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Abstract

To address the critical demand for real-time dynamic tracking of personnel in complex
buildings during emergency rescue, a novel system was proposed integrating Back Propa-
gation (BP) neural networks with Double-Sided Two-Way Ranging (DS-TWR) technology
to achieve precise indoor localization and motionless detection. Comprising hardware
(positioning base stations, tags, POE switches, routers, and a computer) and software
(developed on LabVIEW), the system leverages the symmetric signal transmission of DS-
TWR and the adaptive learning capability of BP neural networks to effectively mitigate
multipath interference, enhancing positioning consistency and accuracy. Thresholds of time
period and movement distance were set to determine whether the occupant was trapped.
When tested in several common building structures, it demonstrated good stability and
high accuracy—the average RMSE of the positioning system was within 0.012–0.018 m
(static state) and 0.048–0.065 m (dynamic state). Furthermore, the system could real-time
monitor and display the movement trajectory of each person, and automatically alarm
when anyone was trapped in a fire scene. Hence, rescue measures can be taken timely
according to the alarm information provided by the system, effectively ensuring the safety
of personnel and improving the efficiency of fire rescue work. The proposed approach
provides a symmetry-driven framework for intelligent building safety.

Keywords: precise locating; motionless alarm; BP neural network; DS-TWR

1. Introduction
Large-scale fires in various buildings are currently occurring at a higher rate globally.

In large public spaces such as shopping malls, museums, hospitals, and convention centers,
fires pose significant challenges due to the expansive layouts, limited exits, and narrow
passageways of these buildings. These structural characteristics hinder fire-fighters from
identifying the real-time status and locations of trapped individuals [1], while victims
themselves often struggle to perceive their surroundings, severely complicating rescue
efforts. When individuals are rendered unconscious due to smoke inhalation or structural
collapse, their lives are threatened as they cannot be detected and treated in a timely
manner [2]. In 2024, China reported 2001 fire-related fatalities. A fire in a commercial and
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residential building in Xinyu City, Jiangxi Province, resulted in 39 deaths and nine injuries;
a fire in an elderly apartment in Chengde City, Hebei Province caused 20 deaths; and a fire
at Jiuding Shopping Plaza Zigong City, Sichuan Province, led to 16 deaths and 39 injuries.

In the field of emergency rescue, current traditional technologies for monitoring per-
sonnel status inside buildings primarily include infrared, ultrasonic, and computer vision
technologies [3–5]. These methods are constrained by environmental lighting, monitoring
angles, distance and building interior structures, making large-scale search and rescue op-
erations challenging. Moreover, these technologies mainly identify the static state through
physiological signals such as human body heat radiation, respiration, and heartbeat, which
have a certain lag and can easily delay the critical rescue opportunity. In addition, various
positioning technologies have been proposed for personnel positioning, including geomag-
netic positioning, ultrasound-based methods, inertial sensors, visual-based positioning,
and approaches utilizing Radio Frequency Identification (RFID), WiFi, Bluetooth, Ultra-
Wide Band (UWB), Zigbee, and cellular mobile networks [6–11]. Most of these technologies
suffer from defects such as large positioning errors, high deployment costs, short trans-
mission range, or poor real-time performance. In contrast, UWB technology, a low-power
radio solution, is widely adopted in high-risk production sites such as mines and chemical
plants, due to its high communication bandwidth, high security, high time resolution, and
strong penetration.

However, due to multipath and non-line-of-sight (NLOS) propagation, UWB ranging
results may still have deviations. Although the combination of UWB and machine learning
has been explored in prior studies [12–17], existing research rarely integrates the symmetry
of building structures into the system design and algorithm optimization, and few studies
realize multifunctional integration of positioning, real-time trajectory monitoring and
motionless alarm. Recent deep learning-based UWB localization studies have adopted
CNNs [14,16], LSTMs [14,15] and GNNs [16]. CNNs excel in extracting spatial features of
ranging data but require large-scale labeled datasets and high computational resources;
LSTMs are suitable for dynamic positioning with time-series ranging data but have high
latency and complex model training; GNNs can model the spatial correlation of base
stations but require complex graph structure construction and are difficult to implement
on industrial control platforms such as LabVIEW. In contrast, BP neural networks feature
low computational complexity, fast training and inference speed, and mature engineering
implementation, which is more suitable for fire rescue scenarios with strict real-time
response and the limited computational resources of command center computers.

This paper proposes a building occupant locating and motionless alarm system that
utilizes BP (Back Propagation) neural network and UWB-based DS-TWR (Double-Sided
Two-Way Ranging) ranging technology. The system overcomes the positioning deviations
caused by multipath effects and NLOS propagation during the DS-TWR ranging process,
achieving centimeter-level positioning accuracy. Moreover, developed on the LabVIEW
2025 Q1 software platform, the system features a visual interface for real-time location,
trajectory monitoring and an automatic motionless alarm, thereby shortening the search
and rescue time and avoiding missing the golden rescue period. This system can be
integrated into the fire command center, combined with existing fire detection systems, to
provide intelligent services for emergency rescue in complex environments of large public
places. The novelty of this work lies in three aspects: (1) A structure-signal-algorithm
triple symmetric synergy-driven system framework is proposed to improve positioning
consistency. The symmetric deployment of base stations (e.g., four corners of a rectangle)
in symmetrical buildings conforms to the symmetric characteristics of electromagnetic
wave propagation, the symmetric bidirectional communication mechanism of DS-TWR
offsets clock skew, and the BP neural network is trained with symmetrically sampled
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data to enhance the generalization ability of ranging-coordinate mapping. Additionally,
the Xavier initialization of weights in BP neural network is a symmetric algorithm that
maintains the stability of activation values and gradients across all layers in the network
by setting a symmetric distribution for weights. (2) The system not only achieves high-
precision positioning but also integrates the visualization of real-time trajectory monitoring
and motionless alarm functions, specifically addressing the needs of fire rescue scenarios.
(3) The system has good transferability across rectangular, square and L-shaped layouts,
with accurate trajectory display and stable operation even in metal obstacle environments.
It features low computational complexity, enabling real-time response for fire rescue and
other emergency scenarios.

