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Abstract—In this paper, we are focusing on comparing so-
lutions for localizing an unknown radiation source in both a
Gazebo simulator and the real world. A proper simulation of
the environment, sensors, and radiation source can significantly
reduce the development time of robotic algorithms. We proposed
a simple sampling importance resampling (SIR) particle filter.
To verify its effectiveness and similarities, we first tested the
algorithm’s performance in the real world and then in the Gazebo
simulator. In experiment, we used a 2-inch NaI(Tl) radiation
detector and radiation source Cesium 137 with an activity of 330
Mbq. We compared the algorithm process using the evolution of
information entropy, variance, and Kullback-Leibler divergence.
The proposed metrics demonstrated the similarity between the
simulator and the real world, providing valuable insights to
improve and facilitate further development of radiation search
and mapping algorithms.

Index Terms—Particle filter, Particle filter comparison, Simu-
lation of radioactivity, Kullback-Leibler divergence, Information
entropy, Autonomous radiation search

I. INTRODUCTION

Nuclear technology has a crucial role in numerous indus-
tries, medical, agricultural, and nuclear power plants. The use
of radiation has brought many beneficial usages; however, it
can also cause a significant risks to both human health and
the environment. Environmental contamination can result not
only from accidental radiation leaks but also from intentional
misuse of nuclear materials by terrorist organizations, warfare,
or damage to a nuclear power plant. Since 1995, the Incident
and Trafficking Database (ITDB) of the International Atomic
Energy Agency (IAEA) has documented over 3,500 incidents
involving the loss or theft of radioactive materials [1].

The potential consequences of nuclear incidents emphasize
the importance of effective, safety and fast radiation measure-
ment and serching. Due to the effects of radiation on human
health, it is valuable to develop algorithms for finding lost
radiation sources with unmaned ground vehicle (UGV) and
unmanned aerial vehicle (UAV).

Estimating the position of a radiation source is challenging
due to the highly nonlinear model and the lack of directional
sensitivity with only one detector. Developing a searching al-
gorithm requires a radiation source for evaluation. Experiments
involving radioactive substances are demanding in terms of
legislation, time, and organization. In recent decades, most
organizations involved in robotics research and development

(a) An environment with UGV and radiation source in
Gazebo classic

(b) Visualization particle filter algorithm in RViz2

Fig. 1: UGV searches for a lost radiation source

have used simulators [2]. Proper simulation can reduce the
time required for developing new algorithms. Therefore, this
paper proposes a method for searching for a radiation source
using a particle filter and focuses on comparing the proposed
algorithm in both real-world and Gazebo simulation scenarios.

A. Contribution

Robotics simulators contribute to making the development
of autonomous robots easier, faster, and cheaper, making it
advisable to use them. By comparing simulated and real
experiments, it becomes possible to detect differences between
the model and reality. This knowledge can then facilitate the
transfer of simulated problems to real hardware.
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B. Outline

The paper is organized as follows: Section II describes
the particle filter and the radiation model used in proposed
method. We also provide a detailed description our proposed
method for searching radiation sources and implementation
details. Section III presents an overview of performed experi-
ments and defines the metrics used to compare particle clouds.
The experiment results are presented in a subsection III-B.
Finally, we present our conclusions in the last section IV.

II. PARTICLE FILTER

The particle filter is a suboptimal variant of a nonlinear
Bayesian filter. The Bayesian filter seeks to construct the
posterior probability density function (pdf) of the state based
on knowledge of the system (1) and measurement (2) model
[3].

xk = fk(xk−1,vk−1) (1)

The system state xk is given generally by nonlinear function
fk : Rnx × Rnv → Rnx where vk−1 is process noise.

zk = hk(xk,nk) (2)

Similarly, the model state zk is also given by nonlinear
function hk : Rnx × Rnn → Rnz where nk is measurement
noise.

The pdf is obtained from prediction (3) and update (4) step
[3] [4] [5].

p(xk|z1:k−1) =

∫
p(xk|xk−1)p(xk−1|z1:k−1)dxk−1 (3)

The prior pdf p(xk|z1:k−1) is obtained from the system model
(1) and the pdf p(xk−1|z1:k−1) from the previous (k − 1)
update step (4).

p(xk|z1:k) =
p(zk|xk)p(xk|z1:k−1)

p(zk|z1:k−1)
(4)

In the update step (4), the measurement zk is used to
correct the prediction p(xk|z1:k−1). The normalization con-
stant p(zk|z1:k−1), which depends on the system model’s state
equation (2), is detailed in [3].

