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Abstract

We describe a novel algorithm to fuse intensity data from multiple video cameras to
create a spatial-temporal occupancy map. The camera layout is assumed to resemble
a security video network. The occupancy map is a two-dimensional raster image, uni-
formly distributed in the floor-plane. Each map pixel contains a binary value, signifying
whether the designated floorspace is empty or occupied. Instead of tracking objects,
our novel algorithm operates by recognizing freespace. The brevity of operations in
the algorithm allows a dense spatial occupancy map to be temporally computed at
real-time video rates. We demonstrate our algorithm operating in several dynamic sce-
narios. Since each input image pixel is processed independently, we also demonstrate a
parallel implementation that achieves linear speedup on a multiprocessor architecture.
Potential applications include surveillance, robotics, virtual reality, and manufacturing
environments.

Key words: occupancy map, parallel algorithms, video image
processing, robotics, real-time algorithms
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Figure 1: A video camera network.

1 Introduction

We describe a novel algorithm to fuse intensity data from multiple video cameras to create
a spatial-temporal occupancy map. The camera layout is assumed to resemble a security
video network. Figure 1 illustrates a possible environment observed by four cameras. The
occupancy map is a two-dimensional raster image, uniformly distributed in the floor-plane.
Each map pixel contains a binary value, signifying whether the designated floorspace is
empty or occupied. Figure 2 illustrates a possible occupancy map for the scenario depicted
in Figure 1, where grey cells indicate the space is occupied and white cells indicate the
space is clear. A spatial frame of the occupancy map is computed from a set of intensity
images, one per camera, captured simultaneously using a syncing signal. Temporally, a new
occupancy map frame can be computed on each new video frame sync signal. Thus in effect,
the map is itself a video signal, where the pixel values denote spatial-temporal occupancy.
A traditional approach to this problem is based upon tracking objects (see for instance
[27]). The image — objects paradigm starts with a model of empty space and fills it with
observed objects. Figure 3 illustrates a possible implementation. In this case, objects such
as the robot must be segmented in the individual camera views. Segmented objects are then

correlated between multiple cameras (the correspondence problem) and between multiple
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Figure 2: A spatial occupancy map.

frames over time (the tracking problem). Data association methods track when objects enter
and leave the fields-of-view of individual cameras (the camera handoff problem). Segmented
object properties, such as region centroids, can be used via triangulation to determine object
locations.

Our novel approach is based upon the image — freespace perceptual paradigm [12].
Our approach starts with a model of occupied space and fills it with observed freespace.
Figure 4 illustrates our implementation. In this case, pixels of observed objects (such as the
robot) are ignored. Instead, it is the pixels that are unchanged from the background that
cause a cell of the model to be changed, from occupied to empty. The union of freespaces
as observed by the multiple cameras creates a reasonable picture of its inverse, the occupied
space.

The advantages of our approach may be summarized as follows:

e In the tracking-based approach, pixels must be segmented (grouped) in order to locate
objects. In the freespace-based approach, there is no segmentation. Each pixel from

each camera is processed independently.

e In the tracking-based approach, data association methods must be used to solve the



Figure 3: In the tracking-based approach, objects are segmented in individual camera views.
Data association methods correlate the objects between cameras and over time. Triangula-
tion on object properties locates objects in the monitored space.

correspondence, tracking, and camera-handoff problems. In the freespace-based ap-

proach, there is no data association. Data fusion is performed at the pixel level.

e In the tracking-based approach, triangulations must be computed on-line. In the

freespace-based approach, all the necessary triangulations can be computed off-line.

Our methods are elaborated in Section 3.

We demonstrate our algorithm on a system consisting of four cameras and a single CPU
general purpose computer. The four input video streams are processed at full resolution
(480 x 640 standard NTSC) producing a 480 x 640 resolution occupancy map. Using a 1997
PC with an Intel 233 MHz processor, our algorithm was able to compute and display a new
occupancy map frame every 200 ms, thus operating at approximately 5 Hz. We also examine
the parallel nature of the algorithm. Simulating the same I1/O as described above, using a
1998 workstation with four Sun 300 MHz processors, our algorithm runs at over 30 Hz. The

subject of frame rate is discussed further in Section 5.1.
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Figure 4: In the freespace-based approach, each pixel is processed independently. Data
fusion is performed at the pixel level, so the problems of data association are avoided.

