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Abstract

This paper proposes a reliability-optimized localization method for underground utility
tunnels based on multi-source fusion and a denoising variational autoencoder model. The
method acquires a multi-sensor localization dataset aligned with a unified time reference.
By employing a convolutional neural network-assisted denoising variational autoencoder
(DVAE-CNN), it regulates localization outcomes through three key aspects: a multi-source
heterogeneous data quality assessment model, a formulation of the target state transition
equation, and an environmental prior-information-aided weight update strategy. This
approach overcomes the low-reliability issues caused by information loss and errors in the
complex environment of underground utility tunnels. Compared to localization results
without reliability regulation mechanisms, the proposed method achieves an average
improvement of 73.6% in localization accuracy and 85.2% in localization reliability. Finally,
localization experiments conducted in an underground utility tunnel demonstrate that the
proposed method can provide highly robust, reliable and continuous positioning services,
indicating significant potential for application and broader adoption.

Keywords: underground utility tunnel localization; reliability; multi-source fusion;
denoising variational autoencoder-CNN (DVAE-CNN)

1. Introduction

Global Navigation Satellite Systems (GNSSs) play a crucial fundamental role in na-
tional security, social transportation and people’s daily lives. However, they fail to achieve
navigation and positioning in satellite signal-shielded environments such as underground
pipe galleries. Compared with outdoor open free spaces, the channel environment and spa-
tial topology of underground pipe galleries are more complex. Radio signal transmission
generally faces problems such as non-line-of-sight (NLOS) and multipath effects, which
pose great challenges to the robustness of underground pipe gallery positioning methods
based on wireless signal intersection. Currently, data-driven machine learning approaches
are commonly adopted to overcome the difficulties generally encountered in traditional
ranging-based positioning, such as NLOS, signal multipath propagation and poor stability
of positioning results, thereby achieving higher-performance positioning capabilities. Most
current positioning systems only consider indicators such as positioning accuracy, cov-
erage and continuity, while rarely focusing on positioning reliability. For instance, when
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environmental interference, sensor anomalies and other factors lead to impaired quality of
positioning data and unreliable positioning results, it often brings significant risks to subse-
quent location-based services (LBSs). Therefore, the reliability of positioning systems is also
a key element in practical engineering applications and it is necessary to conduct in-depth
research on real-time constraint and improvement methods for location reliability. With the
continuous development of positioning technologies, various positioning technologies such
as Bluetooth [1,2], Wi-Fi [3,4], Pseudolite positioning [5-7], Ultra-Wideband (UWB) [8,9],
5G/6G [10-12], audio [13,14], vision [15,16], geomagnetism [17-19] and inertial [20,21]
have been continuously researched and applied worldwide. However, it is difficult for
a single technology to meet the positioning requirements in complex underground pipe
gallery environments, and multi-source fusion has become the mainstream technical means.
Therefore, this paper focuses on systematically analyzing the research status of reliability
improvement methods for current indoor positioning technology systems excluding GNSS
technology. For example, Hao et al. [22] from the University of Nottingham, UK, elaborated
on the important significance of reliability assessment in the field of multi-source informa-
tion fusion positioning as well as related assessment methods. They noted that reliability
assessment needs to comprehensively consider the measurement errors and fault character-
istics of various data sources, and they concluded that the current reliability assessment
methods for positioning systems generally face challenges such as complex environments,
large differences in terminal states and low algorithm real-time performance. The GEOLOC
Laboratory of Gustave Eiffel University in France [23] proposed a snapshot weighted least
squares residual model and a sequential weighted extended Kalman filter assessment
model for the multipath and NLOS issues that are mainly concerned in the reliability
assessment of urban rail transit, improving the reliability of the positioning system from
two aspects: accuracy enhancement and fault monitoring. Yan Wei from Wuhan Univer-
sity [24] proposed a reliable positioning method based on magnetic field feature matching,
explored the relationship between magnetic field distribution and positioning integrity and
evaluated whether the positioning system is reliable at the data level. Wang Rongxin from
Xiamen University [25] proposed an integrity assessment method for vision/inertial fusion
positioning systems, investigating the impact of different factors such as light intensity,
camera position and target motion state on the positioning system. The team of Zhao Long
from Beihang University [26] proposed a multi-mode comprehensive reliability assessment
method for terrain-aided navigation systems. By establishing a sliding window uncertainty
envelope to conduct consistency judgment on abnormal data and combining digital terrain
to eliminate abnormal sequences, good results have been achieved.

