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Abstract—Source term estimation of a hazardous release re-
mains a topic of significant interest in the robotics and state
estimation communities, with application to many safety critical
scenarios including gas or nuclear release, locating suspicious
smells or response to emergency incidents. Limited sensing
resources and time constraints mean that deciding on how
to act in order to improve efficiency of estimation is also of
significant interest. This paper has two main focuses: a sequential
Monte Carlo technique for performing source term estimation
from gas concentration measurements taken on a mobile sensor
platform and a Monte Carlo tree search (MCTS) framework to
perform sensor motion planning to maximise Kullback-Leibler
divergence (KLD). Both algorithms are implemented in the open
source tracking and estimation framework: Stone Soup, creating
several key contributions to this Python based toolkit. The
presented algorithm demonstrates superior performance when
compared to a greedy myopic alternative when considering source
position estimation error, release rate error and successful rate
performance measures.

I. INTRODUCTION

Localising a source of gas release, estimating its emission

rate or determining the presence of chemical, biological ra-

diological and nuclear (CBRN) activity in an environment

is a challenge of significant interest across multiple research

communities. Source term estimation (STE) presents benefits

to human safety and environmental damage mitigation when

applied to scenarios including environmental pollution [1], nu-

clear site decommissioning [2], volcanic eruptions [3], defence

[4], [5] and nuclear disasters [6], [7]. The growing capabilities

of robots and sensors means that autonomous systems present

the ideal solution to STE problems as they can remove humans

from high risk tasks, reduce the requirement for skilled oper-

ators and improve response times and efficiency. However, an

autonomous search platform must tackle two main problems:

estimating the source term parameters based on measurement

data and planning a suitable path to collect useful sensor

measurements.

Considering the first of the two challenges, there are

two main approaches to performing STE: optimisation and

Bayesian [8]. In order to capture the stochastic and uncertain

nature of gas release and prior information in such scenarios,

this work is only concerned with the Bayesian approach. For a

detailed review of optimisation based approaches, the reader is

referred to [8]. Two popular approaches to Bayesian STE are

Markov Chain Monte Carlo (MCMC) [9]–[11] and sequential

Monte Carlo [12]–[14]. MCMC techniques construct a Markov

chain that sequentially samples from a proposal distribution

and accepts or rejects the new sample according to a criteria

such as Metropolis-Hastings [15], [16]. SMC techniques are

also sample based but the formulation allows for samples to

be drawn simultaneously, making them largely more efficient

than the MCMC alternative in online implementation.

Moving on to consider the planning problem of autonomous

STE, coverage path planning presents the most simple ap-

proach, which is to generate maximum coverage trajectories

offline [17], [18], but these can be inefficient and do not

scale well in large environments. Bio-inspired guidance based

on instantaneous concentration gradients, such as Chemotaxis

[19], [20] and Anemotaxis [21], is a second approach that

is also ideal when resources are limited. However, this work

is focused on more robust information theoretic approaches,

such as Infotaxis [22] and Entrotaxis [23]. These algorithms

attempt to reduce uncertainty on the predicted source term

distributions in conjunction with a myopic path planner. Tree

based planners for information theoretic approaches have also

been introduced more recently [24], [25], but this is a new area

with many techniques yet to be introduced to this application.

In this work, a Monte Carlo tree search (MCTS) frame-

work is introduced to autonomous STE for the first time.

It is an established solution technique for Markov decision

processes (MDPs) and partially observable MDPs (POMDPs)

of which this problem can be cast into the latter. Initially

introduced for competing in complex decision problems like

Computer Go [26], MCTS is gaining interest in robotics

related problems [27]–[29]. Our work introduces MCTS as

a planner for autonomous STE, optimising over Kullback-

Leibler divergence (KLD) as the reward. The Bayesian STE

algorithm is also implemented to predict future source term

beliefs. The algorithms in this paper are implemented in the

open source target tracking framework: Stone Soup, creating

a set of new features for sensor management.

The remainder of this paper is structured as follows. Sec.

II introduces the problem formulation. Sec. III outlines the

approach to STE. The MCTS sensor planning is introduced in

Sec. IV. Contributions to Stone Soup are highlighted in Sec.

