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Abstract: We propose a high-performance path planning algorithm for automatic target tracking in the applications of real-time
simulation and visualization of large-scale terrain datasets, with a large number of moving objects (such as vehicles) tracking
multiple moving targets. By using a modified Dijkstra’s algorithm, an optimal path between each vehicle-target pair over a
weighted grid-presented terrain is computed and updated to eliminate the problem of local minima and losing of tracking. Then, a
dynamic path re-planning strategy using multi-resolution representation of a dynamic updating region is proposed to achieve
high-performance by trading-off precision for efficiency, while guaranteeing accuracy. Primary experimental results showed that
our algorithm successfully achieved 10 to 96 frames per second interactive path-replanning rates during a terrain simulation
scenario with 10 to 100 vehicles and multiple moving targets.
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INTRODUCTION
In this paper, we propose an automatic target
tracking method in our real-time simulation and
animation system of large-scale terrain field. Our
system supplies autonomous guidance, navigation
and control of moving objects, in order to efficiently
perform related challenging missions in manufacture,
entertainment, and other real-world applications. Our
goal is to deploy a large number of moving vehicles
upon a large-scale virtual terrain (essentially a 2D
curved terrain surface in 3D space).
A typical mission planning conducted by our
simulation system would be organizing a large number of moving vehicles (hundreds or thousands) to
efficiently track multiple targets (either static or
moving) on a virtual terrain field. Our automatic tar-
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get tracking method is used to determine the movement of each vehicle based on, for instance, global
terrain field information from satellite images. The
planned path is capable of rapidly approaching the
target or destination, meanwhile cleverly avoiding
forbidden zones, and other obstacles. When the targets are moving on large-scale virtual terrain field,
our system further provides dynamic tracking of these
targets using real-time path planning for each vehicle.
These vehicles can be equipped with local sensors and
be able to exploit sensor data, so as to precisely locate
and recognize targets as well as avoid collision with
obstacles. Vehicles may also have self-learning capability during their navigation. All the new information and knowledge from each vehicle will be
further shared among other vehicles in the same or
different groups, toward a more precise planning and
efficient tracking. This paper mainly focuses on the
challenging problem of dynamic target tracking and
real-time path planning for a large number of moving
vehicles on large-scale virtual terrain.
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RELATED WORK
The core technique of dynamic tracking of multiple moving targets is essentially motion planning, a
crucial research area in robotics. In order to concentrate on the central issues in motion planning, Latombe (1999) distinguished a basic motion planning
problem from more general motion planning. He also
called the basic motion planning problem path planning, which refers to a purely geometric problem of
computing a collision-free path for a robot (a single
rigid object) moving in Euclidean workspace among
static obstacles. Although such a basic problem is
somewhat oversimplified, some mobile robot navigation problems, such as our vehicle movement over
terrain, can be perfectly expressed as a realistic instance of it. During the terrain navigation, the positions of the vehicle and the target are considered as
the source and the goal of the planned path, while the
forbidden zones, constructions, and mountain steeps
are considered as static obstacles on terrain. In our
simulation system, we also consider other moving
vehicles and targets as moving obstacles.
Most of the practical methods for solving the
basic motion planning problem are only applicable for
single static target within known environment. They
can be divided into three categories: roadmap, cell
decomposition, and potential field (Latombe, 1991).
The roadmap and cell decomposition methods reduce
the problem of finding a continuous free path to that of
searching a graph (e.g., the visibility graph, the Voronoi diagram, the connectivity graph) by first analyzing the connectivity of the free space. The potential
field method was initially proposed for on-line collision avoidance (Khatib, 1986). In this method, the
target generates an attractive potential which pulls the
robot toward the target, while the obstacles produce a
repulsive potential which pushes the robot away from
them. The negated gradient of the total potential is
treated as an artificial force applied to the robot. Because the gradient depends on the local potential field
in the neighborhood of the current robot position, the
potential field methods are often called local methods,
while the roadmap and cell decomposition methods
are called global methods. In comparison to other
methods, potential field methods can be very efficient
although they have a major drawback: they can get
trapped into local minima of the potential function.