2 Related Work

An occupancy grid is a powerful representation for sensor data fusion [8]. A review of
the variations on the occupancy grid, such as the voxel grid, quadtree, and oct-tree, may
be found in [11, 18]. These models provide a dense representation, but allow for efficient
storage, access, and visualization due to their similarity in stucture with computer memory.
Occupancy maps have been constructed from a single mobile range camera, in a move-
stop-image cycle, for robot navigation [2, 3]. Using onboard sonars, mobile robots can create
and update coarse local occupancy maps while moving [5, 6]. In [19], a single stationary
range camera, imaging at 1.25 Hz, was used to construct and render a three-dimensional
occupancy grid in real time. Occupancy grids have been constructed off-line from multiple
intensity images [23, 28| and range images [21] for static object modeling. In [22], multiple
intensity video streams were semi-automatically (human-assisted) edited off-line to produce
a time sequence of 3D occupancy grids. Our novel algorithm fuses multiple intensity video
streams to produce a dense 2D occupancy map of a complete environment in real-time.

In [27], multiple stationary intensity cameras are used for surveillance of an area. In [17],



multiple stationary intensity cameras are used to observe a robot for navigation control.
In [10], a forest of intensity sensors is proposed for site monitoring. All of these methods
follow the image — objects perceptual paradigm. Data fusion is performed at the symbolic
level [1], which requires sophisticated image processing and data association methods [4] for
tracking moving objects. Our novel algorithm performs data fusion at the pixel level [1],
using no segmentation, tracking, or data association, and so avoids these complications.

Occupancy grids can be used by mobile robots for mapping an unknown environment, [5,
6]. Concurrently, the occupancy grid can be used for path planning [20], collision avoidance
and obstacle detection [7]. A review of navigation and location-related tasks may be found
in [16, 29]. Our novel algorithm offers a video-rate occupancy map, which could be used as
a dynamic input for all these robotics applications [14, 15, 25]. It could also form a core
visual system for surveillance systems, virtual reality, and intelligent environments.

This paper expands upon a preliminary report published in the IEEE Conference on

Robotics and Automation [13].

3 Methods

Let (z,y, z) represent a right-handed three-dimensional coordinate system. The z = 0 plane
is assumed to lie in the plane of the floor (the ground plane) of the area being monitored.
Let Olz,y], 0 <z < X, 0<y <Y, zand y integers, define an X-columns x Y-rows
discrete model of two-dimensional space in the z = 0 plane of the (z,y,z) world. Each
Olz,y] models a rectangle of space % X % units in size. In this model, O[z, y| = 0 signifies
a rectangle of freespace while O[z, y| # 0 signifies a rectangle of (at least partially) occupied
space. We refer to O[z,y] as an occupancy map. Let I[n,c,r], 0 <n< N, 0<c¢<C,
0 <r < R, n,cand r integers, define a set of C-columns x R-rows pixel images as captured
by N cameras.

Our method is initialized in three steps. First, the cameras are calibrated to provide

a transfrom 7, from each camera’s image space I[n,c,r] to the (z,vy, z) world space. The
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Figure 5: Background image and floorspace mask for one camera.

transform 7, uses a set of camera model equations and calibration parameters to relate each

pixel [n, ¢, 7] to a ray of space in world coordinates:
To:ln,er] = (2,y,2) + (4,5, k)d d>0 (1)

where (z,y,z) and (i,7,k) are known for each pixel [n,c,r] via the transform 7,. Our
particular calibration model and methods are detailed in Section 3.1.

Second, a single background image B[n,c,r| is acquired for each camera while the
floorspace to be monitored is empty. A binary mask M|[n,c,r] is created for each back-
ground image specifying which pixels are empty floorspace, where M|[n,c,r] = 0 signifies
floorspace and M|n,c,r] # 0 signifies not floorspace. We use a polygon-drawing tool to
delineate floorspace in the images for mask creation. The floorspace to be monitored is a
matter of choice. There is no hard distinction between fixed obstacles and dynamic obsta-
cles, but rather a continuum. For instance, a person is generally considered dynamic, a wall
is generally considered fixed, and a piece of furniture may be considered either dynamic of
fixed depending on its weight and function. In general, we emptied our experimental area of
chairs, desks, tables, etc., during setup, but ignored bookcases and heavy materials sitting
along walls. An example background image and floorspace mask are shown in Figure 5.