The existing research on reliability optimization for indoor localization can be divided
into three branches, with inherent limitations as follows (Table 1):

(1) Traditional variational autoencoder (VAE) and deep variational autoencoder
(DVAE) only model the global distribution of 1D time series, which merely suppress single-
dimensional temporal noise and fail to capture the coupling features between multi-source
sensors including IMU and UWB. Current DVAE schemes are designed for general indoor
scenarios, lacking a quantitative anomaly quantification mechanism for underground tun-
nels with severe multipath and non-line-of-sight (NLOS) interference. They only output
denoised observations without quantitative data credibility indicators. (2) Convolutional
neural networks (CNNs) excel at extracting local spatial features, but they have no capacity
for probabilistic generation and reconstruction, so reconstruction error cannot be used
to quantify observation anomalies. Existing CNN localization networks directly regress
coordinates without front-end data cleaning; abnormal observations will contaminate posi-
tioning results, which cannot adapt to heterogeneous multi-source inputs. (3) Conventional
particle filters adopt fixed fusion weights without geographic prior constraints from build-
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ing maps, easily generating invalid cross-wall particles. Most fusion schemes only optimize
positioning results in a single layer, lacking front-end anomaly elimination for raw data.
Cumulative noise leads to severe trajectory drift in long narrow underground tunnels.

In summary, the existing studies only optimize localization accuracy via a single
network or single stage. A two-layer trusted localization framework combining data-layer
credibility evaluation and result-layer map-constrained particle filtering has not been fully
investigated, which is the core research gap addressed in this paper.

Table 1. Comparison between the proposed framework and existing mainstream localization methods.

Cross-Sen. Geo. Tunnel
Method Cred. Feat. Const. Two-Stage Adapt.
VAE/DVAE No Unsupported ~ None Single Poor
denoise
CNN Loc. No prob. Spatial only None Sirégle Poor
PF No pre-filter None Weak Smgle Poor
fusion
2D joint

Ours DVAE-CNN PF Rec. prob. Hard wall  Dual-layer = Optimized

feature

2. Multi-Level Trusted Assessment Framework for Positioning

Aiming at the inherent defects of independent VAE, CNN and particle filter algorithms
summarized in Section 1, this paper has designed a hybrid DVAE-CNN two-layer trusted
localization framework specially for underground utility tunnel scenarios. The whole
framework as illustrated in Figure 1 is divided into two collaborative stages: data-layer
credibility evaluation and result-layer geographic constrained fusion positioning. In the
data processing stage, the CNN enhanced denoising variational autoencoder takes multi-
source heterogeneous sensor time series as input, converts one-dimensional time series
into two-dimensional feature matrices, and extracts joint time-channel local features to
calculate reconstruction probability, so as to quantify the credibility of each sampling data
and eliminate abnormal observation values polluted by multipath and NLOS interference.
On this basis, the particle filter fused with tunnel geographic prior information is adopted
as the fusion positioning module. Combined with the pedestrian dead reckoning state
transition equation updated by adaptive step length, the unreasonable cross-wall particle
states are eliminated through tunnel boundary constraints, and dynamic weight iteration is
carried out to output stable and high-reliability positioning results. This two-stage joint
optimization structure makes up for the single-layer optimization limitation of existing
single-model positioning methods, and it realizes the joint reliability control of raw data
and final positioning trajectory. The positioning system framework comprises two core
phases: offline and online. Each phase features a clear division of labor and operates
collaboratively to achieve high-precision and high-credibility pedestrian positioning. In
the offline phase, three core tasks are primarily accomplished: first, the collection and
preprocessing of observation data from the positioning system are carried out to provide
a high-quality dataset for model training; second, an unsupervised credibility evaluation
model is constructed and trained and a data quality detection model meeting the real-time
requirements of pedestrian positioning is obtained through lightweight design; finally, this
model is packaged into an executable file to support real-time data quality evaluation in
the online phase. In the online phase, based on a nonlinear fusion framework, data quality
evaluation and fusion calculation of multi-source heterogeneous information are completed.
Among them, the observation model innovatively integrates the positioning model and
the data detection model, requiring that all data input into the fusion model must undergo
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credibility evaluation and analysis of data quality. This effectively filters out abnormal data
and reduces its interference on the fused positioning results. In addition, in the design of the
state transition model and the dynamic weight update strategy, the self-contained MEMS
sensor data carried by the terminal and structured prior map information are introduced.
By imposing constraints on unreasonable positioning results, the credibility and stability of
the positioning results are further improved.

Multi-source observation data for underground utility tunnel positioning
systems (Wi-Fi, Bluetooth, UWB, ultrasonic, etc.)

Data preprocessing

Data partitioning Data standardisation Data Visualisation

Unsupervised Model Construction for Data Quality

Trusted Evaluation
Criteria

Encoder&Decoder Threshold analysis

A Trustworthy Evaluation Model for Multi-
source Data Quality in a Packaged Format

Trusted positioning results

Figure 1. Positioning system framework with credibility constraints.