2. Positioning Algorithm Based on BP Neural Network and
DS-TWR Technology
2.1. DS-TWR Ranging Technology

UWB calculates the current location of personnel by exchanging information between
pre-deployed positioning base stations and internal personnel tags. UWB positioning
algorithms are primarily categorized into two types. One uses the time difference in signal
transmission between tags and base stations for positioning (e.g., Time of Arrival (TOA)
positioning algorithm and Time Difference of Arrival (TDOA) positioning algorithm [18]),
which typically require strict clock synchronization. The other measures the distance
between the tag and the base stations, and then calculates the tag position using methods
such as trilateration, which can overcome errors caused by time asynchrony between tags
and base stations. The selection of the UWB ranging method directly impacts the UWB
system’s localization accuracy.

The ranging approaches mainly include Received Signal Strength Indicator (RSSI)
distance measurement and Time of Flight (TOF) distance measurement. The RSSI-based
ranging method exhibits significant deviations between measured and actual distances
because the signal strength can be easily affected by multipath interference. TOF ranging
employs bidirectional communication, with variants such as Single-sided Two-way Ranging
(SS-TWR) and Double-sided Two-way Ranging (DS-TWR). DS-TWR adds an additional
communication round on the basis of SS-TWR ranging, utilizing symmetric bidirectional
signal exchange (i.e., symmetric uplink and downlink communication) to offset clock skew.
This ensures minimal error even under conditions of prolonged response times or low
clock precision. Consequently, the personnel positioning-motion detection-static alarming
system designed for buildings adopts DS-TWR for its ranging implementation.

After measuring the distance between the tag and each base station, the trilateral
measurement method is usually adopted to calculate the tag’s position in previous research.
Due to the multipath effect of radio transmission, the influence of signal strength and clock
accuracy, there will often be deviations in the DS-TWR ranging results. If the ranging data is
directly substituted into the trilateral measurement to perform simple formula calculation,
this deviation will inevitably be brought into the positioning results.

2.2. BP Neural Network

BP neural network, as an intelligent information processing system, is a multilayer
feed-forward network trained on error back propagation, with strong capability for non-
linear mapping and self-learning [19], which can eliminate the influence of ranging error
and effectively improve the positioning accuracy. Therefore, the BP neural network is
integrated to calculate the coordinates of personnel.

Compared with Support Vector Regression (SVR), random forest, and deep neural
networks, BP neural network is selected in this work due to the following considerations:
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(1) The input-output relationship of the positioning system (distance to coordinates) is
relatively simple, and BP neural network can achieve sufficient accuracy with lower com-
putational complexity, which is conducive to real-time operation; (2) BP neural network has
good adaptability to symmetrical spatial data, and the training process is easy to combine
with the symmetric characteristics of the system; (3) BP neural network is more mature and
easier to implement on the LabVIEW platform, reducing the difficulty of system integration.
Although advanced models may achieve slightly higher accuracy in some cases, their
computational cost and deployment complexity are not suitable for real-time positioning
and alarm systems in fire rescue scenarios.

A BP neural network consists of an input layer, hidden layers (one or multiple), and
an output layer [20], as shown in Figure 1. Signals enter the network through neurons in
the input layer, are processed by activation functions in the hidden layer, then transmitted
to the output layer where they undergo another activation function before final output.
Neurons in each layer are fully connected to all neurons in adjacent layers through weighted
connections. And the output of each layer node only affects the input of the next layer
node, and neurons on the same layer are independent of each other.

Figure 1. Structure diagram of BP neural network model.

Taking a node in the latter layer of any two adjacent layers as an example, the neuron
model in a BP neural network is illustrated in Figure 2, where xi represents the input
term of the function, wij denotes the weight between nodes, j indicates the j-th node, θj

represents the threshold of the j-th node, and fj is the activation function of this model. The
activation function in BP neural networks is typically the sigmoid function. The activation
function [21] is expressed as:

f j =
1

1+e−(∑ xi×wij+θj) (1)
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Figure 2. Neuron model diagram.
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The training process of the BP neural network algorithm is mainly divided into two
stages: forward propagation of signals and backpropagation of errors, as illustrated in the
flowchart in Figure 3.

Figure 3. Flowchart of BP neural network algorithm.

2.3. BP Neural Network Training to Enhance Positioning Accuracy

The BP neural network learns the functional relationship between input (DS-TWR
ranging data) and output (actual coordinates) through training, and uses the trained model
to calculate personnel position coordinates. Detailed parameter determination, sample
collection and training process are moved to Appendix A, and the core training settings
and results are summarized as follows:

(1) Sample collection and division: A 7 m × 5 m rectangular symmetrical experimental
area is constructed, with four base stations deployed at the four corners (symmetric layout).
A total of 400 symmetrically and uniformly distributed sample points are selected in the
area, and DS-TWR is used to measure the distance from the tag to each base station to
form a 400 × 4 raw dataset, which is randomly divided into training set (240 groups, 60%),
validation set (80 groups, 20%) and test set (80 groups, 20%).