The third step to initialize our method is to determine the occupancy map cell O[z, y]

that each image pixel I[n,c,r] views. These locations are determined using the transform



T, to solve the following:
To: [n,c,r] = (2,9, 2) + (1,5, k)d = (24,7, 0) (2)

where z4,y, and d are the three unknowns in the three independent equations. The values
(xg4,y,) are rounded to the nearest integers. If d > 0, 0 <z, < X, 0 <y, <Y and

Min,c,r] = 0, then the mapping F
f : I[’I’L, ¢, T] A O[wga yg] (3)

is established. F is not isomorphic, because any number of image pixels, from any number
of cameras, may view a single occupancy map cell. Our particular solution for F is detailed
in Section 3.2.

The basic operation of our algorithm is to detect differences between the background
image B[n,c,r| and live image I[n,c,r] for each camera. A difference image Din,c,r]| is

computed as

|1 iflI[n,e,r] = Bln,e,r]| > T
D[n’ ¢ T] - { 0 1f|I[’I’L, C, T] - B[n’C? T]| < T (4)

The threshold 7' controls the sensitivity of the algorithm, and is discussed further in Section 5.

By applying F, the difference image D[n, ¢, r] produces the occupancy map:

Olz,y] = [T F{Dln, ¢, 11} (5)

Using Equation 5, an occupancy map cell is designated as freespace if at least one image pixel
that views it sees no difference (D[n,c,7] = 0). An occupancy map cell is only designated
as occupied if every image pixel that can view it sees a difference (D[n,c,r] = 1). The
implementation of this algorithm is detailed in Section 4.

Figure 6 shows an example live image and an image where differences with the background
are highlighted. Pixels which are not different imply clear paths to the corresponding ground
plane points, and therefore empty space in the corresponding occupancy map cells. From

a single camera, this perception of occupancy shows the obvious effects of occlusion and
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Figure 6: Live image and difference image.

perspective, as in Figure 7(a). As additional camera views are added, a reasonable depiction

of the occupied floorspace emerges, as shown in Figure 7(b)-(d).

3.1 Camera Calibration Model

Any camera calibration model and technique may be used, but we recommend the camera
model proposed by Tsai [30]. We have found it be robust for a variety of industrial and
commercial cameras and lenses, and a dependable implementation is publically available [31].
In related work [24] we describe steps to simplify calibrating a camera network, particularly
in locating correspondences. The output from this procedure is the set of parameters for

Tsai’s camera model, for each camera in the network. This camera model consists of:

1. the external parameters T (translation vector) and R (rotation matrix), which locate

and position the camera,

2. the internal parameters f (focal length), x (radial lens distortion) and C;, C, (center

of image), which describe the image projection, and

3. the internal parameters d,, d, (sensor element spacing), N,;, N, (sampling resolution)

and s, (scale factor), which describe the process of image digitization.

These parameters are used to derive a mapping from each camera’s image space to a world

coordinate system.

10
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Figure 7: Map computed using an increasing number of cameras. The camera locations are
denoted with light grey circles near the edges of the occupancy map.

Using Tsai’s camera model, Equation 1 represents a sequence of four steps. First, a
T
point in world space P, = [ Tw Yw w ] is transformed to a point in the camera space

T
P, = [ Te Yo Ze ] by applying a rigid body transformation
P,=RP,+T (6)

where 7" is the translation vector and R is the 3 X 3 rotation matrix. Second, the point in
the camera space P, is transformed through perspective projection, using a pinhole camera

model, to ideal undistorted image coordinates (U,, V,,):

Uw =f% (7)
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Third, the point is transformed through radial lens distortion to distorted image coordinates

(U, Va):
Ud = 1—|[—]l:1“2 (9)
Va = 1—&&"2 (10)

where « is the distortion coefficient and r = /UZ + V2. Fourth, the point is transformed

through digitization as it is captured by a framegrabber:

Up =230+ C, (11)
Vi =gVa+ Gy (12)
(13)

where (Uy, V;) are image pixel coordinates.