Also, for dynamic tracking of moving targets, updating the potential field is expensive.
In this paper, we first propose a novel fast path
planning method to determine a single moving path
from a vehicle toward a target. In this new method, we
define the moving path as a minimum-cost path from
the vehicle to target in a directed-weighted graph
converted from a 2D terrain grid. By assigning different costs to different areas on the terrain, the extracted path can automatically avoid those systemspecified or user-specified high cost areas, such as the
obstacles and forbidden areas on the terrain.
In particular, we propose to employ the fast
Dijkstra’s algorithm (Dijkstra, 1959) and a quick heap
sorting technique to create a minimum-cost spanning
(MCS) tree in the directed-weighted graph in
O(NlogN) time, where N is the number of points on
the 2D terrain grid. Then, finding the minimum-cost
path from a vehicle to a target becomes extracting the
corresponding path in the MCS tree, which takes O(M)
times, where M is the number of points on the path.
Therefore, our efficient path planning can be completed in O(NlogN) time (see details in Section 3.2).
Although our method uses costs (or weights) as a
potential field method does, these two methods are
different. Because our method extracts the path from
a global MSC tree, it is a global method and solves the
local minima problem. Also, it is more flexible to
assign various costs to flexibly avoid various kinds of
obstacles on the terrain.
Furthermore, based on this reliable and efficient
path planning method, we propose a set of dynamic
target tracking methods that are capable of updating
the moving paths for hundreds of vehicles at an interactive rate when the targets move. Section 3 describes our automatic target-tracking algorithm, and
Section 4 shows experimental results.

AUTOMATIC TARGET TRACKING
Terrain, obstacles, and moving objects representation
The sensory information on the geometry of the
terrain and the obstacles are obtained from satellite
images, typically including a 2D elevation map and a
corresponding color photograph. Based on these
sensory images, we generate a high-resolution 2D

Wan et al. / J Zhejiang Univ SCIENCE A 2006 7(7):1275-1281

terrain grid with the same resolution, forming a virtual digital map of the terrain field (Wan et al., 1999).
At each grid point, we initially store its elevation and
color. Then, we can employ image processing and
recognition techniques to identify different objects
and areas on the terrain image and mark them on the
virtual map. Finally, we assign different costs to grid
points located in different areas or occupied by different objects as desired.
For example, an extremely high cost should be
assigned to points at forbidden areas so that a planned
path can avoid them. Even within a safe area, we may
assign costs to points as a function of the elevation
gradients at these points to indicate that whether a
flatter or a shorter path is preferred. We may also
assign a very low cost to each grid point on a road so
that we can arrange the vehicles move along a preferred road. Such a global terrain map is shared
among vehicles during simulation.
Then, each vehicle sends its own position information or its local sensory target information to
other vehicles by making marks on the global terrain
map. This information is used both for collision
avoidance between moving objects, and updating the
terrain map with more detailed or new information at
the current terrain field.
Single path planning for a vehicle-target pair
In this section, we describe our novel single
path-planning method between a vehicle-target pair.
It takes three steps: first, build a 2D directed-weighted
graph on the terrain surface; second, create a minimum-cost spanning (MCS) tree on this graph; finally,
extract a minimum-cost path from the vehicle toward
the target within this MCS tree. We name this new
method minimum-cost path planning.
Step 1. Build 2D directed-weighted graph
Each point in the terrain map is defined as a node
in the graph, while edges represent the 4- or
8-neighbor relations between the nodes. Each edge
has two directions pointing towards its two end nodes,
respectively, and each direction has its own cost that
has been assigned to the end node it points to.
Fig.1 gives an example of such a directed graph,
where A and B are two neighboring vertices on a 2D
terrain grid, linked by an edge AB. A and B’s weights
are weight(A) and weight(B), respectively. WAB and
WBA are the weights of directed adges AB and BA,
respectively.
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WAB=1/weight(B)
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Fig.1 Directed weighted graph converted from 2D
terrain grid. (a) Directed weighted graph; (b) Edge AB
and its directed weights

