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Abstract

Ultra-wide band (UWB) positioning technology has attracted increasing
attention due to its high ranging accuracy. However, in indoor environments,
non-line-of-sight (NLOS) signals significantly degrade the ranging performance
of UWB positioning systems compared with line-of-sight (LOS) signals. There-
fore, accurate identification of LOS and NLOS signals is essential before adopt-
ing effective measures to improve UWB positioning accuracy. In this paper, a
deep learning-based classification algorithm for UWB NLOS signal identifica-
tion is proposed. Convolutional neural networks are employed to enhance the
model’s feature extraction capability, while long short-term memory networks
are used to capture temporal dependencies in the time-series data. Further-
more, a self-attention mechanism is introduced to further strengthen feature
representation, thereby improving the recognition accuracy of NLOS signals.
Experimental results demonstrate that the proposed method achieves an over-
all accuracy of 89.95%, with a precision and specificity of 91.07% and 91.33%,
respectively, indicating superior comprehensive performance.
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1. Introduction

In recent years, the demand for real-time and high-accuracy indoor positioning
has been growing rapidly. However, in indoor environments, positioning systems
often suffer from signal blockage caused by obstacles, leading to signal instability
and, in some cases, positioning failure [1]. To address this challenge, extensive

research efforts have been devoted to indoor localization, and various positioning
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solutions have been proposed [2]. Technologies such as infrared, ultrasonic, Blue-
tooth, Wi-Fi, radio-frequency identification (RFID), and UWB have been applied
to indoor positioning systems [3].

Among these technologies, UWB is considered particularly promising due to
its high power efficiency, strong penetration capability, and robust performance
in harsh multipath environments. UWB-based ranging systems can achieve an
accuracy of up to £10 cm [4]. As a result, UWB positioning has become one of the
most widely adopted indoor localization technologies, owing to its high position-
ing accuracy and strong anti-interference capability [5]. However, in practical ap-
plications, UWB-based indoor positioning still faces several challenges, among
which the NLOS problem is one of the most critical issues. NLOS conditions gen-
erally occur when the direct propagation path between the transmitter and re-
ceiver is obstructed. Under NLOS conditions, signal propagation delays are intro-
duced, resulting in biased distance estimation between the transmitter and re-
ceiver. Since most ranging algorithms assume LOS conditions, distance errors
caused by NLOS propagation can lead to a sharp degradation in positioning ac-
curacy. Compared with other positioning technologies, UWB-based ranging sys-
tems are more severely affected by NLOS conditions [6]. Therefore, effective han-
dling of the NLOS problem is of great significance for improving indoor position-
ing accuracy.

With the rapid development of UWB positioning technology, extensive re-
search has been conducted on NLOS state identification, providing strong support
for enhancing indoor localization performance. In [7], a Kalman filter-based NLOS
identification method was proposed, which determines the channel state by ana-
lyzing variations in the signal propagation cross-section. However, this method is
sensitive to environmental changes and exhibits limited stability. In [8], a feature
selection strategy was adopted to optimize NLOS identification, leading to perfor-
mance improvement to some extent; nevertheless, its recognition performance
varies significantly across different scenarios, indicating limited generalization
capability. A prior-knowledge-free and environment-insensitive identification
method was proposed in [9], which is able to extract partial NLOS channel fea-
tures, but its recognition accuracy remains insufficient in complex environments.
In [10], a weighted K-nearest neighbor (KNN) algorithm based on channel im-
pulse response (CIR) features was proposed by incorporating feature saturation
and feature selection optimization. Although this method improves recognition
accuracy while maintaining low computational complexity, it relies heavily on
manually designed features and may still overlook potentially informative charac-
teristics.

However, methods based on handcrafted feature extraction typically involve
complex processing pipelines and inevitably introduce subjective factors, which
may result in the loss of valuable information. With the continuous advancement
of deep learning, end-to-end NLOS/LOS identification methods have attracted in-

creasing attention. These approaches enable automatic feature learning and clas-
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sification by directly modeling UWB signals. In [11], reversible transform de-
noising was combined with a convolutional neural network (CNN), achieving a
recognition accuracy of 81.68% on the public eWINE dataset. Furthermore, CNNs
were integrated with long short-term memory (LSTM) networks in [12], improv-
ing the recognition accuracy to 82.14%, although the overall performance gain
remained limited. A fully convolutional network (FCN)-based method was
proposed in [13], further increasing the classification accuracy to 88.24%. In ad-
dition, studies in [14] and [15] explored transforming one-dimensional CIR data
into two-dimensional images and applying deep learning models for classifica-
tion. However, such methods are sensitive to the image transformation process
and parameter settings and typically incur high computational complexity, mak-
ing them less suitable for real-time applications.

To further improve NLOS/LOS classification performance in UWB environ-
ments, this paper proposes a deep learning-based NLOS identification method,
referred to as the CL-Attention algorithm. The proposed approach organically in-
tegrates convolutional neural networks, long short-term memory networks, and a
self-attention mechanism to construct an end-to-end feature learning and classi-
fication framework. In the proposed model, CNNs are employed to extract local
features from UWB CIR signals, while LSTM networks model the temporal cor-
relations of the signals. A self-attention mechanism is further introduced to adap-
tively weight and enhance temporal features, thereby improving the model’s ca-
pability to capture critical information. Experimental validation is conducted on
a public UWB CIR dataset, and the results demonstrate that, compared with sev-
eral existing models, the proposed method achieves more stable and competitive

improvements in classification performance.