(2) Network parameters setting: Training is conducted on MATLAB R2022b with the
core parameters shown in Table 1; data normalization (0,1), Xavier weight initialization
and adaptive learning rate (10% reduction every 200 iterations) are adopted, with early
stopping (validation error increase for five consecutive iterations) to prevent overfitting.

Table 1. Input parameters for BP neural network.

Iterations Learning Rate
(Initial)

Training Target
Minimum Error

Minimum
Gradient
Threshold

Overfitting Control Strategy

1000 0.01 1 × 10−5 1 × 10−6 Early stopping (validation error
increase for 5 consecutive iterations
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(3) Hidden layer node determination: Considering the input layer node m = 4 (4 groups
of ranging data), output layer node n = 2 (x/y coordinates), selected sample size k = 400,
the number range of hidden layer nodes calculated by empirical formulas [22,23] is 6–13.
The trial-and-error method and sensitivity analysis are adopted to achieve minimum
training and validation error. The training performance for 6–15 nodes are shown in Table 2.
Therefore, the optimal hidden layer node is determined to be 13, with the network topology
of 4-13-2.

Table 2. Test errors for different numbers of hidden layer nodes.

Number of Hidden
Layer Nodes Maximum Error (m) Minimum Error (m) Mean Squared Error

(MSE)(m2)
Validation Set MSE

(m2)

6 0.3362 0.11784 0.03195 0.03521
7 0.2954 0.1311 0.03976 0.04215
8 0.2576 0.0756 0.03023 0.03289
9 0.1675 0.0985 0.02351 0.03478
10 0.0875 0.0125 0.00325 0.00331
11 0.1858 0.0507 0.03876 0.04056
12 0.0665 0.0053 0.00276 0.00298
13 0.04050 0.0050 0.001047 0.00115
14 0.03875 0.0045 0.01982 0.02876
15 0.03750 0.0040 0.01895 0.03124

(4) Model verification: The trained BP model is validated using the test set (80 points,
compared with baseline models (trilateration, random forest, k-nearest neighbor) using
Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Mean Absolute
Error (MAE) and cumulative distribution function (CDF) evaluation metrics.

Figure 4 displays the calculated root mean square error of the different models. The
prediction error evaluation metric data for the four models are shown in Table 3. It can be
seen that the BP model’s predicted values outperform those of the trilateration method,
random forest, and k-nearest neighbor. Compared with trilateration method, the BP model
has 81.67% lower RMSE, 51.72% lower MAPE, and 56.53% lower MAE. Compared with
the random forest and k-nearest neighbor models, the BP model also achieves lower error
metrics, indicating that the BP model is more suitable for this positioning system, especially
in symmetrical spatial environments.

Figure 4. Comparison of RMSE for the different models.
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Table 3. Prediction errors for the four models.

Model RMSE (m) MAPE (%) MAE (m)

BP 0.040952 17.28 0.087619
Trilateration 0.267567 35.79 0.201598

Random forest 0.083275 21.54 0.123427
K-nearest neighbor 0.109756 23.17 0.115678

The CDF curves in Figure 5 shows that the BP model has a higher cumulative proba-
bility of small errors, 95% of errors within 0.06 m and 50% of errors within 0.02 m, which
verifies its high precision and stability. These results demonstrate that the BP model can
effectively enhance positioning accuracy.

Figure 5. CDF curves of prediction errors for different models.

In summary, the BP neural network model trained with symmetrical spatial data can
effectively enhance positioning accuracy, outperforming other machine learning models.
Therefore, the system developed in this paper adopts a combination of DS-TWR ranging
and BP neural network for positioning calculation.

3. Design of the System
The system consists of hardware equipment and software programming, with core

functions of high-precision personnel positioning, real-time trajectory display and auto-
matic motionless alarm for fire environments. The system mainly includes two parts: the
hardware equipment required for locating and the software programming to perform
calculations for various functions.

3.1. Overview of System Functions

Based on LabVIEW platform, BP neural network and UWB DS-TWR technology, the
system realizes the accurate positioning of personnel in fire environments, with real-time
display of personnel position, movement trajectory and automatic alarm information on
computer terminals. The core functions include:

(1) High-precision positioning: Eliminating UWB ranging error through BP neural
network to achieve centimeter-level positioning of personnel in the fire.

(2) Personnel locating and trajectory monitoring. Collecting hardware information via
LabVIEW, calculating real-time position through the proposed algorithm, and recording
and displaying personnel movement trajectory.

https://doi.org/10.3390/sym18020376
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(3) Automatic motionless alarm: Judging the movement status of the personnel ac-
cording to configured thresholds, and triggering a real-time alarm to the command center
for the trapped personnel.

3.2. Hardware Equipment

The hardware equipment includes UWB positioning base stations, positioning tags,
POE switches, routers and a computer, as shown in Figure 6. Base stations are symmetrically
deployed within the positioning area to provide position parameters. Tags are worn by
personnel in the building aera to collect real-time position information. POE switches are
responsible for data transmission in the system and power supply to base stations. Routers
connect all base stations to the same local network, and assign IP addresses to the base
stations. The computer processes the collected data, calculates the specific position of
each person via BP neural network algorithm and displays it on the terminal. The POE
switches, routers and computer are all placed in the Building Fire Protection Command
and Control Center. The working process is: wireless signal exchange between tags and
base stations → base stations collect ranging data → data transmission to computer via
POE switches/routers → BP neural network calculation for real-time position → feedback
to system interface for locating-monitoring-alarm.

