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Abstract

Ultra Wide Band (UWB) technology has a wide range of applications in in-
door positioning due to its high precision and strong anti-interference ability.
However, in complex indoor environments, UWB signals are susceptible to
multipath effects and non line of sight conditions, leading to a decrease in po-
sitioning accuracy. A UWB high-precision positioning algorithm based on Bi-
directional Long Short Term Memory (BiLSTM) network and Bahdanau at-
tention is proposed to address this issue. By using BiLSTM network to deeply
model the temporal dependence of TOA observation sequence, and embed-
ding Bahdanau attention mechanism, adaptive weight allocation is imple-
mented on the feature information of UWB signal to highlight the contribu-
tion of key features to the positioning results. The experimental results show
that the proposed algorithm can effectively suppress the interference caused
by NLOS, ultimately achieving an average positioning error of 6.7 cm. Com-
pared with UWB positioning algorithms based on Recurrent Neural Network
(RNN), LSTM, and Gated Recurrent Unit (GRU), the positioning errors are
reduced by 40.71%, 37.15%, and 37.79%, respectively. The experimental re-
sults show that the deep learning model combining BiLSTM and Bahdanau
attention mechanism has higher robustness and localization accuracy in com-
plex environments.

Keywords

Ultra-Wide Band, Non-Line-of-Sight, Bidirectional Long Short-Term
Memory Network, Bahdanau Attention Mechanism

1. Introduction

In indoor environments, the Global Positioning System (GPS) is obstructed by

buildings and cannot perform effective positioning. In contrast, ultra wideband
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technology has become an ideal choice for indoor positioning due to its ad-
vantages such as high precision, strong penetration, and good resistance to mul-
tipath and interference [1]. UWB is a wireless communication technology with a
bandwidth greater than 500 MHz, which can provide high-resolution positioning
services over short distances and maintain good performance in multi obstacle
environments. Due to its excellent positioning accuracy and reliability, UWB per-
forms well in indoor positioning applications and is widely used in fields such as
smart homes and logistics tracking. At present, common methods for UWB posi-
tioning include Time of Arrival (TOA) [2], Time Difference of Arrival [3], Angle
of Arrival [4], and Received Signal Strength Indication [5]. Among them, TOA
algorithm has become the mainstream method for UWB positioning due to its
low power consumption, low cost, and stable and reliable operation characteris-
tics.

In indoor environments, the ranging error of UWB positioning is mainly af-
fected by multipath effects [6], multiple access interference [7], clock synchroni-
zation errors [8], and Non Line of Sight (NLOS) errors [9]. Existing research has
explored various methods to improve UWB positioning accuracy, covering the
application of technologies such as inertial measurement units [10], Wi Fi [11],
Kalman filtering [12], and multi-sensor fusion [13]. In addition, deep learning
methods are widely used to improve localization accuracy. For example, reference
[14] proposed a Feedforward Neural Network (FNN) method for Line of Sight
(LOS) and Non Line of Sight (NLOS) recognition, which can effectively alleviate
the negative impact of confined space and various obstacles on localization. Ref-
erence [15] combines UWB technology and Convolutional Neural Networks
(CNN) positioning method to estimate the transmitter position through RGB im-
ages, improving indoor positioning accuracy and robustness. Reference [16] pro-
posed a deep learning model based on LSTM, which effectively improves indoor
positioning accuracy by using UWB TOA distance data to predict user location.
Reference [17] proposes a UWB positioning method based on spatiotemporal at-
tention graph neural network, which improves the ability to capture geometric
relationships through multi label ranging modeling and exhibits higher position-
ing accuracy and robustness in non line of sight environments. Reference [18]
proposed an attention based UWB ranging error compensation algorithm, which
improves the accuracy of UWB ranging by re evaluating the importance of chan-
nel characteristics.

Although existing research has significantly improved the accuracy of UWB in-
door positioning systems, there is still room for further optimization of position-
ing accuracy. To this end, this article proposes a new UWB indoor positioning
method that combines bidirectional gated recurrent unit BILSTM with Bahdanau
attention mechanism. BiLSTM has advantages in processing temporal data and
can effectively capture the dynamic characteristics of UWB signals, while Bahda-
nau attention mechanism enhances the model’s focus on key signal features by

dynamically assigning weights. The combination of the two enables the model to
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extract and process UWB signal features more accurately in complex environ-
ments, effectively improving indoor positioning accuracy and reducing position-
ing errors. The experimental results show that the proposed model significantly
improves the accuracy of UWB indoor positioning and effectively reduces posi-

tioning errors.