V. The simulation scenario, results and discussion are then



presented in Sec. VI before concluding the paper in Sec. VII.

II. PROBLEM FORMULATION

In the event of a CBR disaster, it is important that estimation

of any release is performed as efficiently as possible. The

problem is twofold: estimation of the chemical release source

term and where to take future measurements to maximise the

reward function linked to the task objective.

The platform is equipped with a gas intensity sensor pro-

viding noisy, pointwise concentration measurements, given by

zk ⊂ R
+ at timestep k. A search area is defined in bounded

3D space, Ω ⊂ R
3 which will contain the source location and

the platform will be constrained to this area (pk ∈ Ω).

The source term to be estimated, given by Θ, is defined by

Θ = [p⊺

s qs us ϕs ζ⊺s ]
⊺, where ps = [xs ys zs]

⊺ ∈
R

3 is the position in 3D Cartesian space, qs ∈ R
+ is

the release rate in g/s, us ∈ R
+ and ϕs ∈ R are the

wind speed and direction in m/s and rad respectively and

ζs = [ζs1 ζs2]
⊺ ∈ R

+ are the gas diffusion and lifetime

parameters [30]. Considering evaluation, focus will be on

source location estimation and release rate as these are most

relevant in a CBR disaster.

A. Dispersion Model

The dispersion of gas in the environmnet will be modelled

according to the isotropic plume model [22], given by

M(pk,Θk) =
qs

4πζs1∥pk − ps∥
exp

[−∥pk − ps∥
λ

]

exp

[−(xk − xs)us cosϕs

2ζs1

]

exp

[−(yk − ys)us sinϕs

2ζs1

]

,

(1)

where λ =
√

ζs1ζs2
1+(u2

s
ζs2)/(4ζs1)

. As the name suggests, this

model assumes isotropic diffusion at the source location.

B. Sensor Motion Model

The platform will be aware of its true position in this work,

given by pk = [xk yk zk]
⊺. At each timestep, the sensor

platform will take a movement action or remain at the current

position. A discrete, deterministic grid based motion model is

adopted here that allows the platform to move to neighbouring

positions, such that

pk+1 = pk + uk, (2)

where uk = [δx,k δy,k δz,k]
⊺

is the control action. A fea-

sible action set, uk ∈ Uk, is constructed such that pk+1 ∈ Ω.

The platform will also only move in the xy plane (δz,k = 0).

The simplicity of this motion model prevents constriction to

a specific platform.

III. SOURCE TERM ESTIMATION

In order to conduct the STE part of this work, we perform

Bayesian inference in order to sequentially update the posterior

belief of the source term, p(Θk|z1:k), where k denotes the

current timestep and zk is the latest measurement. According

to Bayes rule, this posterior is calculated as

p(Θk|z1:k) =
g(zk|Θk)p(Θk|z1:k−1)

∫

g(zk|Θk)p(Θk|z1:k−1)dΘk
. (3)

In this work, the source term is constant (Θk = Θk−1) which

implies that the predicted distribution is equivalent to the prior

distribution (p(Θk|z1:k−1) = p(Θk−1|z1:k−1)).
A threshold is applied to sensor measurements, zthr, as

they are a combination of gas detections and background

noise. The value should minimise false detections without

affecting sensitivity to gas. Since measurements can therefore

be categorised as detection and non-detections, the likelihoods

can be split in a similar way [31]. If detections are defined by

z̄k and non-detections by zk, then the measurement likelihood

can be defined by

g(zk|Θk) =

{

g(z̄k|Θk) if zk > zthr

g(zk|Θk) if zk ≤ zthr.
(4)

Assuming a detection, we define the measurement model as

z̄k = M(pk,Θk) + ν̄k, (5)

where ν̄k accounts for the sources of error arising between

measured and modelled concentrations. Due to the uncertain

nature of gas sensors, a Gaussian likelihood is implemented.

