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Abstract 

In the process of expforing multi-sense artificial awareness systems, a 

multi-camera vision algorithm and an iterative spatial probability based sound 

localization system were developed. The multi-camera vision algorithm uses 

spatial probability maps to combine the results of the individuai cameras in a 

simple and efficient manner. 

The sound localization system uses an iterative technique that increases 

the accuracy of the localization while maintaining a high localization rate. It can 

correctly localize objects in noisy environments with a signal to noise ratio as low 

as O dB. The sound localization system also uses spatial probability maps for the 

integration of the results of multiple microphones. 

Spatial probability maps also serve as the basis for the integration of 

vision and sound localization. An integrated vision and sound localization (IVSL) 

system was implemented and it was discovered that the integration of the two 

senses results in increased accuracy and robustness. 
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CHAPTER Introduction 

1.1 Motivation 

Over the past twenty years, there have been nurnerous advancements in the field 

of personal computing which have made computers one of the most essentid tools of the 

modem world. However, while a great amount of effort has been placed in improving 

the speed and capability of computers, their potentiai for hi&-level user interaction and 

environmentai awareness has not been suficiently explored- 

These potentials mainly depend upon the ability of computers to be aware of their 

surroundings. This ability, which can be cailed artificial awareness, would allow 

computers to know the location of the events and objects in the environment and to be 

aware of the characteristics of those events and objecis. Ideally, artificial awareness can 

be achieved by the integration of fields such as vision, sound localization, and sound 

recognition. However, the type of sense used in an artificiai awareness system can 

include GPS localization, htemet data monitoring, and many other types of senses. 

Artificial awareness of the environment and its occupants can serve a variety of 



applications. One such application is the protection of homes and offices against 

intruders. Unlike modem security systems, artificidy aware systems c m  alert the 

occupants while giving them detailed information about the number, location, and 

direction of movements of the intruders. This information is vital to the d e t y  of the 

house occupants and c m  Save their lives by allowiag them to make the correct choices in 

a state of confusion and panic. Another application is in teleconferencing, where an 

art5cial awareness system can automatically switch the main image to that of the current 

speaker. Amficial awareness may also lead to the development of new applications that 

use multi-modal perception to enhance the interaction mechanism between humans and 

cornputers. 

1.2 Previous Artificial Awareness Proiects 

In recent years, there have been several environmental awareness projects that 

have explored the components and algorithms needed (Cl], [Z], [3], [4], [5] ,  and [q). For 

the most part, the goal of these projects has been to transform computen fiom a lifeless 

appliance into an interactive and aware element of the environment. Such attempts have 

usually consisted of significant alterations to the environment. The problem with some of 

these alterations, however, has been the fact that they are difficult and t h e  consuming to 

configure and install. Another limitation with the explored solutions has been that they 

are location specific, meaning that everything is configured for specific elements of a 

single environment such as window locations and lighting [7]. 

An interesthg approach to artificial awareness is currently under development at 



Stanford University, where the main goal is for the cornputers to be aware of other 

artificial and biological systems. This project, called the Interactive Workspaces, 

attempts to create a knowledge base that is common to al1 artifïcial systems in an 

environment, including Personal Digital Assistants, video projectors, and cornputer 

terminais. 

More traditional approaches exist at MIT'S Media and AI laboratories. Projects 

such as the Smart Rooms [8] and the Intelligent Environment [9] attempt to integrate 

multiple sensors in order to know the status of the occupants of the environment. 

1.3 Multi-Sense Artificial Awareness Arrays 

Multi-Sense Artificial Awareness Arrays, or MSAAAs in short, provide one 

method of implementing an artificial awareness system. The idea behind these arrays is 

to use nurnerous relatively inexpensive awareness modules to accomplish the same level 

or even a M e r  level of awareness than would be obtained with more expensive single 

component systems, such as Ai based vision- Also, as the "Multi-Sense" portion of the 

narne suggests, MSAAAs are not limited to a single type of sense but can be employed 

using a variety of senses. 

There are several requirements which need to be met before MSAAAs are fülly 

realizable. These inciude the development of a multiple-sense and multiple-source data 

integration algorithm that is both computationaily simple and general in ternis of its 

applicability. Also, in order to deveiop a p r o t o w  multiple-sense awareness system, 



several basic senses need to be selected in order to serve as a basis for the test of the 

awareness array. Finaily, in order to analyze the benefits of a MSAAA system, a 

prototype system needs to be irnplemented and tested. The work discussed in this thesis 

atternpts to address most of these requirements. 

1.4 Thesis Contribution 

The major contributions of this thesis are in the fields of environmental awareness 

and sound localization. The main contributions in the field of environmental awareness 

is the introduction of the idea of the spatial probability map as a means for the integration 

of location information obtained usine different senses. An intelligent false object 

removal algorithm was developed for identifjbg faise objects erroneously detected 5y 

certain types of awareness systems. The contributions in the field of sound localization 

include the development and implementation of an iterative sound localization algorithm 

with imrnunity to background sounds, based on the idea of the spatial probability map. 

These contributions are discussed in the following chapters as foilows: In Chapter 

2, a detailed description of algorithms related to multiple-camera object localization is 

given. Chapter 3 focuses on the implemented sound locaiization system including the 

iterative spatial probability sound localization algorithm and the analysis of the 

implemented system. In Chapter 4, the algorithms that integrate vision and sound 

localization as well as the results of the integrated system are discussed- The final 



concluding chapter will describe possible applications of the developed systems and 

suggest friture directions for work in this field. 



CHAPTER Multiple-Camera 

2 
Object Localization 

2.1 Introduction 
- ~ ~ --- 

The rnost important sense for any awareness system, be it biological or artificial, 

is vision. For humans, vision allows objects to be located, identified, and û-acked, and is 

often used to aid other senses. Vision also serves as a means of extracthg information 

fiom scenes and environments and as a means of communication. It would certainly be 

fair to Say that vision is central to the interaction, navigation, and awareness of humans 

and most other biological creatures. 

In the artificial realm, vision has k e n  studied in depth for many years ([IO], [A). 

Algonthms have been developed which enable scene objects to be located, tracked, 

identified, and analyred. While these algorithms have not yet reached the Ievel of their 

biological counterparts, they have achieved a great deal of success in certain situations 

[1 O]. These include object identification, locdization, and characterization. 

In many artificial awareness systems, carneras are used in conjunction with other 

senses ([SI, [q, [9]). In the majority of these cases, images fiom 2-4 medium-resolution 

cameras are sent to a processing station where they are analyzed and integrated with the 



results of other senses. Hence, the requirements for these projects include a high- 

bandwidth camera-cornputer network and one or more cornputers capable of handling 

real-time video processing and vision andysis. 

This chapter proposes an object Iocalization approach using multiple-camera 

vision. The proposed algorithm can be applied in a variety of situations with any number 

of cameras and can be easiiy integrated with other perceptual results. A spatial 

probabiiity map is proposed as a means for integrating the resdts of multiple cameras. 

2.2 Previous Vision Systems 

Object Iocalization can be achieved by using a single camera. For example, we 

humans can still locate objects in a scene by using a single eye. Such ability requires 

knowiedge about d l  of the objects in the environment and is oAen computationaily 

expensive. 

Another common approach is stereo vision. Stereo vision consists of 1 or more 

pairs of cameras whose images are combïned to produce depth information about the 

objects in the environment. Uniike monocular vision, detailed image understanding and 

decornposition is not required for depth information when using a multi-camera system. 

Such a systern was implemented in [7], where two cameras were focused ont0 a grid- 

marked floor. When an object was placed anywhere in the grid, the cameras would 

notice an obstruction of the grid and would be able to find the position of the object based 



on the location of the obstruction. Using stereo vision instead of monocular vision, 

object localization c m  be accomplished more accurately and robustly without any 

significant increase in computational overhead. 

2.3 The Proposed Multiple-Camera Vision Algorithm 

Multiple-camera vision consists of the integration and processing of images 

obtained by a large array of cameras placed at différent locations in an environment, In 

con- to other vision systems, multicamera Msion does not require medium or high 

resolution images, high bandwidth interconnections, or powemil computing platforms. 

The reason for this is that with multiple camera systems, very simple direct image to 

object location mappings exist that do not benefit greatly fiom an increase in resolution 

and do not require extensive computations, as will be diçcussed in the folïowing sections. 

2.3.1 Preliminary Image Decomposition and Spatial Probability Maps 

The first step in the muiti-camera object localization algorithm involves taking 

two images, one being an initial background image with no objects present and the 

second being an updated image which can include any nurnber of objects. In order to 

identie the objects in the image, each pixel of the updated image is subtracted fiom the 

corresponding pixel in the background image. In this way, areas of large intensity 

differences between the two images would remain whiie areas with similar intensities 

will be removed. This procedure is called background segmentation. ([7],(11f). 

Next, the extracted objects fiom the updated image are converted to a two- 



dimensionai probable location image of the scene, as iilustrated in Figure 2.1. This 

image, which is called the spatial probability map (SPM), is a graphical indication of al1 

of the probable locations of objects in the environment. An observed object (Figure 2.1 a) 

c m  be a small object close to the camera or a very large object far away (Figure 2.lb). 

The ambiguity in object size and position is inherent to any system that uses monocular 

vision, because the distance f?om the image plane to the center of the camera lem is 

unknown. This Ieads to the spatiai probability map (SPM) shown in Figure 2.1~. 

Camera 
/ 

Possible Object Posiiions 

Figure 2.1 - The conversion of a scene image to a spatial probability map 

2.3.2 Formation of Spatial Probability Maps 

In a 2-D top-view of the environment, each SPM has the following relation to the 

coordinates of the detected object in images (Refer to Figure 2.2): 

Where Q(xpy) is the SPM image intensity at point &y), (x, yJ is the location of the 



camera, I is the scene image retrieved by the camera, 8 is the angle of rotation of the 

camera, and S,, is the b c t i o n  generating the camera traces similar to the one shown in 

Figure 2-1 c). 

Figure 2.2- ~rksformation of the topvie w spatial location of an object to a location in 
the image plane 

Sm, can be derived from Figure 2.2 as follows: 

Consider Figure 2.2a where a rotated camera is placed at in the environment. This 

system can be converted to that in Figure 2.2b with the following translation and rotation: 

Where P' is the position vector of the rotated and translated coordinate system depicted 

in the center image which corresponds to the regular position vector P. P, is the position 

vector of the camera location and R is the rotation ma&. As illustrated in Figure 2.2c, 

the point on the image plane of the modified coordinate system can be computed as 

follows: 



D - Y  
V(X,Y) =- 

X 

Where D is the vimial Lens to image plane distance in terms of scene image pixels 

specific to the camera, X and Y are as defined by equation 2.2, and V is the image plane 

location of the 2-D space coordinate (Note that V will be the horizontal coordinate in the 

image retrieved by the camera). From ([12]), the following definition of R is known: 

Hence, if P=[x yJ then the following relation between the elements of P' and P can be 

determined: 

The image plane coordinate, can be determined from the above expressions as follows: 

Y - D  - ~ ~ [ ( ~ - ~ , ) ~ c o s ( 0 ) + ( y - y , ) - s i n ( ~ ) ]  
V(-~,y ,x , ,ycJ,  0) = - - 

X - (X - X, ) - sin(@) + (y - y, ) . COS(@) 

With this definition of V, we can hal ly  derive Sm as illustrated below: 



t - 1  i fV(xfy~xC,y, , l ,B)~O,forb=1,2 ,.-. N 
S,,(= (x,yIxc.yc.l,B) = O if (x, y) is outside the field of view of the camera (2.7) 

1 otherwise 

Where Ob consists of the set of horizontal pixels associated with the bth object out of a 

total of N objects that are found in the current scene image. The reason that Spa, has a 

value of O outside the field of view of the camera is to insure that the probability of an 

object in those regions is not affected when combining multiple SPMs fiom different 

cameras. 

