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Abstract—Mine tunnels are extensive labyrinths with
irregularly-shaped walls, in which a hundreds of employees are
working on extraction of valuable ores and minerals. Since the
working conditions are extremely hazardous, a (wireless) sensor
network (WSN) is deployed to increase the safety in tunnels.
One of the most important applications of WSN is to track the
personnel, mobile equipment and vehicles. However, the state-
of-the-art algorithms assume that the positions of the sensors
are perfectly known, which is not necessarily true due to the
imprecise placement and/or possible sensor drops. Therefore, we
propose an automatic approach for simultaneous refinement of
sensors’ positions (localization) and target tracking. We use a
measurement model from a real mine, and apply a discrete
variant of real-time belief propagation, which can efficiently
solve this high-dimensional problem, and handle all non-Gaussian
uncertainties typical for mining environments. Comparing with
standard Bayesian target tracking and localization algorithms,
both the sensors’ and the target’s estimates are improved.

Index Terms—mine tunnels, simultaneous localization and
tracking, time of arrival, belief propagation, hidden Markov
model, sensor network.

I. INTRODUCTION

A mine is an excavation in the earth from which ores and
minerals are extracted, typically consisting of the series of un-
derground tunnels with irregularly-shaped walls. They employ
a hundreds of miners working under hazardous environmental
conditions caused by the high humidity and poor ventilation,
the presence of flammable and toxic gases, corrosive water and
dust, and the dangers of rock falls and mine collapses [1], [2].
These problems require continuous monitoring using sensors
deployed all over the mine. The sensors are typically wired
and connected to the control rooms, but to improve the safety
and reduce operational costs, recently a number of mining
companies try to establish a robust wireless communication
system within the mine [1]–[4].

A wireless sensor network (WSN) can be deployed across
the mine to monitor the environmental conditions such as sta-
bility, humidity and toxic gas levels. The information obtained
from the sensors can be used to control the ventilation system,
and determine the unsafe areas and rescue paths. Beyond this
ability, a WSN can be used to track the personnel, mobile
equipment and vehicles. The knowledge of the last location
of the miners is especially important in the aftermath of
the accidents such as mine collapse or explosion, but can
be also used for task optimization and traffic management.

The problem is very challenging due to unavailability of GPS
signals, terrible radio environment, irregular architecture and
poor working conditions.

The state-of-the-art algorithms [2], [5]–[7] assume that the
positions of the sensors are perfectly known, which is not
necessarily true due to the imprecise placement and/or sensor
drops caused by vibrations or wall collapses.1 One solution
to this problem is manual maintenance, e.g., by assigning few
employees to periodically verify if all the sensors’ positions
are correct. However, this approach is too costly and even
infeasible in some areas due to the on-going mining activities.
Therefore, in this paper we propose an automatic approach
for simultaneous refinement of sensors’ positions (localization)
and target tracking. We use a measurement model from a
real mine (based on ultra-wide-band (UWB) time-of-arrival
(TOA) measurements), and apply a discrete variant of real-
time belief propagation (BP), which can efficiently solve
this high-dimensional problem, and handle all non-Gaussian
uncertainties typical for mining environments. Comparing with
standard Bayesian target tracking and localization algorithms,
both the sensors’ and the target’s estimates are improved.

The remainder of this paper is organized as follows. In
Section II, we review state-of-the-art localization algorithms
for mining environments. In Section III, we formulate the
problem and define all necessary models. In Section IV,
we propose an algorithm for simultaneous localization and
tracking. Finally, simulation results are provided in Section
V, and conclusions in Section VI.

II. RELATED WORK

Current localization and tracking systems in underground
mines are very basic. In most mines, they are based on
manual reporting [2] of the miner’s location using paging
phones or video surveillance. However, there are also few
proposals in the literature, mainly based on fingerprinting [5],
[6], trilateration [2] or centroid techniques [7].