The predict and update equations provide a conceptual
optimal solution to the nonlinear Bayesian problem. However,
in many cases, the solution cannot be determined analytically.
Therefore, the problem is solved with more restricted optimal
Kalman and gradient-based filters. In cases where these re-
strictions are not met, suboptimal recursive solutions like the
particle filter are used. [3]

A. Description

The particle filter is a sequential Monte Carlo method
(SMC) that recursively estimates the hidden true state vector.
The key aspect of the particle filter is representing the posterior
pdf (5) with a finite set of random samples {xi

0:k, w
i
k}

Ns
i=1

associated with weights w. Each sample represents a possible

solution of the problem with a probability determined by its
weight. The number of samples Ns varies depending on the
application, but it can become very large. If the Ns →∞, the
samples describe the true posterior density. [6] [7]

p(x0:k|z1:k) ≈
Ns∑
i=1

wi
kδ(x0:k − xi

0:k) (5)

A sampling importance resampling (SIR) algorithm was
chosen for estimating the position and activity of a lost radia-
tion source. This algorithm requires knowledge of the system
dynamics (1) and measurement model (2). The probability
p(zk|xi

k) depends on the weight (6) of the particle.

wi
k ∝ p(zk|xi

k) (6)

To avoid the degeneracy problem [7], the low variance
resampling algorithm was chosen. This algorithm eliminates
particles with low weight and replaces them with newly
generated particles. The details of the resampling algorithm
are described in the II-C section. The weights of the particles
must satisfy the following statement (7). [3]

Ns∑
i=1

wi
k = 1 (7)

Therefore, before resampling, the weights must be normal-
ized (8) to ensure that the total weight is equal to one.

wn
k = (

Ns∑
i=1

wi
k)

−1wk (8)

B. Radiation model
Unstable atoms in radioactive materials emit various parti-

cles, such as alpha particles, beta particles, X-rays, and gamma
particles. Radioactive decay is a stochastic and strongly non-
linear process that follows a Poisson probability distribution.
Radiation detectors count the number of particles that have
passed through the sensor per unit time, typically measured
in counts per second (CPS). The CPS value is proportional to
the inverse square law, which describes how the intensity of
radiation decreases relative to the distance from the source, as
shown in the equation. [8]

λT ∝
CPS0

(xr − x0)2 + (yr − y0)2 + h
+Bg (9)

The λT represents the theoretical value of the detector at a
given position (xr, yr) and height (h) above the terrain when
the radiation source emits CPS particles per second at position
(x0, y0). The attenuation factor of air is neglected, and the
natural radiation background is denoted as Bg.

Radiation detectors cannot count all particles because it is
saturated by the detector’s dead time a measured in seconds.
Therefore, the theoretical value λT does not correspond to the
measured value from the detector. Measured value λ can be
modeled according to the equation (10). [9]

λ = λT e
−aλT (10)
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C. Implementation

This section provides a detailed description of the particle
filter used in this work. A particle filter is a recursive Bayesian
algorithm consisting of the following steps: initialization,
measurement, correction, and resampling. Since the static
position of the radiation source is assumed, the prediction step
is omitted.

The initialization step involves uniformly distributing Ns

particles with weight w within the desired area.

P = {pi, wi}Ns
i (11)

The particle set P is restricted to a 2D surface since
the radiation source lies on the ground. Each particle p
consists of uniformly distributed x ∼ U(xmin, xmax) and
y ∼ U(ymin, ymax) coordinates, as well as activity A ∼
Γ(α = 2, β = 6000) with a gamma distribution. The radiation
background Bg ∼ U(Bgmin, Bgmax) is generated uniformly
with low and high limits.

p =


x
y
A
Bg

 (12)

Measurements are taken at a frequency of 1Hz and include
radiation values CPS and the position of the robot xr. In
the correction step, the weights of each particle are computed
according to its probability. The low variance resampling
method [6] removes particles with low probability and replaces
them with a new set of particles. The details of the particle
filter are shown in Algorithm 1.

Algorithm 1 Particle Filter

1: Initialize : p = Random()
2: while varT (P) ≤ const1 do
3: Measurement : z ← CPS
4: for i = 0 < N do
5: λT = A

(xr−x)2+(yr−y)2+h +Bg

6: λ = λT e
−aλT

7: Weight: w(i) = N (z, λ, const2 ∗ λ)
8: end for
9: Normalize : wk = (

∑Ns

i=1 w
i
k)

−1wk

10: Low variance resampling algorithm()
11: end while

III. EXPERIMENT

The particle filter was tested in real world and simulation
experiment. In the experiment, a radiation source, Caesium-
137 with 330 Mbq, was placed inside a polygonal area of
over 500m2, which also had two restricted areas labeled as
’Hole1’ and ’Hole2’ as shown in the figure 2. Robot starts
from two positions and search one radiation source placed
in trhee different places in six experiments, see the table I.
The robot was equipped by an RTK GNSS receiver and a 2-
inch NaI(Tl) radiation detector with an estimated dead time of

a = 47 × 10−5s. The initial start positions of the robot and
the position of radiation sources are listed in the table I for
each experiment. The trajectories were recorded, allowing the
experiment to be repeated in the simulator.