3.2 Transform from image space to map space

Using Tsai’s camera model, the solution to Equation 2 is a series of five steps. This solution
begins by taking a point backwards through the steps given in Section 3.1. The first step

transforms a point (Uy, V;) from image coordinates to distorted image coordinates (Uy, V):

Ui = (Us = Ca) e (14)
Vi = (Vf - Cy)dy (15)

where Cy, Cy, dy, dy, 5z, Ney and Ny, are camera parameters established during calibration.
The second step transforms from distorted image coordinates to undistorted image coordi-
nates (Uy, V4,):

Us = U1+ kr?) (16)

Ve =Va(l+ kr?) (17)

where  is a camera parameter and 72 = u2 + v2. The third step transforms undistorted

image coordinates to camera (3D) coordinates. This step relates an image pixel to a ray.

12



This ray is described by a starting point and a directed vector. The focal point, located at
(0,0,0), is taken as the starting point. The image plane is located at f (the focal length) on
the z-axis (in camera coordinates). The directed vector may therefore be described by its

intersection with the image plane (U, V,, f), so that
[Uy, V] = (0,0,0) + (Uy, Va, f)d (18)

where d is an unknown. The fourth step transforms the directed vector from camera co-
T T
ordinates to world coordinates. Let P, = [:L‘c Ye zc] = [O 0 ()] and P, =
T T
[ te Je ke ] = [ U, Vi f ] describe the ray in camera coordinates. Both P, and

P,, are transformed by
P, =RYP.-T) (19)

T T

to give P, = [ Tw Yuw 2w ] and P, = [ w Jw Kuw ] , where P, and P, are points in
world coordinates and camera coordinates, respectively, and R and 7" are camera parameters
established during calibration. The fifth and final step solves for the intersection of this ray

with the ground plane (z = 0):

(xwaywazw) + (iwajwakw)d = ($g,yg,0) (20)

where (z4,y,) and d are the unknowns as described in Equation 2.

4 Algorithms

All the calculations necessary to solve for F (Equation 3) are independent of image content.
Therefore F can be computed off-line and stored as a look-up table. F provides a two-way
mapping, so that it may be applied in two different manners. The look-up table L;[n,c, ]
relates each image pixel for each camera to a unique occupancy map cell. The look-up table
L[z, y] relates each occupancy map cell to a set of image pixels, where each set may include
any number of pixels (including zero) from each camera. The use of Li[n,c,r] and Lo[z, y]

lead to different algorithms, which we will refer to as image-based and map-based.

13



Both the image-based and map-based algorithms show great potential for parallelism
on a multiprocessor architecture. We describe three different divisions of the processing
workload, and the corresponding parallel algorithms. We measure the performance of all the
algorithms in Section 5, in terms of speed of execution.

In the following descriptions we maintain the notation established in Section 3. O|z,y] is
the occupancy map, I[n,c,r]is a set of live images from N cameras, and B[n, ¢, r| is a set of
background images acquired during system initialization. The indices x and y refer to map
coordinates, ¢ and r refer to image coordinates, and n refers to camera number. L;[n,c, 7]
and Ls[x, y] refer to look-up tables storing the mappings described by F (Equation 3). The
threshold T controls the sensitivity of the algorithm, and is demonstrated and discussed
further in Section 5.

The arrays O[z,y|, I[n,c,r], Bln,c,r], Li[n,c,r] and Ly|z,y| are multi-dimensional, yet
they can be accessed in one-dimensional order because they have discrete boundaries. For
the sake of clarity, in the following algorithm descriptions we maintain the multi-dimensional
notation. However, loops on (z, ), on (¢,7), and on (n,¢,r), can be written using a single-

index loop. This reduction in loop overhead yields faster executions.

4.1 Image-based

The image-based algorithm uses the look-up table Li[n, ¢, r], and is described by the following

pseudo-code:

loop ... time ...
loop x = 0 ... map columns
loop y = 0 ... map rows
O[x,y] =1
end loop
end loop
loop n = 0 ... number of cameras

14



loop ¢ = 0 ... image columns
loop r = 0 ... image rows
if (|I[n,c,r]-Bln,c,r]]l < T)
0[L1i[n,c,r]] =0
end if
end loop
end loop
end loop

end loop

The arrays I[n,c,r], Bln,c,r], and Li[n, ¢, r] are accessed in sequential order, which can be
exploited by a cache memory. The array O[z, y] is accessed in non-sequential order.