In [5], a fingerprinting technique has been proposed, in
which seven relevant parameters (mean excess delay, total
received power, RMS delay spread, etc.) were learned offline
from the complex impulse response obtained at hundreds

1Although not available in mines nowadays, we also envision that the
uncertain sensors’ positions can be an outcome of some (cooperative) sensor
network localization algorithm [8], [9].



of measurement locations. Then, these 7D vectors, which
uniquely define the location, were used as the input for an
artificial neural network (ANN) pattern-matching algorithm.
The authors conducted the measurements in a gallery of the
CANMET mine in Canada. They used a vector network-
analyzer to perform the transmission and the reception of the
RF signal (centered at 2.4 GHz with a 200 MHz bandwidth).
This method was then improved in [6] by using more receivers
with known positions. The main problem of these algorithms
is that they are not well suited for dynamic areas, in which
the fingerprints have to be updated very frequently. This is
especially the problem in mine tunnels, due to the movement
of heavy machinery, which can significantly change the prop-
agation environment.

In [2], UWB TOA measurements have been used for po-
sitioning algorithms. They were motivated by high ranging
accuracy in cluttered environments and low-cost implementa-
tion of the communication system. To solve the trilateration
problem, they applied many types of the algorithms, such as
least-squares and other optimization-based methods. The mea-
surements were performed in the CANMET mine [10] using
a vector network-analyzer to transmit/receive UWB signals
(they used thousands of equally-spaced frequency points in the
band from 2 to 5 GHz). Then, the measurements were used to
obtain appropriate models for UWB RSS/TOA ranging, and
then simulate localization algorithms. The main problem of
these algorithms is that the sensors nodes have to be precisely
deployed and maintained.

Finally, in [7] a centroid algorithm has been proposed,
in which the miner’s location was found as an average of
all detected anchors. This ad-hoc algorithm requires a high
density of uniformly deployed sensor nodes.

III. PROBLEM FORMULATION AND MODELS

We consider Ns sensors with fixed 3D positions zn =
(zn,1, zn,2, zn,3), n = 1, 2, . . . , Ns, and one target, with 3D
position xt = (xt,1, xt,2, xt,3), at time t, t = 1, 2, . . . , NT ,
moving through tunnels. The sensors are usually placed on
the tunnel walls, but their position is not perfectly known.
A moving target periodically emits a signal that can be
detected by a subset of sensors, with a sampling interval
Ts. This signal includes target’s identification2 which initiates
the measurement phase (explained in the next section). The
target is equipped with an inertial measurement unit (IMU),
so it also periodically emits the measured velocity. We also
assume there are one or more fusion centers (FCs) (e.g.,
a computer in the control rooms or a target), which have
available the priors of the sensors’ and target’s positions, and
collect the periodic measurements from the sensors. Although
all the data is transmitted through a multihop wireless channel,
it is strongly recommended that the FCs (and eventually,
some of the sensors) have available wired, seismic and/or
TTE (through-the-earth) communication systems [3]. These

2With this assumption, our single-target tracking algorithm can be used
for multi-target tracking, simply by running multiple (independent) instances.
Otherwise, different algorithms with data association [11] would be necessary.

(a) (b)

Fig. 1: Photographs of the CANMET mine tunnels.

alternatives can be used in case of accidents, to obtain the
target’s last available location.

Finally, in this paper we focus on a tunnel in the CANMET
mine, which is widely used in the literature (see [2], [5], [6],
[10] and references therein). CANMET is former gold mine
located in Quebec, Canada. A shown in Fig. 1, the considered
tunnels have typical mine characteristics: irregular floor plan,
very rough walls, and non-flat floor with water puddles. The
part of CANMET floor plan and illustration of target tracking
is shown in Fig. 2a.

In following subsections, we define the position space, and
the dynamic, measurement and detection models.

A. Position space

The position space in a mine is naturally a 3D continuous
space, but due to the irregular shape of the mine, it is
not possible to define the analytic form of the manifold of
the borders of the tunnels. On the other hand, using an
unrestricted 3D continuous space would mean a huge waste
of resources and decreased performance (e.g., the estimates
could frequently be behind the wall).

We solve this problem by using a 3D discrete space (in
Cartesian coordinates), in which the mine is divided into a
finite number of cells. The 3D position of the cell lc =
(lc,1, lc,2, lc,3) (c = 1, ..., Nc, where Nc is the number of
cells) is represented with the approximation of its geometrical
center (it is assumed that FCs have available a detailed floor
plan of the mine). The cell size should be chosen based on an
appropriate trade-off between the complexity and performance.
Therefore, our goal is to identify in which cells the target and
sensors (i.e., zn and xt are discrete variables) are located. This
approach significantly decreases the number of points in the
3D space since the cells are placed only on relevant positions
in the tunnels. The additional advantage of using a discrete
space is that the BP algorithm (see next section) becomes
solvable without Monte Carlo approximations. An illustration
of this approach is shown in Fig. 2b.

