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Abstract— We consider the design of an efficient target
search algorithm for a single mobile robot. The key technical
challenges stem from the facts that the robot has limited
sensor field of view and is required to perform the search
over an extended area without prior knowledge on the target’s
distribution. In such scenario, it is computationally intractable
to design the optimal search algorithm. In this paper, we inves-
tigate sampling-based target search algorithms that balance the
trade-off between exploitation – further surveying surroundings
of target-detected areas – and exploration – traveling to a
randomly selected un-visited area. In particular, the algorithms
adopt modified Bernoulli Thompson sampling and continuously
update parameters of the target’s posterior distribution based
on the information gather from previous searches. Simulations
are carried out to validate the efficiency of the proposed method
and demonstrate that our method outperforms a baseline
sweeping algorithm in terms of total search time.

I. INTRODUCTION

In many applications in mobile robotics, robots are tasked
with searching for targets distributed over a large area
through information gathering and interaction with the envi-
ronment. Such applications include the acquisition of image
data from coral reef for high-precision 3D reconstruction of
its habitats, trash collection in a desert area, flaw inspection
and repair on surfaces of buildings and large machinery,
detection and sample collection of vegetation in a nature
reserve, and so on.

The challenges in those application scenarios are threefold.
Firstly, targets are static and tend to be clustered, i.e., they are
likely to be located next to one another, and also occupy only
a small portion of entire search space, but their distribution
is completely unknown to the robot. Secondly, the search
space is much larger than the robot’s field of view for which
the robot needs to navigate a long distance for the target
search. Thirdly, the detection of targets requires thorough
investigation of search areas which could be time-consuming.
In this paper, we propose efficient target search algorithms
to address those challenges.

Relevant to our target search problem, the coverage path
planning (CPP) method, surveyed in [1], finds collision-
free paths that ensure the robot to pass over all points of
interest. However, without prior information on the target
distribution, CPP would generate zigzag paths that cover
the entire search space, resulting in inefficient target search
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especially when the targets occupy only a small portion of
the space. Other methods such as [2], [3] use randomized
or sampling strategies to sweep the complete search space.
Similar to CPP, such methods aim to cover the majority of
areas in the space by successively finding locations where
the robot can maximize information gathering. The works
of [4]–[6] propose planning approaches to find trajectories
along which the robot visits frontiers (i.e., regions on the
boundary between open space and unexplored space) or local
minima of a potential information field.

Since those approaches would require sweeping the entire
search space, however, they are more suitable for indoor
target search scenarios, where the space is relatively small
compared to the robot’s sensing range or prior information
on the target distribution is partially known. In this paper,
we propose sampling-based search algorithms that balance
the trade-off between exploration and exploitation in target
search. The robot would randomly select and explore un-
visited areas and exploit the information gathered during the
exploration to find a next search area and to increase the
chances of finding the targets of its interests.

Multi-armed bandits (MAB) [7] are a well-known set of
problems where the exploration-exploitation tension plays
an importance role for a player (gambler) to select arms
that maximize its accumulated reward. In recent work [8],
[9], Thompson sampling (TS) [10] is shown to be the most
effective and easily implementable stochastic approach to the
MAB problems. Particularly, in Bernoulli TS, the posterior of
each candidate (arm) is represented as a beta distribution for
which the player can select an arm based on it and update
its parameters when the player receives rewards from the
arm selection. Such strategy allows the player to explore
among multiple arms and to exploit the information (rewards)
it gathered during the exploration to select the reward-
maximizing arm.

