1 5 i , j  5 m, i # j .  Then, 
the “one step look ahead” strategy generates the opti- 
mal answer. From our action selection algorithm, the 
condition (B) may sometimes be approximately satis- 
fied This is because the available actions are associ- 
ated with different layers of the LSS and, for a given 
layer, we tessellate the sphere such that different ac- 
tions have no overlap or little overlap of their viewing 
volumes. So, when there is only one recognition algo- 
rithms available (thus (A) is satisfied , our “one step 

generate a near optimal answer. 
We do not have space to address the “where to move 

next” problem in this paper. But it is interesting to 
note that Wixson [12] has done 2 0  simulation experi- 
ments and that his results are actually consistent with 
our results. Please refer to [13] for detail. 

7 Conclusion 
’In this paper, we formulate the sensor planning 

task for object search and present a practical strat- 
egy for the “where to look next” problem of this task. 
By introducing the concept of sensed sphere and lay- 
ered sensed sphere, we are able to decompose the huge 

look ahead” strategy for “where to 1‘ ook next” may 
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space of possible sensing actions into a finite set of ac- 
tions that must be tried and to select the next action 
among these finite set of actions. By combining the 
detecting ability of a recognition algorithm and the 
knowledge of the probability distribution of the tar- 
get, we argue that the object search problem is quite 
different from the exploration problem. The concept 
of detection function for a recognition algorithm may 
find its applications in other vision task, such as to 
serve as an evaluation matrix in the comparison of 
recognition algorithms. 

The theory has been applied using a platform 
equipped with a camera and a laser range finder. Ex- 
periments so far have been successful as a proof of 
concept. We would like to apply the theory to other 
kind of tasks such as to search for a target on a clut- 
tered table top using a stereo camera. 
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Fig. 5: A real experiment. (a) Top view of the search 
region, where A, B, C, E are table surfaces. The Laser 
Eye is on E; (b) Composite image of the region from 
position D of (a); (c) Sensed sphere from Laser Eye; 
(d), (e), (f) One of the image sequences of the real 
experiment by using the planning strategy, where the 
target is assumed on A, B, or C and we give (ABC) 
high probability at beginning. Although the ball ap- 
peared in the first image (d), the algorithm failed to 
detect it because it is outside the effective range of 
the action (size 41° x 39"). The third action ((f), size 
20.7' x 19.7') found the target; (g) The image of (f) 
after region growing etc.; (h) The result of the image 
analysis of (g), where the target is detected. 
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