B. Priors and dynamic model

We assume that a prior knowledge of the sensors and the
target positions are defined by probability mass functions
(PMFs) pn,0(zn,0), and p0(x0). The target is equipped with an
IMU consisting of a 3-axis accelerometer, a 3-axis gyroscope
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Fig. 2: A small part of the CANMET mine: (a) deployment of the sensors
and a track, (b) division of the mine into 14 cells. The shape and dimensions
of the tunnels are approximated (the detailed floor plan can be found in [5,
Fig. 2]).

and possibly a magnetometer [12]. Therefore, it can provide
a velocity estimate3 in all 3 directions vt = (vt,1, vt,2, vt,3).
The coordinate d (d = 1, 2, 3) of the measured velocity at time
t can be written as a function of the target’s positions as:

vt,d =
xt,d − xt−1,d

Ts
+ Uqt,d + Umt,d (1)

Uqt,d ∼ pq(uq) = Unif(uq;−
D

Ts
,
D

Ts
)

Umt,d ∼ pm(um) = N (um; 0, σ2
u)

where Uqt,d is quantization noise, and Umt,d is measurement
noise, drawn from the uniform Unif(·), and the Gaussian
distribution N (·), respectively. The parameter σ2

u represents
the variance of the measurement noise of the IMU, and
±D/Ts represent the boundaries of the uniform distribution.
The quantization noise is necessary because we have to
relate the continuous quantity vt,d with the discrete quantity
(xt,d−xt−1,d). Since the boundaries of the irregularly-shaped
cell are difficult to compute, we approximated the cell with
the circumscribed cube with length D (D = max

c,d
Dd,c, where

Dd,c is the maximum possible distance over dimension d in
cell c).

The distribution of the process noise u = uq + um is given
by following convolution:

pu(u) =

∫
pm(u− uq)pq(uq)duq (2)

= Φ(u+
D

Ts
)− Φ(u− D

Ts
)

where Φ(u) = 0.5
(
1 + erf(u/(σu

√
2)
)

is the cumulative

3It is assumed that the IMU is configured to operate at the same rate as
sensors (Ts).

Gaussian distribution. Now, we can model the dynamics of
the target as:

p(vt,xt|xt−1) = p(vt|xt,xt−1)p(xt|xt−1) (3)
∝ p(vt|xt,xt−1)

=
∏

d=1,2,3

p(vt,d|xt,d, xt−1,d)

=
∏

d=1,2,3

pu(vt,d − (xt,d − xt−1,d)/Ts)

where we assumed independence between the coordinates, and
that the target’s mobility model is unknown (i.e., p(xt|xt−1) ∝
1). Recall that xt is discrete, so (3) gives us information about
the cell of the target at time t, given the cell of the target at
time t− 1, and the measured velocity vt.

For our algorithm, it is convenient to formally define the
“dynamics” of the sensors:

p(zn,t|zn,t−1) = δ(zn,t − zn,t−1) (4)

where δ(·) is the Dirac delta impulse, which enforces that the
sensors are static (zn,t = zn,t−1 = zn).

Remark: If p0(x0) is very informative (e.g., target’s initial
cell is given), the target’s dynamic model already constitutes
sufficient information for a tracking algorithm known as dead
reckoning [13], but this approach would suffer from error
accumulation over time. Therefore, we need a WSN which
will provide periodic measurements.

C. Measurement model

We assume that a measurement procedure is initiated by
a target which emits its unique identifier. Then, the sensors
which detect the target emit an UWB signal. The signal
received at the target is immediately sent back. Therefore,
a subset of sensors, in proximity of the target, can measure
the round-trip TOA (RT-TOA), which is used to obtain the
distance to the target.

The RT-TOA between sensor n and a target at time t can
be written as:

τt,n =
2 ‖xt − zn,t‖

c
+ τPT +W q

t,n +Wm
t,n (5)

W q
t,n ∼ pq(wq) = Unif(wq; 0,

2D
√

3

c
), Wm

t,n ∼ pm(wm)

where τPT is a known processing time on a target found by
calibration, c = 3 · 108 m/s is the speed of light, W q

t,n is
quantization noise, and Wm

t,n is measurement noise. Note that
the quantization noise is written outside the norm using an
upper bound of the triangle inequality (i.e., ‖a + b‖ ≤ ‖a‖+
‖b‖), which represents the worst case scenario.