2.3.3 Application of Spatial Probability Maps to Multi-Cernera Vision 

A trace fiom a single camera places constraints on the probable object position, 

but does not pinpoint the location. In order to obtain a more accurate estimate of the 

object position, m e r  constraints, which can be obtained fiom different carneras, are 

required. One method of merging these constraints is by the point-wise addition of each 

of the SPMs obtained for each camera, as illustrated by Equation 2.8. The result of this 

operation will be a grayscale image that has a local intensity peak at the location 

corresponding to the object's position. In the case of multiple objects, multiple peaks 

would be expected. 



Where L is the merged SPM image and Qi is the SPM associated with the ith camera. 

This method is a direct mapping of object coordinates in an image to their possible 

positions in the environment, Al1 that is required is the location and direction of the 

cameras, and fiom there, object locations in the environment can be determined based on 

each of the images that are obtained by the Werent cameras. 

2.4 Intelligent Faise Obiect Removal 

When several SPMs are merged according to Equation 2.8, the peaks of the 

merged SPM are used as an indication of the location of the objects in the environment. 

However, in the presence of multiple objects, it is possible for there to exist SPM peaks 

that do not correspond to any real object. Figure 2.3 illustrates the formation of a false 

object in a scene with hivo cameras and two real objects. The shaded regions in this 

figure correspond to the local maxima of the SPM and the lines define the exterior of the 

object traces produced fiom the images retrieved by each canera. 

Figure 2.3 - The formation of false objects 



The uncertainty in the vdidity of the identified peaks requires a solution that can 

differentiate between the fdse objects and the reai ones. As a resdt, the Intelligent Fdse 

Object Removal (IFOR) algorithm was developed. 

2.4.1 The IFOR Algorithm 

The EOR algorithm analyzes the scene after the SPM peaks have k e n  identified 

and after al1 possible object locations have been enumerated. This enurneration consists 

of Iabeling ail of the SPM peaks numerically. Then, for each individual trace, the set of 

objects containhg the numencal identifie- whose corresponding objects reside inside 

that trace is formed, as shown in the example below: 

Figure 2.4 illustrates a simulated scene with 3 cameras and 2 real objects. Atso 

shown are the nurnericai object sets associated with each trace. In this scene, there are a 

total of 8 identified objects with 6 king faise. 



Figure 2.4 - The formation of false objects and object trace sets (Only objects 4 and 5 are 
real in this case) - This figure contains al1 of the local maxima produced by combining 

the three SPMs. 

In order to resolve the nature of the enumerated objects, the trace sets are 

analyzed by the IFOR algorithm. The fust step in this process is to select a candidate 

object fiom each trace set and to combine al1 of the candidates to produce the candidate 

set L. The objects that were not selected as candidates are combined to produce the 

remainder set R. It should be noted that it is possible for an object to appear several tirnes 

in the candidate set or the remainder set. Retuming to the example of Figure 2.4, one 

possible candidate set is {4,6,1,4,1,3 ) , which consists of the first member of each of the 

trace sets. The remainder set corresponding to this candidate set is hence 

{2,3,7,5,2,5,7,87476,5,8). 

The candidate set contains one possible set of real objects. In our example, the selected 



candidate set proposed objects 1,3,4, and 6 to be real. In order to andyze the validity of 

each of the possible candidate sets, a heuristic approach was developed. This approach is 

based upon an experirnental observation that real objects are seen by most of the cameras. 

The heuristic contains two weighing parameters that are analyzed for each of the 

members of the candidate set and summeed at the end. The first parameter, w î . ~  is defined 

by the number of times that an object in the candidate set appears in the svne set. For 

example, in our selection of the candidate set {4,6,1,4,1,3), the first object, which is 4, 

appears twice- Hence the value of wi.c for that element is 2, This procedure is carried out 

for each of the elements of the candidate set, even if an object is repeated. For the 

example candidate set, the total value for the first parameter is 2+1+2+2+2+1=10. 

The second parameter, W~,R, is defined by the number of times that an object 

appears in the remainder set. Retuming to our example, with the selected candidate set, 

the value of the W,J parameter for the first element of the candidate set, which is object 4, 

will be 1. The total value for the second parameter is 1+1+0+1 +O+l+. 

The overall heuristic 

parameters, as shown below: 

ail o b j z  i in C 

The b parameter scales 

value consists of the weighted addition of the two 

+ W i . ~  (2*9) 

w i . ~  in order to give it more significance than w~,R- It was 

experimentally determined that for b 2 3 the candidate set with the highest heuristic value 

would entirely consist of real objects. Hence, the IFOR algorithm would consider al1 

possible candidate sets and would select the set with the highest heuristic value. Al1 of 



the objects that appeared in that candidate set would be labeled as real and any other 

object that does not appear would be labeled as false. 

With b=3, the heuristic value for the example candidate set would be 3* l W 3 4 .  

Considering the candidate set L={4,5,5,4,4,5), the heuristic value for this will be 

3*18+0=54. Mer considering ail possible candidate sets, it is found that the Lx 

candidate set has the highest heuristic value, hence the objects 4 and 5 (the only ones that 

appear in Lx) are labeled as real and al1 other objects are labeled as invalid, which is 

correct. 

2.4.2 Analysis of the LFOR algorithm 

When the IFOR algorithm was fully developed, it was tested on several 

that containcd many objects, similar to the scene in Figure 2.5. In ail of the cases, the 

program successfülly identified the real objects. 

Figure 
- . .  

complicated scene that was conectly analyzed by the algorithm. 



Note that in this image, ali local maxima are used as possible objects. 

Figure 2.6 illustrates the situation where two real objects appear in a single trace. 

In this case, the EOR system was able to correctly idente  both objects as real ones. 

Figure 2.6 - An hidden object case that EOR correctly resolved 

2.43 Complexity of IFOR 

In order to evaluate the applicability of the IFOR algorithm, its complexity needs 

to be deterrnined. This c m  be achieved as follows: 

Assuming that we have C cameras and D objects with no hidden objects or missed 

objects', we c m  denve an equation about the number of objects in the environment and 

the complexity of finding the real ones. With 1 camera and D objects we have O possible 

objects identified because there will be no trace intersections or local SPM maxima. 

When we add another camera, for every camera trace there will be (D-1) fdse objects 

identified, which works out to D*(D-1) since there are D camera traces. The third 

camera produces an extra 2*(D-I)*D false objects, since each of its D traces will 

I By assuming that there are no hidden or missed objects, we are accounting for the rnost compIex scenario. 
Any hidden or missed objects would decrease the computational requirements of the algorithm. 

18 



intersect (D-1) traces of the first and (D-1) traces of the second camera Eventually, the 

final carnera, camera number C, will produce an addition of D*(C-2) *(D-1) false objects. 

Hence, the total number of objects X produced is: 

Which is cornposed of (D-1) *C*(C-1) *D fdse objects and D real ones. 

Each camera trace will intersect (C-I)*(D-I) other traces and dso 1 real object. 

This represents the number of elements in each IFOR validation equation. The total 

number of equations is consequentiy equal to the number of traces pet camera tirnes the 

number of cameras, which is D*C. 

With a normal depth first search, the number of solutions that have to be searched 

and hence the cornplexity of finding a solution is: 

Table 2.1 illustrates the rapid growth of this fùnction. The number of solutions 

that need to be analyzed for complex environments with many cameras and objects is not 

practical. For example, for ten simulated 4 camera and 3 object environments, the 

average execution time of the IFOR algorithm exceeded 4 hours when executed on a 

Cyrk M2-200 based cornputer. 



1 of Cameras 1 of Obiects 1 Number of Solutions Analmed rn 

- 
I 

- 
. 
- 

- 

d I I I 

Table 2.1 - The complexity and execution time of the IFOR algorithm 

2.4.4 Global Peak Selection 

In a stand-done multi-camera vision system, it is not necessary to allow ail local 

maxima to be real objects. Hence, by selecting only the global peaks of the SPM, the 

search time is greatly reduced, It may still possible for some of the global maxima to 

correspond with false objects, however, the likelihood of these false objects is very small. 

Since their occurrence is dependent pnmarily on the placement of the cameras and the 

location of the objects, it becomes very difficult to quantitatively analyze the effects of 

global SPM peak selection for the general case. However, for the ten simulated 4 camera 

and 3 object scenes that took on average 4 hours with a local SPM maxima selection 

algorithrn, the global SPM maxima selection algorithm execution time was decreased to 

an average of 80us on a Cyrix M2-200 based computer. This modification allows the 

IFOR algorithm to remain practical in most situations. 

There are situations where the local peaks may be usefùl, however. One example 

is when the confidence in the camera results is not hi&, in which case an object is either 



faisely detected by the camera or a real object is not detected at dl. In these cases, it 

becomes possible for non-global local SPM maxima to be associated with a real object. 

In order to identify the false objects in such a case, either al1 local and global peaks have 

to be taken into account, which r e d t s  in extensive computational requirements for 

IFOR, or other types of senses can be utilized to aid the localization process. 

2.4.5 Ambiguities 

While IFOR is designed to deal with multi-camera environments, it is possible to 

obtain ambiguous results in certain situations. The simplest of these ambiguities occurs 

in a 2 camera and 2 object environment. In Figure 2.8, for example, there are two equally 

vdid solutions. Either objects 1 and 2 or objects 3 and 4 are real. Without additional 

information, it is impossible to determine which of the objects are real. Again, the 

addition of other types of senses, such as sound localization, can be used to resoIve 

ambiguities. The integration of vision and sound localization is discussed in Chapter 4. 

Figure 2.7 - An ambiguous situation with two cameras and two objects 



2.5 Analysis of the Discuwed Algorithm 

In comparison to vision algorittims which attempt to localize objects by 

decomposing and understanding the scene, the SPM+IFOR approach has the advantage 

of requiring much less computations and king much simpIer. Of course, the Ievel of 

detail of information obtained from the two is quite different. With our approach, no 

information is known about the type and characteristics of objects king locaiized, 

whereas traditional vision algorithms do revd  more information about the nature of the 

O bj ects. 

In comparison to other multi-camera vision algonthms, the SPM+IFOR approach 

is advantageous because it does not require a training phase or any modifications to the 

environment such as the grid that was employed in [7]. Also, our approach has lower 

computatiod complexity and as a result can be implemented in a Iess expensive 

rnanner. The Low computational overhead in our algorithm e s e s  fiom the ease in which 

the results of each individual camera are integrated with those of other carneras because 

only point-wise additions of the SPMs are needed for integration 

Another advantage of this system over other multi-camera systems ([7], [8]) is the 

reduction in required bandwidth between the cameras and the host cornputers which are 

typicdly in charge of processing the camera ï&orrnation. Currently, almost every vision 

system consists of a camera that sen& captured images to a host computer where the 

images are decomposed and analyzed. With the discussed multi-camera object 

localization system, Mage decornposition can be done locally inside each camera with 



only the image locations of the objects being sent to a host PC for M e r  processing. 

The results of the image decomposition ody  involve image coordinates and do not 

require a large amount of bandwidth to send to the central computer. In order to illustrate 

this point, we shall consider an example: 

Assuming that a camera takes 30 images every second with an 8-bit resolution at 

a size of 1024 by 768 pixels, for aii previous systems 189 Mbits of data needs to be 

transferred to the host computer every second. With the SPM+IFOR approach, the image 

c m  be decomposed by background segmentation and only the coordinates of the 

discovered objects are sent to the host computer. Each set of coordinates will consist of 

four 1 0-bit parameters which define the bounding box of the object in the image. Even in 

the unlikely event that there are 20 objects present in the room (and al1 are seen by the 

carnera), the total amount of information that would be sent to the host computer would 

be equa12 to 24 Kbitskcond. This represents an approximately 8000-fold improvement 

in the amount of bandwidth required for object localization. 