Figure 6. Structural framework of the system.

3.3. Software Programming

The system utilizes the LabVIEW platform to collect the hardware information of
the positioning system, imported the DS-TWR ranging data into the BP neural network
(trained in MATLAB and integrated into LabVIEW via DLL files) to calculate the position
information of personnel in the fire scene, and displayed it on the front-end system interface
in real time. A trajectory display model is designed to draw a real-time movement trajectory,
and an alarm function is also designed to trigger the automatic alarm according to the
movement status of the personnel. The relevant programming diagrams are attached in
Appendix B.

Figure 7a shows the interactive interface of the system, with the white area displaying
the layout of the positioning area. In the area numbered 1, operations and parameter
settings can be performed, including starting record, refreshing record, current position
display, trajectory display and alarm display. The trajectory color of different individuals
can be set in the area numbered 2. The parameter setting panel (Figure 7b) supports
background map import (JPG/PNG/BMP), base station parameter configuration, personnel
name definition and alarm threshold setting (movement distance/time period). Taking
PNG image format as an example, after selecting the image, the system extracts its metadata,
outputs the image data to generate a flattened pixel map, and imports the map into an XY
plot as a background layer.

https://doi.org/10.3390/sym18020376
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(a) 

 
(b) 

Figure 7. Display of the system interface, (a) interactive interface of the system, and (b) control panel
parameter setting bar.

The system’s real-time performance test results show an update rate of 10 Hz (position
data updated every 100 ms), average latency of 80 ms from data collection to position dis-
play, 15% average CPU usage and 800 MB memory usage on an Intel Core i7-12700H/16 GB
RAM computer, which can run stably on ordinary fire command center computers and
meet the real-time response requirements of emergency scenarios.

4. Functional Test
To fully verify the performance of the system in different structures and com-

plex environments, multiple test scenarios were designed, including a rectangular
laboratory (14 m × 10 m), a square office (7 m × 7 m), and an L-shaped corridor
(10 m × 3 m + 5 m × 4 m). The locating-motion monitoring-static alarming systems were
built in these scenarios, as shown in Figure 8. Base stations were deployed in each scenario,
with their planar positions determined according to the actual environment. After the
completion of the construction, the relevant parameters of the positioning base station were
inputted into the system for testing and verification.

   
(a) (b) (c) 

Figure 8. Physical image of test scenarios, (a) rectangular laboratory, (b) square office, and
(c) L-shaped corridor.

Personnel in a fire scene are usually in motion. Therefore, when they remain stationary
for a long time, we can consider that the personnel may have fallen into a coma or have
been trapped. The alarm range was set to 0.2 m, and the alarm time period was set as 30 s,
which is consistent with commonly used firefighter pagers. When the distance traveled
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by the personnel in the fire scene within 30 s does not exceed 20 cm, the system displays
an alarm message. The threshold value of movement range and alarm time period can be
changed according to different situations.

4.1. Static Positioning Accuracy and Stability Test

To verify the positioning accuracy and stability of the system under static conditions,
multi-point testing was conducted in different regions and distances of the L-shape corridor.
Seven test points were selected: P1(1.00, 1.20), P2(1.50, 5.00), P3(2.50, 9.00), P4(2.80, 4.20),
P5 (3.50, 3.80), P6(4.00, 2.00) and P7(7.50, 3.00). These points cover locations such as corners,
bends, and central areas, as shown in Figure 9a. For each test point, the position data
sampling interval was set to 2 s and the coordinate data of the tag was recorded every 2 s
within 20 min, resulting a total of 600 data points. Figure 9b shows the coordinate data
recorded at test point P1(1.00, 1.20) and Table 4 summarizes the static positioning errors of
the seven test points.

 
(a) (b) 

Figure 9. Positioning under static state, (a) test points and (b) coordinate data at P1.

Table 4. Static positioning errors of five test points.

Test Point
(x,y)(m) X-Axis Fluctuation Range (m) Y-Axis Fluctuation Range (m) Average RMSE (m) 95% Confidence Interval

of RMSE (m)

P1(1.00, 1.20) ±0.030 ±0.040 0.015 0.013–0.017
P2(1.50, 5.00) ±0.025 ±0.035 0.014 0.012–0.016
P3(2.50, 9.00) ±0.027 ±0.036 0.015 0.013–0.017
P4(2.80, 4.20) ±0.032 ±0.042 0.016 0.014–0.018
P5(3.50, 3.80) ±0.031 ±0.041 0.016 0.014–0.018
P6(4.00, 2.00) ±0.026 ±0.034 0.014 0.012–0.016
P7(7.50, 3.00) ±0.028 ±0.038 0.015 0.013–0.017

The results indicate that in the stationary state, the positioning error range of the
system is approximately 0.012–0.018 m. Specifically, the overall X-coordinate fluctuates
within ±0.025–± 0.032 m, while the Y-coordinate fluctuates within ±0.035–±0.042 m,
confirming the system’s favorable static positioning accuracy. Furthermore, 95% of the
coordinate data collected over 20 min for the same test point is concentrated within a
±0.02 m range relative to the true coordinates, which verifies the system’s stability.