This makes the likelihood function under a detection

g(z̄k|Θk) =
1

σk

√
2π

exp

[

− (z̄k −M(pk,Θk))
2

2σ2
k

]

, (6)

where the standard deviation, σk, is a function of the concen-

tration, given by σk ∝ M(pk,Θk).
In this work, non-detections arise from intermittent sensing

due to turbulent flow (miss-detection) or concentration under

the threshold value. Background noise is not considered as

physical sensing is not performed. If we denote the miss-

detection event by ϵm and small concentration event by ϵs
then the non-detection likelihood function is formed as

g(zk|Θk) = p(ϵm)g(zk|ϵm,Θk) + p(ϵs)g(zk|ϵs,Θk), (7)

where p(a) is the probability of event a occurring and p(ϵm)+
p(ϵs) = 1. Substituting for each of the probability densities,

we can now write the likelihood function as

g(zk|Θk) = p(ϵm)+
(

(1− p(ϵm))× 1

2

[

1 + erf

(

zthr −M(pk,Θk)

σk

√
2

)])

, (8)

where erf(·) is the error function. The value for p(ϵm) is to

be selected based on the sensor and environment conditions.

A. Sequential Monte Carlo Implementation

The above equations are approximated with a set of N
weighted particles of the source term distribution and a particle

filter used to update the source term belief. The particle set

is given by {Θ(i)
k , w

(i)
k }Ni=1 and approximates the posterior

distribution p(Θk|z1:k). Each sample contains a candidate



source term Θ
(i)
k , and associated weight w

(i)
k . This allows for

the usual approximation of the posterior distribution as

p(Θk|z1:k) ≈
N
∑

i=1

w
(i)
k δ

Θ
(i)
k

(Θk), (9)

where δb(·) is the Dirac delta function at point b.

Since the source is static in this work, i.e. Θ
(i)
k = Θ

(i)
k−1∀ (i),

the typical unnormalised weight update can be simplified to

w̃
(i)
k = w

(i)
k−1g(zk|Θ

(i)
k ), (10)

where the weights can then be normalised via w
(i)
k =

w̃(i)/
∑N

i=1 w̃
(i)
k . Further detail is found in [30].

The particle degeneracy problem, that is exaggerated in

the absence of a dynamic model, is alleviated with the well

documented effective sample size resampling technique [32].

In order to mitigate particle impoverishment, the Markov chain

Monte Carlo move step is carried out using the Metropolis-

Hastings algorithm to accept or reject particles that have been

regularised according to a Gaussian kernel [33].

IV. SENSOR PLANNING

Once an estimate of the source term is obtained, the task is

then to decide on where the sensor should move to for future

measurements. This is a POMDP problem as gas concentration

measurements are available but not direct observations of the

true source. To solve this problem, an MCTS framework has

been designed, allowing for non-myopic evaluation of action

utility. Before detailing the MCTS process, the method to

evaluate actions is first described as this is specific for the

scenario presented here.

A formal definition of the current belief state, bk, is intro-

duced as a set containing the sensor position and posterior

distribution of the source term estimate, given by

bk =
{

pk {Θ(i)
k , w

(i)
k }Ni=1

}

, (11)

since the posterior in this work is the weighted particle set.

When evaluating the utility of candidate actions, the po-

sition of the sensor platform and the posterior source term

estimate are progressed to the next timestep. In this work,

sensor kinematics are trivial to evaluate according to (2), but

progressing source term estimates is more involved. For clarity,

let us consider process of progressing the belief state from

k + n− 1 to k + n where n > 0.

The result of taking an action on the sensor platform is

a new position. From this position, a predicted gas concen-

tration measurement is generated according to the model in

Sections II and III, using the initial posterior source term

estimation as the ground truth and the same conditions as

the real sensor (miss-detection probability and measurement

threshold). This gives the predicted measurement at pk+n as

z̃∗k+n =

{

M(pk+n, Θ̂k+n−1) + ν̄k+n if ϵm = 0

0 if ϵm = 1,
(12)

where ϵm = 1 with p(ϵm), ∗ indicates that the measurement

threshold zthr has not been applied and Θ̂k+n−1 is the expected

source term estimate. The measurement threshold is applied

such that z̃k+n = z̃∗k+n if z̃∗k+n > zthr.