2.6 Summary 

In this chapter, a multi-camera object localization aigorithm was proposed. This 

algorithm consisted of the background segmentation of an image, the production of 

spatial probability maps for each camera, which are 2-dimensional probability 

distribution of the positions of objects, and the point-wise addition of the SPMs obtained 

fiom al1 of the cameras. One problem that occurred with this aigorithm was the 

' This is derived by multiplying 20 objectdimage x 40 bitdobject x 30 imagedsecond 
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formation of SPM peaks in the final Mage that did not correspond witb reai objects in the 

environment. 

In order to ded with these false objects, the Intelligent False Object Removal 

algo&.m was developed. Based on a heuristic analysis fiinction, this algorithm ailowed 

false objects to be removed in al1 unambiguous situations in a simple fashion. Also, the 

complexity of the IFOR algorithm was calcdated and an SPM global peak selection 

enhancement was made to it in order to reduce its execution tirne. In the final section of 

this chapter, the benefits of this algorithm over other traditional vision dgorithms were 

discussed. 



CHAPTER Sound Locakation in 
the Context of 
Artificial Awareness 

3.1 Introduction 

Sound Localkation is the ability to estimate the position of a sound source in the 

environment. For an artificial awareness system, the ability to localize sound is of 

extreme importance. The information gathered by such a subsystem c m  be used to 

obtain a more complete picture of the environment. In rnany situations, other senses 

done cannot provide enough information about the environment and its occupants. 

Sound locdization provides detailed position information about the vocally active objects 

in the environment. Furthemore, it dlows the rest of the system to become aware of 

some of the behaviors associated with the objects in the environment such as the level of 

participation of an individuai in a conversation. 

Typically, in human communication and interactions, sound is used as a means of 

focusing attention. For example, at gatherings, social occasions, meetings, and 

conferences, at any given t h e  there is usually one speaker while others iisten to the 

speech. An artificial sound Iocalization system could allow the attention of the awareness 



system to focus on the speaking occupants of the environment thereby rninimizing the 

amount of processing and bandwidth required for analyzing the situation. 

Sound localization wouid al= be able to aid the awareness system in tracking 

somd producing objects where senses such as vision may fail. This can occur in cases 

where the environment is too dark such as at night or when there are not enough cameras 

placed to cover the entire scene. Aiso, sound localization systems can be more COS 

effective than cameras in tems of object detection because they cost much less and 

require less processing. 

Another potentially usefiil application of sound loçakation is to enable system 

modules to locate each other. This last possibility provides a means of designing a 

completely self-locating and self-configuring artincial awareness systern. For example, 

when a new module is added to the system, it wodd emit a sound pulse that the sound 

localization system would detect and convert to a spatial position. Thus, it would no 

longer be required for the location of module to be manwdly measured. resulting in a 

significant decrease in the installation tirne. 

The inspiration behind sound localization stems fiom the sound locating ability of 

humans and other biological creatures ([20],[21]). Not only can we humans 

cornrnunicate through this sense but we can also locate speaking objects in the 

environment. in fact, we c m  localize sound when there are several people or objects 

producing a large amount of noise (e-g. listening to a conversation in a crowded and 



noisy roorn). Such an ability would be the ideal for any artifïcial sound localization 

system. 

3.2 Overview of Basic Sound Localization 

Sound locaiization is based upon measuring the merences in the time of amival 

of sound at several locations. Based on these time dinerences, the exact position of the 

sound source can be.computed- In an idealized situation sound localization is 

straightforward. However, in the presence of background noises and reflections, it 

becomes extremely hard to determine clifferences in the the  of arrival. in order to deal 

with practical situations, it is helpful to initially review some of the sound localization 

techniques for the ideal case. 

3.2.1 Sound waves and sound triangulation 

When sound is emitted fiom a sound source, it propagates as a spherical wave 

centered at the location of the source. The distance traveled by sound fiom the source to 

an observer is given by: 

Where to is the tirne of emission of the sound wave by the source, t ,  is the time of its 

arrivai at the observation point, and v is the speed of souad in the air (which is typically 

about 345 mk at 2S°C ([12])). 



y 'r Sound Source 

 und source with two observation p oints 

Consider the sound source and the two observers illustrated in Figure 3.1. For the 

source at Location &,y), the distances dl and d2 are given by: 

Mer a few simple manipulations, the relations described beiow c m  be derived: 



The problem in determinhg the distances dl and dz is that the time of onginattion 

of the sound source, &O, is not known. One parameter that can be measured is the hme 

difference trtr,  which is known as the interaural t h e  difference (ITD). It is related to the 

obsenrer to source distances as follows: 

The knowledge of the ITD parameter alone does not pinpoint the location of the 

sound source. Mead,  it constrains the possible location of the sound source to a 

hyperbola From equations 3 .6,3 -3, and 3 -2, we have: 

M e r  rearranging, we obtain: 

Equation 3.8 describes one of two hyperbolas depending on the sign of ITD, as 

illustrated in Figure 3.2. For ITD = 0, the two hyperbolas collapse to the line y = 0. 



hyperbola segment vaiid for positive iTDs only 

X 
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hyperbola segment vaiid for negative ITDs ody 
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Figure 3.2 - The relation between hyperbola orientation and the sign of the ITD 

In order to estimate the location of a sound source in a 2-D environment, at least 

two microphone pairs are required. With two microphone pairs, we would obtain two 

hyperbolas whose intersection corresponds to the location of the sound source, as shown 

in Figure 3.3. This simple triangulation caiculation is the first step in many sound 

localization systems ([13], 1141, [15]). 



t 
Figure 3.3 - The trianguiation of a sound source with 2 microphone pairs. 

In order to ensure the existence of two microphone pairs, a two dimensional 

sound localization system must consist of at least three microphones. Figure 3.3 

illustrates one possible microphone configuration. Such a system needs to estimate the 

ITDs of the two microphone pairs. Finally, source localization can occur using Equation 

3.8 by kding the intersection of the two hyperbolas that are associated with each ITD, as 

shown in Figure 3.3. 

Another useful piece of information, other than the ITD, is the level difference 

between the sound signals received by the two microphones- This level difference, 

known as the i n t e r a d  level dif5erence (LD), has k e n  shown in certain cases to be 

useful in aiding sound locaiization (1161, [13]). 

3.2.2 Cross Correlation Based ITD Estimation 

A key step in sound localization is the estimation of the ITD parameter between 

two microphones. This would be relatively simple if the sound signals obtained by each 



of the microphones were identical time-shifted versions of one another and if both signals 

had a recognizable start, as shown in Figure 3.4. 

ITD Estimation using Signal Stîrting Points 

Time 

Figure 3.4 - Estimation of the ITD using signal start times 

In Figure 3.4, the difference in the start times of the signals obtained by each 

microphone is ITD. In most situations, however? there is not a clear start for the sound 

signais that are received by each of the microphones and a start-time ITD estimation 

method cannot be used. 

In the absence of a well-defined starting point, an estimate of the ITD can be 

obtained by cross correlating the signals received by the two microphones. In the 

absence of noise, the location of the peak of the cross correlation curve corresponds with 

the me ITD ([13], [SI). 
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Figure 3 -5 - Two identical time-shifted sound signals 

Consider the two the-shified signals shown in Figure 3.5, which are given by: 

rn, ( t )  = a - x( t )  

rn2(r)  = b - x ( t  - r )  

The cross correlation between the two signais can be stated as: 

In the fiequency domain, we can state the cross-power spectral density Srz(w), which is 

the Fourier transform of the cross correlation function R12(w), as: 

SI2 (w) = ab - X(w) - X' (w) - e-Iwr = ablx(w)12 - e-'" (3.12) 

Where X(w) is the Fourier transform of the original sound signal x(r). Note that Ix(w)12 

is the Fourier transform of the autocorrelation fûnction RX@) of the sound signal x0). We 

can transform back to the t h  domain and restate equation 3.12 as: 



Hence, by cross correlating the two time shified signals, we obtain the shifted 

autocorrelation function of the sound signal. Figure 3.6 iiiusîrates the result of the cross 

correlation of the sound signais in Figure 3.5. 

Cross ConslrtToii ofa Signal with a time % h W  venion 
ofmlf 

Correlation Time Index 

Figure 3.6 - The cross correlation of a sound signai with its ideal time shifted version 

The cross correlation funçtion ideally has a peak whose index corresponds to the 

shift between the two input signals. The correlation magnitude is an indication of the 

degree of correlation between the two signals. Due to the fact that the signals in Figure 

3 -5 are identical, their resulting cross correlation peak (Figure 3.6) has a main peak of 1. 

Since the cross correlation h c t i o n  is dependent on the sound signai's 

autocorrelation fhction, it often h a  a smooth peak accompanied by several secondary 

peaks. In the presence of background sounds and reflections, it becomes possible for 

secondary peaks to be elevated to become the main peak of the cross correlation cuve 



thereby resulting in false ITD resuits. This problem c m  be solved by the introduction of 

a cross correlation fiequency whitening filter. By introducing the adaptive filter: 

H(w) = 
1 

ab1 x(w)12 

Equation 3.12 can be rearranged to: 

e9' = Si2 (w) H(w) 

and cm be represented in the time domain as: 

S(u - r)  = R12 (u) * h(u) 

Equations 3.15 and 3.16 illustrate that if the cross correlation RIZ@) is filtered by 

H(%v), then the result wili be a delta function positioned at r for the case where the two 

sound signais are identical time-shifted versions of one another. This approach, which is 

called whitening of the cross correlation spectrum, allows the time-shifi between the two 

signals to be easily found, and it can be shown to be the optimal approach for estimahg 

m l ) .  

In practice, however, small differences in the retrieved signals and background 

sounds cm greatly distort the r e d t s  of the ideal cross correlation filter, as shown in 

Figure 3.7. In this figure, the time-delayed signals of Figure 3.5 are cross correlated and 

shifted according to Equation 3.14. While the correct tirne-shift peak is much sharper 

than the peak of the original cross correlation function s h o w  in Figure 3.6, it also is 

accompanied by several secondary peaks. The reason for the secondary peakç is that the 



original sound signais are not cornpleteiy identicai, because they are cornposed of the 

finite-window segments of two identicai tirne-shified signals. 

Cross Correlation Filtered by H(w) 

Correlation Time Index 

Figure 3.7 -The filtered cross correlation of a sound signal with its ideal t h e  shified 
version 

As a result, various other filters ([5],[17]) have been introduced. One of the more 

successful non-optimal filters is discussed in Section 3 -3.3. 

3.23 Frequency Decomposition Based ITD Estimation 

An alternative estimation method is to use a fkequency decomposition of the 

sound signais to estimate a correct value for the ITD ([14]' [15]). This technique can be 

described as follows: 



Assuming that the sound signal emitted Eom the source is am@-t4) and that the sound 

signal arriving at the first and second observation points are b-m(t-tl) and cm(t-l1) 

respectively. These signais can be represented in the Cequency domain as dehed  below: 

Mo (w)  = a - ~ ( w ) e - ' " "  

M ,  (w) = b - ~(w)e-'"'' 

M2  (w)  = c M(w)e-'"' 

Where Mo(w). Ml(w). and &(w) are the respective fkequency representations of the 

sound s i sa l s  at the source, the first observation point, and the second observation point. 