4.2. Motion Trajectory Monitoring Accuracy Test

To test the accuracy of the system in detecting the trajectory of personnel during their
movement, preset routes were designed in the rectangular laboratory, square office, and
L-shaped corridor. A person with a tag was assigned to walk strictly along the preset route
from the starting point to the end point. The trajectory recorded by the system during this
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process is compared with the actual walking trajectory. Figure 10 shows the comparison in
the rectangular laboratory. The black line in the figure represents the trajectory recorded by
the system, and the red line represents the actual walking trajectory. Table 5 summarizes
the trajectory monitoring errors in different scenarios.

 

Figure 10. Comparison of recorded trajectory and actual walking path. (The black line represents the
trajectory recorded by the system, and the red line represents the actual walking trajectory).

Table 5. Trajectory monitoring errors in different scenarios.

Test Scenario Maximum Deviation Error (m) Average RMSE (m) 95% CDF Error (m)

Rectangular laboratory 0.08 0.052 0.075
Square office 0.07 0.048 0.070

L-shaped corridor 0.10 0.065 0.095

It can be seen from Figure 10 and Table 5 that the trajectory recorded by the system is
basically consistent with the actual walking trajectory. There are very few coordinate points
with significant errors, which mainly concentrate at the corners. The maximum deviation
error is 0.10 m (L-shaped corridor), and the average RMSE is within 0.048–0.065 m. The
CDF metrics shows that 95% of the trajectory errors are within 0.070–0.095 m, indicating
that the system exhibits excellent positioning accuracy under dynamic conditions and has
good transferability to different layouts.

4.3. Real-Time Position and Trajectory Display Function Test

In order to test the real-time position and trajectory display function, two individuals
were asked to carry positioning tags and walk in any direction in the laboratory square
office. To distinguish between the individuals, one is referred to as Zhang San, and the
other is referred to as Li Si.

When it is required to view the walking trajectory of all individuals in the area, the
mode ‘Show all trajectories’ should be chosen, as shown in Figure 11, and then the walking
trajectory routes of both Zhang San and Li Si will be shown simultaneously. If it is only
required to view the trajectory of someone specific (such as Zhang San), the mode ‘Show
Zhang San’s Trajectory’ should be chosen which will only display the walking trajectory
of the designated person—Zhang San—while the walking trajectories of the others will
be hidden.

https://doi.org/10.3390/sym18020376
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Figure 11. Display of the walking trajectories.

When the ‘Show current position’ mode is selected, the current position of all indi-
viduals can be automatically displayed in the interface, as shown in Figure 12. When
it is necessary to display the position of only a certain person (such as Zhang San), the
button ‘display Zhang San’s position’ should be clicked, and then the current position of
the specified individual would be shown in the interface.

 

Figure 12. Display of the real-time positions.

The test results show that the real-time position and trajectory display function runs
well and meets the design requirements.

4.4. Alarm Display Function Test

The alarm indication light is set to trigger an alarm based on the following criterion: If
the tag moves less than 0.2 m within 30 s, the corresponding individual will be judged to
be in danger, the indicator light will turn red, and the name of the individual will be shown
in the name display box of the alarm personnel.

The test procedure and results are set as follows:
(1) Two participants (Zhang San and Li Si) with positioning tags respectively begin to

walk and keep walking for 5 min.
The alarm indicator light does not change, as shown in Figure 13a.
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https://doi.org/10.3390/sym18020376


Symmetry 2026, 18, 376 13 of 22

 
(a) 

 
(b) 

 
(c) 

Figure 13. Display of alarm function: (a) both walking, (b) static/walking, and (c) both static.

(2) After 5 min, Li Si becomes stationary, while Zhang San continues to walk.
At this time, the alarm indicator light turns red after about 2 s, and ‘Li Si alarm’

displays, as shown in Figure 13b.
(3) Then, after 3 min, Zhang San stops walking. Both participants remains stationary

for 2 min.
At this moment, “Zhang San alarm; Li Si alarm” displays. During the 2 min the two

participants keep a stationary state, the alarm indicator light remains red, and the name
display box of the alarm personnel continues to show ‘Zhang San alarm; Li Si alarm’, as
shown in Figure 13c.

Based on the comprehensive test results, it has been proven that the system can issue
an alarm once someone becomes motionless. The name display function can correctly
display the names of alarm personnel. Although the alarm indicator light has a delay of
two seconds, it does not affect the timely rescue.

4.5. Complex Environment Test

To verify the performance of the system in complex environments, we deployed several
metal-structured devices and high-power electromagnetic equipment in the rectangular
laboratory, and remeasured the static positioning accuracy and dynamic trajectory accuracy.
Table 6 summarizes the test results.

Table 6. System performance in complex environments.

Environment Static Average
RMSE (m)

Dynamic
Average RMSE

(m)

Maximum
Deviation (m) Alarm Delay (s)

Normal 0.015 0.052 0.08 2
Metal and

electromagnetic
interference

0.028 0.085 0.14 2.3

The results show that in complex environments, the system’s positioning accu-
racy slightly decreases, but still maintains a high level (static RMSE < 0.03 m, dynamic
RMSE < 0.09 m). The alarm delay increases slightly (≤2.5 s), which is within the acceptable
range for fire rescue. This indicates that the system has good anti-interference ability and
practicality under metal and electromagnetic environments.
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5. Discussion
Table 7 summarizes several studies on indoor positioning systems, which basically

cover the current common positioning technologies and system functions.

Table 7. Summary of the relevant literature.