(a) Source 1 (b) Source 2

(c) Source 3

Fig. 2: Experimental setup showing restricted area, radiation
sources, and trajectories recorded from real-world experiment

TABLE I: Experiments overview

Source [x [m], y [m]] Start [x [m], y [m]]
Experiment 1 Source 1 = [24.45, -43.50] Start 1 = [30.88, -54.47]
Experiment 2 Source 1 = [24.45, -43.50] Start 2 = [14.74, -26.61]
Experiment 3 Source 2 = [24.46, -32.77] Start 1 = [31.05, -54.43]
Experiment 4 Source 2 = [24.46, -32.77] Start 2 = [15.44, -27.10]
Experiment 5 Source 3 = [14.76, -36.06] Start 1 = [31.30, -54.38]
Experiment 6 Source 3 = [14.76, -36.06] Start 2 = [14.95, -26.62]

The same experiments were conducted in Gazebo simu-
lation Fig. 1. Each experiment was repeated five times, and
the robot followed the same trajectories as in the real-world
experiments. For simulation, the radiation sensor and detectors
used the same Gazebo plugins as described in [9].

A. Evaluation methods

The generation of particles for filter subjects to a random
process. Thus, comparing the evolution of two runs of the
same algorithm cannot be accomplished by comparing their
estimations with the true value. In this paper, the focus is on
evaluating the algorithm’s evolution, not just the result. The
first method evaluates the total variance of the particles at each
updating step.

varT (P) =
√
cov(x,x)2 + cov(y,y)2 (13)

The next one is the information (Shannon) entropy of
particles computed at each iteration. It represents the average
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amount of information. If the entropy decreases to zero, the
particles represent an estimation with no uncertainty. The
logarithm (14) has a base 2; therefore, the information entropy
is computed in bits in this paper. The information entropy for
random events x is computed as follows (14);

H(x) = −
∑

p(x)log2(p(x)) (14)

For multivariate distributed position of particles Pp, the
entropy H(Pp) is computed with the following equation
(15). The assumption is that the particles Pp are Gaussian
distributed.

H(Pp) = 1 + log(2π) +
1

2
log(|Σ|) (15)

Σ is the position covariance matrix of particles.
Kullback-Leibler divergence was used to compare two mul-

tivariate probability density functions P : ps ∼ N (µ1,Σ1)
and Q : pr ∼ N (µ2,Σ2) represented with simulated resp.
real particle clouds. [11] [12]

DKL(P ||Q) =
1

2
(µ2 − µ1)

TΣ−1
2 (µ2 − µ1)

+
1

2
tr(Σ−1

2 Σ1)−
1

2
ln

(
|Σ1|
|Σ2|

)
− 1

(16)

The Kullback-Leibler divergence compares two probability
density distributions and measures how P differs from the
reference distribution Q.

B. Results

This section presents the results of our experiments, which
we evaluated using three methods as described in the previous
section III-A. We compared the results of the particle cloud ob-
tained from the real-world experiment with the cloud obtained
from the simulated experiments. Each simulated experiment
was run five times with different source and position settings,
see the table I. All data captured from the experiments were
processed and divided into figures based on the position of
the radiation source, and sub-figures were created based on
different starting poses. For example, the left figure 3a displays
data from the experiment with source 1 and start position 1,
while the right figure 3b displays data from the experiment
with source 1 and start position 2.

The following three figures 3 - 5 depict the variances of
particles. The black transparent data represents the variances
of simulated particles, denoted with a hash and number, while
the orange line shows their average value. The green line
represents the variances observed in the real-world experiment.

The particle filter variance is similar to the real world
in Experiments 1, 3, and 6. In Experiments 2 and 5, true
variance oscillates around the average variance of the sim-
ulated particles. But, the variance trend corresponds to the
simulated particles variance. This difference may be caused
by the different noise characteristics of the real and simulated
detectors. Only the Experiment 4 is real-world experiment that
does not match the simulation at all. This discrepancy is due
to the simulated particle filter converges earlier than the real

(a) Start 1 (Exp. 1) (b) Start 2 (Exp. 2)

Fig. 3: Source 1: Variance

(a) Start 1 (Exp. 3) (b) Start 2 (Exp. 4)

Fig. 4: Source 2: Variance

(a) Start 1 (Exp. 5) (b) Start 2 (Exp. 6)

Fig. 5: Source 3: Variance

one. Additionally, the particles diffuse outside the polygon,
leading to a higher variance than at the start. At 35 seconds
into Experiment 4, Figure 6 shows the estimated probability
density functions of both the real and simulated particle filters.
The fast convergence of the simulated particle filter is clearly
visible, in contrast to the real experiment where the particles
have diffused over a much larger area.