The expected source term estimate is calculated according

to

Θ̂k+n−1 = E[Θk+n|z1:k, z̃k:k+n−1] ≈
N
∑

i=1

w
(i)
k+n−1Θ

(i)
k+n−1,

(13)

where z̃k:k+n−1 accounts for the predicted future measure-

ments from k to k+n− 1 that lead to the predicted posterior

of the source term estimate at k + n− 1.

Once a predicted measurement has been generated, the

initial source term estimate is updated according to (10),

yielding the predicted belief state

bk+n =
{

pk+n {Θ(i)
k+n, w

(i)
k+n}Ni=1

}

. (14)

Resampling and MCMC move steps are not implemented

in the sensor management process. Once updated with the

predicted measurement, the POMDP problem has been re-

cast into a belief MDP that can be solved using regular

MDP techniques, for example, by calculating the expected

reward. In this work, the KLD is implemented as the re-

ward to discriminate between p(Θk+n−1|z1:k, z̃k:k+n−1) and

p(Θk+n|z1:k, z̃k:k+n) [34]. Maximising the difference between

the distributions attempts to maximise the information gain

under the assumptions described by (12-14). The KLD is

therefore, under the particle approximation, defined by

DKL(Θk+n−1∥Θk+n) =

N
∑

i=1

w
(i)
k+n−1 ·log

(

w
(i)
k+n−1

w
(i)
k+n

)

. (15)

This is implemented as the reward, or action value, associated

with taking the candidate action that led to sensor platform

state pk+n from pk+n−1.

A. Monte Carlo Tree Search

Now that the action evaluation routine has been outlined,

the MCTS framework will be introduced. MCTS sequen-

tially expands and evaluates the search tree, T , in an it-

erative process consisting of selection, expansion, simula-

tion and backpropagation. The tree consists of nodes where

T (h) = ⟨N(h) Q(h)⟩ represents a node with history

h, number of visits N(h) and cumulative reward Q(h).
The history is an ordered set containing the initial belief

state and subsequent action belief state pairs, e.g., h =
{bk u2

k bk+1 u1
k+1 bk+2 u2

k+2 bk+3} where ua is

action a from the set of feasible actions U at each timestep.

This example history is also illustrated in Fig. 1. Nodes in

the subtree of h may be represented with the addition of the

candidate action and belief state, i.e. T (huk+nbk+n). In this

work, action nodes are not included in the tree due to the

deterministic relationship between actions and the subsequent

belief state. Each of the 4 processes are now outlined in detail.
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Fig. 1: A visual representation of MCTS, with the history and

new candidate node highlighted.

1) Selection: During the selection process, the tree is

descended by iteratively selecting the best child node to the

current node and making it the current node. The criteria for

selection implemented in this work is the upper confidence

bound for trees (UCB1) which balances maximising reward

per visit and selecting nodes with a low visit count [35].

Considering parent node T (h), the best child node according

to UCB1 is calculated according to

uk+n = argmax
uk+n∈Uk+n

Q(huk+nbk+n+1)

N(huk+nbk+n+1)
+

c

√

logN(h)

N(huk+nbk+n+1)
, (16)

where c is the user defined exploration factor to deter-

mine how exploratory the UCB1 selection should be. It is

clear from (16) that a candidate future node with no visits

(N(huk+nbk+n+1) = 0) will result in the exploration term

becoming ∞. Thus, all actions at a node are evaluated before

extending the tree any further.

2) Expansion: With the lowest level best child selected, the

tree is expanded from this node. This is where a new node is

added to the tree corresponding to taking an unvisited action.

This sets the initial belief state to the parent node belief state

and progresses the sensor platform state according to (2), e.g.

T (huk+nbk+n+1). The visit count is also initialised to 1 for

this new node.