2.1. Convolution-Assisted Denoising Variational Autoencoder-Based Data Evaluation Method

This paper proposes a convolutional neural network (CNN)-assisted denoising vari-
ational autoencoder network for evaluating the quality of observation data related to
positioning systems. First, the latent feature extraction part of the model is described in de-
tail. The training objective of the model based on the variational autoencoder is to learn the
parameters 6 to maximize the probability density function pg(x) = [ pg(x|z)pe(z)dz, Here,
we assume that z follows a standard Gaussian distribution and that the prior distribution
po(x|z) follows a Gaussian distribution. Specifically, the conditional distribution of x given
z satisfies:

x|z ~ N(y(z),az(z))

where 1i(z) and ¢2(z) denote the mean and variance of the Gaussian distribution corre-
sponding to z, respectively. In essence, p(x) is the accumulation of several distributions
over the integral domain, as illustrated in Figure 2. Since z is closely related to the input
data x, we can assume that z ~ py(z|x). However, in most practical problems, the posterior
probability py(z|x) is difficult to determine due to the limited amount of data. Therefore,
the known distribution g4 (z|x) is usually used to approximate the distribution of pg(z|x),
where g4(z|x) can be determined by the VAE encoder. To make the two distributions suffi-
ciently close, the KL divergence is commonly used to measure the similarity between the
two distributions, and the parameters 6 and ¢ are optimized to minimize the KL divergence,
as shown in Equation (1).
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Figure 2. Schematic diagram of complex probability distribution composition
KL(p(x) [l g(x)) = [ ()0 25
x q(x)
—E,. {m p(")} )
PO g(x)

Maximizing p(x) is equivalent to solving the maximum log-likelihood with respect to
x, denoted as L = xIn p(x). According to the Bayesian definition

Inp(x /q¢ ) In pg(x
—/q Pe X, Z)dz

—i—/ qq)(z )dz

From Equations (1) and (2), we can see that the second term on the right-hand side of

the equation is exactly the KL divergence between g4 (z|x) and py(z|x) and that this term is
non-negative. Thus,

(2)

e ———
—/q z)1 ”""'(2)() ©)

where [ g4(z|x) In polx|2)p(z)

PneE) dz is the Evidence Lower Bound (ELBO) objective func-
tion. That is, Equation (4) can be rewritten as:

Inpg(x) = ELBOvag(0, ¢, x) 4)
+KL(gp(z1%) | polzlx))

At this point, maximizing the likelihood function is transformed into maximizing the
variational lower bound ELBOyag, which can be further decomposed as

ELBOvar (6, ¢, x) = /thp(z\x) IHW z
= —KL(q¢(z[x) || po(2))
+ By, (2] [In po (2[x)]
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From Equation (5), it can be seen that to maximize the variational lower bound
ELBOvag, we usually minimize KL(q¢(z|x) || po(z)) while maximizing E, (.. [In(pe(z]x))].
The first term on the right-hand side of the equation represents the difference between the
distribution of latent features z predicted from observed data x and the true distribution
of z, which is also commonly interpreted as a latent space regularization term. Its pur-
pose is to ensure that two close points in the latent space can yield similar content after
decoding and that each decoded point should correspond to the input data. Therefore, it is
necessary to explicitly define the regularization term. However, in real-time positioning,
there are problems such as signal loss and interference in some areas, which should be
taken into account during the construction and training phases of the evaluation model.
This paper introduces the idea of denoising: before training, the original input data is
corrupted by a corruption function to simulate noisy and interfered data; the original data
is recovered through the generative model and the parameters are fine-tuned to ensure that
the recovered data is close to the real data, thereby improving the anti-noise ability of the
model. The corruption method adopted in this paper is the Gaussian distribution function,
which maps the noisy training data to the true posterior distribution, enabling the inference
network to perform more reliable training on position data. Thus, based on the variational
lower bound obtained in Equation (5), we add noise to the input data x to obtain x. At
this time, the encoder becomes g4 (z|x) and the conditional Gaussian distribution satisfies
g (z|%) = N (z|pg (%), 04(%)), where py (%) and oy(%) are both nonlinear functions of ¥.
Assuming that the noise distribution is a known standard Gaussian distribution p(x|x)
centered around x, we have:

30(2) = By [19(z1%)] = [ ap(alnp(x)ax ©

Each time sampling & ~ p(x|x) from the distribution and substituting it into q4(z|%)
yields a different Gaussian distribution. Given that pg(x,z) = pg(x|z)p(z), the variational
lower bound of the denoising variational autoencoder (DVAE) can be derived as:

X,z
ELBOdyae = By (/1) [ln ZZEA x;] )
In Equation (7), pg(x, z) is a function of x rather than x. In other words, given a noisy
input x, the denoising variational autoencoder (DVAE) is required to recover the original
data x, which reflects the denoising capability of the model. In the standard VAE, the
process of maximizing ELBO 4y, is actually minimizing the KL divergence between the
approximate posterior probability and the true posterior probability. Thus, we have:

In pg(x) = ELBOdyae + By, , [KL(q(z]%) || p(2))] ®)

Its training process consists of three steps: first, add noise to the original observed
data by sampling x(") ~ p(#|x); second, sample latent features z; ~ g4(z|%(")) from the
encoder model; finally, reconstruct the original observed data x through the decoder model
po(x|z;). The training process can approximate the variational lower bound of DVAE by
means of Monte Carlo sampling as:

