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Fig. 1. Regular pattern with characteristics of collinearity and
equal-spacing.

pattern. We focus on a particular minefield pattern
described in Section 3.1. Fig. 2 shows a graph of this
regular distribution. The pattern can be characterized
by six parameters, which means that given these six
parameters we could reproduce the minefield pattern.
The key to this work is to extract the “true” pattern
parameters of the spatial distribution during the pro-
cess of the detection efficiently. The extracted pattern
information can be used to design the optimal search
strategy and provide real-time decision models for spa-
tial orientation of robots. This work also serves as a
beginning point to extend our methodology to extract
patterns that belongs to a larger families of the pat-
terns.

Fig. 2. A typical example of the regular pattern. “Circle” rep-
resents the intended mine position, which are the function
of a set of characteristic parameters. “Cross” represents the
detected mine position.

We have the following requirements to our method:
e The method should be able to deal with
uncertain information. Presenting a strategy
to determine the mine location is hard enough.
The detector error further complicates the prob-
lem. Detector produces false negative, false pos-
itive and inaccurate reading about the location
of a detected mine. Moreover, the model of the
minefield pattern is generally inaccurate. Possi-
ble reasons for deviations of the model from the
real world are deploying errors, mine explosion
and model simplification. All of these random er-
rors increase the difficulty to decode the underly-

ing pattern.

e The method should be computationally ef-
ficient. It is important that the computation can
be finished in real-time on the robot. The de-
tector information must be used continuously to
update the probability map of the mine locations.
Moreover, real time path planning based on the
updated map must be implemented onboard the
robot.

e The method should allow the integration
of sensor readings from different detectors
over time. Integration of sensor reading over
time could compensate noise and is necessary to
resolve ambiguities about the minefield pattern.

2 Literature Review

This work has roots in classical motion planning for
robots. Conventional path planning was developed to
search a collision-free path to the goal from the ini-
tial position, considering the size and the shape of the
robot[8]. This does not serve the application of lo-
cating for landmines. Coverage path planning on the
other hand specifically emphasizes the space swept out
by the robot’s sensor. Integrating the robot’s foot-
print (detector range) along the coverage path yields
an area identical to that of the target region. An ap-
proach to coverage path planning problem makes use
of the exact cellular decomposition method [2], [1]. to
divide the target region into overlapping regions called
cells such that adjacent cells share a common bound-
ary. Complete coverage is achieved by covering each
cell.

Complete coverage may be time consuming or not
possible with robots that has limited power budget.
Therefore, we consider a probabilistic planning that
has access to a probabilistic map of mine locations.
The planner can guide opportunistically the robot in
the situation that time does not permit a complete
coverage of a target environment. In [6], Gelenbe and
Cao discuss strategies for directing robots to search for
mines in a pre-selected area based on a priori spatial
distribution. The prior information about the mine-
field is represented by a probability distribution of pres-
ence of mines. Simplified Infinite Horizon Optimiza-
tion is designed to optimize the rate of finding mines.
First, a stochastic process is introduced to describe
robot positions. Then, the STHO algorithm makes de-
cisions based on optimizing the long term probability
that a robot will be directed to locations proportionally
to the probability that those locations contain mines.
The STHO algorithm computes the transition rates at
each ith step so that the long run probability after ith
step, that the robot visits a point in the search area



R matches closely the probability of finding a mine at
that point. The advantage of the SIHO algorithm is
that the decision is not only based on robot’s percep-
tion of its immediate neighborhood, but also use of
global information to match its perception of the cov-
erage of the whole field.

However, in most of situation, a probabilistic map
of mine locations is unknown . Therefore, constructing
the probabilistic map by navigating the minefield is the
first task. Modeling the characteristics of the spatial
distribution of the minefield could help us building the
probabilistic map more efficiently. In statistical litera-
tures related to the minefield detection, the character-
istics of the spatial distribution of the minefield were
modeled in both regular and scatter pattern minefields.
The models were used to classify mines from other ob-
jects including other metal or plastic objects in a noisy
image obtained from Aerial Reconnaissance, which is
another promising technology to detecting minefields
and individual mines. In Aerial Reconnaissance, an
aircraft flies over an area and images it; the images are
then analyzed to detect minefields.

Lake, Sadler and Casey [10] suggest a method to de-
tect collinearity and regularity in regular pattern mine-
field. One advantage of their approach is that it effec-
tively detects generic regularity in minefields without
explicitly taking advantage of collinearity and equal-
spacing. Therefore, the method can be used to de-
tect generic regularity without prior knowledge of the
possible patterns. A two-step procedure for detect-
ing minefields is proposed whereby collinear points are
first detected using a variant of a standard approach,
the Hough transform and the period (spacing of the
mines) then estimated using the modified Euclidean
algorithm.

A different way of detecting approximate collinear-
ity and regularity is to model the minefield as a point
process. In doing so, Walsh and Raftery [11] model
the approximate collinearity and equal space of mines
in a more explicit way in their sequential placement
model. The basic idea of their model is that mines are
laid sequentially roughly a constant distance apart in
approximately parallel. The distance between sequen-
tial mines, the mean distances between rows and the
direction of the rows are parameters to be inferred. A
Bayesian framework is used to obtain posterior prob-
abilities of each point being a mine and a Metropolis-
Hasting algorithm is designed to estimate the param-
eters. Six different types of proposal distributions are
used; Add, Delete, Swap, Grow, Kill and Jump. At
any given iteration of the Markov chain Monte Carlo
(MCMC) algorithm, one type of move is proposed. The
first five moves are designed to explore current mode

of the posterior locally. Jump move is intended to en-
able the chain to make large jumps from one posterior
mode to another. Add move is to add a randomly se-
lected point at the end of the mine row. Delete is to
delete a randomly chosen end mine. Swap is proposed
to swap a noise point for a randomly chosen end mine.
In Grow step, three mines are proposed to form a new
row. In kill step, a row with exactly 3 mines is se-
lected and changed to noise points at random. Jump
move proposes new model parameters and “grows” a
new minefield based on these parameters.