Entries in Lq[n, ¢, r] that are unused (entries for image pixels which do not map to ground
plane points) are given a sentinel value that points to a harmless memory location outside
the occupancy map. For instance, the occupancy map array is allocated as X x Y + 1 cells,
and the address of the extra cell becomes the sentinel. An alternative is to add a second
conditional statement testing the mask. In the code given above, the inner-most loop is

modified as follows:

if (M[n,c,r] == 0)
if (II[n,c,r]1-Bln,c,r]| < T)
0[L1i[n,c,r]] =0
end if

end if

In this case an extra conditional statement is executed for every pixel, whereas in the orig-
inal code non-useful assignment statements may be executed for some pixels. The relative

performance of these variations is described in Section 5.
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4.2 Map-based

The map-based algorithm uses the look-up table Ly[z, y]. Entries in Ly[z, y| are sets of image
pixel identities. The size of each set varies depending on how many image pixels view the
occupancy map cell. This detail can be simplified by placing a maximum on set size, so
that Lo[x,y] may be implemented as a three-dimensional array. The constant set size S is
selected so that at least 95% of the mappings in Equation 3 may be found in Ly[z,y, s]. The

map-based algorithm is described by the following pseudo-code:

loop ... time ...
loop x = 0 ... map columns
loop y = 0 ... map rows
0lx,y]l =1
loops=0...8S

if (II[L2[x,y,s]1]1-B[L2[x,y,s]]1| < T)
Olx,yl =0
exit loop s
end if
end loop
end loop
end loop

end loop

In the map-based algorithm, the arrays Ly[z, y, s| and O[z, y] are accessed in sequential order,
while the arrays I[n, c,r] and B[n, ¢, r] are accessed in non-sequential order.

As with the image-based algorithm, unused entries in Ly[x,y, s] may be handled using
sentinel addressing or masking. The sentinel version of the code is shown above. In this

case entries in Lo[z,y, s] which do not map to image pixels are given a sentinel value that

16
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Figure 8: The processor workload using image-level parallelism.

points to memory locations outside the image and background image spaces that cause the

conditional statement to fail.

4.3 Image-level parallelism

The image-based algorithm can be split into equal numbers of iterations on the camera loop.
In this case, given P processors and N cameras, each processor works on the images provided
by % cameras. Figure 8 illustrates the workload. In the pseudo-code for the image-based

algorithm given above, the camera loop is modified as follows:
loop n = (N/P)p ... (N/P)(p+1)

where 0 < p < P identifies a particular processor. This algorithm provides contiguous blocks
of memory for the live and background images to each processor, but requires % to be an
integral number in order to maintain a balanced workload. This algorithm also produces
write hazards, because multiple processors may write to the same occupancy map cell at the

same time.

4.4 Pixel-level parallelism

The image-based algorithm can be split into equal numbers of iterations on the image pixels.
In this case, given P processors and N cameras producing R x C' size images, each processor
works on RTQ pixels of each image. Figure 9 illustrates the workload. In the pseudo-code for

the image-based algorithm given above, the image rows loop is modified as follows:

loop r = (R/P)p ... (R/P)(p+1)

17
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Figure 9: The processor workload using pixel-level parallelism.

where 0 < p < P identifies a particular processor. This algorithm does not provide contigu-
ous blocks of memory for the live and background images to each processor, but maintains
a more balanced workload in the case % is not an integral number. This algorithm also
produces write hazards, because multiple processors may write to the same occupancy map

cell at the same time.

4.5 Map-level parallelism

The map-based algorithm can be split into equal numbers of iterations on the map cells. In
this case, given P processors and an X X Y size occupancy map, each processor works on
all the image data for X—PY cells. Figure 10 illustrates the workload. In the pseudo-code for

the map-based algorithm given above, the map rows loop is modified as follows:
loop y = (Y/P)p ... (Y/P)(p+1)

where 0 < p < P identifies a particular processor. This algorithm has no write hazards,
because only one processor may write to each map cell. However, the workload balance is
directly related to the uniformity of distribution of mappings in L2[z,y, s|. If some areas of
the map are scarcely covered by image data while other areas are densely covered, then the

workload will be correspondingly unbalanced.