From equations 3.10 and 3.1 1 we obtain: 

Thus, if P(w) be the phase of the ratio of the Fourier transforrn of the fmt sound signal to 

the Fourier transform of the second sound signal, we have: 

With this approach robust estimation techniques can be appIied to obtain an estimate for 

the ITD by using the relation: 



This approach, while computationally expensive, daes have several advantages 

including srnail signal duration requirements and accuracy ([14]). Section 3.8 compares 

the various sound localization algorithms. 

3.2.4 Steered-Bearnformer based Sound Localization 

Another sound localization approach that has been employed is the steered- 

beamformer approach ([18 1). This method does not rely on specific ITD estimates but 

rather obtains its Iocalization resdts directly fiom the sound signals. This is done by 

computationally steering the microphone array to a certain location and analyzhg the 

relative power of sound at that position ([18], [I 91). 

Figure 3.8 - Possible placement of microphones and source for a steered-bedonner 
sound localization system 

As an example, consider the triple-microphone situation shown in Figure 3.8. 

The localization system first selects a spatial location D for analysis and calculates the 



distances DA, DB, and DC. Assuming that the microphones are paired as { A a )  and 

(B,C), the tirne ciifference of arriva1 sassociated with each pair is calculated as foliows: 

For the {A,B) pair: 

Distance DBerential - DB -DA 
?4B = - 

Speed of Sound v 

and for the {B,C) pair: 

- Distance Differential DC - DB - - 
rK - Speed of Sound v 

To obtain a sound power estimate for the selected location, and assuming that the 

retrieved sound signais for microphones A, B, and C are m~(t ) ,  m~( t ) ,  and ~ ( 0 ,  

respectively, the following estimation algorithm is used: 

By searching several spatial locations, the position yielding peak sound power is located 

and is assumed to be the sound source position. 

The problem with the steered-bedonner approach is that in the presence of 

noise, the power distribution over space has many local maxima that make the peak 

search difficult. Also, most beatllformer-based systems are sensitive to the start position 

of the search and involve relatively complex computations which in some cases prohibit 



their use for real-time implementations ([19]). The advantages of the steered- 

b e d o n n e r  over other algorithme include more scalability, because the power function 

can incorporate any number of microphone pairs, and the ability to fmd multiple sound 

sources, because each source will appear as a locaI maxima 

3.3 Previous Implementations 

Many different sound localization systems have k e n  implemented in the past 

([13], [14], (51, [18]). In al1 of these systems, sound signals of a fixed duration are 

collected and analyzed- The actual details of the analysis Vary fiom system to system. 

Some of the more successfiil sound localization approaches are described below: 

3.3.1 Learning-based Approach 

One method of translating multi-source sound signals to a spatial location is by 

using a leaming algorithm. In this approach, the sound signals for each microphone pair 

are cross correlated and the resultant peak location, the peak correlation, and other 

relevant parameters are entered into an artificially intelligent program which learns the 

relationship between its input parameters and the corresponding somd source location. 

A successfùl leaniing-based three-dimensional sound localization system, which 

was developed at Michigan State University, is described in ([13]). In this system, a non- 

coplanar array of four microphones is used in a two-stage sound localization procedure. 

In the first stage the algorithm is trained by obtaining ILD and ITD results for a speaker 



at a known spatial location. In the second stage, ITD estimates between the four 

microphone pairs are passed as arguments to the learning algorithm that estimates the 

spatial location of the sound source. in both stages, 0.5 s sound windows are used. Also, 

ITD estimates are obtained with the unfiltered cross correlation method. This learning- 

based system was tested with an estimated Signal to Noise Ratio (SNR) of 20 dB. 

Such a procedure is effective in deaiing with permanent phenornena such as 

background sounds and sound reflections. However, an initial Iearning period is needed 

for every new environment. Aiso, this system cannot easily deal with secondary speakers 

or unexpected sounds. Furthemore, this aigorithm has a large memory and cornputer 

resource requirement, which makes it impractical for many situations. 

3.3.2 The ITD to Location Approach using Frequency Decomposition 

Another successfbi sound localization implementation developed at Brown 

University is that of 1191. Here a 10-element bilinear array of microphones placed at 

0.25m intervals in two parallel rows has been realized. Sound h e s  with a duration of 

25.6 ms sarnpled at 20 kHz are collected fiom each microphone and anaiyzed only if they 

contained speech. 

The anal y sis follows the fiequency decomposition approach. The andysis of each 

m e  either results in a location estimate or is deemed invaiid. The S N R  in the test 

environment was estimated to be somewhere between 5 dB and 30 dB depending on the 

location and orientation of the speaker. 



3 3 3  The Direct ITD to Location Approach using Cross Correlation Filtering 

An implementation using the cross correlation technique described in Section 3.2 

is that of ES]. Here, a sound Iocaiïzation system was ernployed for guiding a camera to 

the active speakers in a room. The sound locabt ion system used a sub-optimal filtered 

cross correlation approach. The sub-optimal Nter improves performance in the presence 

of noise and reflection. 

The optimal filter attempts to whiten the fiequency spectrum of the cross 

correlation. This is accomplished by amplifjhg the frequencies that have srnail 

magnitudes and by attenuating the fiequemies that have large magnitudes. However, in 

most speech spectrums, fiequencies with large magnitudes are usuaily associated with the 

main speaker and those with srnaller magnitudes are more likely to belong to background 

sounds. Hence, a side effect of the optimal filter is to significantly increase the SNR of 

the filtered cross correlation. A solution to this problem is proposed by [SI, where the 

optimal filter is modified so that fiequencies with larger magnitudes are weighed more 

heavily than those with less magnitudes. [SI proposes the following class of filters: 

Here, the exponential coefficient p is used to change the weight associated with signals of 

different magnitudes. A p of 1 yields the original optimal filter, and a p of O corresponds 

to unfiltered cross correlation. A value between O and 1 gives higher weight to 



frequencies with larger magnitudes. According to [SI, a p of 0.75 was found to produce 

the best resuits for a variety of different environments. 

3.4 Descri~tion of the Pro~osed Sound Locaiization Svstem 

The probIems common to most previously impiemented sound localization 

systems are the sensitivity to the SNR and the hi& computational demand. In order to 

develop the sense of sound localization for artificial awareness systems with particnlar 

attention to low SNR robustness and computationai simplicity, a two-dimensional sound 

Iocaiization system was implemented. The system consists of 3 microphones placed in a 

linear fashion at 0Sm intervals as shown in Figure 3.9. The linear array is placed at a 

height of 1 -6m in order for it to be coplanar with the environment speakers. 

Figure 3.9 - The microphone array 



The test environment is composed of a 3m by 4m room with the microphones 

placed on the front wall, as s h o w  in Figure 3.10. Also, there are two cornputers near the 

rear of the room whose fans are the main source of background noise in the environment. 

Microphone 
-Y 

Computer fn 

0 
O 

Computer #2 

Figure 3.10 - Top view of the test environment 

In order to minimize interference, each microphone module has an on-board 

amplifier, low-pass filter, and an 8-bit analog-to-digital converter (ADC). Figure 3.1 1- 

shows an actual picture of a microphone module dong with al1 of its main components. 
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Figure 3.1 1 - The Microphone Modules 

Each module is responsible for the initial analog processing of the sound signals, 

digitization, and transmission to a host computer via a data interface module (Figure 

3.12). Al1 ADC conîrol signals which include a clock and a chip select Line are provided 

by the host computer. 

Amplifier - - Low Pass Data 
Filter - L 8-Bit - - Buffer *-- Host 

Gain=200 WC= 1 OkHz ADC Cornputer 

--- 
Chip select A 

Figure 3.12 - Preliminary signal processing steps executed in each microphone module 



In the aualog processing stage, the low-pass filter is used to remove high 

fiequency noises that are produced by the power supply, with a cut-off fiequency of 10 

kHz. The filter also behaves as an anti-aliasing filter. The 8-bit ADC has a sampling rate 

of 24 kHz M e r  the sound sigoals are digitized and adjusted so that their mean is O, they 

are transferred to the host cornputer where their variance is analyzed every 10 samples 

according to Equation 3.28 below. A sudden increase in the variance, as illustrated in 

Figure 3.1 3, is used to initiate the sound window collection process. 

used in Anaiysis 

Figure 3.1 3 - The selection of 6000-sample sound bursts for localization analysis 

If m(k) is the sound sample acquired fiom the ADC with an absolute mean and 

N is the number of samples in the analysis window, then the associated variance is given 



Sound windows are coliected in sequential 256-sample (10.67 ms) windows 

whose variance is again analyzed using Equation 3.28. Each window is processed if its 

variance is greater than a p r e d e t e h e d  variance associated with the ambient sounds in 

the environment. The background sound variance is obtained during the initialization of 

the sound localization program. This approach assumes that the background sounds to 

not increase significantly &er the system is started. Processing is done using an iterative 

spatial probability algorithm that will be discussed in Section 3.6. 

The sound window collection process continues until there are enough windows 

to insure a correct locaiization result (The details of this will be discussed in Section 

3.6.3). Sometimes, especially in high intensity noise situations, it is possible for sound 

windows to be collected fiom multiple speech bursts. 

The sound localization system requires real-time data collection and control. For 

proper operation, the host computer was equipped with the MS-DOS operating systern. 

This ensured that there would be no context switching or unexpected delays during the 

sampling of the sound signals. To interact with the user and to illustrate the results of the 

localization process graphically, a second computer was used. 

The processing performed by the first computer was also implemented with Field 

Programmable Gate Arrays to test their suitability for this application. However, th is  

resulted in increased irnplementation complexity. The increase in speed was not of any 

major benefit, because the original PC-based system was capable of real-time sound 



Iocalization- Hence, the final sound localization system relied on dedicated sound 

localization cornputers. 

3.5 Practical Considerations in Sound Localization 

For a. sound locaiïzation system to fiinction in a real environment, there are many 

issues including background sounds and reflections which need to be addressed. This 

section presents some of the difficulties encountered in practical sound localization 

systems. Ln the presence of secondary somd sources, such as the speech of individuals 

other than the main speaker or the presence of background noise sources such as 

computer fans, the cross correlation results can be disturbed greatiy. These diflticulties 

have led to the development of the iterative algorithm described in Section 3.6. 

3.5.1 The Effects of Background Noise 

Let n(t) and n(t+Q represent the noise sound signais received by the fhst and 

second microphones, respectively. Equations 3 -9 and 3.10 can be modified to: 

m, ( t )  = a x ( t )  + c - n(t) 

m,( t )  = b - x ( t  - 7 )  + d  -n(t -a 

Equations 3.29 and 3.30 illustrate the incorporation of a new sound source into 

the sound signais for each microphone. in contrast to Equation 3.12, the cross-power 



spectral density between the two microphone signals is now given by (Using Equation 

3.1 1): 

Equation 3.31 incorporates the effects of the presence of a secondary sound 

source on the cross-power spectral density function. These effects are dependent on the 

spectnims of the main and secondary speakers and c a ~ o t  be easily analyzed. The term 

with the 'ab' coefficient represents the cross-power spectral density component that is 

associated with the main sound signals. The 'bc' and 'ad' terms result fiom the joint 

presence of the main sound and the noise source. 

In some cases, the effects of the background sound sources are suficient to cause 

the peak of the cross correlation curve to no longer correspond with the main speaker. 