Our main contributions are summarized as follows. Firstly,
we propose novel target search algorithms that adopt a
modified Bernoulli TS in which the robot repeatedly selects
a search area based on the posterior of the target locations
while taking into account the time it takes to travel and gather
information. As in the standard Bernoulli TS, the target
posterior is represented as beta distributions and regularly
updated using the information gathered during the search.
Secondly, we devise a posterior filtering to improve the
robot’s search performance near the boundary of target clus-
ters. As it gathers more information during the search, under
our algorithms, the robot tends to visit the neighborhood
of target-detected areas. When the targets are clustered, the



Algorithm 1 BernTS(K,α,β)
1: for t = 1, 2, . . . do
2: for k = 1, . . . ,K do
3: Sample θ̂k ∼ beta(αk, βk)
4: end for
5: k∗ ← argmaxk θ̂k ▷ Recommend action
6: Apply action sk∗ and observe wink∗

7: Update αk∗ , βk∗ using Equation 1
8: end for

algorithms can efficiently search the inner areas of each
cluster, but not near the boundary of it. The filtering method
is designed to revise the beta distributions to ensure that the
robot does not skip searching the targets near the boundary.
Thirdly, we compare our proposed method with a baseline
sweeping strategy and demonstrate a significant improve-
ment in searching speed, especially in the environments
with clustered targets. Note that our method can be readily
extended to multi-robot search, for instance, via Voronoi-
based spatial allocation strategy [11], and to 3D surface
exploration through 3D surface mesh [12].

II. PROBLEM FORMULATION

A number of static targets are located in a known search
space E ⊂ R2. The set of all target locations, i.e., the areas
of interest (AoI) in E is denoted AoI ⊂ E. We denote p
the position of a point in E. A robot is tasked to detect
all points p ∈ AoI using a perfect isotropic sensor with
finite detection radius fov. Our approach can be extended to
handle anisotropic sensors by applying the similar strategy
from our recent work [13], where we map each sensor to an
isotropic field of view with equivalent detection capability.
The robot is able to localize its own position q as well as
locations of targets. During traveling, the robot moves at its
maximum velocity vmax which is too fast for it to gather
desired information or interact with the targets. Thus, the
robot moves at a slower velocity vdet for precise detection
once a target is found.

A. Background on Bernoulli Thompson Sampling

Bernoulli bandits are among the simplest forms of stochas-
tic multi-armed bandit family. A player receives only a
binary outcome of either win or loss, i.e., win ∈ {0, 1},
from each of the K resources k ∈ {1, 2, ...,K} with a
fixed and unknown probability θk ∈ [0, 1]. A Bernoulli TS
sequentially recommends an action for the next resource
to sample from at each discrete time step t ∈ T using
Algorithm 1, where beta(α, β) denotes the beta distribution
with parameters α and β. The algorithm takes the inputs of
the number of resources K and initial parameters for the beta
distributions for each resource, i.e., α = [α1, . . . , αK ] and
β = [β1, . . . , βK ]. At each discrete time step t, the reward
posterior of each resource is sampled and the resource with
the highest reward is selected (lines 2-5). The player takes the
recommended action, receives the corresponding outcome,
and uses a reward r to update the distribution parameters for

the selected action (lines 6-7). The update equations for the
parameters of the beta distribution are{

αk ← αk + rconst, wink = 1

βk ← βk + rconst, wink = 0.
(1)

The tuning reward rconst balances between exploration and
exploitation, with a higher rconst increases the weight of
exploitation and vice versa. The beta functions then encode
the posterior of getting a reward from each resource, allowing
each resource to be sampled with a time-varying probability
depending on current knowledge of the posterior distributions
and resulting in an exploration behavior. As a growing
number of observations are accumulated, the posterior dis-
tributions tend to congregate at true expected rewards and
the recommended actions approach optimal, bringing about
an exploitation behavior.

B. Assumptions
We make several assumptions for algorithm implementa-

tion and search efficiency guarantee.
Assumption 1 (Environment): We assume that E is

known, which is moderate since usually it is not trivial
to obtain maps in advanced through SLAM, GPS, etc. We
assume that E is significantly greater AoI , i.e., AoI occupies
a small portion of E. This assumption defines a search
problem instead of exploration, in which case a large portion
of the search space must be investigated. We assume E to
be a convex open space for simplicity, as motion planning
in non-convex space is beyond the scope of discussion.

Assumption 2 (Robot): Robots must be ability to get both
q and all p online during search through external positioning
systems or state estimation techniques. We assume that vmax

is significantly greater than vdet, which is often the case in
practice. We also assume E ≫ fov to set a strong constraint
of limited sensing range.