X,z
ELBOdvae = Bp(ifx) [Ew(zx) [1“ ful >H

q¢(z[%)
1 M K Pe (x(m),z(k|m))
N e 9)
MK 4 g (T )
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The above content describes the basic process of feature extraction for the DVAE model,
which can learn the original observed data from noisy multi-dimensional observed data
and greatly improve the anti-interference ability of the model. However, the DVAE model
is characterized by a favorable hierarchical distribution structure of latent variables. In
the process of latent variable representation learning, the model focuses on the global
features of the data but ignores the local detailed features, resulting in a certain degree of
attribute preference. In fact, the observed data used for positioning is not only related to
positions but also has internal correlations within the data. If local features of the data can
be regarded as effective features during data feature extraction then it is possible to achieve
higher-precision positioning performance. Combining DVAE with CNN in this paper
helps the network perform better in terms of spatial relationships and further improves the
effectiveness of feature extraction. In addition, convolutional layers are important compo-
nents of deep neural networks: combining with the powerful generative model capability
of autoencoders helps to reconstruct their outputs with high-fidelity encoding, thereby
improving the generalization ability of the model. In the encoder, multiple convolutional
layers are used for feature extraction, while in the decoder the corresponding transposed
convolutional layers are employed to mirror the network structure, reconstructing the
spatial structure of the data and forming a counterpart to the feature extraction in the
encoding process. Generally, 1D time-series data is transformed into a 2D image-like matrix
according to certain rules. By adjusting convolution kernels at different scales to extract
features the model can better capture potential local correlations in the time-series data.
Assuming that the input matrix size is w, that the convolution kernel size is K, that the
stride is s, and that the number of zero-padding layers is p, the calculation formula for the
size w' of the feature map generated after convolution is:

W = Y‘H_ZSP_KJ +1 (10)

After obtaining the feature maps, a subsampling operation is performed to reduce the
data volume. Similar to convolution operations, pooling also uses a sliding kernel (referred
to as a sliding window). Max pooling or average pooling can be used to compress data
within the sliding region, thereby reducing the complexity of the model.

Assuming a multi-channel image V is trained, the training process is defined as
c(K, V,s) with the objective of minimizing the loss function J(V, K). Thus, during forward
propagation the intermediate output Z is obtained via c, which is then passed to the rest
of the network and used to compute the loss function J. During backward propagation, a
tensor G is obtained that satisfies:

9
aKz’,m,n
= 2 Gi,m,nvj,(m—l)><s+k,(n—1)><s+l (11)

mmn

Gijk = J(V,K)

The gradient of | with respect to V is calculated using the following equation to
propagate the error backward further:

e
h(K, G,S)i,]',k = m](vr K)
1,

= YY) Kyimp*Gyin (12)

ILmtnp q
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In the equations, i denotes the i-th output channel, j and k represent the row and
column of the output, [ is the input channel, and m and n are the row and column bias
terms of the input, respectively. Generally, in the transformation from input to output
nonlinear operations are implemented by adding a bias term to each channel, and this
bias term can be shared across a single convolutional layer. The network framework is
shown in Figure 3. For the constructed DVAE-CNN positioning model, it is necessary to
first train the DVAE assisted by 2D CNN and then train the 1D CNN classifier assisted
by DVAE. First, a variational autoencoder network assisted by a 2D CNN network is
constructed, which is referred to as the pretraining phase. During the encoding process, a
convolutional network is adopted to extract features of multi-dimensional information, and
the most representative features are obtained via the max pooling method. In the decoder,
transposed convolution is also used to restore the sampled latent feature vectors to obtain
reconstructed images. Finally, the network is trained by optimizing the reconstruction error
and KL error until the model converges.

Bluetooth  WIFI

v vy GNSS
G! UWB |

Unified Time Data preprocessing
Reference

Dataset

1
Conv+Relu+Maxpool Conv+Relu+Maxpool ‘1
'

Encoder ! | Decoder |

'
il
[ “econs(mc(ugg Data

Reconstruction loss + KL loss ]< --------
[
( DVAECNNit |—{ Adam(le4) |
I

[ Model save ]—[ Early stopping ]

Figure 3. Structureand pre-training process of the DVAE-CNN model.

Given the strong modeling capability of the denoising variational autoencoder network
for complex distributions, this section constructs a multi-source data quality evaluation
framework based on reconstruction probability by combining the aforementioned model,
and its schematic diagram is shown in Figure 4. The reconstruction probability from the
model training in Figure 3. is used to evaluate the quality of multi-dimensional observed
data, while reducing the impact of noise on anomaly detection and excluding abnormal
results from being introduced into the fusion framework as observed values, thereby
improving the reliability and accuracy of the system. Generally, after the completion of
model training the reconstruction probability of normal data is low while that of abnormal
data is high. Therefore, abnormal data is identified by setting a reconstruction probability
threshold, which effectively reduces the impact of abnormal data and improves positioning
accuracy. As can be seen from the following equation, the reconstruction probability can be
expressed as:

L
Z nqe(x|z;) (13)

B, po(zlx) [In g (x]2)] =

h\H

where L denotes the number of samples drawn from the distribution g4 (x|z). In Figure 4, a
is the set evaluation threshold, which can be determined through experiments by consider-
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ing factors such as positioning performance and environmental conditions. The training
process is presented in Algorithm 1 as follows.