An example is s h o w  in Figure 3.14. The results in this figure correspond to a situation 

with a main-speaker signal-to-noise ratio of approximately 4 dB. Even with this 

relatively high SNR, the main sound and noise cornbined to produce a cross correlation 

peak which does not correspond to either the noise source ITD or the speaker location 

ITD. 
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Figure 3.14 - The cross correlation of two sound signais in the presence of a noise source 

effects 

By filtering the cross correlation c w e  by the optimal filter of Equation 3.14, the 

of the noise source are reduced, as shown in Figure 3.15. However, the peaks that 

are not associated with the main sound source are stilt very large and can in certain 

situations, such as increased background sound intensity or reduced main speaker 

intensity, overtake the correct cross correlation peak. Figure 3.15 

version of the cross correlation cuve  illustrated in Figure 3-14, 

gives the filtered 



Correlation Index (in bnns of $amples) 

Figure 3.15 - Filtered cross correlation of Figure 3.14 

3.5.2 The EBects of Sound Reflections 

The next problem that can occur in a sound localization system is reflections in 

the environment of both the noise and the sound. This is a dficult effect to model, 

because the strength of the reflected signals depends on the Location and direction of the 

sound source as well as the nature of the reflecting surfaces. For example, if a person 

speaks directly towards the microphone a m y  the reflection wili be insignificant whereas 

if he speaks towards one of the side walls the strength of the reflected sound may be 

greater than the actual straight speaker to array sound signai. 

For the irnplemented system, a limitation was placed on the angle of speech of the 

speaker in order to insure that the reflections did not significantly disrupt the localization 

process. This limitation consists of the speaker facing the array when speaking. Small 



deviations to this angle of speech, as wiU be shown later in Section 3.7.2, did not cause 

any significant disruptions. 

3.6 The Iterative Spatial Probability Algorithm 

In order to overcome some of the problems described in the previous section, the 

iterative spatial probability (ISP) algorithm was developed. This algorithm attempts to 

address problems such as accuracy in low SNR situations and sensitivity to reflections. 

Basically, the ISP algorithm consists of a pseudo beam-fomiing sound localization 

algorithm that dynamically adjusts the number of sound samples used for aaalysis in 

order to yield a more accurate location estimate. 

3.6.1 Overview of the ISP Algorithm 

In the system developed by the author, which was described in Section 3.4, 256 

element sound windows are continuously acquired for each of three microphones, and the 

samples are sent as input to the ISP routines. Here, the three cross correlation fûnctians 

obtained from the three possible combinations of microphone pairs are computed'. This 

can be accomplished as iliustrated below: 

XCO? (m) = s,,, (c) - s,,, (c - nt) with i= l,2,3, . . . 
C 

Where sisl(c) and siS7(c) are the sound samples received by the ADCs of the first and 

second microphones of the ith microphone pair, respectively. m e r  the cross correlations 

Note that while only two cross correlations are necessary, the third one, which may seem redundant, is 

also computed, for reasons which wilI be discussed in Section 3.6. 



are computed, they are filtered using the sub-optimal filter introduced by [SI which was 

discussed in Section 3.3 -3. 

This process is repeated N times using N successive sound windows and each 

tirne the index of the main peaks of the three filtered cross correlation fiuictions are 

incorporated into three histograms. The histograms record the number of times a cross 

correlation peak occurred at a given sample index (Refer to Figure 3- 13)- The reason for 

using histograms is to obtain an approximation of the probability density hc t ion  (pdf) 

[22] of the cross correlation peaks. ui fact, as N + m. each histogram will approach the 

cross correlation peak pdf of the corresponding microphone pair- We can define the 

filtered cross correlation bc t ion  Ycori,-(m) as: 

Where II#?) is the impulse response of the sub-optimal filter associated with the ,.th 

sound window stated in Equation 3.26, and XcoriS(m) is the cross correlation hc t ion  of 

the ith microphone pair and associated with the zth sound window defined by Equation 

3 -32. 

The histogram fùnction Hi(m) is given by: 

Where Tpd(x(t)) has a value of 1 at to if and oniy if x(td is the maximum of the fûnction 

x(r) and O otherwise, N is the number of iterations or sound windows used in the ISP 

algorithm. Figure 3.16 shows an example of a cross correlation peak histogram. 
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Figure 3.16 - Hïstogram of the filtered cross correlation peaks 

Finaily, the histograms are converted to a 2-D spatial probability map (SPM) as 

described in Section 3.6.2 below. The SPM is then used to estimate the location of the 

sound source. 

3.6.2 Spatial Probability Maps in the Context of Sound Localization 

In this thesis, a spatiai probability map (SPM) is proposed as a means of 

integrating the ITD histogram results obtained from each of the microphone pairs. An 

SPM is a two dimensional image in which the brightness of each image pixel is 

proportional to the probability that the sound source is at that location. In Figure 3.17, an 

SPM and the corresponding environmefit mode1 are illustrated. The point of highest 

intensity in the SPM corresponds correctiy with the location of the speaking object in the 

environment. 



Figure 3.1 7 - Spatial Probability Maps 

In two dimensions, ITD estimates for at least two microphone pairs allow the 

sound source to be located by calculating the intersection of two hyperboias. However, 

in many situations, several different ITD values may be equally dominant and hence it 

becomes difficult to select the correct ITD for transformation into a hyperbola. Basically, 

the SPM is created by overlapping the corresponding hyperbolas of every possible ïïD 

for each microphone pair. The intensity of each hyperbolic cuve is adjusted based on the 

fiequency of occurrence of the cortesponding ITD. 

The fiequency of occurrence of an ITD can be obtained fiom the cross correlation 

histograrns. For exampte, if Gi(x,y) represents the intensity of the SPM image at 

coordinates (x,y) due to the ith microphone pair, then we have: 



Where Hi@) is the cross-correlation peak histogram for l m ,  and ITDfi,y) is the 

inter-arriva1 delay for location (x,y), as computed by Equation 3.6. Hence, our equation 

of Gi(ipy) c m  be restated4 as: 

Where (xi., , y,,) and (xi.? y,.$ are the 2-D spatial coordinates of the fïrst and second 

microphone of the ith microphone pair, k is a SPM resolution and AM3 sampling rate 

dependent pararneter used to convert image plane time units to histogram index units, and 

v is the speed of sound in air as defined previously. The k pararneter c m  be defined as 

folIows: 

k = SPM Resolution (in meters per pixel) x Sarnpling Rate (in samples per second) (3.37) 

The resolution of al1 SPMs in this Chapter was 5 cm per pixel and the sarnpling 

rate was fixed at 24 kHz; hence the k parameter had a value of 1200 

m-sarnples/(pixels~seconds). This equation directly relates the spatial coordinates to their 

intensity given expenmental results of the ISP algorithm. 

Note that the Histopm index in Equation 336 is rounded because the histogram is computed with 

integral indexes. 



In order to incorporate 0 t h  microphone pairs, we simply add the fiequencies of 

occurrence for each pair, that is: 

Where I(x.y) is the overall intensity of the SPM image composed of layers indexed by i 

and defmed by Gi(xpy). Equations 3.36 and 3.38 can be combined to form the more 

practical equatiori that is shown below: 

This equation gives us a direct mapping between the cross correlation peak 

histograms obtained fiom the sound signals of d l  of the microphones and the intensities 

of the SPM image. When this mapping is conducted for two or more microphone pairs 

(i=1,2,3.. .), then it becomes likely that there will be a region of high intensity forming in 

the SPM which is indicative of the main speaker Location. Shown below is an example 

illustrating the formation of the SPM as the number of iterations is increased: 



Iteration #IO Iteraticm #20 Iteration #30 ~~~ Iteration #O Iteratim #50 Iteration #60 

Iteration #IO0 Actual Sound Location 

Figure 3.18 - Dynamic depiction of the formation of the final SPM 

There are several distinct characteristics of SPMs which make them well-suited to 

sound localization systems. First, they allow the results of any number of microphones 

positioned anywhere in the environment to be easily incorporatcri into a single database 

without the need for any complex computations or extensive memory requirements. 

Second, SPMs provide a suitable platfonn for the integration of sound localization with 

other localization senses, such as vision. The latter point will be addressed in the next 

chapter. 

3.6.3 Automatic Termination of the Iterative Spatial Probabüity Algorithm 



An important point that &ses f?om Figure 3.18 is the fact that the system quickly 

locates the expected object In this case, the actual object is located correctly afler 

approximately 30 iterations. Subsequent iterations add Little value. What is required is a 

metric for evaluating the status of the iterative process. One such metric was found to be 

the variation in the cross correlation peak historgrams. For this purpose, we define the 

ITD vector set that, for iteration z, consists of the vector of histogram peaks d e r  the 

cross correlation results at iteration z are added to the database. The histogram variation 

is then represented by the square of the distance between the previous ITD vector set (at 

time s-1) and the current ITD vector set (at tirne r) as shown below: 

Where iTDi(z) represents the position of the histogram peak obtained afier the nh 

iteration for the ith microphone pair and Var@) represents the total localization variation. 

One problem with using the locdization variation as an indication of the progress of the 

localization is that the system may incorrectly show a small variation in the presence of 

severai consecutive erroneous ITD results. In particuiar, this could happen in the early 

stages of the iteration. In order to compensate for this. an exponential decay element is 

added to Equation 3-40, which resulted in the following equation: 

Var(z) = Vm(r - 1) / Q + C (ITD,(Z) - ITDi(z - 1 )j2 
i 

with Var(O)=G 



Where Q is the drop-off factor and G is an initial variation used to ensure that a certain 

minimum number of iterations are performed. These three parameters can be 

experimentally tuned to ensure the validity of the variance in al1 environment conditions. 

In our tests the best results were obtained with Q=2 and G 4 0 .  

Figure 3-19 illustrates the histogram variations corresponding to the resuits of 

Figure 3.18. Here, we see a direct correlation between the stabilization in the SPM 

images of Figure 3.18 and the changes in the value of Var(z) in Figure 3.19. Above 37 

iterations, the variations are very small. 

Histogmm Variation Vemus Iteration # 

80 - - - 

Figure 3-19 - The variations in the ISP histograms as the number of iterations increase 

The histogram variation can now be used as a means for terminating the iteration 

process. There, when Var(z) drops below a predetermîued threshold, the iterations stop 

and the final SPM image is produced- For the SPMs produced in this section, this 



threshold was set to 8. While in some cases this variation threshold overedmates the 

number of required iterations, it was found to yield the moa accurate estimate of the 

iteration status without underestimating the required number of iterations. 

Figure 3.20 illustrates the complete steps involved in the ISP sound localization process. 

Initialize Sound Obtain Sound - Cross-Cofrelate 
Localkation - t c Window and Filter 

S ystem Sound Windows ' . 
ProduceSPM yes Are ITD Append Cross- 

Variations -- Correlation from Database -- 
smafl? results and report results 

--- to database 

Figure 3.20 S t e p s  involved in the ISP aigorithm 

3.7 Redundant Micro~hone Pair Processine 

One of the features of the sound localization system proposed in this thesis that is 

different f?om its predecessors is redundant microphone pair processing. in a system 

with three microphones (Refer to Figure 3-21), two pairs are usuaily selected and sound 

localization is conducted based on the results of the two pairs. If the system is linear then 

other microphone pair combinations would be redundant. However, due to the non 

Iinearity of the system, the third microphone pair arrangement can also be useful. In 



order to illustrate this fact, we can consider a single wali reflection scenario with an 

omni-directional sound source that is depicted in Figure 3.21. 