Assumption 3 (Target): We assume that targets are static.
We assume that all targets must be found, defining a capture
problem in target search catalog [14]. It is also assumed that
targets are likely to, though not necessary to always appear in
clusters. However, the target distribution is completely ran-
dom and unpredictable and explicit prior knowledge cannot
be accessed.

III. EFFICIENT TARGET SEARCH

A. Bernoulli Bandit Modeling
To formulate the task as a Bernoulli MAB problem, we

cover E by a grid map with K identical grids. To make use
of robot’s sensing range, K is chosen in a way that the robot
can only detect all targets in one grid when it is placed at
the center of it. With a slight abuse of notations, k denotes
both a grid and the index of it, and K denotes both the entire
grid set and the number of total grids. Each action k ∈ K
represents traveling to the center of a specific grid of in E
and the outcome of that action is denoted as a binary value
based on the detection Z received at that location,

wink =

{
0, Z = ∅
1, else,

(2)



i.e., the outcome is 0 if the robot detects nothing in that
grid and 1 otherwise. For each grid k ∈ K, a beta function
beta(αk, βk) is updated by a reward rk obtained through a
reward policy introduced in Section III-C. Initially, we set
αk = βk = 1, meaning that targets are considered with
identical probability to appear at any locations in E. Note
that outcomes are not immediately received after selecting
an action. Instead, there is a time delay between selecting
an action and receiving an outcome due to the travel and
detecting time it takes.

B. Goal Selection

On starting the search task, robot must select the next grid
to search at each time step. Our goal selection takes both
current belief of true target distribution and the cost of time
to travel to the next goal into consideration to optimize search
efficiency. On the one hand, a robot is always rewarded
by choosing a grid with maximum probability of finding a
target and move to it. On the other hand, a reward obtained
by reducing travel time becomes great when targets are
repeatedly found in current exploited sub-region. In this way,
the robot prioritizes searching surrounding areas and leaves
other areas for future exploitation, even if the posterior of
surrounding target density is not maximum, so as to shorten
the total travel time during search. On the contrary, the robot
receives less reward from saving travel time and tends to rely
on its best guess of target distribution if it repeatedly finds
no targets, suffering from possible long travel time for sake
of finding the next sub-region to exploit.

The robot is assumed to have repeatedly found targets in
the last cf ∈ N selected grids, or have repeatedly missed
targets in the last cm ∈ N selected grids. Once a goal is
decided, we define the “travel-reducing” reward obtained by
reducing travel time from its current location q to any p ∈ E
by a non-negative function:

H(q, p) =

{
(1− norm) · cf , cf > 0

(1− norm)/cm, else,
(3)

norm =
∥q − p∥
dmax

, (4)

where dmax is the distance between two furthest points in E,
and ∥·∥ denotes the Euclidean norm. Note that the Euclidean
distance between goal location and robot location can be
replaced with length of trajectories if E is not a convex
open space and motion planning algorithms are applied. We
normalize the distance between q and p by E’s dimension in
norm. The robot can always be better rewarded by selecting
a closer grid to detect, as a smaller norm always leads to a
greater H. Then we select an action k∗ such that

U = c · θ̂k + (1− c) · H(q, pk), (5)
k∗ ← argmax

k
U , (6)

where θ̂k ∼ beta(αk, βk), and c ∈ [0, 1] is a tuning weight.
If the robot repeatedly gets positive outcomes, it receives
increasing reward from deciding to reduce travel distances,
which encourages it to exploit nearby locations despite

Algorithm 2 GoalSelection(K,α,β,S)
1: for k = 1, . . . ,K do
2: if k ∈ S then
3: Sample θ̂k ∼ beta(αk, βk)
4: end if
5: end for
6: Select k∗ using Equation 6
7: g ← pk
8: S ← S \ k∗
9: Return g,S

the estimated target distribution. Conversely, if the robot
constantly fails to find targets, the reward from reducing
travel time decreases and the reward from selecting grids
with higher estimated target density dominants.