Number References Technology Deviation/m Function

1 Chong et al. [24] UWB, Autonomous
Navigation 3 Location; Navigation

2 Simon et al. [25] WSN \ Location
3 Han [26] Inertial navigation 1.4 Location
4 Yang et al. [27] UWB/INS 0.7 Location
5 Li et al. [28] PDR breadcrumb system 5–10 Location

6 Li et al. [29]
Cloud platform (Inertial
navigation, Visual, GPS,

UWB, Laser)
0.64 Location; Motion analysis;

State detection; Navigation;

7 Gandhi et al. [30] Bluetooth, Wi-Fi, RFID \ Location; Navigation

8 Pascucci and Setola [31] RFID, rescue robot 0.1–0.7 Location; Trajectory display;
Communication

9 Minja and Šenk [32] Inertial navigation 1–6 Location; navigation

10 Berrahal et al. [33] WBAN \ Location; Navigation;
Communication,

11 Vey et al. [34] UWB, Altimeter, radio 0.36 Location

12 Nilsson et al. [35] Double foot inertial
navigation, UWB 7 Location

5.1. Technology

At present, the indoor positioning technology for emergency rescue mainly includes
UWB positioning technology, ZigBee, RFID technology, inertial navigation technology, etc.
Among the above positioning methods, UWB is the most widely used due to the advan-
tages of fast signal transmission, low production cost and high positioning accuracy [36].
However, UWB ranging technology can also result in data bias due to the multipath effect
and NLOS propagation. Combing two or more technologies can effectively improve posi-
tioning accuracy. For example, the positioning system developed by Vey et al. [34] using
UWB, altimeter and radio has an accuracy of 0.36 m.

Thus, this paper integrates BP neural network to establish a nonlinear function model
between ranging data and actual coordinates, effectively reducing positioning errors.
Compared with more advanced models such as random forest and K-nearest neighbor, BP
neural network is more suitable for this system due to its high accuracy, low computational
complexity and good compatibility with the LabVIEW platform, which is crucial for real-
time positioning and alarm in fire rescue scenarios.

The symmetry-driven design is the key innovation of this system. For highly asymmet-
ric building structures (e.g., irregular curved layouts, non-uniformly distributed obstacles)
and cluttered environments, the system’s performance will have a certain degree of degra-
dation: (1) In highly asymmetric layouts, the symmetric matching between base station
deployment and electromagnetic wave propagation will be broken, leading to increased
DS-TWR ranging errors. (2) The BP neural network trained with symmetrical spatial data
has limited generalization ability to asymmetric spatial features, which will result in an
increase in positioning RMSE. (3) In severely cluttered environments, multipath and NLOS
propagation will be aggravated, leading to unstable DS-TWR ranging data and an increase
in dynamic positioning RMSE, and the alarm delay may increase.
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5.2. Accuracy

As shown in Table 7, the positioning accuracy of the current related research
is 0.36–10 m, while our research achieves a much higher centimeter-level accuracy
(0.012–0.018 m in static state and 0.048–0.065 m in dynamic state).

This paper fuses BP neural network with UWB (DS-TWR) technology, reducing the
positioning error to the centimeter level (an order of magnitude higher than existing
UWB-based systems). It is emphasized that the reported centimeter-level accuracy is
achieved based on prior calibration/training (systematic symmetric sample collection, BP
neural network parameter optimization) and controlled deployment conditions (symmetric
base station layout, fixed spatial reference, and low environmental interference in test
scenarios); in actual fire scenes with random obstacles and dynamic environmental changes,
the system’s positioning accuracy will decrease.

5.3. Function

The system realizes three core functions for fire rescue scenarios, which are rarely
integrated in the existing research (as shown in Table 7):

(1) High-precision personnel positioning. During emergencies such as fires or earth-
quakes, the critical prerequisite for search and rescue operations is rapidly determining
occupants’ positions and current statuses. This system achieves real-time visualization of
the number and distribution of on-site personnel in the fire command center, facilitating
the dispatch of rescue forces to densely populated areas and improving rescue efficiency.

(2) Real-time trajectory display. By supporting separate viewing of each person’s
walking path, this system can help the command center to guide firefighter rescue and
evacuation and prevent people getting lost in complex building structures. The test re-
sults in different layouts (rectangular, square, L-shaped) show that the system has good
transferability, and the trajectory display is accurate and reliable.

(3) Automatic motionless alarm. During a fire, individuals often fall into a coma due to
smoke poisoning or sudden collapse of building structures, and cannot move or evacuate
independently. Automatic motionless alarm is the key function specially designed for fire
rescue, which triggers a real-time alarm when personnel are stationary for a long time (due
to smoke poisoning or building collapse), with alarm information including the trapped
personnel’s name and location to ensure timely rescue. The system has good transferability
across rectangular, square and L-shaped layouts, and can work normally in metal obstacle
environments, enhancing practicality in an actual fire rescue.

6. Conclusions
For personnel trapped in a fire, early detection can significantly increase their chance

of survival.
(1) A symmetry-enhanced indoor occupant locating and motionless alarm system was

designed, which integrates UWB (DS-TWR) ranging technology with a BP neural network
algorithm on the LabVIEW platform, forming a structure-signal-algorithm triple sym-
metric synergy. The system’s centimeter-level positioning accuracy (0.012–0.018 m static,
0.048–0.065 m dynamic) is achieved based on prior calibration/training and controlled
symmetric deployment conditions, and it has higher positioning accuracy and stronger
adaptability to symmetrical structure buildings than existing systems.