Microphone A 
(09) 

Microphone B 
(OP) 

Microphone C 
(03) 

Figure 3.21 - Propagation delay of direct and reflected sound 

From the above figure, we can obrain the following relations: 

di = x 2  + ( y + a ) 2  (3.42) 

ci: = x ' + ~ '  (3.43) 

d l  =x2  + ( y - a ) 2  (3-44) 

r: = x 2  +(2P-Y+a)Z  (3 -45) 

r12 = x2 +(2p -y)' (3 -46) 

r: = x 2  + (2p-y -a ) '  (3.47) 

Where d ~ .  di, d~ t-6 r,, and rz  are the microphone to signal source and microphone to 

reflection distances as  illustrated by Figure 3.21. We can relate these distances to the 



Signal to Reflected Sound Ratio (SRSR) for each microphone by taking into account 

propagation attenuation ([ 1 31, [ 19]), 

2 
ID,  - ri SRSR, =--- 

a,? 
(3 -48) 

I R ,  

By applying the distances of Figure 3.2 1 to the above relation, we obtain: 

x' +(zp- y+a )*  
SMRO = 

x' t (y + a)' 

x2 +(2p-y-a)'  SRSRz = 
x' + (JJ - a)' 

These three equations d e h e  a relation between spatiai coordinates and the SRSR 

of each microphone. Since in the process of obtaining the cross correlation curves al1 

microphone signals will be normalized, we need to choose two microphone-pairs fkom 

the ùiree microphones in such a way that the sound reflection components of the cross 

correlation curves is minimized. As illustrated in Figure 3.22, there do not exist two 

microphone pairs that constantly have the highest combined SRSR. Different pain 

perform better at different locations in the environment. 

Figure 3.22 illustrates the spatial regions for which each different microphone 

produces the best results (the largest SRSR) results based on Equations 3.49, 3.50, and 

3.51. If the sound source is in the gray area at the top lefi corner of Figure 3.22, 

microphone pairs [AB] and [A,C] provide the highest SRSR, the black area is indicative 



of the region for which microphone pairs p,A] and p ,C]  are better, and the remaining 

area, which is white, corresponds to the regions of superiorïty of microphone pairs [CA] 

and [C,B]. These resuits assume that only the top waü (drawn in dark black) rdects 

sound. 

Figure 322 - The relation between minimized SRSR and microphone selection. These 
resuits are based on the assumption that only the darkened wall reflects sound. 

Figure 3.22 indicates that for the example reflection case, the optimal microphone 

pairs are [B,C] and [A,C], since they perform better for the majority of the environment. 

For reflections due to the opposite wall of the optimal microphone pairs are [AB] and 

[A,C]. Hence, these resuits suggest that neither of the three possible microphone pain 

are redundant and in different environments, based on the placement of walls, direction 

of the speaker. and placement of the speaker, two of the three pairs will be optimal. 

This hypothesis was experhnentally tested and the results are illustrated in Figure 

3 -23. 
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Figure 3 -23 - The dominant cross correlation peak for various microphone structures 

This figure illustrates the results of the analysis of the effectiveness of difTerent 

microphone pair combinations in different situations. For the test environment depicted 

in Figure 3.10, the best dual microphone pair combination was the [A,B] and p,C] 

combination. However, when iaçorporating the results of ail three possible pairs and 

selecting the best 2 out of three, the success rate almost doubles. As a result, throughout 

this implementation, al1 three microphone pairs were utiiized in the sound localization 

process and their result were used in the production of the SPMs. The reason for this 

process is that when d l  three pairs are incorporated into an SPM, the probability that at 

least two will coincide to produce an intensity peak at the location of the sound source is 

high. This, in effect, automatically selects the best two out of three microphone pairs and 

uses their results for a correct localization. 



3.8 Analysis of the Pedormance of the Sound Localization System 

Overall, the sound localization system perfomed well as long as the speech was 

directed towards the microphone array and as long as the background sounds were less 

intense than the sound produced by the main speaker. Cases in which these measures 

were not observed, the system was stiil able to locate the main speaker, but the number of 

iterations required was much greater. 

3.8.1 The effects of SNR on system pedormance 

Figure 3.24 illustrates the relation between the required number of iterations and 

the signal to noise ratio. These resuits consist of the average of ten trials per data point. 

Frorn these results it can be observed that for low SNR values there is a linear 

dependence between the required number of iterations and the SNR, but for medium and 

high SNI2 values, the curve experiences a rapid decrease in the required number of 

iterations. 



ISP Rmquirmd Iterit ions to corrmct locil ization vs. SNR 

SNR (dB) 

Figure 3.24 - The relation between S N R  and required number of iterations 

Figure 3.24 illustrates the ability of the system to localize the main sound source 

in the presence of intense background soumis, with SNRs of as little as O dB. These 

resuIts were obtained with the speaker directly facing the microphone array. Figures 3.25 

and 3.26 show the SPMs for a high SNR and low S h i  situation, respectively. 

I I 

Figure 3.25 - A correctly localized sound source with only 20 iterations, S M = 8  dB 



Figure 3.25 illustrates a correctly localized speaker with a signal to background 

signal ratio of 8 dB and with the speech directed towards the microphone array. In this 

case, only 20 iterations where required to produce the final SPM. Figure 3.25a illustrates 

the final sound localization SPM and Figure 3.25b illustrates the selected peak of the 

SPM, which correctly identifies the main speaker. 

Figure 3.26 - A correctly localized sound source but 140 iterations, SNR=2 dB 

Figure 3.26 illustrates sound localization in the presence of a strong background 

sound which resulted in a signal to background sound ratio of 2 dB. As a resulf the 

localization process takes 140 iterations to complete and the final SPM in Figure 3.26a 

does not have a clear peak when compared to Figure 3.25a Figure 3.26b illustrates the 

correctly identified sound source that corresponds to the peak of Figure 3.26a. 

3.8.2 The effects of reflections on system performance 

Figures 3.27 and 3.28 illustrate the effects of reflection on the localization process 

for the case of a single speaker standing in the middle of the room. As shown in Figure 

3.27, the required number of iterations to obtain a correct position doubles with a 

deflection of 20' fiom 0' fiom the horizontal axis. However, there is an extensive jump 

in number of iterations as the horizontal deflection angle surpasses 45'. 



Roquimd numkr of itomîions vs. horizontal defloction of the 
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Figure 3.27 - The effects of horizontal deflection on the required number of iterations 

In Figure 3.28, the effects of vertical angle of speech are analyzed. While in ail 

deviations between 0' to 45' the required number of iterations does not change much, for 

negative deflection angles (Le. when speaking towards the floor) the required number of 

iterations increases significantly. 

Required numôer of iteraüons vs. vertical angle of 
speaker's face to the horizonhl 

Vertical degrees between microphone center line and the 
direction of the speakets face 

Figure 3.28 - The effects of vertical deflection on the required number of iterations 



3.8.3 Analysis of Sound Localization Accuracy 

Srnall errors in the ITD estimate produce large errors in the sound IOcalization 

accuracy, as illustrated in Figures 3.29 and 3.30,. ITD errors can usually be aîtributed to 

speaker movement, sound source aperture size, and the sound signal sampling rate. 

Sampling incurs an ITD error of +/- 0.5 samples. 

a) c) 
Figure 3.29 - Expected localization error for six different positions wi th  an ITD error of 

a) +/-OS samples, b) +/- 1 .O samples, and c) +/- 1 -5 samples 

Figure 3.29 illustrates the relation between the localized area and the ITD error 

for six diflerent spatial positions. A better illustration of the spatial area error due to an 

ITD error is shown in Figure 3.30, where the intensity of each point is representative of a 

larger localization area or greater spatial area error. 

Figure 3.30 - Localization error depicted as the intensity of each spatial position with an 
ITD error of a) +/-OS samples, b) +/-1.0 samples, and c) +/-1.5 samples 

For the implemented system, error patterns in the experimental results were 

sùnilar to Figure 3.29. Figure 3.3 1 illustrates the localization errors with a 10 dB SNR, 



In cornparison to the estimated error regions of Figure 3.29, the results of Figure 3.3 1 

roughly correspond with a +/- 0.5 to +/- 1 .O sample system error. 

The sound localization results illustrated in Figure 3.31 are obtained by 

overlaying the results of several different trials on a single spatial map. In order to 

differentiate a location that is selected many times and a location that occurs only a few 

times, the overlaying procedure has been designed to adjust the intensity of each location 

according to its fiequency. Brighter locations are indicative of more fiequent 

localizations while darker spots are indicative of occasional localizations. 

Figure 3 -3 1 - Overlapped resdts of several different successful localizatiin experiments 
with the presence of a 1 OdB SNR 

As show in Figure 3.32, the localization area error does not significantly change 

with SNR changes, however, in low SNR situations, the system sometimes mistakes the 

background noise sources as the main speaker, and hence the erroneous source 

localizations to the right of the Mages illustrated in Figure 3.32 d) and e) are obtained. 



Figure 3.32 - The change in localization accuracy in the presence of a) a 10 dB SNR, b) a 
7dB SNR,c)a3 dB SNR,d)a2dB SNR,ande)aOS dB SNR 

In order to assess the accuracy of the above localization results, a localization 

variation analysis was performed. This analysis involves the averaging of the distances 

between each non-zero intensity pixel and the true sound source location, as illustrated 

below: 

Where 4 is the fiequency of occurrence of the ith localization resui?, (x& is the 

coordinate of the corresponding result, and (s& is the true location of the sound source. 

The error results which correspond to Figure 3.32 are s h o w  below: 

C o r s  in accur icy  v r .  SN  R 

O - -- - 
O 2 4 0 8 T O 12 

S ignal  to  Background Sound  Rat io  (dB) 

Figure 3.33 - The relation between the intensity of background sounds and localization 
e m r  

It should be noted rhat the localization result fiequency is proportionai to the intensity of the spatial plots 

of the results. 



Figure 3.33 illustrates the relation between the localization error and SNR. As 

expected, errors are high at the low SNR because the system mistakes the background 

sound as the speaker. In order to andyze this point M e r ,  another series of localization 

results are illustrated in Figure 3.34 and the associated errors are shown in Figure 3.35. 

Figure 3.34 - Overlapped localization results for situations with a) a 10 dB SNR, b) a 3 
dB SNR, c) a 2 dB SNR, and d) a 0.5 dB SNR 

Figure 3.35 - The relation between the intensity of background sounds and localization 
error 



Similar to the case depicted in Figure 3.33, as the S N R  drops the system remains 

accurate until the SNR reaches 3 dB below which the system accuracy is grealy reduced, 

This is again associated with the erroneous locakations that can be found in Figure 3.34 

where the system occasionaiiy mistakes the noise source to be the true sound source. 

3.9 Cornparison of the ISP algorithm with previous approaches 

The somd localiiration system proposed in this thesis differs fiom previously 

reported systems ([SI, [13], [14], [Hl) in two main ways. First, in our system, an 

iterative procedure of dynarnic length is used to ensure the validity of the results, and 

second, a spatial probability mapping technique which would allow the system to be 

immune to high intensity background sounds and secondary sound sources is used. The 

developed spatial probability mapping technique also has the advantage of not limiting 

the number or location of microphones. However, the latter point has not k e n  explored 

in this thesis. 

Table 3.1 swnmarizes the performance characteristics of the different sound 

localization systems. Note that the ISP characteristics in Table 3.1 have been provided for 

a SNR of 3 B .  However, the ISP system c m  function in 0-3 dB SNRs with a reduced 

localization rate. 



Localization (average) 
Algorithm 

Filtered Cross 
Correlation pJ 

Iterative Spatial 
Probability 

Frequency 
Decomposition (1 91 

>18 

Hïghest 
Localization 

Rate (Hz) 

77 

Table 3.1 - Cornparison of different sound localiilation implementations 

Co- 
Locrlization 
Probability 

16 

In comparison with the learning approach of Section 3.3.1 ([13]), the ISP 

0.43 

algorithm bas the advantage of a shortened configuration time and reduced computer 

# of 
Microphones 

0.99 

resouce requirement. Furthemore, the ISP-based system is capable of functioning in a 

Ana lysis 
Type 

10 

much lower SNR than the leaming algorithm and it has a higher peak localization rate. 