3) Simulation: Simulation is where the expected reward is

estimated. It is typical in MCTS to perform a Monte Carlo

rollout to gain a better reward expectation [36], even though

only one new node is added to the tree. For a rollout from

belief state bk+n+1, until k+ n+ d where d is the the rollout

depth, the reward resulting from uk+n is given by

Algorithm 1: Monte Carlo Tree Search

1 Initialise tree T ← bk
2 while Computation budget not reached do
3 n = 0
4 while {huk+nbk+n+1} ∈ T ∀uk+n ∈ Uk+n do
5 Select the best child node from history h according

to (16)
6 Append best child to history: h← {huk+nbk+n+1}
7 Increment tree level: n = n+ 1
8 end
9 Select unvisited action: uk+n ∈R Uk+n where

{huk+nbk+n+1} /∈ T
10 Initialise visit count: N(huk+nbk+n+1) = 1
11 Progress sensor state according to uk+n:

pk+n+1 ← pk+n + uk+n

12 Predict concentration measurement according to (12)
13 Predict source term posterior according to (10)
14 Update the belief state:

bk+n+1 ←
{

pk+n+1 {Θ
(i)
k+n+1, w

(i)
k+n+1}

N
i=1

}

15 Evaluate the new node through rollout:
Q(huk+nbk+n+1)←ROLLOUT(T (huk+nbk+n+1), d, γ)

16 Backpropagate reward and visit count:
N(h) = N(h) + 1,
Q(h) = Q(h) +Q(huk+nbk+n+1)∀{u, b} ∈ h

17 Append node to the tree: T ← {huk+nbk+n+1}
18 end
19 return argmax

uk

Q(bkukbk+1)

20 function ROLLOUT(T (huk+nbk+n+1), d, γ)
21 Calculate expected reward for new node:

Q(huk+nbk+n+1) = E
z̃k+n+1

[DKL(Θk+n∥Θk+n+1)]

22 Append node to history: h← {huk+nbk+n+1}
23 for t = n+ 1 : d do
24 Generate next action from Monte Carlo rollout:

uk+t ← πMC(T (h))
25 Progress sensor state according to uk+t:

pk+t+1 ← pk+t + uk+t

26 Predict concentration measurement according to (12)
27 Predict source term posterior according to (10)
28 Calculate expected discounted reward and add to

existing reward:
Q(h) = Q(h) + E

z̃k+t

[

γt−nDKL(Θk+t∥Θk+t+1)
]

29 end
30 return Q(h)
31 end

Q(huk+nbk+n+1) =

E
z̃k+t

t=n,...,n+d+1

[

n+d
∑

t=n

γt−nDKL(Θk+t∥Θk+t+1)

]

, (17)

where γ is the discount factor and KLD calculated according to

(12-15). n represents the depth of the immediate parent node in

the tree. It should be noted that implementation in this work

does not incorporate expectation over measurements as the

mean source term is used to generate a single measurement.

Its inclusion is to provide generality to the formulation.

4) Backpropagation: The last stage of the MCTS process

is backpropagation. Here the expected reward and visit counts

are updated in the history h. This is done by adding the

latest reward Q(huk+nbk+n+1) to each node back to the root



Fig. 2: A visual representation of new components (dark grey) and modified components (light grey) contributed to Stone Soup

and how they fit within each respective section.

node in the tree. The visit counts for each of these nodes are

also incremented by 1. The process is important for capturing

future rewards in the selection process that influences the

growth of the tree in the next iteration.

The MCTS algorithm, including rollout, is presented in

Algorithm 1 and demonstrates the full flow of the processes.

Selection occurs on lines 3-8, expansion on 9-10, simulation

on 11-15 and backpropagation on 16-17.

V. IMPLEMENTATION

Both STE and MCTS based sensor planning has been imple-

mented in the open source tracking and estimation framework:

Stone Soup [37]. Stone Soup is an open source Python package

that is available as a toolkit to learn or teach target tracking

problems and techniques, compare new algorithms against

many existing approaches or quickly implement a solution to

real tracking problems. Through many contributions from the

community, Stone Soup is quickly becoming a very powerful

tracking, state estimation and sensor management resource,

containing state-of-the-art techniques [38].

Stone Soup has been designed in a way that makes it

modular, allowing for smaller sections of an algorithm to

be interchanged to accommodate novelty more easily and

reducing time to develop and implement new techniques. Im-

plementation of the work presented here includes a number of

new modules and components for the Stone Soup community.