(2) The system was tested in multiple scenarios (rectangular laboratory, square
office, L-shaped corridor) and complex environments (metal obstacles + electromag-
netic interference). The results show good positioning accuracy and stability, accurate
real-time position/trajectory display, and a timely, automatic motionless alarm (alarm
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delay ≤ 2.5 s). The system maintains high positioning accuracy (static RMSE < 0.03 m,
dynamic RMSE < 0.09 m) in complex environments, with good anti-interference ability.

(3) The system can effectively assist fire command centers with real-time positioning
and trajectory monitoring of on-site personnel, and automatically trigger alarm signals
for trapped motionless personnel, ensuring timely rescue. It has good practical value and
application prospects in fire rescue and other emergency scenarios, with low computational
complexity and easy integration with existing fire detection systems.

7. Future Work
In this paper, a locating-monitoring- motionless alarm system is designed. On the

basis of accurate positioning, trapped personnel can be promptly identified and located.
Many electronic manufacturers such as Apple and Xiaomi have integrated UWB chips into
their own mobile phones. In the future, mobile phones can replace UWB positioning tags,
which can reduce the deployment cost of indoor positioning infrastructure and improve
the operability of the system. To realize this goal, the following key technical issues
need to be addressed: (1) Compatibility between mobile UWB chips and existing base
stations: Conduct compatibility tests between mainstream mobile UWB chips (e.g., Apple
U1, Xiaomi UWB chip) and base stations, and develop adaptive protocols if necessary.
(2) Signal transmission differences: Analyze the differences in signal transmission power,
bandwidth, and ranging accuracy between mobile phone UWB chips and professional
tags, and optimize the BP neural network model to adapt to these differences. (3) Power
consumption optimization: Mobile phones have limited battery capacity, so it is necessary
to design a low-power UWB communication mechanism to ensure long-term operation in
emergency scenarios.

It is very important to train the BP neural network according to the actual situation. In
future research, we will further expand the training samples set to include more building
layouts (especially highly asymmetric layouts) and environmental conditions, improving
the generalization ability of the model. In addition, the lightweight fusion of BP neural
network with shallow CNNs/LSTMs will be explored to balance positioning accuracy
and computational complexity, improving the system’s performance in highly asymmetric
building structures. Moreover, future research should explore the application of this system
in modern asymmetric building structures. The optimal deployment strategy of base
stations and the optimization method of BP neural network will be studied for asymmetric
structures to extend the application scope of the system to more complex buildings.
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Appendix A BP Neural Network Training Implementation Details
This appendix includes the detailed construction process of the symmetrical experi-

mental scenario, systematic sample collection steps, complete BP neural network training
process flow, and original parameter adjustment records.

(1) The symmetrical experimental scenario and sample

To ensure the systematicity and representativeness of the data, the construction of the
experimental scenario follows a universal principle in architectural design—the spatial
symmetry of the structure. Considering that most architectural plans are rectangular
layouts with symmetrical structures, a rectangular area with an area of 7 m by 5 m was
experimentally selected and constructed. At the initial stage of the experiment, a local
coordinate system was established using a total station, and the actual coordinates of all
positioning base station antennas were accurately measured, providing a unified spatial
reference based on geometric symmetry for the entire measurement system.

The specific hardware deployment also reflects the principle of symmetry in layout.
According to the classic regional full coverage positioning model, four positioning base sta-
tions were deployed at the four corners of a rectangular area. This four-sided symmetrical
layout not only conforms to the physical characteristics of electromagnetic wave propaga-
tion symmetry structures but also provides the geometric optimal reference framework for
trilateration algorithms.

The core strategy for experimental data collection is to fully utilize the symmetrical
geometric characteristics of the rectangular region for systematic sampling. In order to
effectively support the precise and efficient training of BP neural networks and fully
consider the impact of data size on model performance, this study symmetrically and
uniformly selected 400 sample points for data collection throughout the entire rectangular
region. These 400 points are systematically selected to cover possible personnel positions
within the area, while ensuring balanced data distribution, as shown in Figure A1. A raw
ranging dataset with a scale of 400 × 4 was generated by measuring the distance from the
tag to each base station using DS-TWR technology.

Figure A1. 400 positioning points for BP neural network training and testing.

The 400 groups of data are divided into a training set, validation set and test set by
random sampling, with a ratio of 6:2:2. Specifically, 240 groups of data were used as the
training set—80 groups as the validation set (for overfitting control) and 80 groups as the
test set.

https://doi.org/10.3390/sym18020376

https://doi.org/10.3390/sym18020376


Symmetry 2026, 18, 376 18 of 22

(2) BP neural network training process and parameters

Network parameters were continuously adjusted and optimized to enhance general-
ization and convergence capabilities. The software environment for BP neural network
training is MATLAB R2022b, and the training procedure is as follows: (1) Data preprocess-
ing: Normalize the input distance data and output coordinate data to the range [0, 1] to
accelerate network convergence. (2) Network initialization: Adopt Xavier initialization for
weights to avoid gradient vanishing, and initialize thresholds to 0. (3) Forward propagation:
Calculate the output of the hidden layer and output layer using the sigmoid activation
function. (4) Error calculation: Use mean squared error (MSE) as the loss function. (5) Back-
propagation: Adjust weights and thresholds using the gradient descent algorithm, with
an adaptive learning rate (reduce by 10% every 200 iterations). (6) Overfitting control:
Monitor the validation set error during training. If the validation error increases for five
consecutive iterations, stop training early to avoid overfitting. The final parameter settings
for BP neural network are shown in Table 1 of the main text.