A critical difference between the above two methods
is that the method by Walsh and Raftery is based on
the framework of an explicit statistical model. This
leads directly to good estimation methods using estab-
lished statistical principles. It also suggests ways of
improving the method’s performance in different situ-
ations, by modifying the model so as to approximate
the situation considered more closely. Cressie and Law-
son [3], [4] also fitted a Bayesian model via MCMC; in
their case, it is a hierarchical point process model and it
does not specifically model approximate linearity. The
advantage of the explicit statistical model is important
in our case, so we will follow the explicit method.

3 Problem Setup

Our goal is to determine the parameters for a reg-
ular spatial distribution. We focus on the particu-
lar minefield pattern described in Section 3.1. The
pattern can be characterized by the parameter vector
A = (C1,Cs,v,0, X0, Yo0), which means that given
A we can reproduce the minefield pattern p. In the
remainder of the paper, we will use the symbol A to
represent the pattern parameter vector. The key is to
extract the unobserved underlying pattern p, so that
the probability map of the minefield can be constructed
based on the underlying pattern and the optimal search
strategy can be designed to guide the robot based on
the probability map of the mine locations.

Our strategy to solve the pattern extraction prob-
lem is to implement a full coverage of a partial mine-
field region A, as described in earlier work[1], [2]. The
observed information is a set of detected mines at po-
sitions y = (y1,...,Yk), where y; € A, i = 1,...,k.
A minefield pattern is simply a set of intended mines
at positions g = (41, ..., U, -..). The intended mines
are in some spatial relationship to each other, i.e. the
minefield pattern p can be reproduced based on the
pattern parameter vector. See Fig. 3 for a diagram of
the data collection strategy. In the main parts of this
section, we will concentrate on describing our method-
ology to solve the pattern parameter estimation prob-
lem using the information collected in the covered re-
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Fig. 3. Data collection strategy. The rectangle represents the
cover region A. “Cross” are the found mines in the cover
region.

gion.

A strong motivation to adopt a Bayesian approach
is that the Maximum Likelihood Estimate (MLE) pro-
vides only a point estimate of the parameters and
does not directly tell the uncertainty of the estima-
tion. (Methods do exist for attaching uncertainties to
MLE’s.) A Bayesian approach calculates the posterior

distribution fajy(dly) = %&2)’%(6) after observ-
ing the locations of some mines. Meanwhile, the ob-
served mines y depend on the true minefield pattern
x(9) through a known conditional probability density
fy|a(y[x(d)), which is also called likelihood function.
fy|a can be specified based on the noise model in Sec-
tion 3. and it is derived in Section 3.3. he posterior
distribution is often impossible to compute in closed
form, and even if it were possible, the density fa|y is
typically impossible to recogni e as anything familiar.
nstead of trying to calculate the density, we will use
Markov chain Monte arlo (M M ) to create a sam-
ple from the posterior distribution of the parameters.

his initial research addresses a grid pattern with
every other row shifted with respect to neighboring
rows ( ig. ). hat pattern is selected from ield Man-
ual -3 of the epartment of the Army. Iltimately,
this work will serve as one component of a system in
which many possible patterns are considered. e use
() to index the mines on the grid. he first found
mine is indexed as () mine. hen, ( ) represents
the mine in the column and row with respect to
the () mine as illustrated in ig. he scale and
rotation of the pattern are described by six parameters
see able for the their descriptions.

andom error in location of detected mines is in-
troduced from two main sources. irst, the mine de-
tector is imperfect the detected mine position may
be di erent from the real mine position. Second, er-
ror is introduced in the mine-laying process the real
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Fig. . The grid pattern ith one ro shifted ith respect to the
neigh oring ro .
T

distance between two mines on the same
row.
distance between two rows.

is the shift of the odd rows with re-
spect to the even rows.
angle of the row direction with respect to
the robot coordinate frame (usually w.r.t.
hori on).
Location of the ( , ) intended mine with
respect to the robot coordinate frame.

laid position is di erent from the position in which the
mine is intended to be laid. A aussian white noise
model is used to model the combination of errors from

two sources. he detected mine position, (), is bi-
variate normally distributed with mean ( ) and
fixed variance-covariance matrix (). he den-
sity function is

SOOI ) =— ()
where ( ) is the intended mine position, which is
the function of the index () and the pattern param-
eters . he chance that the detected mine is located

in any region decreases as the distance between the in-
tended and detected locations increases.  ith
of chance, each mine will fall within a circle centered
at the intended mine position with radius 3

ypical mine detectors produce false negatives the
detector can be near a mine, but not sense it. alse
positives are false alarms the detector says there is a
mine where there is none. Although false positives may
delay demining, false negatives are catastrophic. or
the sake of simplicity, the initial research assumes that
the robot does not produce false positives, but false
negatives. age suggestsa cookie cutter model for
false negatives, which says that the detector responds