Trusted Assessment Analysis

Implicit characteristics z=pu+ & @ EBLO 4 (8, ,x)
True
L Accepted
r k‘ . .
Q ‘Z) - " Eliminate
0® 060000 o000 e oning oo
Noise-added data raw data Reconstructing Data
_ -

Figure 4. Trustworthiness evaluation model for multi-dimensional data based on reconstruction
probability.

Algorithm 1 Training and Application of Multi-Source Data Credibility Evaluation Model

Require: Multi-source data X; credible evaluation threshold a
Ensure: Evaluation model B
1: Data Preprocessing: Normalize data, intercept input data, add noise, divide data into
training /test/validation sets
2: while encoder model training not completed do
Initialize DVAE-CNN model and set hyperparameters
Load training dataset
Obtain mean, variance and latent features z of samples
Get reconstructed data via decoder
Calculate reconstruction error e by comparing reconstructed data with original data
if e converges to the set threshold then
Trigger early stopping mechanism to end training
10: else
11: Go to Step 6
122 endif
13:  Fine-tune the network and update parameters
14:  Repeat Steps 4-6 until model converges
15: end while
16: Save model parameters
17: Evaluate the map x(t) at time ¢ using 7
18: while New measurements are being performed do
19:  if Reconstruction error e < « then

20: Input the data into the positioning model
21:  else

22: Eliminate the data at current time

23: Repeat Step 12

24:  end if

25: end while

2.2. Credibility Regulation Method for Indoor Positioning Based on Multi-Source
Heterogeneous Information

In the previous section, credibility constraints for the indoor positioning system were
implemented at the data level. Actually, the performance of indoor positioning is closely
related to the surrounding geographical environment. Similar to indoor building maps
that contain abundant prior information, combining positioning results with indoor map
information can reduce the uncertainty of positioning results; matching map information
with sensor data (such as Wi-Fi signals, Bluetooth beacons, inertial measurement units
(IMUs), etc.) is conducted to optimize positioning results; the combination of indoor maps
and ray tracing methods can improve the measurement accuracy of radio signals and correct
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the cumulative error of inertial positioning based on indoor scene perception. Therefore,
exploring the prior information of indoor building structures to constrain positioning
results will be an effective method for improving credibility. In addition, most current
user terminals (such as smartphones) are equipped with various types of inertial devices,
which can provide continuous time-series information and can also be used as a regulatory
means for credible positioning. For example, MEMS sensor information combined with
established criteria is used to eliminate results that do not conform to pedestrian movement
laws, thereby reducing the uncertainty of positioning results. In summary, this paper
introduces a nonlinear particle filter algorithm as a “position filter” for building map
information and pedestrian movement information. Through corridor boundaries, doors,
windows and other building structures, the position distribution of the particle swarm is
restricted. The specific process includes the following five steps:

(1) Intheinitialization stage, it consists of two parts: particle state space initialization
and positioning model initialization. The particle set is defined as H = {x;|i =
1,2,...,n}, where n is the number of particles and the particle state space includes
position coordinates and initial movement step size (x,y, Ly). The initialization of
the positioning model generally involves constructing the same network model as
that used in training before positioning execution, loading model parameters and
interfaces to receive data in real time for position estimation.

(2) Inthe target position prediction stage, the pedestrian dead reckoning (PDR) algorithm
is implemented based on terminal MEMS sensors, as shown in Figure 5. Position
prediction is completed via the following state transition equation for particles:

X Xj_ Ly -sin6

Yk Yi—1 Ly - cost
where the position at time k — 1 is (xx_1, yx_1), the position coordinates at time k are
Xk, and vy and 6 is the moving direction of the particles. Due to the low detection

accuracy of direction sensors, 0 is set as a random number in this paper to ensure the
diversity of the particles.

Since the step length of pedestrians is random, it is affected by factors such as height,
gender and walking speed for different individuals. Therefore, if the particle moving step
length or speed is set to a fixed value in the state transition equation then certain errors
will be introduced, making the positioning results unreliable (usually manifested as lag
or offset of positioning results). To address this issue, this paper combines MEMS sensor
information to dynamically estimate pedestrian motion states and adaptively update the
particle moving step length, thereby improving the reliability of the system. Specifically, the
acceleration information of pedestrians exhibits periodic changes during normal walking,
and the number of walking steps can be identified through such changes. To make the
detection method independent of terminal posture, the magnitude of three-axis acceleration
Amer = /A% + af + a is generally used as the basis for step detection. At this time, step
detection is completed by setting the peak detection threshold and the peak-valley spacing
threshold. In Figure 6, the blue curve represents the original acceleration data, the yellow
curve denotes the data after low-pass filtering, and the red triangles indicate the detected
number of steps. Similarly, step length estimation can be completed based on acceleration
information and step detection results. Relevant studies have proposed numerous step
length estimation models, including linear models, nonlinear models and deep learning
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models. In this paper, the step length estimation model shown in the following equation is

used to dynamically update the state transition equation:

L =uax4yamax — Amin + B X fs + 7 X 05+ X ws (15)

where amax and ap,i, correspond to the maximum and minimum values of acceleration
during a single-step process, respectively; «, B, v and é represent the step length parameters
determined under different human activity states; f;, vs and w; denote the activity fre-

quency of pedestrians, the standard deviation and the variance of acceleration, respectively.