These are

• Regulariser module - A module enabling the possibility

of particle regularisation techniques preventing particle

impoverishment.

• MCMCRegulariser - Implementing the Metropolis-

Hastings acceptance criteria, this forms the MCMC move

step used in this work.

• Gas measurement model module - A module incorporat-

ing gas modelling techniques.

• IsotropicPlume gas measurement model - This is the

model described in Sec. III.

• Gas sensor module - A category of sensors implementing

gas measurement models.

• GasIntensitySensor sensor - A sensor type that imple-

ments the IsotropicPlume model.

• MovePositionAction - An action object that enables

changes to a sensor or platform position.

• GridActionGenerator - A Base type to all grid based

action generators.

• NStepDirectionalGridMovable - A movable that can be

actioned to change its position in a grid based manner,

like that described in Sec. II-B.

• NStepDirectionalGridActionGenerator - Creates the

MovePositionActions based on the NStepDierctional-

GridMovable movable.

• KLDivergence measure - Implements the KL divergence

as a measure between two distributions.

• ExpectedKLDivergence reward - Implements the KL-

Divergence as a reward for sensor management.

• MCTSRolloutSensorManager sensor manager - This im-

plements the MCTS sensor planning technique presented

in Sec. IV.

These components are also visualised in Fig. 2. Documentation

for each contribution is available online1. Each contribution

has been designed in a way to make them as general as

possible, allowing for implementation in many scenarios and

algorithm configurations.

VI. SIMULATION AND RESULTS

In order to demonstrate the algorithm, multiple simulation

scenarios have been designed that will each be carried out

over Monte Carlo simulations. Fig. 3 illustrates each sensor

starting location and each source location and associated wind

direction. Specific source parameters are provided in Table I.

Each sensor starting location is simulated with each individual

source location making a total of 25 simulation configura-

tions. 250 Monte Carlo simulations are conducted to analyse

performance, 10 for each configuration. The simulations are

Parameter
Source Number

Prior Distribution
1 2 3 4 5

xs, m 30 30 35 20 5 U(0, 50)
ys, m 40 25 45 40 35 U(0, 50)
zs, m 1 U(0, 5)
qs, g/s 5 5 6 4 7 G(2, 5)
us, m/s 4 4 3 2 5 N (us,truth, 2

2)
ϕs, rad π/2 π/2 π/4 3π/4 π N (ϕs,truth, (10π/180)

2)
ζs1 1 N (ζs1,truth, 0.1

2)
ζs2 8 N (ζs2,truth, 1

2)

TABLE I: Source term parameters and prior distributions

implemented in simulation.

1https://stonesoup.readthedocs.io
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Fig. 3: An illustration of the different source locations, associ-

ated wind directions and sensor starting positions. Each sensor

start location will be simulated with each source location

forming 25 total configurations.

conducted over a maximum of 500 seconds with a sample time

of 1 second. The algorithm will be stopped if the trace of the

source term estimation covariance is < 2. The bounds of the

search space, defined by Ω, are xmin = 0 m, xmax = 50 m,

ymin = 0 m, ymax = 50 m, zmin = 0 m, zmax = 5 m.

1) Measurements: Measurements are generated according

to (5) and noise is sampled from a Gaussian distribution such

that ν̄k ∼ N (0, σ2
k,truth) with standard deviation calculated

by σk,truth = σ · M(pk,Θk). The value set for the standard

deviation factor, σ, is 0.5. The measurement threshold zthr is

applied such that if a measurement generated by (5) is less

than zthr then it will be set to 0. zthr is fixed at 5× 10−4. The

miss-detection probability, p(ϵm), is set to 0.3.

In terms of evaluating measurement likelihood in the filter,

the same parameters are implemented but the standard devia-

tion is calculated according to

σ
(i)
k = σ · M(pk,Θ

(i)
k ) + νmin for i = 1 . . . N, (18)

where νmin is a minimum noise value set to 1× 10−4.