2. UWB Positioning Method

The traditional UWB indoor positioning method commonly uses TOA position-
ing method for position estimation. TOA positioning method is a distance meas-
urement method that calculates the signal propagation distance by measuring the
propagation time from the transmitter to the receiver. In UWB communication,
due to the extremely wide signal bandwidth, the short pulses of UWB signals can
be well distinguished in space, thereby accurately measuring the time when the
signal arrives at the receiver. The basic principle of TOA positioning method is to
determine the distance between the transmitter and receiver by measuring the
time difference between the arrival of the transmitted signal at the receiver. Spe-
cifically, when the transmitted signal originates from the source and travels
through a certain propagation path to reach the receiver, the clock signal inside
the receiver will record the time of signal arrival. The distance of signal propaga-
tion can be calculated based on the known signal propagation speed and the time
difference between the transmitted signal and the clock signal of the receiver.
The physical essence of TOA positioning method lies in accurately observing
the pulse propagation delay between the tested node and each reference station,
and then obtaining the spatial Euclidean distance between the two points. With
the extremely high time resolution unique to UWB signals, the receiving end can
accurately capture the rising edge of nanosecond pulses, achieving high-precision
measurement of signal transmission time. Based on this, the trilateration (TRI)
[19] method is used to reverse solve the geometric coordinates of the target entity,

as shown in Figure 1.
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Figure 1. Principle diagram of TOA-based localization method.
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After obtaining the distance from the unknown tag to the positioning base sta-
tion, the traditional UWB indoor positioning system uses the trilateration method
to calculate the specific location of the unknown tag. However, in practical situa-
tions, due to multipath effects, multiple access interference, clock synchronization
errors, and non line of sight errors, the final result calculated by the trilateration
method is often only an approximate value. The logical core of TRI positioning
mechanism is to construct a set of nonlinear equations in two-dimensional or
three-dimensional space by obtaining the distance information between three or
more observation starting points and unknown targets. From a geometric per-
spective, this method essentially solves the geometric intersection positions of
multiple circular rings or spheres with each base station as the center and obser-
vation distance as the radius. Figure 2 illustrates the basic principle of TRI posi-

tioning technology.

\

O

Figure 2. Trilateration principle diagram.

The distance d, between the UWB unknown tag P(x,y) and the position-

ing base station R, (x,,,) is represented as:
df:(xl.—x)2+(yi—y)2 (1)
The values of 7are 1, 2, and 3. By expanding Equation (1), we obtain:
d} =x} +x* =2xx+y +y" =2y, (2)
Considering 7= & Equation (2) can be written as:
di =x; +x° =2x,x+y; +y" =2,y (3)
By subtracting Equation (3) from Equation (2), we can obtain:
d} —di + x4y =x] =y =2(x =x)x+2(y - y,)y (4)
Considering 7= 1 and variable exponent & = 2, 3, can obtain:

2) o) [dodedotodon)
2(x3—x,) 2(%‘)’1) y dlz_d32+x32+y32_x12_y12
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By solving the above equation system, the coordinates of the unknown UWB
tag can be obtained. Equation (5) can be viewed as Ax =b, representing the val-
uesof 4, x,and b forasystem of linear equations:

A=|:2(x2_xl) 2()’2_y1):| )

2(%-x) 2(y-»)

=
y

b_{dﬁ—dhxﬁyi—xi—yﬁ}
| g2 2 2 2 2 2
di —d; +x3+y; =X =y,

(8)

The solution of a system of linear equations should minimize the following def-

inition of o :

§=(Ax—b)" (Ax—b) (9)

x=[x y]T (10)

By using the minimum mean square error (MMSE) method, x can be solved

as:

x:(ATA)T ATh (11)

3. Model Architecture
3.1. Bidirectional Long Short Term Memory Network

When dealing with sequence observations with long-range dependency charac-
teristics, conventional RNNs are prone to the computational dilemma of gradient
decay or explosion, which severely limits their ability to capture macroscopic his-
torical patterns. To overcome this bottleneck, researchers have designed an LSTM
architecture. As shown in Figure 3, LSTM covers three major control hubs: for-
getting, input, and output, giving the network the powerful ability to automati-

cally screen and remember long-term spatiotemporal correlations.