Through the above steps, adaptive particle state update is realized, which further improves

the degrees of freedom of system positioning.

(1 1) [ )

.

(X2 Viea2)

(k41 Yier1)

Figure 5. PDR algorithm schematic illustration.

®)

(4)

©)

In the weight update stage, weights are updated by comparing the predicted mea-
surement values with the probability distribution function obtained from the actual
measurement process. In practical applications, since some particles may exhibit
unreasonable situations such as “wall-penetration” during the state update process,
real environmental information is considered as the basis for credible constraints in
the weight update stage, as shown in Figure 7. In Figure 7, green dots represent the
possible positions where the user may move in the next moment and red dots denote
the untrustworthy regions of particle swarm distribution.

In the resampling process, each particle is assigned a corresponding weight. Parti-
cles with low weights are discarded since they deviate greatly from the actual user
state. Thereafter, all particles are aggregated around high-weight regions to facilitate
the convergence of the particle swarm. The effective particle number threshold is
defined as Neg = N/2, and resampling is triggered once the actual effective particle
number is lower than this threshold according to the particle weights. Comparative
experiments were carried out with different particle quantities (100, 200, 300, 400)
and various resampling thresholds. Our experimental results indicate that the vari-
ation range of the average positioning error is less than 0.06 m when the particle
number ranges from 200 to 400. Moreover, the system achieves stable operation
when the resampling threshold is selected within the interval from 0.4N to 0.6N.
Consequently, the particle number is finally set to 200 to realize a favorable trade-off
among positioning accuracy, real-time performance and computational overhead.
In the position estimation stage, the weighted average value of all the particles is
taken as the estimated position at the current moment.
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Figure 6. Variation characteristics of acceleration information during pedestrian movement.

Geographic information
constraints on unreliable
locations

Figure 7. Geographical prior information-assisted position credibility constraints.

In summary, the designed real-time position credibility evaluation method mainly
consists of a multi-dimensional data credibility evaluation model and prior information
constrained measurement: the credibility of the positioning results is improved through the
joint constraints of the two, and the algorithm flow is presented in Algorithm 2, as follows.
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Algorithm 2 Methods for Enhancing Position Reliability

Require: Prior map information, number of particles n, particle step length L, credible
evaluation threshold &, resampling threshold T
Ensure: Reliable positioning result P
1: Initialization: Sample a set of particles from the initial state distribution
2: while positioning result is not obtained do
3:  for each particle do

4: Update current position via Equation (14)
5: Update weight information using:
o o epf )
V270, P 202,
where s is the particle state at current moment and ¢, is the measurement deviation
if particle penetrates walls (or building structures) then
Set the weight of the corresponding particle to 0 (eliminate potential abnormal
positions)
end if
9: if number of particles < T then
10: Resampling: Generate new particles based on weights (polynomial resampling)
11: end if
12: Obtain current positioning result via particle states and weights

13:  end for
14: end while
15: Output reliable positioning result P

3. Experimental Verification and Application

This section mainly includes two sets of experiments. The first set verified the effec-
tiveness of the proposed credibility evaluation model and the second set introduced the
practical application effect of the results of this study in positioning within underground
utility tunnels. Both the experiments were run on an industrial laptop with Intel i7 CPU
and 16 GB RAM. The algorithm was implemented in Python 3.9 with PyTorch for model
training, while the raw sensing data were processed by MATLAB R2023b. The test hard-
ware included DW1000 UWB modules, wearable IMUs and a Leica total station for ground
truth calibration.

3.1. Dataset and Test Platform

For this paper, we constructed two groups of datasets collected from simulated lab-
oratory tunnel and real underground utility tunnel, with the full detailed parameters
summarized in Table 2.

3.2. Effectiveness Test of the Proposed Credibility Evaluation Method in Experimental Environment

To verify the effectiveness of the credibility evaluation framework, for this section we
conducted tests in an indoor laboratory environment with a test area of approximately
18 m x 24 m; the test environment map is shown in Figure 8. The existing positioning
test network deployed in this environment integrates UWB, Bluetooth AOA and Wi-Fi
modules. The benchmark positioning scheme adopted in this experiment is denoted as the
reference positioning system in the following text. A total station was utilized to calibrate
the ground-truth coordinates of all the test points, which served as the benchmark for
evaluating the localization accuracy. A high-precision total station was adopted to acquire
ground-truth positions. Its horizontal positioning accuracy was £(1mm + 2ppm - D),
where D denotes the test distance. The measurement error was less than 3 mm within
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the entire test range. This guaranteed the accuracy and reliability of the positioning error
calculation. The proposed system integrates three mutually complementary positioning
modules. The Wi-Fi positioning module achieves a coverage distance of 100 m with a
positioning accuracy of 3 m. The ultra-wideband (UWB) positioning module supports
100 m coverage and provides positioning accuracy up to 1 m. The Bluetooth angle-of-arrival
(AOA) positioning module has an effective coverage of 50 m and a positioning accuracy of
0.8 m. As shown in Figure 9, the Wi-Fi and Bluetooth AOA devices were mounted overhead
at the central area of the experimental site, whereas the UWB nodes were deployed at the
four corners of the test area.