Step 2. Create minimum-cost spanning (MCS)
tree
We select a source node S at the current vehicle’s
position, and then rapidly create the MCS tree spanning the entire graph by employing both a modified
efficient Dijkstra’s algorithm and a fast heap sorting
technique (Wan et al., 2001).
Specifically, our method consists of the following four steps, where the source point S is at the current vehicle’s position:
Step I: Mark source point S, define S as the
current node, set its path-link to NULL, and set its
DFS(S) to zero, where DFS(V) is the accumulated
distance from voxel V to the source point.
Step II: Put each unmarked neighbor, say B, of
the current node C into a sorted heap, set its path-link
to C, and calculate its DFS(B) as DFS(C)+DIS(B,C),
where DIS(B,C) is the distance between B and C.
Step III: Remove the head of the heap, mark it
and set it as the current node.
Step IV: Repeat Step 2 and Step 3 until the heap
is empty.
A fast heap sorting technique is adopted to find
the node with the minimum weight in the current heap
by O(logN) time scale. As a result, our algorithm is
completed in O(NlogN) time scale, as compared to the
traditional approaches of O(N2) time scale. Each inside voxel obtains a path-link pointing toward its
neighboring voxel, through which it reaches the
source point with a minimum weight. It also obtains a
DFS-distance to record the length of this minimum
DFB-cost path toward the source point. Our minimum-cost spanning tree is represented by the collection of all the path-links. The DFS-distances will help
us find the distance between the vehicle and the target.
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If a shortest path is preferred, then the DFS-distance
can be considered in calculating the accumulated
minimum weight in heap sorting.
Step 3. Extract a minimum-cost path
We extract the path in the MCS tree from the
source S (the root) to the node at the vehicle’s position,
according to MCS connectivity. This is the resultant
tracking route from the vehicle to the target.
Dynamic tracking of multiple moving targets
The above path-planning method works fine for
a one-to-one vehicle-target pair and for static targets
only. However, in our system we need to simulate a
large number of vehicles with multiple moving targets in the virtual battlefield, which is a much more
challenging problem compared to the traditional single vehicle-target pair path planning problem. A brute
force approach would be using a single-path planning
method to calculate a moving path for each vehicle
individually. But the total computational cost would
increase with the number of vehicles, which is not
affordable. Therefore, we adopt the following three
effective strategies to reach an interactive path-updating rate.
1. Multiple-path planning
The first strategy is named multiple-path planning,
which takes the vehicles instead of the enemy targets
as the goals in path planning. A traditional path planning used to deal with one single source and one single
target (at each time frame if the goal is moving). For
example, a moving path computed for each vehicle by
using the potential field method would be started from
the vehicle and ended at the desired target as the goal.
However, such a single source (at each vehicle) path
planning would be expensive for a large number of
sources (vehicles). To solve this problem, we propose
a so-called multiple-path planning based on our minimum-cost path planning.
Specifically, we select each target as the source
and the vehicles as the goals in our path planning.
Then, our minimum-cost path planning can find all
the minimum-cost paths toward all the surrounding
vehicles at one time. As a result, we speedup the path
planning dramatically compared to repeatedly using a
single-path planning method on all vehicles. This
multiple-path planning procedure is provable to be as
fast as a single-path planning procedure from the
target to the farthest vehicle. Obviously, as long as the

target does not move or moves within a very tiny
region, we can keep using these computed paths.
Note that an extra benefit of this method is to
automatically identify the total cost from each vehicle
to a specific target, which can be accumulated along
the corresponding minimum-cost path. Thereby, we
can find the lowest cost from a vehicle toward all the
targets and assign to this vehicle a target that is
reached by this vehicle at the lowest cost. As a result,
we can use this strategy to efficiently group the vehicles during the simulation of tracking multiple targets.
2. Variable-range path planning
The second strategy is named variable-range path
planning, aiming at tracking a moving target. When a
target moves fast, the paths computed by using our
multiple-path planning would be updated frequently to
keep track of the target movement. However, computation cost for path re-planning at each time frame
when a target moves would be expensive and unnecessary. Based on the observation that a vehicle closer
to a target changes its path more seriously than the
vehicles further away, we propose a variable-range
path planning method, which updates the moving path
of a vehicle according to both the distances from the
vehicle to the target and the amount of movement of
the moving target. By using this method, we recomputed the moving paths only for those vehicles within
a certain range around the target.
In particular, our path updating is localized
within a size-variable area centered at the position of
each target. If the change of the position of a target is
relatively small compared to the distance between the
vehicle and the target, then the change to the path
between them is not significant, especially in the
segment of the path that is close to the vehicle (Fig.2).
Hence, there is no change to the next movement of the
vehicle.