Figure 3. Long short-term memory network structure.
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Attimestep ¢,the input gate first computes the gating coefficient based on the
current input vector x, and the hidden state from the previous time step h, .

The expression is given as follows:
f=c(W,[h_ .x]+b,) (12)

here o denotes the sigmoid activation function, W, represents the weight
matrix, and b, is the bias vector. The output of the forget gate determines the
proportion of information retained from the previous cell state C, ;.

The input gate is responsible for incorporating new input features, and its com-

putation can be expressed as:
i, =c(W[h_.x]+b,) (13)

The candidate cell state is obtained through a nonlinear transformation, which

can be expressed as:

CA‘:tanh(IfVc[hH,xt]—i-bc) (14)

where W, and W, denote the weight matrices of the input gate and the candidate
state, respectively, and b, and b, are the corresponding bias terms. The candi-
date cell state C is used to store newly extracted feature information at the cur-
rent time step.

By jointly considering the regulatory effects of the forget gate and the input

gate, the cell state at the current time step is updated as:
C,=£,0C,+i0C (15)

where © denotes the element-wise multiplication operation.
Finally, the output gate is employed to control the influence of the cell state on

the hidden layer output, and its computation is given by:

o,=c(W,[h_,x,]+b,) (16)

The corresponding hidden state output is given by:
h_ =0, Otanh(C,) (17)

The BiLSTM model developed on this basis further raises the ceiling of time-
series data analysis. As shown in Figure 4, unlike the inherent mode of traditional
LSTM that can only deduce forward along the time series in one direction,
BiLSTM synchronously adds a reverse parsing link. This dual track parallel com-
puting logic enables the network to inherit historical residual memory and per-
ceive future rehearsal states in advance at any time node, thereby constructing a
global sequence dependency graph without blind spots.

BiLSTM consists of two LSTM sub networks with identical structures but inde-
pendent parameters. Among them, one LSTM processes the input sequence in
positive chronological order to extract temporal information from the past to the
current time; The other model the sequence in reverse chronological order, back-
tracking from the future to the current moment to supplement contextual infor-
mation. Finally, at the same time step, the outputs of forward and backward LSTM
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are concatenated or fused to obtain a feature representation that contains both
temporal information before and after.

Overall, as an extended form of LSTM, BiLSTM further enhances the modeling
ability of the model for sequential data by introducing bidirectional information
flow, making it more stable and efficient in dealing with complex temporal prob-
lems. Specifically in the UWB positioning task, by applying it to the modeling of
TOA ranging sequences and introducing a bidirectional structure, the bidirec-
tional dependencies in the ranging data can be more fully explored, thereby more
accurately characterizing the time delay shifts and distortions caused by factors
such as occlusion. This not only enhances the model’s ability to represent abnor-
mal signals but also provides a more reliable feature foundation for subsequent
weight allocation by attention mechanisms, ultimately helping to reduce position-

ing errors.

y,,l y( yl+l
»- = Activation » -~ -~ Activation * =~ » == Activation 7 =~
4 4 4

Forward —— LSTM

Figure 4. Schematic diagram of BiLSTM structure.

3.2. Bahdanau Attention Mechanism

In the UWB positioning process, due to the susceptibility of signal propagation to
multipath effects and NLOS environment, the role of TOA data corresponding to
different time steps in positioning calculation is not consistent. Some time point
information is more critical, while others may contain more noise or redundant
information. Based on this characteristic, the Bahdanau attention mechanism is
introduced to model the importance of each time step feature, thereby achieving
adaptive enhancement of key information.

As shown in Figure 5, from an implementation perspective, the Bahdanau at-
tention mechanism evaluates the features of each time step in the TOA sequence
one by one, and dynamically calculates the corresponding weight coefficients
based on the hidden state at the current time. That is to say, when the model per-
forms feature fusion, it does not treat information from all time steps equally, but
instead weights them differentially based on their contribution to the current task,
so that more discriminative features receive higher attention.

The introduction of this mechanism enables BiLSTM to focus more on effective
information when processing TOA sequences, while weakening the influence of

noise or interference data, thereby improving the overall quality of feature extrac-
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tion. The core lies in the calculation process of attention weights, which combines
the current hidden state with the output features of all time steps to generate cor-
responding attention scores, and then completes weighted summation based on
this to obtain a more representative representation of contextual information.