Regarding measurement noise, according to the results from
the CANMET mine [2], we can model it with a Gaussian
distribution for line-of-sight (LOS), and a Weibull distribution
for non-line-of-sight (NLOS) scenarios. Since the tunnel walls
are very thick and made of a heavy materials such as metal and
granite, we can assume that the signal cannot penetrate them.
We do not perform any of NLOS identification techniques



since it would require many samples per time slot, but we
assume that we know approximately (found by calibration)
the probability of having LOS, PLOS. Therefore, the model
for pw(w) is given by the following mixture:

pm(wm) = PLOSN (w; 0, σ2
w) + (1−PLOS)B(w;µw, αw, γw)

(6)
where σw is the standard deviation of the LOS component of
the noise, and B(·) is a Weibull distribution with scale αw,
shape γw, and location parameters µw (αw > 0, γw > 0,
w ≥ µw).

The distribution of the total noise w = wm + wq is given
by following convolution:

pw(w) =

∫
pm(w − wq)pq(wq)dwq (7)

= PLOS

(
Φ(w)− Φ(w − 2D

√
3

c
)

)

+(1− PLOS)

(
Π(w)−Π(w − 2D

√
3

c
)

)
where Π(w) = 1−e−((w−µw)/αw)γw is the cumulative Weibull
distribution. Finally, the likelihood function is given by:

p(τn,t|xt, zn,t) = pw(τn,t − τPT − 2 ‖xt − zn,t‖ /c) (8)

Remark: It is also possible to use UWB and wideband
received-signal strength (RSS) measurements using the models
in [10] and [14], [15], respectively. The noise in that case is a
mixture of two Gaussians, corresponding to LOS and NLOS,
respectively. However, RSS can only provide coarse distance
estimates since it cannot exploit the very large bandwidth of
the signal [16].

D. Detection model

We assume that the sensors can perform measurements
with the target iff τn,t < τTH where τTH is a predefined
sensing threshold (corresponding sensing range is c · τTH/2).
The threshold is chosen to ensure that a sufficient number
of sensors can detect the target, but should not exceed the
calibrated area when the model given by (6) becomes invalid.
The set of sensors that can detect the target at time t is denoted
by Gst .

We point out that different restrictions may apply to the
routing of the data to the FC. For this purpose, all available
wireless links should be used along with eventual other com-
munication systems, such as wired. The routing protocol is out
of topic of this paper, but well-known and robust techniques
can be found in [17].

IV. SIMULTANEOUS LOCALIZATION AND TRACKING

Our goal is to obtain the posterior marginal PMFs (referred
to as the beliefs), p(xt|e1:t) and p(zn,t|e1:t), of the following

1tx tx 1tx

,n tz , 1n tz, 1n tz

,p tz , 1p tz, 1p tz

,r tz , 1r tz, 1r tz

1 ( )tt tm  x

( , ) ( )n t t tm  x

( , 1) ( , ) ,( )n t n t n tm   z

( )t tM x

, ,( )n t n tM z

( , ) ,( )t r t r tm z

Fig. 3: An example of a MRF, with three sensors (n, p, and r) and a target
at three time instants (t− 1, t, and t+ 1).

joint distribution:

p(x0, ...,xt, z1,0, ..., zNs,t|e1:t) ∝ (9)
p0(x0)

∏
n=1...Ns

pn,0(zn,0)
∏

t′=1...t
∀n∈Gst

p(τn,t|xt′ , zn,t′)·

∏
t′=1...t

p(vt′ ,xt′ |xt′−1)
∏

t′=1...t
n=1...Ns

p(zn,t′ |zn,t′−1)

where e1:t is all available evidence up to time t (i.e., measured
TOAs and velocities). The previous factorization is obtained
using Bayes rule and standard assumptions [18], such as
independence of the measurements/priors and memoryless
movement.