Table 2. Detailed configuration of the collected positioning dataset.

Item Details

Test scenarios 18 m x 24 m laboratory; 1260 m real power underground utility
tunnel

Volunteers Eight participants (four male, four female), height range: 160-185 cm

Total trajectories 42 lab trajectories + 36 field trajectories = 78 full trajectories

Single trajectory duration ~ 60-300 s, total raw data collection time: 12.8 h

Sensor hardware Nine-axis MEMS IMU (accel. +16 g, gyro. £2000° /s); UWB anchors
and tags

Sampling frequency IMU: 100 Hz; UWB ranging: 10 Hz

Train/val/test split 70% training, 15% validation, 15% test, split by complete trajectories

to avoid data leakage

Environmental interference Metal multipath reflection, weak magnetic field, pedestrian occlusion,
random pulse noise

Data release statement Both the laboratory simulated data and the field tunnel measurement
data involved internal engineering confidential information of the
project, and the dataset will not be publicly released. Relevant ex-
perimental reproduction guidance can be provided to reviewers for
manuscript evaluation only.

Figure 8. Photographs of the real experimental environment.

For this paper, Keras, a commonly used deep learning library, was selected as the
construction tool for the network model. The construction process consists of five parts:
model selection, network construction, compilation, training and prediction. In network
construction, a denoising variational autoencoder network including an input layer, con-
volutional layers, pooling layers and fully connected layers is designed. Among these,
feature extraction is realized through multi-layer convolutional operations. The backprop-
agation algorithm is used to train the entire network, enabling the trained model to find
the nonlinear mapping relationship between the reference class and the position infor-
mation. Specifically, when the loss function between adjacent iterations drops below the
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threshold or the number of iterations is satisfied, the network reaches stability and the
network parameters are saved. To save time and resources, for this paper we adopted the
early stopping strategy for training, and we repeatedly trained using cross-validation until
the model converged. Our tests were conducted in the environment shown in Figure 8,
and a comparative analysis was performed on the effectiveness of the multi-source data
quality evaluation model and the multi-source heterogeneous information-assisted position
constraint method. The test results are shown in Figure 10.

-10 -5 0 5 10 15
X (m)

Planned test trajectory

==@-- Reference positioning system results
=-=-@=~ Results after data quality evaluation

Results after trustworthy regulation of

ca@e= . X .
multi-source heterogeneous information

Figure 10. Effectiveness analysis results of the credibility evaluation mechanism.

The test results are shown in Figure 10, where the black trajectory is the trajectory of the
reference positioning system and the red trajectory is the positioning result after adding the
observation data quality evaluation model. Real-time data quality analysis and abnormal
data elimination made the positioning trajectory smoother. On this basis, prior map and
MEMS sensor data were introduced as references for new particle weight assignment to
further regulate the positioning results and achieve more smooth and credible outcomes. In
summary, after introducing the credibility regulation mechanism the positioning accuracy
and credibility significantly improved. To analyze the effectiveness of the credibility evalu-
ation mechanism more clearly, the error band diagram and error cumulative distribution
function of the trajectory were plotted, as shown in Figures 11 and 12. The error band was
selected instead of the error curve to evaluate the positioning error through the confidence
interval more scientifically and objectively. The blue error band in the figure is the result
after the credibility evaluation framework, with an average positioning error of 0.51 m, a
maximum positioning error of 1.31 m, and 94% of the errors less than 1 m. Compared with
the positioning results without the credibility evaluation, the average positioning accuracy
improved by 73.6%. In addition, the reliability of a positioning system is usually defined
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as the percentage of the total observation time that the system’s positioning accuracy is
less than the reliability threshold within a specified area and period. When the reliability
threshold was set to 1 m in this paper, the positioning reliability after credibility evaluation
improved by 85.2%, which further verified the effectiveness of the evaluation system.

Positioning Error (m)

i L

0 100 200 300 400 500 600 700

Test Point
—— Reference Positioning System Result
—=— Positioning Result After Data Quality Evaluation
—+— Positioning Result After Trusted Regulation
of Multi-source Heterogeneous Information

Figure 11. Positioning error band diagram.
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Figure 12. Positioning error analysis.

3.3. Effectiveness Test of the Credibility Evaluation Method in the Underground Utility
Tunnel Environment

To evaluate the practical performance of the proposed trust evaluation method, field
tests were conducted in a complex underground utility tunnel in Beijing, as illustrated
in Figure 13. The tunnel environment imposed severe challenges for field deployment
due to the lack of Wi-Fi coverage and available power supply. To tackle these issues,
a self-developed Wi-Fi system based on fiber-enabled simultaneous power and signal
transmission was deployed to provide continuous network coverage and energy supply
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for the tunnel scenario. Furthermore, multiple positioning technologies, including ultra-
wideband (UWB), Bluetooth, and inertial measurement unit (IMU) sensing, were fused to
achieve reliable positioning in the complex underground tunnel environment.