Our goal selection process is outlined in Algorithm 2,
which takes the inputs of K, current α and β, as well as
a set S containing all grids not being searched at current
time step. Different from the regular MAB problem where a
player may select an arm repeatedly, a grid is never searched
twice in our target search problem, meaning that the same
action cannot be selected twice. A sample θk is drawn from
the beta function of each grid k ∈ S, after which a grid k∗

is selected and the temporary goal location g is set to k∗’s
location pk, outlined in lines 1-7. Then the algorithm outputs
g and the updated S, shown in lines 8-9.

C. Recursive Target Search

The target search algorithm, outlined in Algorithm 3,
allows a robot to search targets online recursively overtime.
The algorithm begins with initializing a grid map and beta
functions for each grid, outlined in lines 1-2. The temporary
goal g is set to the robot’s initial position q0, and the set of
all un-visited grids S is initialized with K, as shown in line
3. Lines 4-15 demonstrate the main search process, including
a posterior update step and a posterior filtering step, and the
goal selection process. Robot terminates when desired task
is completed, such as having searched all grids or running
out of time.

1) Posterior Update: To recursively select optimized
goals online, a robot must update the target posterior after
getting an outcome at g. In standard MAB problems, the
posterior of a resource is updated for a player to decide how
frequently that resource is to be selected to play. However,
in searching for static targets, a same grid will not be
explored repeatedly. To take advantage of search outcomes,
posteriors of some other grids must also be updated besides
the sampled grid, based on the assumption that they are
somewhat correlated. Thus, a K-dimensional reward set r =
{r1, r2, . . . , rK} is created and initialized with zeros at each
time step, after which we choose to set not only k’s reward,
but also the rewards of k’s eight neighboring grids N (rk) to
rconst, as outlined in lines 5-7 in Algorithm 3. The reward
set r is then utilized to update the beta functions following
the reward policy outlined in lines 8-12, an explicit form of
Equation 1 where wink is determined by Equation 2. The



Algorithm 3 TargetSearch(q0,K)
1: Draw K grids over E
2: Initialize α(1, 1), β(1, 1) for all αk ∈ α, βk ∈ β
3: Initialize g ← q0,S ← 1, 2, ...,K
4: while true do
5: r ← 0
6: Move to g and search
7: Set rk and all members in N (rk) to rconst
8: if wink = 1 then
9: α← α+ r

10: else
11: β ← β + r
12: end if
13: Implement posterior filtering and update β
14: GoalSelection(K,α,β,S)
15: end while

reward policy augments αs of a grid and its neighbors with
rconst if the outcome is positive, and updates βs similarly
for a zero outcome. We demonstrate in Section IV that such
strategy outperforms the baseline sweeping algorithm when
targets are distributed in clusters since the neighborhood is
believed to have similar target density to a centered grid,
attracting robots to search around founded targets.

2) Posterior Filtering: Though a robot benefits from
exploring goals close to known targets in target clusters, it
may suffer from inaccurate estimation of target density at
cluster edges. When the robot detect nothing right next to
the edges of target clusters, it tends to not move to these
marginal areas, where in fact there are target distributed.
Such tendency aggravates as searched space accumulates,
resulting in slowdown in finding targets located at cluster
edges. An example is shown in Figure 1. After searching
for targets distributed as Figure 1a for a period of time in a
20× 20 grids squared search space, while grids with targets
inside are with higher α values (Figure 1b), not all of them
are with lower β values (Figure 1c). The marginal areas of
target clusters, marked by translucent green in Figure 1c,
have relative high values, resisting being selected to search
by the robot.

Therefore, before selecting goals using Algorithm 2, we
increment the posterior update with a simple filtering process
to improve robot’s performance in searching cluster edges, as
outlined in line 13 in Algorithm 3. We extract a set A ⊂ K
of all grid k in which αk > 1. In other words, A is the set
of all grids that targets are found inside or close to them so
far. Then we reset {∀βk = 1|k ∈ A}, indicating that they
will not be disregarded even the robot has detected nothing
around it. The β map after filtering Figure 1c is shown as
Figure 1d.