Since the marginalization of (9) is intractable, we resort
to a message-passing approach. In particular, we adapt the
standard BP (see [19, eqs. (8)-(9)]) for our real-time and
discrete4 problem. We chose a Markov random field (MRF)
model5 as the underlying graphical model, in which each
vertex represents a random variable with an associated single-
node potential (a local evidence), and each edge represents
a pairwise potential (a likelihood function). An example is
shown in Fig. 3. Using the models defined in Sections III-B
and III-C, the potentials are given by:

ψt(xt) =

{
p0(x0), if t = 0
1, otherwise

(10)

ψn,t(zn,t) =

{
pn,0(zn,0), if t = 0
1, otherwise

(11)

ψt,(n,t)(xt, zn,t) = p(τn,t|xt, zn,t) (12)

4For continuous variables, we also proposed a SLAT algorithm based on
nonparametric BP [20]. This algorithm is more appropriate for unconstrained
environments.

5An equivalent algorithm can be derived using the forward phase of the
forward-backward algorithm (also known as BCJR) in a hidden Markov model
[21]. However, we prefer to use much more flexible framework, valid for
discrete, continuous and mixed variables.



ψt−1,t(xt−1,xt) = p(vt,xt|xt−1) (13)

ψ(n,t−1),(n,t)(zn,t−1, zn,t) = p(zn,t|zn,t−1) (14)

We update in real-time the beliefs of the sensors’ and
target’s positions (denoted with Mn,t(zn,t) and Mt(xt), re-
spectively), using the algorithm summarized below (for time
slot t, t > 0):

Step 1. Compute the sensor-to-target and target-to-target
messages:

m(n,t)→t(xt) =
∑
zn,t

ψt,(n,t)(xt, zn,t)Mn,t−1(zn,t) (15)

mt−1→t(xt) =
∑
xt−1

ψt−1,t(xt−1,xt)Mt−1(xt−1) (16)

Step 2. Update the target’s belief:

Mt(xt) ∝ mt−1→t(xt)
∏
n∈Gst

m(n,t)→t(xt) (17)

Step 3. Compute the target-to-sensor and sensor-to-sensor
messages:

mt→(n,t)(zn,t) =
∑
xt

ψt,(n,t)(xt, zn,t)
Mt(xt)

m(n,t)→t(xt)
(18)

m(n,t−1)→(n,t)(zn,t) = Mn,t−1(zn,t) (19)

Step 4. Update the beliefs of the sensors:

Mn,t(zn,t) ∝
{
Mn,t−1(zn,t)mt→(n,t)(zn,t), if n ∈ Gst
Mn,t−1(zn,t), otherwise

(20)
Step 5. Compute the estimates using the k-nearest neighbour

(kNN) approach [22]:

ẑn,t =

∑
zn,t∈Ckzn,t

zn,tMn,t(zn,t)∑
zn,t∈Ckzn,t

Mn,t(zn,t)
(21)

x̂t =

∑
xt∈Ckxt

xtMt(xt)∑
xt∈Ckxt

Mt(xt)
(22)

where Ckzn,t and Ckxt are the set of k cells with highest
probabilities, Mn,t(zn,t) and Mt(xt), respectively. The special
cases with k = 1 and k = Nc, correspond to MAP and MMSE
estimates, respectively.

As a benchmark, we also consider two specific in-
stances of the proposed SLAT algorithm: i) target track-
ing (mt→(n,t)(zn,t) = 1), and ii) target localization
(mt→(n,t)(zn,t) = 1, mt−1→t(xt) = 1). The former one uses
the sensor’s priors to track the target6, while the latter one
uses the sensors’ priors to locate the target independently in
each time slot (i.e., without a dynamic model).

Remark: The complexity of the SLAT algorithm (per time
slot) is O(|Gst |N2

c ) due to the dominating cost of the message

6Practically, it is equivalent to Bayesian point-mass filtering [13].

computations. This is significantly less than naive marginal-
ization of (9) which would require O(NNs+t−1

c ) operations at
time instant t.