Vehicle

Fig.2 Small movement of target leads to little change to
the far away path
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Based on the observation above, we propose an
adaptive path re-planning strategy for vehicles within
a varied range, according to the position of the target.
Assume that the updating range is a (Rx×Rz) block
centered at (x, z), the coordinates of the position of the
target, kmin is a constant, k is an integer, and (∆x, ∆z) is
the current movement of the target. Rx and Rz is determined as follows:
If
 (k ≥ kmin ) and (((∆x mod 2k = 0)

k
k +1
∃k or (∆z mod 2 = 0)) and ((∆x mod 2 ≠ 0)

k +1
 and (∆z mod 2 ≠ 0)))
Then
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However, note that updating paths only within a
fixed range around the target may result in losing of
target for those vehicles that never get close enough to
the target, hence never get chance to be updated
(Fig.4).
Moving target







Rx=min(TERRAIN_WIDTH, 2k+2+1),
Rz=min(TERRAIN_HEIGHT, 2k+2+1)

Else
Rx=9, Rz=9
Fig.3 gives an example on how to decide the
dynamic range. Assuming that kmin=2, the paths for
vehicles within a (9×9) block centered at the target are
updated at every move (every frame). Once a target
moves from one (4×4) block to another on the grid,
we have k=kmin=2. So, we update the paths for those
vehicles within a (17×17) block centered at the new
position of the target; Furthermore, if the target
moves from one (8×8) block to another, then we have
k=kmin+1=3. So, the updating range is further enlarged
to a (33×33) block; and so on. By setting the updating
range to be (2k+2+1)×(2k+2+1), this method guarantees
that when a target moves out of a (2k×2k) block, the
vehicles within the (2k+2+1)×(2k+2+1) block are updated.
∆x mod 4=0,
∆x mod 8≠0,
∆z mod 8≠0
Rx=17, 7

Fig.3 Updating area is always centered at the target.
However, its size is decided by the movement of the
target

Fig.4 Loses of tracking

This method leaves almost no loss of tracking
except for one situation, when there are some obstacles such as mountains or rivers lying between the
target and vehicles. In such situations, vehicles could
have chosen a longer but flatter route rather than
climbing the mountain, according to the assignment
of the weights of the edges. To limit the speed of the
vehicle or to set kmin to a larger value will reduce the
possibility of losing tracking. In order to more effectively and thoroughly solve this problem, while
avoiding frequent updating of routes globally, we
adopt a passive strategy as follows. We leave the
vehicles moving along the route. Once a vehicle
reaches the end of the route without finding any target,
it sends a rerouting request to its assigned target; then,
its target’s updating range is forced to be extended to
cover that vehicle’s location.
3. Multi-resolution based path planning
The third strategy is named multi-resolution based
path planning, to further accelerate path planning.
Note that the closer a vehicle moves towards a target,
the more accurate the moving path should be, so as to
make an accurate target tracking. That is also to say,
when a vehicle is quite far away from the target, we
can trade accuracy for speed. Accordingly, we propose a multi-resolution based path planning which
computes the paths for the vehicles on a continuous
level-of-detail representation of the terrain. The
closer toward the target, the higher resolution terrain
data we use. We can employ existing view-dependent
continuous level-of-detail object representation approaches, where we use the target to replace the