The information entropy evaluation is the most crucial
evaluation method for particle filters in this paper. Entropy
quantifies the amount of information contained in a random
event, and the aim of the particle filter is to reduce the
information entropy to zero in an ideal case. A probability
distribution function with low entropy is highly skewed, and
therefore the estimation falls into a smaller area with a high
probability.

The similarities are visible in all experiments except for
the fourth. The information entropy rate descent is very
similar with the simulated experiment. The biggest difference
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(a) Real exp. 4 (b) Sim exp. 4

Fig. 6: Source 2: Multivariate kernel density estimation

in information entropy occurs in the last iterations of the
algorithm. The real-world algorithm converges more quickly
than the simulated one, possibly due to the different behavior
of the simulated radiation detector in the surrounding area of
the source.

(a) Start 1 (Exp. 1) (b) Start 2 (Exp. 2)

Fig. 7: Source 1: Information entropy

(a) Start 1 (Exp. 3) (b) Start 2 (Exp. 4)

Fig. 8: Source 2: Information entropy

The simulated particle filter requires more measurements
near the source for proper convergence. The simulated robot
only replicates real-world trajectories, the information entropy
does not decrease as rapidly as it does in the real-world
algorithm. This aspect is reflected in the Kullback-Leibler di-
vergence. It compares the probability density functions. When
the two probability density functions contain identical infor-
mation, the Kullback-Leibler divergence is zero. Contrarily,
when the two distributions differ completely, the divergence
goes to infinity.

At the beginning of the experiments, the initialization par-
ticles represent the same density function because they are

(a) Start 1 (Exp. 5) (b) Start 2 (Exp. 6)

Fig. 9: Source 3: Information entropy

generated from the same distribution. Therefore, the Kullback-
Leibler divergence is close to zero, see Fig. 10 - 12. With more
measurements, the two particle clouds start to differ slightly,
and the divergence gradually increases. The divergence sig-
nificantly differs in the last measurements before the real-
world algorithm ends. The divergence value reaches enormous
values due to the fact that the real-world algorithm has already
converged while the simulated algorithm has not yet, and the
density function completely differs. The particle cloud has
a huge density and skewed distribution function at the end
of the algorithm. Therefore, the distributions represented by
the particles can easily vary a lot. But the estimation can be
similar. See example Fig. 13. The final enormous Kullback-
Leibler divergence values are not shown in the figures for
better resolution.

(a) Start 1 (Exp. 1) (b) Start 2 (Exp. 2)

Fig. 10: Source 1: Kullback - Leibler divergence

(a) Start 1 (Exp. 3) (b) Start 2 (Exp. 4)

Fig. 11: Source 2: Kullback - Leibler divergence
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(a) Start 1 (Exp. 5) (b) Start 2 (Exp. 6)

Fig. 12: Source 3: Kullback - Leibler divergence

(a) Real experiment 1 (b) Sim. experiment 1

(c) Real experiment 3 (d) Sim. experiment 3

(e) Real experiment 6 (f) Sim. experiment 6

Fig. 13: An example of the probability density function at the
end of the algorithm

IV. CONCLUSION

Radioactivity is a serious threat to both human and animal
health and environment. When working with radioactivity in
healthcare, industry, and nuclear power plants, it is possible
that radioactive sources to become lost, requiring immediate
and efficient search to prevent environmental contamination
and health hazards. This underscores the importance of locat-
ing radioactive sources.

In this paper, we propose and describe a method for

searching a radiation source in a specific area using a particle
filter with a single sensor. We compared the algorithm’s results
in both the real world and Gazebo simulator to evaluate the
quality of the simulation of the radioactive source and sensor.

By comparing the evolution of particles’ information en-
tropy and total variance between the two runs of the par-
ticle filter, we have demonstrated the similarities between
the simulated and real-world experiments. However, the most
significant deviation from reality was observed in the behavior
of the radiation sensor near the radiation source. Specifically,
the particle filter in the simulation did not converge as quickly
as it did in real-world testing, as confirmed by Kullback-Leiber
divergence.

The practical implementation of the proposed method was
successfully replicated in simulation, indicating that simulation
can serve as a valuable tool for the development of mapping
and radiation source finding algorithms. By enabling faster
and safer testing with sufficient accuracy, simulation has the
potential to accelerate future advancements in this field.
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