Based 
Sub- 

S m l e  

3 

Both approaches estimate the ITD to the nearest sample number. As will be discussed in 

Based 
Sample- 
Based 

Section 3.9.3, this per-sample estimation results in an increase in the ITD error. 

The fiequency decomposition algorithm of Section 3 -3 -2 [19] performs much 

better than the leaming-based sound localization aigorithm. It is capable of operating in 

SNRs around 18 dB and has an extremely fast localization rate, which is approximately 

77 localizations per second. Due to the nature of the frequency decomposition algorithm, 

the fmal ITD resuits are sub-sampled, meaning that they are much more accurate than the 

sarnple-based estimation techniques that are employed by both the leaming algorithm and 

the ISP algorithm. 



However, while the ISP-based system does not localize as fast as the fkquency 

decomposition approach, it has a much higher success probability (0.99 compared to 

0.43). Furthemore, the ISP-based system can fünction correctly in the low SNR 

situations6, whereas for the fiequency decomposition case no anaiysis was conducted at 

those SNRs. Finally, some consideration should be given to the fact that the ISP-based 

system obtains its performance characteristic with only 3 microphones uistead of the 10 

microphones used for the fiequency decomposition system. 

The filtered cross correlation system of Section 3 -3.3 [S J in many ways resembles 

the initial steps of the ISP algorithm. In both cases, sub-optimal filtered cross 

correlations are used as means of ITD estimation. However, while no information 

regarding the correct localization probability or average SNR of tbis system could be 

found, it is known that it nuis at a constant 2 localizations per second compared to the 16 

localizations per second of the ISP algorithm. 

3.10 Analysis of Svstem Parameters 

3.10.1 Microphone Placement and Structure 

One of the main attributes of any sound localization system is the structure and 

placement of the microphones. There have been numerous studies in the past involving 

the structure of the microphone arrays ([19],[24]) and the optimdity of each different 

6 In this context, low SNR situations correspond to those where the SNR is less than 5 dB. 

76 



configuration. In general, larger microphone distances yield lower localization errors at 

the cost of a decrease in success ratio. This is due to the fact that large inter-microphone 

distances make the system more reflection and noise prone since the sound signals 

observed by one array element could be very different fiom those observed by another 

array element. In systems with small inter-microphone distances, the sound signals 

observed wodd be roughly the same for ail the elements, except an ITD induced t h e  

shifi. Hence the correlation between the result of each element wodd be greater. 

Based on some of the previous microphone placements ([19], [24]) and several 

experiments conducted by the author, the microphone array was placed in a linear fashion 

with 0.5m gaps between the array elements. However, more detailed placement analysis 

is required in order to fmd the optimum microphone placements. 

3.10.2 Sound Window Duration 

Another factor that significantly affects the success of the algorithm is the number 

of samples or duration of each sampling window whose results are cross correlated and 

appended to the histogram. If this duration is too small, then it unfairly biases the 

histogram towards an ITD of O or close to it since for higher ITDs there will not be many 

points to correlate. If the duration of the window is too large, then it wouid take too long 

to acquire the necessary samples and go through the required iterations. Also, it becomes 

possible with large window Iengths for the speaker's movements to affect the sound 

localization results. A window length of 12.5 ms was used in the compilation of these 



results and was found to be adequate in t ems  of localization duration, accuracy, and 

irnmunity to source movement. 

3.103 The effects of sampling rate on localization resuIts 

Generally, the human voice occupies the fkequency spectrum h m  approximately 

30 Hz to 5 lcHz Hence, a sarnpling rate of 10 kHz would theoretically be enough to 

ensure no aiiasing occurs and that the sound signals are properiy captured. However, 

several sound localization techniques, including the ISP algorithm, employ ITD 

estimation techniques to the nearest sample. For these approaches, the granulanty of the 

samples determines the ITD estimation accuracy. Figure 3.3 2 illustrates the situation 

where the peak of the cross correlation curve occurs at an index of 1.5, but since the cross 

correlation is analyzed at every sample, the peak is selected to have an index of 1, thereby 

resultïng in an ITD error of +/- 0.5 samples [23]. In general, per-sample ITD estimation 

techniques result in a +/- 0.5 sarnple ITD error. This error can be reduced by increasing 

the sampling rate which results in a decrease in the sampling period. As a result, most 

per-sample sound localization dgorithms use ADC sarnpling rates higher than the 

minimum 10 kHz, usually in the range fiom 16 to 24 lcHz ([SI, [13]). For the ISP 

algorith, a sampling rate of 24 kHz was used- 
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Figure 3.36 - ITD error associated with analyzhg the cross correlation curve on a per- 
sample basis 

3.11 Summary 

In this chapter, the basic theoretical principles and algorithms behind sound 

localization were discussed. Based on these algorithms, an iterative spatial probability 

(ISP) based sound localization system was proposed and implemented. The ISP 

algorithm uses an iterative approach in which measurements are repeated until a desired 

accuracy is achieved. This leads to gwd performance in situations with low signal to 

noise ratios. The ISP algorithm also involves conversion of the cross correlation 

histograrns to a spatiai probability map where the intensity of each location is related to 

the probability of the existence of a sound source at that location. Figure 3.37 illustrates 

the complete set of steps involved in the sound localization process. 
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Figure 3.37 S teps  invohed in the sound localization process 

In the latter sections of  this chapter, the localization accuracy and performance of 

the system were analyzed and the system was compared to some of the previous 

approaches. 



CHAPTER lntegrated Vision and 
Sound Localization 

4.1 Introduction 

Sound localization, vision, and a variety of other senses can be utilized to obtain 

the location of an object. However, the combination of senses can be a more robust and 

accurate method of obtaining such information. Sense integration is an ability that is 

common to biologicai awareness systems and is effective because it ailows the perception 

systems to be applicable in a greater number of situations than would be possible with a 

single sense alone. 

In each of the previous two chapters, object localization using specific senses was 

discussed. In this chapter, the system developed in Chapter 3 is integrated with a singie- 

camera object localization system in order to analyze the benefits and problems that are 

associated with multi-modal perception. The single-carnera system that is employed here 

utilizes the aigorithm that was introduced in Chapter 2 with the exception that Intelligent 

False Object Removai is not used. The reason for this is that with one camera the 

possibility of the formation of false objects does not exist. 



The reason behind using only a singie camera instead of the multi-camera system 

described in Chapter 2 was prirnarily that the benefits of multi-modal perception could be 

satisfactorily obsewed with a single camera Systems with a higher number of cameras 

do possess several advantages including coverage of a larger environment and a higher 

localization accuracy. However, these advantage are not closely related to the integration 

of multiple senses and hence a singlecamera vision system was utilized for the analysis 

of the integration of vision and sound localization. 

4.2 Previous Multi-modal Perception Systems 

There have been many attempts in the past to integrate multiple senses as part of 

an artificial awareness system ([SI, [7J, [8]). In the system described by [5], sound 

localization using an array of microphones was used to steer a single camera to point to 

the source of sound. The sound localization portion of the system discussed in [5] ,  which 

was explained in detail in Chapter 3, consisted of an array of 8 microphones which 

localized sound with the Ntered cross correlation approach in 3 dimensions. Based on 

this estimate, a camera that was placed on a mechanical arm wodd aim at the sound 

source position and as a result the image of the speaker would be obtained by the camera. 

Such a system can be readily used as an automated teleconferencing system. One 

of the major drawbacks of this implementation was the fact that the camera did not 

participate in the localization of objects. It was used simply to take consecutive images 

of the sound source afler it had been locaked. Also, the system was not tested in 



situations with low SNR, hence its performance characteristics in those situations remains 

unknown. 

4.3 Description of Proposed System 

In order to implement the integrated vision and sound localization (IVSL) system, 

two requirements have to be satisfied. First, the control system responsible for the sound 

localization has to be dedicated to the sound-sampling algorithm in order to assure that no 

samples are missed. If this requirement is not achieved, the existence of sample "gaps" 

which distort the result becornes possible, A simple way for this requirement to be 

achieved is for there to not be any context switching while the program is executing. 

Aiso, the single-camera vision system has to be implemented in Microsoft 

Windows 95 due to the fact that the available camera interface programs are provided for 

this operating system only and also because multiple thread execution is required. The 

IVSL routines dso require multiple thread execution since they consist of image 

decomposition, sound localization and vision integration, and visual report generation 

programs. 

With the above requirements in mind, the iVSL system was implemented on two 

processing systems; one dedicated to the sound localization system and the other 

dedicated to the concurrent execution of an image capture routine, a sound and vision 

merging routine, an image decomposition routine, and a visual report generation 



program. The processing systems are linked with a serial RS232C comection interface 

which allows the sound locaiïzation system (processor 1) to transfer location Somation 

to the vision and control system (processor 2) with a Message Passing protocol ([25])- 

An added benefit of this implementation is the fact that moa components are standard 

off-the-shelf components, which minimizes the cost and complexity of the IVSL system. 

The main cornponent of the NSL system is the sound location aigorithm that 

initiates the detection process, as iiiustrated in Figure 4.1. The sound localization 

program continuously obtains new sound samples, computes the corresponding ITD peak 

histograms, and transmits the histograms to the second processor. These first three steps 

are the only ones executed by the k t  processor. 

1. Obtain 2. Compute Cross- 3. Send 
Sound - - Correlations and --- Histograms in 

Samples append H'itograms Message Packets 

- -- --- - -- 
4. Interface wiih t-- 
Camera and 

Obtain Current 
Sœne lmage -- 

5. Obtain -. 

Sœne lmage 

6. Condud Image 7. Block until 
Pmœssing and Message 
Decomposition Packets are 

Routines R h v e d  

9. Locate 
Speaker in - 

lmage 
-- -- 

8. Produœ Joint 
Vision and Sound 

Localization 
SPM 

I-b Joint S P ~  and q- 
Located Speaker 

-- 
T 

Figure 4.1 - The steps involved in the ZVSL program - Note that the first computer starts 
at step 1 while the second computer starts at step 4. 



Concurrent to the sound localization process, scene images are obtained £iom a 

single camera and are processed (illustrated by steps 4,5, and 6). The processing involves 

the detection of ail objects in the image by background segmentation ([l 21). Due to the 

nature of the camera system, the image capture and processing programs have to be 

executed concurrently and independently. M e r  the processing stage (Step 6), the 

processing thread blocks itself mtil a message fiom the sound localization processor is 

received (Step 7). This message contains the contents of the ITD histograms that allow 

the vision processing thread to produce the joint Spatial Probability Map (SPM) of the 

enviromnent (Step 8). The details of the joint SPM will be discussed in section 4.4. 

After the joint SPM is obtained, its peak identifies the location of the speaker and 

based on a 2-D spatial transformation to image coordinates, the most likely object in the 

scene image corresponding to the speaker is selected (Step 9). Finally, al1 IVSL results 

such as the joint SPM, scene image, speaker location in 2-D spatial coordinates, and 

identified speaker image are displayed on WSL status windows (Step 10). 

4.4 Integrating the results of sound locafization and vision 

The integration of the sound localization and vision results are eased by the fact 

that both senses utilize SPMs as a means of combining multiple-carnera or multiple- 

microphone pair information streams. As a result, the inteption of sound localization 

and vision consists of summing their individual SPMs. This method is effective 

irrespective of the nurnber of microphone pairs or cameras. 