5 Experiments

We demonstrate our method using the following system. The experimental room is roughly

9 x 6.5 sq. m. in area. Bookshelves line most of the walls. Four Sony XC-999 CCD cameras,
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Figure 10: The processor workload using map-level parallelism.

two with 3.5 mm lenses and two with 6.0 mm lenses, are mounted on top of the bookshelves.
The cameras are connected to a single personal computer, equipped with two Matrox Meteor
digitizers, a Matrox Millennium II graphics display, and a 233 MHz Pentium processor. The
code was written in C, compiled using Microsoft’s Visual C++ 5.0, and executed under the
Windows NT 4.0 operating system. The images are processed at full resolution (480 x 640)
and the map size is 480 x 640. The total time to initialize this system, including calibration,
mask creation, and look-up table creation, takes under ten minutes. The system has run
successfully for weeks using a single initialization.

We tested our system using three types of dynamic objects (people, wheeled chairs, and
a robot) as well as a variety of static objects. Some snapshots from a sequence of chairs
being pushed across the room are shown in Figure 11. Some snapshots from a sequence
of two people walking around the room are shown in Figure 12. Some snapshots from a
robot navigating a path in the room are shown in Figure 13. In each figure the observation
viewpoint in the accompanying camera views is from the lower-left corner of the occupancy
map, looking rightward across the map space. During these experiments, the system was

using the sequential image-based algorithm. Map frame computation took on average 200
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Figure 11: Chairs are being pushed across the room. Occupancy map frames are shown at
5 Hz (every map frame from a 0.8 second sequence). The left side of the image corresponds
to the top side of the map space.

ms, so that the system was operating at approximately 5 Hz. The map quality shown in
these examples is similar to what we have observed during hundreds of hours of operation.
Using the sequential map-based algorithm, performance dropped to approximately 4 Hz.

We have witnessed three artifacts affecting map generation. First, the system is based
upon the image differencing principal, which is directly related to the algorithm threshold
T'. It is of course possible to introduce an object of similar color to the background, and set
T to a value such that the system misses the object. In practice, setting 1 < 7T < 10 forces
the system to see things that people generally cannot see, while setting 1" > 50 forces the
system to miss things that people usually can see. In our experiments, setting 15 < 71" < 35
produced results that generally matched human perceptual expectations.

Second, the system depends upon having multiple views of each mapped cell of floorspace.
Optimally, these views are from cameras with opposing views. As objects move towards the
boundaries of our example system, this constraint is violated, and the obvious effects of
occlusion and perspective appear in the map. This problem only arises near the border of
our experimental area, and could likely be eliminated by using additional cameras.

The third artifact we witnessed in map generation involves the observation of floorspace.

Theoretically, the map depicts occupied space in the exact plane of the floor. In practice,

20



Figure 12: People walking around the room. Occupancy map frames are shown at 1 Hz
(every fifth map frame from a 4 second sequence). The left side of the image corresponds to
the top side of the map space.

objects above the floor can appear as occupied space in the map if the cameras cannot see

under the objects. For instance, in Figure 11, the chair bases are actually held a small

distance above the floor by casters.

5.1 rame rate

The frame rate of our system depends on the number of cameras, the size of the camera
images, the size of the occupancy map, and the algorithm and computer architecture. The
frame rate is also upper-bounded by the frame rate of the cameras. In our case, we are
using NTSC cameras (video signals), which fixes the camera image size to 640 x 480 and
upper-bounds the frame rate at 30 Hz. We are using an NTSC signal to output the map,
fixing the map size to 640 x 480. The remaining variables are the number of cameras, and
the algorithm and computer architecture.

Fixing the number of cameras at four, we examined the performance of the sequential
and parallel algorithms on a multi-processor architecture. Simulations were conducted on
a Sun HPC 450 with four UltraSparc II processors operating at 300 MHz. A set of real
look-up tables used in the sequential prototype were re-used for these experiments. Live

images were simulated using a set of randomly valued arrays. The images were replaced on
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Figure 13: A robot moving around a chair. Occupancy map frames are shown at 0.5 Hz
(every tenth map frame from an 8 second sequence). The left side of the image corresponds
to the top side of the map space.

each iteration of the time-loop, to simulate real system operation, so that the 1 MB cache
on each processor would have to re-load. Figure 14 plots the frame rates of each algorithm

as a function of the threshold 7', which is varied across the reasonable range of operation.