In the calculation process, the current hidden state is first concatenated with
the outputs of each time step, and mapped to the feature space through linear
transformation. Then, the activation function tanh is input for nonlinear trans-

formation to obtain the attention score:

¢, =v, -tanh (W, [h;:s,]+B,) (18)

1, 21

. exp(e,, ) (19)

it T

Zexp(ek‘,)

k=1

In the formula, v, denotes the trainable parameter vector, and b, repre-

a
sents the bias term. All attention scores are normalized using the softmax function
to obtain the corresponding attention weights ¢, , , which reflect the importance

of each time-step feature to the current output.

. Sz—l i Sr —
S
[
(c)
N A

a,
a,, 0637, Oy,
h h, h g hy

Figure 5. Bahdanau attention mechanism.

After obtaining the normalized attention weights «;, , a weighted sum is per-
formed on the outputs of the TOA sequence to construct the context vector c,.
This vector aggregates key information in the time series and plays a critical role

in the prediction at the current time step. The calculation process is expressed as:
T

¢ = Zai,thi (20)
i=1

where h, denotes the hidden state at the i-th time step, and T is the sequence
length. Through the weighted sum operation, information from different time
steps is integrated into the context representation according to their importance.

At the output stage of the model, the context vector ¢, is fused with the current
hidden state to provide richer feature information for the final output. Leveraging

this weight assignment-based mechanism, the BILSTM-Bahdanau model can more
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effectively highlight key temporal features in complex NLOS environments, thereby

improving the overall accuracy and stability of UWB indoor positioning.

3.3. Algorithm Steps

The detailed algorithm steps of the BILSTM model integrated with the Bahdanau at-
tention mechanism for processing UWB Time-of-Arrival (TOA) data are as follows:

Input: TOA data received by UWB base stations

Output: Predicted target position coordinates generated by the model

Step 1: Data Preprocessing

Collect TOA data from the UWB system and the corresponding base station co-
ordinates, ensuring the completeness and accuracy of the data. Integrate the TOA
data and base station coordinates into a format suitable for model input, and stand-
ardize the input features to eliminate scale differences between different features,
thereby ensuring the effectiveness and convergence speed of model training. No ad-
ditional outlier removal or synchronization correction was performed on the data.

Step 2: Model Construction

Build a BiLSTM network and introduce the Bahdanau attention mechanism,
which dynamically assigns attention weights by calculating the correlation between
the hidden state and each time step in the input sequence. Based on the output of
the attention mechanism, design fully connected layers to generate the final pre-
dicted position coordinates.

Step 3: Model Training and Evaluation

Continuously adjust parameters to determine the optimal configuration of the
model, and validate the model’s fitting ability on the test set.

Through the above steps, the BILSTM model combined with the Bahdanau at-
tention mechanism can effectively process UWB TOA data, improve indoor po-
sitioning accuracy, and exhibit strong robustness in complex multipath and non-

line-of-sight (NLOS) environments.

4. Experiments and Result Analysis
4.1. Model Training and Parameter Selection

The experimental operating system is Windows 11, with a system memory of 16
GB, and a server environment equipped with an NVIDIA GeForce RTX 3050
GPU. The deep learning framework used is PyTorch 2.5.0. To verify the effective-
ness of the proposed model, the dataset used in the experiments in this paper is
derived from Reference [20]. In this dataset, four positioning base stations are de-
ployed within a 6.5 m x 2.5 m experimental area, with coordinates (0 m, 0 m),
(6.5m, 0 m), (6.5m, 2.5m), and (0 m, 2.5 m), respectively. During the experiment,
a mobile anchor moves along a predefined trajectory within the experimental area
to simulate a moving target in practical application scenarios. Positioning data are
collected synchronously using an ultra-wideband (UWB) system and a motion
capture system to ensure data consistency and synchronization.

The dataset contains 3200 samples, each including four distance values and the
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corresponding x and y coordinates of the mobile anchor. In the experiment, the
dataset was divided into an 80% training set and a 20% testing set. The selection
of model parameters was based on comparative experiments involving different
parameter configurations conducted on the training set. The BiLSTM model com-
bined with the Bahdanau attention mechanism uses four input neurons to receive
the four distance values of the mobile anchor and two output neurons to predict
the x and y positions of the mobile anchor. Since each sample in the adopted da-
taset is an independent observation rather than continuous time series data, no
sliding window or time step expansion method was employed when inputting
each sample into the BiLSTM model.