(3) Determination of the number of hidden nodes

BP network adds several layers (one or more) of neurons between the input and output
layers. These neurons have no direct connection with the outside world, but changes in
their state can affect the relationship between input and output. Each layer can have several
nodes. The number of intermediate layers and nodes in each layer of the network can be
arbitrarily set according to specific situations.

Our positioning system aims to obtain the position information of each tag from
distances between tag and base stations. The operation of this system is not complicated.
Therefore, the BP neural network with single hidden layer was selected to process the
data. The number of nodes in the hidden layer will affect the performance of BP neural
network. For example, if the value is too large, it will lead to long learning time and weak
generalization ability. If the value is too small, it will lead to a decrease in fault tolerance.

The number of hidden layer nodes in this paper was determined according to the
empirical formulas 1 and 2, combined with sensitivity analysis. The empirical formulas
are [22,23]:

l =
√

m + n + α (A1)

m
∑

i=0
Ci

l > k (A2)

where l is the number of nodes in the hidden layer; m is the number of nodes in the input
layer; n is the number of nodes in the output layer; α is a constant between 1 and 10; i is a
constant between 0 m; and k is the number of samples.

There are four positioning base stations in this system, resulting in four sets of TWR
ranging data between the base stations and the tag. These four sets of data serve as the
four nodes of the input layer, i.e., m = 4. The output layer outputs the current position
coordinates x and y corresponding to the tag, so there are two nodes in the output layer,
i.e., n = 2. According to selected sample size of 400, the number range of the hidden layer
nodes calculated by Formula 1 and Formula 2 is 6–13.

To further verify the optimal number of hidden layer nodes, sensitivity analysis was
performed. The trial-and-error method was adopted to train the network with the hidden
layer set to values within this range, and the results are shown in Table 2 of the main text.
When the number of hidden layer nodes is 13, the network achieved the optimal training
performance, with the minimum maximum error, minimum error, and root mean square
error (RMSE). Additionally, the validation set error is also the lowest at 13 nodes, indicating
good generalization ability. Therefore, the network topology was determined as 4-13-2.
The theoretical basis for selecting 13 nodes is that it balances the model’s fitting ability
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and generalization ability: too few nodes (e.g., 6–8) lead to underfitting (high training
error), while too many nodes (e.g., 14–15, tested additionally) result in overfitting (high
validation error).

(4) BP neural network training

Taking the positioning area of 7 m by 5 m as an example, 240 positioning points were
selected as the training set, 80 as the validation set, and 80 as the test set. As shown in
Figure 4, four base stations were set up at the four corners of the region, and the tags
were placed at the 400 positioning points to measure the distance between the tags and the
base stations.

A coordinate system was established with the position of base station 1 as the coordi-
nate origin, the direction of the base station 2 as the positive direction of the x axis, and
the direction of the base station 4 as the positive direction of the y axis. Since the system is
based on DS-TWR ranging technology, it is necessary to take the distance values measured
by DS-TWR between the tags at 400 positioning points and each base station as the input
data. The actual position coordinates of the 400 positioning points were used as output data
for training and validation in the BP neural network. After the training was completed,
the generated mathematical function model was saved. The data for BP neural network
learning is shown in Table A1.

Table A1. Sample points for BP neural network learning.

Number
The Distance Between the Tags and the Base Stations (m) Real Coordinates of Locating Tag (m)

Base Station 1 Base Station 2 Base Station 3 Base Station 4 x y

1 4.08 5.66 3.97 0.94 0.598 3.948
2 3.53 5.27 4.10 1.36 0.598 3.386
3 2.97 4.87 4.32 1.90 0.598 2.824

. . .. . . . . .. . . . . .. . . . . .. . . . . .. . . . . .. . . . . .. . .
400 4.05 0.74 4.07 5.70 3.904 0.5675

(5) Validation of the training results of BP neural network

The generated mathematical function model is validated using the test set (80 points).
Trilateration method, random forest regression and k-nearest neighbor regression were
chosen as baseline models for comparison with BP, as these methods are widely used and
reproducible in indoor location problems. The random forest regression and k-nearest
neighbor regression were implemented in MATLAB R2022b with default parameters (num-
ber of trees = 100 for random forest, k = 5 for k-nearest neighbor). The DS-TWR ranging
information of the 80 test points is input into the BP neural network model, trilateration
method, random forest model and k-nearest neighbor model respectively. The coordinates
obtained through calculation are denoted as (x1, y1), and compared with the real coordinate
values (x, y).

To evaluate the prediction results more intuitively, four evaluation metrics—Root
Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Mean Absolute
Error (MAE) and cumulative distribution function (CDF)—were selected. The MAE and
RMSE metrics reflect the gap between the predicted values and true values, with a value
range of [0, +∞); the closer the value is to 0, the more accurate the model is. MAPE is a
percentage value representing the average percentage of relative errors between predicted
values and actual values, with a value range of [0, +∞); the closer the value is to 0, the more
accurate the model is. The CDF curve shows the cumulative probability of errors within a
certain range.

The specific comparison is shown in Section 2.3 (4) of the main text.
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Appendix B Programming Diagrams of the System

Figure A2. Loading background.

Figure A3. Recording motion track coordinate data.

Figure A4. Motion trajectory display.
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Figure A5. Motionless alarm display.
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