IV. SIMULATION RESULTS

We conduct a series of MATLAB simulations to val-
idate the efficacy of our algorithms (source code avail-
able at https://zdmscj@bitbucket.org/zdmscj/
target_search.git). A robot is tasked to search a

squared open space with an isotropic sensor. For simplicity,
robot displacement is with first order dynamics and rotation
does not take up time. The grid size is 1m × 1m based
on robot’s field of view. The robot moves at vmax = 1m/s
and vdet = 0.2m/s. We choose rconst = 10 and c = 0.5.
To randomize target distribution, we select n target clusters
from 7 different sizes and shapes shown in Figure 2 and
randomly place them inside each tested search space, with
possible overlaps.

A. Wasserstein-1 Distance

At each time step, we use Wasserstain-1 distance (W1D)
to quantify the error between the distribution of searched
locations and the distribution of true target locations.
Wasserstein-1 distance is also named the earth-mover dis-
tance due to its connection to the optimal transport problem
[15]. We denote P(M) the space of probability measures
defined on a metric set M . For two probability measures
µ, ν ∈ P(M), we define the W1D:

W(µ, ν) = inf
γ∈Γ(µ,ν)

∫
M×M

∥x− y∥dγ(x, y), (7)

where Γ(µ, ν) is the set of all joint distributions γ(x, y)
whose marginals are µ and ν, respectively. W1D calculates
the minimum distance for an earth mover to transport one
pile of a unit amount of earth into another, and γ(x, y)
quantifies the “mass” of earth to be transported from x to y
in order to transform the distributions µ into ν.

W1D between the searched set and the true target set
reflects robot’s effectiveness in optimizing its goal selection.
A lower W1D indicates the fact that the robot assigns more
efforts in areas where target density is higher, instead of
searching for areas with low target density wastefully, despite
the number of targets being found. Additionally, a more
rapidly descending W1D illustrates a stronger ability for the
robot to optimizing its goal selection.

B. Qualitative Results

Our first test is conducted in a 20m× 20m environment
and target distribution is identical to Figure 1a. Results are
shown in Figure 3. As shown in Figure 3a, the robot starts
sampling goals with no prior, choosing goals relatively far
from its current location. Once targets are detected, it tends
to choose closer grids to search, resulting from both updated
posterior encoded in beta(α,β) and “travel-reducing” re-
ward H. As a result, sampled goals are sparsely spaced in
free areas while densely distributed within AoI , as revealed
in Figure 3b. It can be seen from Figure 3c that the final
distribution of searched grids are closed to target distribution
when all targets are detected. Our method is compared with
a sweeping strategy which drives the robot to zigzag in E
and search every grid successively. Figure 3d displays that
the sweeping algorithm has only detected approximately a
half of the AoI by the time that all targets are found using
our method, due to the fact that it does not make use of the
past searching outcomes.



(a) True Target Distribution (b) α Map (c) β Map Before Filtering (d) β Map After Filtering

Fig. 1. Figures show an example of the posterior filtering process in a 20× 20 grid map. Figure 1a shows the ground truth of target distribution, with
targets are located in blue grids. Figure 1b shows the α value of each grid, with a darker grid indicating a higher α in that grid. Yellow boundaries mark
the true locations of target clutters. Figure 1c and Figure 1d show the β value of each grid before and after filtering, respectively, with a darker grid
indicating a higher β in that grid. In Figure 1c, yellow boundaries mark the true locations of target clutters and green translucent areas are marginal grids
of clusters.

Fig. 2. Figure shows the 7 different sizes and shapes of target clusters we
choose from to randomize the simulated target distributions. Blue numbered
rectangles are 7 clusters, and their sizes and shapes are compared to the
search space drawn in black square. The legend gives the width and height of
each cluster, assuming the search space is with unit side length. Widths and
heights are rounded to the closed grid numbers in grid map implementation.