V. SIMULATION RESULTS

A. Simulation setup

We consider the scenario in Fig. 2 with Nc = 14 cells,
and Ns = 14 sensors. The sensors’ priors are given by
pn,0(zn,0) = N (zn,0; ln,ΣS) where ln (n = 1, . . . , Ns) is
the reported location provided by the deployment team, and
ΣS = diag(25 m2, 25 m2, 0 ) is the empirical measure of
the precision of the placement and possible sensors’ drops.
We assume that we know the initial cell of the target, i.e.,
p0(x0) = δ(x0 − l1). There are NT = 30 time slots, and the
sampling interval is Ts = 1 s. The target position at time t
is manually generated either by making the move to one of
the adjacent cells or staying in the same cell (the final track is
similar as one in Fig. 2a). Taking into account the floor plan
from Fig. 2b, we set the quantization noise to D = 6 m. Taking
the results from [2], the parameters of the measurement noise7

are set as follows: σw = 0.0156, αw = 0.066, µw = 0.0367,
γw = 1.21, and PLOS = 0.8. The standard deviation of the
IMU’s measurement noise is σu = 0.2 m/s, and the sensing
threshold τTH = 83 ns. We found that k = 2 provides the
best performance in kNN estimation8. Finally, the results are
averaged over 200 Monte Carlo runs.

B. Results and discussion

Our goal is to compare the errors of the proposed SLAT with
corresponding tracking and localization algorithms (defined in
Section IV). The target’s (sensor’s) position error is defined
as the Euclidean distance between the position of the true and
the estimated cell of the target (sensor).

We first analyse the root-mean-square error (RMSE) as a
function of time, as shown in Fig. 4. As for the target’s
estimates (Fig. 4a), SLAT provides the best performance, fol-
lowed by tracking, and localization which provides the worst
performance. The difference between tracking and localization
is significant because the information from IMU represents the
most useful information in this system. The SLAT performs
better than tracking because the target uses the information
from improved sensors’ PMFs (in the SLAT algorithm), while
only the information from initial sensors’ PMFs (in the track-
ing algorithm). Regarding the sensors’ estimates (Fig. 4b),
the received information from the target consistently improves
their estimates comparing with localization and tracking which
do not update the sensors’ PMFs.

To draw more precise conclusions, we analyze the CDF
of the target’s and the sensors’ position error in Fig. 5.
As we can see in Fig. 5a, the localization, tracking and
SLAT algorithms correctly estimate the target’s cell in about
49%, 65%, and 75% of the considered tests, respectively.

7Parameters σw , αw , and µw are normalized to sensor-target distance,
while γw is dimensionless.

8This can be explained by the fact that in most cases there are only 2 cells
with significant probability mass.
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Fig. 4: RMSE as a function of time for the position error of (a) the target, and (b) the sensors.
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Fig. 5: Cumulative distribution function (CDF) of position error of (a) the target, and (b) the sensors.

Regarding the sensors’ estimates (Fig. 5b), localization and
tracking algorithms correctly estimate the sensors’ cells in
only 38% of the tests, while SLAT in about 63% of the
tests. Therefore, we can conclude that SLAT significantly
outperforms tracking/localization in terms of both target’s and
sensors’ error. In both cases, SLAT is consistently (at any
percentile), better than the other two algorithms.

Finally, we analyse the RMSE as a function of the average
connectivity defined as nc =

∑
t
|Gst | /NT , which is a function

of the sensing threshold that we vary from 50 ns to 240 ns. The
results are shown in Fig. 6. The conclusion is consistent with
previous conclusions in terms of comparison between three
considered methods, but the gain depends on nc. A higher
nc is obviously preferable option for SLAT since the target
can update more sensors per time slot. Moreover, we can see

that increasing nc consistently leads to lower RMSE of the
target’s estimates (for any of considered algorithms), and of
the sensors’ estimates (only for SLAT). However, note that nc
can be only increased up to a limit defined by the maximum
sensing threshold for which the measurement model is valid.

VI. CONCLUSIONS

We presented a novel approach for simultaneous refinement
of the sensors’ positions and target tracking in mine tunnels.
The proposed SLAT algorithm is based on discrete real-time
BP, so it is capable to efficiently solve high-dimensional prob-
lems, and handle all non-Gaussian uncertainties. According to
our simulation results, both sensors’ and target’s estimates are
improved even after a very short tracking period. Therefore,
this approach can replace very expensive manual maintenance,
which would be necessary to ensure that the sensors’ positions
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Fig. 6: RMSE as a function of average connectivity for the position error of (a) the target, and (b) the sensors.

are unaltered. Our future work will focus on the improvement
of the measurement model using a ray-tracing simulator and
real data, and performance analysis in larger mines.
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