Based on Figure 14, we observe four results:

1. Both the map-based and image-based parallel algorithms achieved almost linear speedup
in the number of processors compared to the sequential algorithms. For instance, be-
tween thresholds of 5 and 35, the pixel-level parallel algorithm showed an average
speedup of 3.3 over the image-based sequential algorithm (the theoretical maximum is

4.0, the number of processors).

2. As in our prototype system, the simulations showed a greater performance for the
image-based algorithms compared to the map-based algorithms (we show only the
fastest map-based algorithm in Figure 14). We suppose this is due to the fact that three
out of the four arrays are accessed in sequential order in the image-based algorithms
(see Section 4.1), while only two out of four arrays are accessed in sequential order in

the map-based algorithms (see Section 4.2). The benefit provided by the increased hit
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Figure 14: Frames per second of algorithms on multiprocessor architecture.

rate in the cache memory (in the image-based parallel algorithms) outweighs the benefit

provided by the avoidance of write hazards (in the map-based parallel algorithm).

. Both the image-based parallel algorithms (pixel-level and image-level) performed equally.

This suggests that the small penalty incurred by having a few (in our case four) non
contiguous blocks of memory for each processor is relatively insignificant (see Sec-
tion 4.4). Therefore the pixel-level algorithm is to be preferred, specifically in cases

where the number of cameras is not an integral multiple of the number of processors.

. Using an image mask decreased performance, as compared to sentinel (out-of-map or

out-of-images) addressing for unused lookup table entries. The execution of an extra
conditional statement for every pixel, along with the cost of loading an additional
large array into memory, was more costly than executing the relatively small number

of superfluous assignment statements.
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The sequential prototype described above was constructed in 1997. The multiprocessor
hardware described above was constructed in 1998. In 1999, we are constructing a second
prototype using a Dell workstation with two Intel processors operating at 450 MHz. Based on
the above experiments, we expect this system to operate at approximately 20 Hz. Based on
projections of computer architecture performance [26], we expect that an average computer

will be able to operate our system at 30 Hz for twenty cameras in the year 2004.

iscussion

In this work, we have described a novel algorithm for computing a spatial-temporal occu-
pancy map from multiple video cameras. Our system offers several advantages over tracking-
based methods. Data fusion is performed at the pixel level, without using any segmentation
or data assocation methods. We imagine that our algorithm could operate at the core of a
number of machine vision systems.

For future work, we are exploring applications for the occupancy map. In our current
system, we have set up a second computer to receive the map in real-time as a broadcast
from the system described herein. In this manner, further operations may be performed
using the map without slowing down the map-making process. One of our current goals is to
navigate mobile robots remotely using the map for path planning [15], continuous position
estimation, and dynamic collision avoidance [25]. Some of these experiments may be viewed
on video in [14].

Another possible application is use the map to track the footprints of a moving person.
Tracking in the map space, as compared to the image space, has the advantage that the
object of interest maintains a constant size. Another advantage is that there is no required
switching between the multiple cameras. These tracks could be used to map the motion
of a real person to a virtual avatar, in real-time. This operation could find use in remote

collaboration and virtual reality applications.
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For surveillance, it would be interesting to combine this system with a continuous back-
ground monitoring system, such as described in [9]. The background images used in this
work remain static. As new objects take up permanent residence in the monitored area,
the background images could adjust for their presence. The background images could also
adjust for variable lighting in the case of outdoor or windowed areas.

The algorithm presented herein is a relatively simple interpretation of the image —
freespace paradigm. Several extensions to our approach remain to be explored. One inter-
esting idea is to consider the application of the approach to a variable terrain, or to a 2%—D
or 3-D model. The simple differencing operation at the core of our implementation could
be replaced by more complex operations, albeit at the cost of a slower execution. Another
interesting extension could be the inclusion of color or other semantic information in the

occupancy map.
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