(b)

Figure 13. Internal structure diagram of underground utility tunnel. (a). Small-scale spaces with

severe metallic interference. (b). Spatial twist switching.

The tester moved through the underground utility tunnel while holding the test
equipment, and a total station was used to mark the actual positions along the trajectory
for positioning accuracy evaluation. The test results are shown in Figure 14. In the specific
environment of the underground utility tunnel, and with the assistance of geographical
prior information-based position credibility constraints, the Y-axis error was extremely
small and the main error was concentrated on the X-axis. The maximum error did not
exceed 0.87 m and the average error was 0.46 m, which enabled high-precision continuous
positioning coverage of the monitoring area.

2

—— Location results
1t —+— Actual location
1.2

1
0.8
0.6
0.4
0.2

0

125 130 135 140 145 150

Figure 14. Comparison of positioning results and actual locations.

3.4. Applicable Scope and Failure Conditions of the Proposed Method

This subsection clarifies the applicable scenarios, engineering deployment require-
ments and failure boundary conditions of the designed DVAE-CNN two-layer trusted
localization framework, to facilitate subsequent academic research and practical under-
ground deployment.

3.4.1. Applicable Scenarios and Deployment Prerequisites

The proposed method is mainly oriented to enclosed narrow underground spaces with
structured wall geographic prior maps, such as municipal utility tunnels, comprehensive
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pipe corridors and pedestrian underground passages. The framework takes MEMS inertial
measurement data and UWB ranging observation values as multi-source heterogeneous
input, and it obtains the optimal positioning reliability under moderate multipath/NLOS
interference and normal low-speed pedestrian walking states.

For on-site engineering deployment, two necessary preconditions should be satisfied:

1.  Arasterized vector structural map of the underground scene, which provides wall
boundary constraints for particle filter trajectory correction;

2. UWB anchor nodes deployed at intervals of 10-15 m inside the corridor, matching
low-cost wearable IMU terminals for pedestrian data collection.

3.4.2. Failure Boundary and Performance Degradation Mechanism

The algorithm will produce severe positioning drift or complete failure under four ex-
treme invalid conditions, and the corresponding internal degradation reasons are analyzed
as follows:

1.  Long-time full-band signal occlusion with UWB observation loss rate higher than 70%.
Massive missing ranging data cannot support valid credibility evaluation via DVAE-
CNN, resulting in unfiltered abnormal observations entering the fusion module.

2. Unstructured open underground spaces without available wall map constraints. The
particle filter loses geographic boundary correction, and cumulative inertial drift
cannot be suppressed.

3.  Extreme high-speed running or frequent sharp turning motions. The periodic acceler-
ation feature for step length estimation is destroyed, leading to completely invalid
adaptive step updating.

4.  Sustained dense NLOS interference, where the reconstruction error continuously
exceeds the pre-set threshold «. All observed data are marked as invalid, and the
fusion positioning module lacks effective measurement inputs.

4. Conclusions

By sufficient ablation experiments, threshold sensitivity analysis and field tests on
real underground tunnels, jointly, we have verified that the proposed framework achieves
prominent improvements in positioning accuracy and reliability compared with pure VAE,
CNN and traditional particle filter baselines. To address the low credibility of positioning
systems in complex underground utility tunnel environments, this paper proposes a mul-
tilevel credibility enhancement method that jointly optimizes the positioning data layer
and result layer. First, a hybrid DVAE-CNN network model is constructed to establish
the mapping relationship between positioning data credibility and latent features. This
strategy effectively mitigates environmental interference on raw observation data and
improves positioning credibility at the data source. Second, a nonlinear filtering framework
is developed to integrate the multi-source heterogeneous data quality evaluation model,
geographic prior information, and MEMS sensor data. By optimizing state transition
constraints and dynamic weight updating strategies, the credibility of the final positioning
results is further improved. In comparison, conventional positioning methods suffer from
severe performance degradation under non-line-of-sight (NLOS) conditions, multipath ef-
fects, and strong electromagnetic interference. Standard VAE and CNN models lack reliable
adaptive adjustment mechanisms, leading to unstable positioning performance in time-
varying underground scenarios. Furthermore, traditional particle filter algorithms ignore
data quality evaluation procedures, resulting in significant error fluctuations and insuffi-
cient system robustness. Benefiting from the embedded data quality assessment, adaptive
state transition mechanism, and geographic prior constraints, the proposed method can
effectively suppress abnormal positioning errors and enhance overall system robustness.
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Our experimental results demonstrated that the proposed method achieved an average
positioning error of 0.51 m and a maximum error of 1.31 m, with 94% of positioning er-
rors below 1 m. Compared with the baseline methods without credibility evaluation, the
proposed method improved average positioning accuracy and positioning reliability by
73.6% and 85.2%, respectively. The proposed method has been successfully deployed in
practical underground tunnel projects in Beijing to support high-reliability continuous
positioning. It provides solid theoretical and technical support for the large-scale promotion
and practical application of high-credibility positioning technology in underground utility
tunnel scenarios.
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