4.4.1 Description of the Integrrition Process 

The surn of the intensities of the sound localkation SPM and vision SPM can be 

States as: 

J(X ,Y)  = P - L(x,Y) + I k y )  (4.1) 

Where J(x9y) is the joint SPM of the environment, L(x,y) is the vision SPM, I&y) is the 

sound localkation SPM, and is an appropnate weight factor. The p factor is used to 

weigh the vision SPM differently than the sound localization SPM. In our experiments, it 

was discovered that any high value for fl which would weigh the vision results slightly 

more than the sound localization results would be satisfactory. The relationship between 

multiple-source and multiple-sense results can be derived fiom equations 2.8 and 3.38 as 

shown below: 

Where Qi(x,y) is the vision trace due to the ith carnera, and G6(x.y) is the sound 

Iocalization SPM layer due to the bth microphone pair. What is important in Equation 

4.2 is that the joint SPM is independent of the sequence in which the SPM layers are 

added. Hence, the joint SPM equation can be generalized to the following: 

Where K(x,y) is the SPM for the ith layer (it should be noted that this can be an SPM for 

any type of sense) andf; is its corresponding weight coefficient. For the IVSL system, 

f;=l for cases where the ith Iayer is a sound localization SPM and J=P for cases where 

the ith layer is a vision SPM. 



b) c) d) e) 
Figure 4.2 - Results of the NSL system 

Figure 4.2 illustrates the processing steps undertaken by the IVSL system. The 

background and updated scene images are depicted in Figure 42a and 4.2b respectively. 

Figure 4 . 2 ~  illusirates the SPM obtained fiom the sound localbtion systern and 4-26 

illustrates the integration of the sound localization SPM and vision SPM. Finally Figure 

4.2e illustrates the localizattion of the speaker and f) illustrates the image of the object 

responsible for the production of sound based on he sound localization results. 

4.4.2 IVSL performance in practical situations 

Figure 4.3 illustrates the localization of an environment with the presence of two 

individuals of which one was the active speaker. In this case, the camera observes two 

objects (Figure 4.3b) and after the integration of the vision and sound localization SPMs 

(Figure 4-34), the speaker position is located (Figure 4.3e) and a portion of his image is 

highlighted in the onginal canera image (Figure 4.3f). 

a) b) c) 4 e) 
Figure 4.3 - Results of IVSL in the presence of two individuals 



Figures 4.4 and 4.5 iiiustrates the situation where two objects simultaneously 

speak in the environment. In Figure 4.4, the person near the center of the environment 

speaks for a longer time than the second person, which speaks only occasionaily. 

However, as a resuit of the occasional secondary speech, the sound locaiization SPM 

illustrated in Figure 4 . 4 ~  is not as definitive as th& of Figure 4.3c, aithough any 

ambiguity is removed with the aid of the vision results, as illustrated in Figure 4.4d. 

a) b) C) dl el f 
Figure 4.4 - The results of the NSL system in the presence of two speaking individuals 

Figure 4.5 illustrates another example of the multiple-object multiple-speaker 

situation, except here the main and secondary speakers speak for the entire duration of 

the locaiization process. The reason for the increase in clarity of the sound localization 

SPM in Figure 4Sc is that the intensity of the correctly Iocalized main speaker is much 

higher than the second individual. 

a) b) c) d) e) f )  
Figure 4.5 - The results of the IVSL system with the presence of two speaking 

individuals 

In some of the above examples, only parts of the speaker's body were selected in 

the final speaker selection image. This is due to the background segmentation algorithm 



where objects are identified after the system perceives a difference in intensity between 

several neighboring pixels. Sometimes, parts of objects correspond in intensity with the 

background image and hence those sections are not identified by the Unaging system. 

Occasiondiy, this has the effect of breaking objects in two and in the localization 

process, oniy the more probable of the two sub-parts is selected and boxed in the speaker 

selection image. 

4.5 Effect of Integration on Loealization Accuracy 

In the NSL environment, the localization accuracy of the sound localization 

system was much greater than that of the vision system because of the fact that typical 

objects such as individuals cannot be pinpointed Iike sound. Hence, the addition of 

vision to a sound locaiization system should not increase locaiization accuracy. 

However, vision is unaected in the presence of several speakers and as a result the 

presence of background sound sources which cari confùse the sound localization system 

is less of a problem with the ïntegrated NSL system. As a result, d l  errors that were 

attributed to the formation of the faise localization results illustrated by Figures 3.28 and 

3.30 should be removed with the addition of the vision resdts. 

An experiment was conducted with the speaker and background sounds situated 

exactly as those in Figure 3.32. Based on the localization resdts, the overall accuracy 

was computed according to Equation 3.52 in the presence of four different SNR values. 

The final Iocalization accuracy results of the IVSL system, which are depicted in Figure 

4.6, are plotted alongside the results of Figure 3.33. As can be seen, the localization 



accuracy is increased in al1 cases, especially at the low SNR situations where the sound 

localization system by itself would occasionaüy mistake the background sound source as 

the main speaker resulting in a sudden increase in localization error. With the addition of 

the vision sense, the sound localization system is no longer capable of detecting the 

background sound source and hence the accuracy is greatly increased. 

Localization Error vs. SNR 

0 - - --- 

O 2 4 6 8 10 12 

SNR (dB) 

Figure 4.6 - The relation of N S L  localization accuracy to SNR 

4.6 Cornparison of the IVSL with Previous Systems 

The system implemented in [SI and the NSL system have many similarities. 

They have an identical end goal, which is to obtain the image of the speaker in an 

environment. The means by which this goal is reached, however, are quite different. 

First, the IVSL systern benefits fiom both sound and vision. This means that in cases 



where sound localization is not able to correctiy locate the speaker, the vision system can 

aid the locaiization process, as iiiustrated in Figure 4.6. Nso, the IVSL system was 

tested in a variety of SNRs, while the implementation in [SI was tested with a single 

S m .  

Another difference is that the N S L  system does not require a camera aiming 

procedure. Unlike the impiementaion in [SI, the N S L  has a fixed camera pointing to the 

environment. The image of the speaker is a subset of the image obtained by this camera. 

Overall, the NSL system offers supenor functionality and robustness to 

background sounds and noises. In terms of accuracy at high S m ,  both of the two 

systems being compared use a per-sample (refer to Chapter 3) analysis which means that 

the accuracy at these SNRs is roughly equivalent. At low SNRs, h~wever, the IVSL 

system can consistently locate the speaker, in contrast to the system of [SI. 

4.7 Summary 

This Chapter described the process of integration of a single camera vision system 

with the results of a sound locaiization system. This process involves the weighted 

addition of the spatial probability maps of each sense. Such a method enabled the results 

of different senses to be combined in a scalable and cornputationally simple manner. 



The implementation of an integrated vision and sound localicliition system was 

also performed and discussed. Overall, the inteption of the two senses resulted in a 

reduction of the localkation error and in increased performance. This was more evident 

in low SNR situations, where the sound locaiization system's performance was degraded. 

The advantage of the NSL is that when a specific sense fa& to locate an object, 

the other sense can aid in the localuation process. For example, cases with low S N R  

where speaker localization was not possible with just the sound locaiization system were 

correctly performed by the IVSL system. This advantage arises fiom the fact that, in the 

IVSL system, the senses of vision and sound localization are cornpletely integrated 

through the mechaaism of the SPM, such that the final decision uses ai1 available 

information. This is in contrast to most previous systems where each sense operates 

mainly on its own and integration takes place after al1 the resuits of the individual senses 

have been obtained. 



CHAPTER Conclusion 

5.1 Summary and Conclusion 

The goal of thîs thesis was to design the object localization component of an 

artificid awareness system. The objective was to design object localization components 

and algorithms that allow different senses, such as sound and vision, to be integrated into 

a single system easily and efficiently. 

In Chapter 2, a multicamera object localization algorithm was proposed. This 

systern consisted of the extraction of basic object information fiom images and the 

transformation of this information into spatial pobability maps. The main problem of 

such a transformation, namely the formation of false spatial objects, was resolved with 

the introduction of IFOR, the Intelligent False Object Removal algorithm. Also 

discussed was the notion of global SPM peak setection that significantly reduced the 

computational requirements of the IFOR algorithm 



In Chapter 3 the theory of sound localization was discussed and an iterative sound 

iocalization algorithm was proposed- Unlike other approaches in the sound 1ocali;ration 

field, the proposed aigorithm ailowed the number of times that cross correlation analyses 

took place in a single 1ocali;lation to Vary, resulting in a system that was shown to be 

robust in the presence of extensive environment reflections and background sounds. The 

information received fiom the microphone pairs is analyzed with the aid of the same 

spatial probability maps proposed in Chapter 2. The effectiveness of the sound 

localization system in ternis of immunity to reflections and background sounds, 

consistency, and accuracy were analyzed. 

Chapter 4 focused on the integration of a single-camera system and the sound 

localization system, It discussed the integration of the two senses (vision and sound 

localization) and illustrated the effectiveness of spatial probability maps in handling 

multiple-sensor and multiple-source situations. The effect of sense integration on 

localization accuracy was also analyzed, and it was shown that the merging of senses 

could greatly benefit the overall results of the awareness system. For example, when the 

sound localization system performance was degraded in low SNI2 situations, the 

information fkom the canera removed d l  arnbiguities and kept the localization error at a 

relatively constant low level. 

In conclusion, the integrated sound localization and vision system demonstrated 

the ability of multiple-sensor and multiple-source systems to provide artificial awareness 

in an effective and accurate manner. 



5.2 Directions for Future Work 

There are several aspects of the developed system that can be extended in fiiture 

research projects. These include the implementation of a multiple-camera vision system, 

the extension of the sound locabt ion system, and the enhancement of the IVSL system. 

5.2.1 Implementation of a multiple-camera vision system 

In Chapter 2, a multiple-camera object localization algorithm was proposed. 

While parts of this algorithm were employed in the IVSL implementation described in 

Chapter 4, the full multiple-camera algorithm requires M e r  analysis with the aid of a 

real-time implementation. The relation between the number of cameras and the accuracy 

and robustness of the localization system, especially, is a very viable firme extension. 

5.2.2 Sound Localization Extensions 

The developed sound localization system illustrated the ability of an iterative 

spatial probability algorithm to localize sound in a practical setting with strong 

background socnds and the possibility of sound reflections. One aspect of this approach 

that \vas not analyzed was the application of spatial probability maps to the detection of 

multiple speakers. In such an analysis, carefùl consideration should be given to the 

manner in which cross correlations fiom different iterations are combined into a single 

database. 



Another direction of extension of the sound localization systern is the addition of 

more microphones in different configurations. Since the location and placement of 

microphones does not affect the complexity of the ISP algorithm, a thorough anaiysis of 

the relation between locah t ion  accuracy and the number, location, and arrangement of 

the microphone arrays using the ISP algorithm may prove to be very valuable. 

5.23 Enhancernent of the IVSL System 

The Integrated Vision and Sound Localization was able to accurately localue 

objects. Using this object localization system, more awareness sub-systems can be 

implemented. The developed sense integration approach that is defhed in Equation 4.3 

can be appiied not only to sound localizatïon and vision modules but to other types of 

senses such as motion detectors and proximitty sensors. 

Other viable directions of future extension for the IVSL system include the 

addition of self-configuration and location-based somd extraction. Since the system is 

capable of localizing sound sources, each awareness module which includes al1 

microphones and cameras, can emit a sound based on which they would be recognùed. 

This introduces a framework for the automatic localization of al1 modules if an initial 

sound localization system is present. This would greatly simplifi the configuration of the 

artificial awareness system. Aiso, after a sound source has been localized, the sound 

emitted from that source may be extracted from other sounds thereby allowing the 

awareness system to 'listen' to a specific speaker or conversation. This is a task that is 

cornmonly performed by humans in crowded environments. 
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