2) STE Parameters: The STE particle filter is initialised

with an equally weighted prior set of particles where distribu-

tions for each parameter of the source term are described in

Table I. The prior has been designed to reflect knowledge of

prior information in a real world scenario, such as wind speed,

direction and diffusion parameters of the gas, hence these

are a function of the ground truth values. The parameters of

interest are the position of the source estimate in the xy plane

and release rate, hence the uniform and gamma distributions

chosen respectively. The number of particles, N , set for the

filter is 10000.

3) Sensor Planning Parameters: The parameters used for

the MCTS algorithm are 1) computational budget to run the

algorithm over, per timestep, is 100 iterations 2) exploration

factor for UCB1 is set to 0.05 3) rollout depth and discount

factor are set to 5 timesteps and 0.9 respectively. Where

appropriate, the same parameters from the STE filter are

Start Location Source Number

p0,x p0,y p0,z 1 2 3 4 5

1 5 5 0 1.0 0.5 1.0 1.0 0.5

2 5 15 0 0.75 0.5 1.0 1.0 0.75

3 18 10 0 1.0 0.5 1.0 1.0 0.75

4 40 7 0 0.75 0.5 1.0 1.25 1.0

5 45 15 0 0.5 0.5 1.0 1.0 1.0

TABLE II: Sensor platform step sizes in metres.

implemented in predicting the future measurements and source

term distribution.

The initial positions of the sensor platform are provided

in Table II. The action space is limited to the xy plane as

indicated in Sec. II. Step sizes have been chosen for each

scenario in order to reflect the distance required to travel to

get a good source term estimate, which varies in each situation.

The step sizes, δx and δy , are provided in Table II. The

platform can only traverse in one direction per timestep, or

remain stationary, producing 5 possible actions per time step

unless actions are rejected according to Ω.

In order to benchmark the MCTS algorithm presented, it is

compared to a fully myopic alternative, also over 250 Monte

Carlo simulations. This has been implemented with the same

action set as above and follows the same process described by

lines 11-13 in Algorithm 1 for predicting the future belief

of the source term. It then selects the next action to take

according to uk+1 = argmax
u∈Uk

Ez̃k+1
[DKL(Θk∥Θk+1)].

An example showing how to construct the algorithm presented

here in a similar simulation environment using the Stone Soup

components contributed here is available online2.

A. Results and Discussion

In order to demonstrate the performance of the proposed

algorithm against the myopic alternative, three performance

Algorithm Start
Location

Parameter
Source Number

1 2 3 4 5

MCTS

1
WRMSExy 0.878 2.94 1.92 0.886 1.08
WRMSEq 1.17 1.68 1.42 1.17 1.34

SR 10 7 8 10 8

2

WRMSExy 1.46 0.706 1.20 0.708 4.89

WRMSEq 1.28 1.67 1.46 1.34 1.69
SR 8 10 9 10 8

3
WRMSExy 0.784 1.70 2.87 1.20 1.13
WRMSEq 1.12 1.37 1.48 1.45 1.33

SR 10 7 7 9 9

4
WRMSExy 1.37 2.06 1.08 2.33 0.662
WRMSEq 1.18 1.43 1.27 1.60 1.29

SR 8 8 8 8 10

5
WRMSExy 2.43 0.763 1.42 3.51 1.74
WRMSEq 1.23 1.55 1.48 1.68 1.36

SR 4 9 9 7 7

Myopic

1
WRMSExy 3.77 4.33 5.89 3.90 2.54
WRMSEq 1.31 1.61 1.90 1.64 1.91

SR 5 4 0 2 4

2
WRMSExy 3.30 1.70 4.19 2.35 8.64
WRMSEq 1.39 1.57 1.61 1.44 1.83

SR 2 7 4 5 3

3
WRMSExy 2.45 3.28 3.35 2.59 1.71
WRMSEq 1.33 1.89 1.67 1.54 1.34

SR 6 5 4 6 7

4

WRMSExy 4.48 4.01 4.89 3.57 2.31
WRMSEq 1.48 1.75 1.72 1.65 1.27

SR 3 6 3 2 5

5

WRMSExy 4.75 0.94 2.77 4.42 2.87
WRMSEq 1.84 2.05 1.62 1.77 1.69

SR 1 9 5 3 2

TABLE III: Final average WRMSE for estimated source

position, release rate and SR for all simulations. Bold text

indicates better performance.