This paper analyzes the variation of the loss value of the BILSTM model with
the Bahdanau attention mechanism as a function of the number of training epochs
from multiple aspects, including learning rate, optimizer, batch size, number of
hidden neurons, number of BILSTM network layers, and loss function.

First, the influence of different learning rates on model performance is ana-
lyzed. A large learning rate often leads to unstable training, while a small learning
rate may result in slow convergence or even failure to train the model. As shown
in Figure 6, when the learning rate is set to 0.01, the model achieves both a favor-
able convergence speed and good stability. Therefore, a learning rate of 0.01 is
selected for the proposed model.

Next, the influence of different optimizers on model performance is analyzed.
Optimizers play a crucial role in improving model accuracy. When deep neural net-
works are employed for positioning, the neural network may suffer from vanishing
gradients or exploding gradients as energy propagates through network layers.
These problems become more severe with increasing network complexity, thereby
degrading network performance. To avoid the issues of vanishing gradients and ex-
ploding gradients, it is critical to select an appropriate optimizer. As shown in Fig-
ure 7, the model converges rapidly and steadily when the Nadam optimizer is

adopted. Therefore, the Nadam optimizer is chosen for the proposed model.

1.751 —— LR=0.1
LR=0.01

—— LR=0.001

1.50 —— LR=0.0001

sample loss

0.00 -

0 20 40 60 80 100
training epochs

Figure 6. Training loss curves at different learning rates.
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Figure 7. Training loss curves for different optimizers.

Batch Size
8
16
32
64
128
256

0 20 40 60 80 100
training epochs

Figure 8. Training loss curves for different batch sizes.

The influence of different batch sizes on model performance is analyzed. A
larger batch size can significantly improve computational efficiency. However, an
overlarge batch size may lead to degraded generalization ability of the model and
may also slow down the convergence speed during the learning process. Con-
versely, an excessively small batch size results in overly long training time and
reduces overall efficiency. As shown in Figure 8, when the batch size is set to 16,
the model achieves the best performance in terms of convergence speed and sta-
bility. Therefore, a batch size of 16 is selected for the proposed model.

Then, the influence of different numbers of hidden neurons on model perfor-
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mance is analyzed. An excessive number of hidden neurons leads to an overly
complex model and is prone to overfitting. Meanwhile, it also significantly in-
creases the computational burden and reduces the training speed. On the con-
trary, an insufficient number of hidden neurons results in inadequate model ca-
pacity, which cannot effectively capture the complex features in the data, thus
causing underfitting. As a result, the model fails to learn sufficient patterns from
the training data, and the prediction accuracy decreases. As shown in Figure 9,
when the number of hidden neurons is set to 64, the model not only converges
rapidly but also effectively avoids overfitting. Therefore, the number of hidden

neurons is set to 64 in the proposed model.

0.5

hidden neurons
16

32

64
128
256

0.4

e
w

sample loss

N
)

0.1+

0.0

0 20 40 60 80 100
training epochs

Figure 9. Training loss curve with different number of hidden neurons.

10

Average distance error (cm)

1 2 3 4 5
BiLSTM layers

Figure 10. The average distance error of different BIGRU layers.
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Finally, the influence of different network layers on model performance is ana-
lyzed. Figure 10 shows the average positioning distance error of the model under
different numbers of BiLSTM layers. It can be observed from Figure 10 that the
average positioning error decreases with the increase in the number of BiLSTM
layers, leading to improved model performance. However, when the number of
layers increases to 4 or more, the average positioning error begins to rise, result-
ing in degraded model performance. Accordingly, the proposed model adopts 3
BiLSTM layers.

The root mean square error (RMSE) loss function is chosen as the loss function
of the model. Therefore, based on the training results obtained by adjusting dif-
ferent parameters, the values of each selected parameter in this paper are listed in
Table 1.

After determining the optimal parameters, the parameters shown in Table 1 are
used to verify the performance of the model on the test set. The average position-
ing error A (the total error of the model on the test set divided by the number
of samples in the test set) is adopted to evaluate the prediction performance of the

model.

=23 (e ) @

true

In the formula, (x.

i

, yl."”e) denotes the true coordinate position of the UWB
tag, and (xf”, yf‘”) represents the estimated position predicted by the model. N
denotes the total number of samples used for evaluation, which is 640 in the ex-
periment.

Through multiple training runs of the model and calculation of the average er-
ror on the test set, the average error of the trained model on the test set is obtained

as 6.7 cm.