1280

Wan et al. / J Zhejiang Univ SCIENCE A 2006 7(7):1275-1281

viewpoint. We can employ either triangle-based (Xia
et al., 1997; Hoppe, 1998) or voxel-based (Cohen-Or
et al., 1996; Wan et al., 1999) multi-resolution terrain
representations. One advantage of the triangle-based
representation is that terrain rendering can be accelerated by hardware accelerators.
As an example, we implemented a simple strategy based on our grid representation of large-scale
terrain in this paper. If within a (2k+2+1)×(2k+2+1)
block centered at the target, our multiple-path-planning algorithm is applied at a stride of s,
then, outside of a block of (2k+2+1)×(2k+2+1) but
within a block of (2k+3+1)×(2k+3+1), the stride is 2s.
For example, if we assume that k=kmin, s=1, then the
strides within different ranges are illustrated in Fig.5.

faces, which is accelerated by graph-hardware accelerator; the other requirement is the interactive update
rates for path-replanning for each vehicle, which is
the focus of our work in this paper. Our primary experimented results showed that we have successful
reached such challenging goal of an interactive pathreplanning rate of around 10 frames per second and
above on SGI Challenger, as shown in Table 1 below.

S=4
S=2
S=1

Fig.6 100 vehicles (in green) tracking 10 moving targets (in red) on top of 3D terrain data
Table 1 Automatic path computation time for a large
number of vehicles and multiple moving targets
Fig.5 Assume that kmin=2. Within the (9×9) block, s=1;
out of the (9×9) block, but within the (17×17) block,
s=2, and so on

Targets
1
5
10

Time(s)
10 vehicles
0.0102
0.0470
0.0802

50 vehicles
0.0103
0.0480
0.0848

100 vehicles
0.0104
0.0490
0.0882

EXPERIMENTAL RESULTS
To demonstrate the performance of our new
automatic target tracking algorithm, we have implemented this algorithm in a large-scale terrain visualization and simulation system. This system was
implemented on a 16 R10000 processors SGI Power
Challenge.
Fig.6 shows a snapshot of our simulation environment, where 100 vehicles (in green) is tracking 10
moving targets (in red) on top of a 3D terrain volume
at a resolution of 512×512×64. There are two challenging requirements to implement such a real-time
visualization of the dynamic terrain scene with a large
number of vehicles chasing randomly moving targets
distributed on different area of the terrain field. One
requirement is the real-time rendering of terrain sur-

In Table 1, we showed the performance of our
algorithm on SGI Challenge with different number of
vehicles and moving targets. Our algorithm achieved
a satisfactory result of more than 10 frames per second with 100 vehicles tracking 10 moving target.
Since the updating time is so tiny at each frame, we
measured it through more than 300 consecutive animation frames. An interesting conclusion from our
experimentation is that the computation time was
dominated by the number of moving targets instead of
the number of vehicles. For example, when the
number of targets reduced from 10 to 5, the path
computation time of 100 vehicles decreased dramatically, and reached an updating rate of 20 frames
per second; while, when the number of targets reduced to 1, the path updating rate reached 96 frames
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per second. As a result, our algorithm would have a
good performance in the scenario of a large number of
vehicles (hundreds or thousands vehicles) tracking a
small number of moving targets.
Table 2 compares path computation time for 100
vehicles tracking 10 moving target, by using different
acceleration strategies described in Section 3.3. By
using the brute-force multiple-path planning method
in Section 3.3.1, we reached a path updating rate of
about 1.1 frames per second. Then, by adopting
variable-range path planning method given in Section
3.3.2, we reached about 3.1 frames per second. Finally, by further combining our multi-resolution
based path planning method with the two methods
above, we successfully reached an interactive updating rate of more than 10 frames per second.
Table 2 Comparison of path computation time with
different acceleration strategies, in a terrain scene
simulation of 100 vehicles tracking 10 moving targets
Acceleration strategies
Brute force (Section 3.3.1)
Variable range (Section 3.3.2)
Multi-resolution (Section 3.3.3)

Time (s)
0.8926
0.3194
0.0882
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sensor, image processing, expert systems, and terrain
visualization, can also be applied in our simulation
system, for better dynamic virtual environment description, target and obstacle identification, robotic
vehicle self-learning, and realistic terrain visualization. This system can further be implemented in an
immersive virtual environment with, for example, the
Workbench, stereo and tracking, to support augmented reality environments.
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