2https://stonesoup.rtfd.io/MCTS STE
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Fig. 4: WRMSExy (a) and WRMSEq (b) averaged over all

Monte Carlo simulation runs. Boxes indicate the minimum,

maximum, lower quartile, upper quartile and median across

all data, every 50 s, to provide insight into the wider data set.

metrics are shown. The first two are the weighted root mean

squared error (WRMSE) calculated for the source term by

WRMSEΘ =

√

√

√

√

N
∑

i=1

w(i)(Θ(i) −Θ)2. (19)

The values considered are for the estimated source location

(WRMSExy) and estimated release rate (WRMSEq). The

successful rate (SR) is the third metric which demonstrates

how many simulations, for a specific source configuration and

start position, achieved < 2 m WRMSExy error at the end

of the simulation run. The maximum SR is 10 as this is the

number of Monte Carlo simulations for each configuration.

Fig. 4a illustrates the overall position estimation perfor-

mance of MCTS and myopic algorithms, averaged across all

sensor starting locations and source configurations. The box

plots provide insight into the wider set of data with indication

of the upper and lower quartiles, median and minimum and

maximum data points across all simulations, shown every

50 s for both algorithms. It is clear from this data that

the MCTS algorithm presented here demonstrates improved

position estimation performance, converging to an average

WRMSE error of 1.67 m compared to 3.65 m for the myopic.

The myopic algorithm begins to reduce the WRMSE more

quickly than MCTS, which is a reflection of the greedy nature

of this approach, compared to the exploratory nature of the

UCB1 algorithm when KLD reward is low at the beginning

of the simulation.

Fig. 4b shows the overall release rate estimation perfor-

mance of the two algorithms, also averaged across all simula-

tions with the same box plot configuration. Again, the results

clearly demonstrate improved performance of the MCTS al-

gorithm. The final average WRMSE is 1.40 g/s for MCTS

compared to 1.63 g/s for myopic. The larger reduction rate

of the myopic algorithm is not as pronounced here, which is

caused by the weaker connection between sensor position and

estimated release rate when compared to position estimation.

Table III shows the mean final WRMSExy , final WRMSEq

and SR of Monte Carlo simulations. All position error values

for MCTS are lower than those achieved by the myopic

approach. SR demonstrated better performance across all sce-

narios apart from 1 where both algorithms achieved 9. Almost

all release rate error values are also lower for MCTS with

myopic providing marginally better performance in 3 scenarios

considering this metric.

It is clear from Figs. 4a and 4b and Table III that MCTS

is able to achieve consistently better performance than the

myopic approach presented in this work. It is able to achieve

lower WRMSExy in every scenario, lower WRMSEq and SR

in most scenarios. Factors not explored in this work include

computational burden which is much higher for MCTS than

myopic but MCTS presents significantly lower computation

burden than a fully exhaustive non-myopic approach.

VII. CONCLUSION

This paper has presented a technique for conducting

Bayesian STE in the form of a particle filter and an MCTS

framework for deciding on future sensing locations. KLD has

been implemented as the reward function to maximise infor-

mation gain of the source term estimate. Both STE and MCTS

algorithms have been developed in and have been released

to Stone Soup for the tracking and estimation community to

apply and develop for their own problems.

An extensive set of simulations have been designed to test

the robustness of the algorithm and compare to a greedy my-

opic alternative implementing the same reward. Across almost

all simulated start locations and source locations, the MCTS

algorithm presents better source position error, release rate

error and demonstrates a higher SR, justifying its application

to such a scenario.

Future work could include extending the proposed algo-

rithm to consider more complex cluttered environments where

obstacles can create local concentration minima that can

be difficult to escape. This could include integration with

higher fidelity simulation environments that provide a more



realistic set of measurements that are generated in isolation of

the assumptions incorporated into the simulated measurement

model. Finally, extending comparisons of the MCTS algorithm

to longer term horizon planning such as exhaustive search and

alternative tree based planning such as RRT would further

establish the capability of MCTS and also highlight potential

benefits in computational load.
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