Table 1. Detailed parameters of the convolutional layer.

BiLSTM Network Parameter Value
Number of samples 3200
Ratio of training samples to total samples 0.8
Fixed number of training rounds 100
Batch size 16
Number of hidden neurons 64
Optimizer NAdam
Learning rate 0.01
Number of LSTM layers 3
Loss function RMSE

4.2. Comparison of Different Algorithms

Table 2 summarizes the training duration and test sample inference time for each
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model in the UWB indoor positioning task. Both training time and inference time
are based on the complete experimental process and are calculated as the average
over multiple runs to ensure the reliability and reproducibility of the results. A
comprehensive evaluation of model performance confirms the effectiveness of the
proposed method.

It can be seen that the training time of the BiLSTM-Bahdanau model is signifi-
cantly longer than that of traditional models such as RNN, LSTM and GRU. The
main reason lies in the increased complexity of the model structure. On the one
hand, BiLSTM adopts a bidirectional temporal modeling structure containing two
independent LSTM units in forward and backward directions. During training, it
needs to process both forward and backward dependencies of the sequence sim-
ultaneously, so the computational cost of forward propagation and backward gra-
dient update is doubled. On the other hand, the Bahdanau attention mechanism
dynamically calculates attention alignment weights for each time step during train-
ing, involving sequence similarity calculation, weight normalization and other ad-
ditional operations not included in traditional RNNs, which further increases the
computational complexity in the training phase and eventually leads to a substan-
tial increase in training time.

In the inference phase, the inference time of the model for test samples is basi-
cally the same as that of other models, without introducing obvious additional
time cost. The key reason is the essential difference between training and inference
computation logic. First, the inference phase only performs a single forward prop-
agation without backward gradient update and parameter iteration required in
training, so the computational overhead of the bidirectional structure is greatly
reduced in single inference without cumulative time cost. Second, the Bahdanau
attention layer only calculates attention weights once based on fixed trained pa-
rameters during inference, with very small computation and little impact on the
time cost of a single test sample. The test inference time of the model is 0.06 s,
which has little impact on the real-time performance of the UWB positioning sys-

tem.

Table 2. Training and prediction times of different recurrent neural networks.

Model Training Time/s  Inference Time/s  Positioning Error/cm

RNN 9.38 0.05 11.3

LSTM 11.05 0.06 10.66

GRU 10.26 0.06 10.77
BiLSTM-Bahdanau 47.35 0.06 6.7

Opverall, although the time cost in the training phase is increased, model train-
ing is an offline one-time operation for UWB positioning systems, and the time
overhead is within the engineering acceptable range. In contrast, the inference
phase serves as the online real-time positioning module. With negligible addi-

tional time cost, it achieves a significant improvement in positioning accuracy,
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showing more practically valuable performance advantages in the trade-off be-
tween accuracy and efficiency.

Experimental results demonstrate that the proposed BiLSTM-Bahdanau model
exhibits superior performance in UWB indoor positioning tasks compared with
traditional recurrent neural network models such as RNN. Quantitatively, the av-
erage positioning error of this model is only 6.7 cm. Compared with the RNN,
LSTM, and GRU models, the positioning error is reduced by approximately
40.71%, 37.15%, and 37.79%, respectively. These results strongly verify the effec-
tiveness of the proposed method in improving UWB indoor positioning accuracy,
which can provide a more solid technical support for high-precision positioning

requirements in indoor scenarios.

5. Conclusions

In this study, the BILSTM model combined with the Bahdanau attention mecha-
nism is applied to UWB indoor positioning, and a novel indoor positioning
method is proposed. This method takes the Time of Arrival (TOA) from the po-
sitioning tag to the base stations as the network input. The influences of different
parameters on model performance are systematically analyzed from six aspects:
learning rate, optimizer, batch size, number of network layers, number of hidden
neurons, and loss function, and the optimal parameter configuration of the model
is determined.

Experimental results show that the application of the BILSTM model integrated
with the Bahdanau attention mechanism in UWB indoor positioning achieves re-
markable performance. Compared with other recurrent neural network models,
the positioning error of the proposed model is significantly reduced. This indi-
cates that with the continuous development of deep learning technology, neural
networks combined with attention mechanisms will exhibit more prominent ad-
vantages in robustness and accuracy in complex environments, and their applica-
tions in the field of indoor positioning will be more extensive and in-depth in the

future.
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