C. Quantitative Results

Next, we conduct a batch of trials in a 50m × 50m
environment. We run 30 trials, for each of which we gen-
erate a target distribution using cluster 1-6, one for each
cluster. Three methods are compared, namely the sweeping
algorithm, the TS method without posterior filtering, and
the TS method with posterior filtering, with the same 30
target distributions generated randomly. In Figure 4, we plot
the W1Ds for 30 trial using each method along with the
median search time used in 30 trials to detect 50%, 90%, and
100% of AoI . The results indicate that TS-based methods
outperforms the sweeping strategy, regardless of whether the
posterior filtering is applied or not, since TS-based methods
lead to significant shorter time to detect AoI . In Figure 4a,
the uniformly descending wavy curves result from the zigzag
behavior by running the sweeping algorithm. We also see that
W1Ds drop much faster using TS-based methods, indicating
their ability to optimize goal selections online. The results
also show a significant reduce in search time by applying the
posterior filtering step in finding the last part of AoI , while
the speed for finding the first part for it is a bit lower. The
reason behind is that the robot cannot locate the edges of
clusters precisely at the beginning without enough sampling,
which slightly prevents it from exploiting the true clusters by

TABLE I
SEARCHING TIME(S) FOR DIFFERENT CLUSTERING LEVELS

Distribution
Percentage

50% 90% 100%

4×Cluster 1 1989 3812 5494
10×Cluster 6 1928 4739 5930
20×Cluster 7 3858 7261 7978

filtering β. However, as samples accumulates, this filtering
greatly help the robot to find the edges in a short period of
time. By contrast, W1D slowly goes up for a long time after
a fast descent in Figure 4b, indicating that the robot makes
an large amount of useless effort in searching the last part
of the targets without the filtering step.

In order to find the adaptability of our method in environ-
ments with target clustered to varying degrees, we continue
to run trials using target distributions generated from three
sets of target clusters, from highly clustered to somewhat
clustered. We choose the cluster sets in a way that for each
of the target distributions, AoI

E is similar. We run 30 trials
for each set of clusters and record the median search time
of the 30 trials to detect 50%, 90%, and 100% of AoI . The
results along with the sets of chosen clusters are shown in
Table I. It is shown that our method performs better with
higher target clustering levels, which is consistent with our
inference. However, of all trials, our method is found to
outperform the sweeping algorithm in searching speed, by
roughly compared with Figure 4.

V. CONCLUSIONS

In this paper, we propose a target search strategy which
allows robots to efficiently find targets that are likely to
distribute in random clusters. Robots have no explicit knowl-
edge of target distribution, and the search space is much
greater than robot sensing range. Our method rely on re-
cursively sampling the next location to search, taking into
account both the target posterior obtained from previous
search and the weighted penalization of travel time to that
location at each time instance through a modified version of
Bernoulli Thompson sampling. As a result, robots can learn



(a) TS 100s (b) TS 500s (c) TS 1388s (d) Sweeping 1388s

Fig. 3. Figures show the results of a single search trial, which takes 1388 s to find all targets, in a 20m × 20m squared space E. Blue markers
display AoI . The robot starts searching from the lower-left corner of E and green markers display goals the robot has searched so far. Black dots mark
robot locations at each past time step and black lines plot robot trajectories. Figures 3a to 3c show results at 100 s, 500 s and 1388 s using our method,
respectively. Figure 3d show results at 1388 s using the sweeping algorithm.

(a) W1D of Sweeping

(b) W1D of TS Without Filtering

(c) W1D of TS with Filtering

Fig. 4. Figures show results of batch of trials. Three methods are compared,
namely the sweeping algorithm (Figure 4a), the TS method without posterior
filtering (Figure 4b), and the TS method with posterior filtering (Figure 4c).
Black curves show 30 W1Ds over time for each method. Red, blue and
yellow lines in each subplot show median time used of 30 trials for finishing
detecting 50%, 90%, and 100% of AoI respectively.

from the environment and are capable of taking advantage of
past exploration to optimize goal selection. Our simulations
demonstrate the efficacy of our search algorithms explicitly
and validate the efficiency of our method compared to the
sweeping algorithm. Our future work will extend the method
to 3D surface implementation, and to distributed multi-robot
systems. We are seeking to develop an efficient mobile
information gathering network that is able to explore coral

reef under the sea, find damages from building facades, etc.
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