2. Model Overall Architecture Design

This section presents the design and implementation of a deep learning-based
UWB NLOS signal classification model. The proposed model focuses on modeling
the feature differences of UWB signals under LOS and NLOS propagation envi-
ronments to enable effective discrimination between LOS and NLOS states. The

overall architecture of the proposed model is illustrated in Figure 1.

|

Attention
Block

Figure 1. Schematic diagram of overall model architecture.

DOI: 10.4236/0japps.2026.163048 781 Open Journal of Applied Sciences


https://doi.org/10.4236/ojapps.2026.163048

G.H.Lietal

2.1. Convolutional Feature Extraction Module

To fully exploit the spatial structural characteristics embedded in UWB CIR data,
a spatial feature extraction module based on one-dimensional convolutional neu-
ral network (IDCNN) is designed and implemented. This module takes normal-
ized raw CIR sequences as input and performs hierarchical feature extraction
through multiple one-dimensional convolutional operations, providing discrimi-
native high-dimensional representations for subsequent temporal modeling.

One-dimensional convolution is capable of effectively capturing signal varia-
tion patterns within local temporal windows as well as multipath energy distribu-
tion characteristics, thereby extracting spatial structural information that is highly
relevant to LOS/NLOS discrimination. After each convolutional layer, batch nor-
malization (BN) and rectified linear unit (ReLU) activation functions are intro-
duced to enhance training stability, accelerate convergence, and improve the non-
linear representation capability of the network.

To further reduce feature dimensionality and suppress redundant information, a
max pooling operation is incorporated into the convolutional module to downsam-
ple the convolutional features. This operation reduces computational complexity
while preserving essential information. By stacking multiple basic units consisting
of “ConvlD-BN-ReLU,” the model progressively extracts spatial feature represen-
tations from shallow to deep levels directly from the raw CIR data, thereby en-
hancing its ability to characterize differences in multipath structures under vari-
ous propagation conditions. The architecture of the convolutional feature extrac-

tion module is shown in Figure 2.

Input CIR data

.

Conv 1D + BN + RelL.U

.

Conv 1D + BN + RelLU

v

MaxPooling

v

Conv 1D + BN + RelLU

.

Output data

-

Figure 2. Convolutional feature extraction module.
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Let X' denote the input of the I-th basic block in the CNN. The local fea-

tures extracted by the I-th block can be computed as follows:

Y =W'® X' +b' (1)
Yoy = BN, (Y&,,) ®)
Y =W'® X' +1b' 3)

where W' denotes the convolution kernel in the basic block, b' represents the
bias parameter of the convolutional layer, and ® denotes the convolution oper-
ation.

To reduce the dimensionality of the extracted features while preserving feature
invariance, a max pooling operation is applied in the feature extraction stage. The
adopted pooling function is a one-dimensional max pooling layer, which can be

expressed as follows:
1:ma><poul (Xi ) = maX(Xstridexk+i » Kstridesck+i+10 """ Xstridexk+i+m—l) (4)

where m denotes the length of the pooling window, and stride represents the
stride of the pooling operation along the input feature sequence. By controlling
the sliding manner of the pooling window, this operation enables effective feature
downsampling while retaining key information.

The input data X correspond to CIR sequences consisting of 1016 samples
for each measurement. The detailed parameters of the convolutional layers are
listed in Table 1.

Table 1. Detailed parameters of the convolutional layer.

Layer Type Input channel Output channel Kernel size  Stride C:E:I;Zt
Input 1x1016
Convolution 1 1 64 11 1 64 x 1006
BN 64 64 64 x 1006
Activation 64 64 64 x 1006
Convolution 2 64 64 9 1 64 x 998
BN 64 64 64 x 998
Activation 64 64 64 x 998
MaxPool 2 2 64 x 499
Convolution 3 64 128 7 1 128 x 493
BN 128 128 128 x 493
Activation 128 128 128 x 493

2.2. Temporal Feature Modeling Module

After completing the extraction of spatial features from UWB signals, a tem-
poral feature modeling module is further designed to model the temporal de-

pendencies of the feature sequences output by the convolutional network. This
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module is built upon LSTM networks and aims to characterize the dynamic evo-
lution of UWB signals during the propagation process from a temporal perspec-
tive, thereby providing more discriminative feature representations for subse-
quent LOS/NLOS classification. The basic structure of an LSTM unit is illus-
trated in Figure 3.
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Figure 3. Long short-term memory network structure.

Specifically, an LSTM network mainly consists of an input gate, a forget gate,
and an output gate, whose core function is to selectively memorize and update
sequential information. The input gate controls the extent to which the current
input information influences the cell state, the forget gate regulates the retention
of historical memory from the previous time step, and the output gate determines
the contribution of the current cell state to the external output.

Attimestep t,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:

ft =0<Wf [ht—l’xt]+bf) (5)

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 =o(W[h.x]+b;) (6)

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

can be expressed as:

C =tanh(W,[h,,,x]+b,) (7)
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where W, and W, denote the weight matrices of the input gate and the candi-
date state, respectively, and b, and b, are the corresponding bias terms. The
candidate cell state C is used to store newly extracted feature information at the
current 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 =f,oC_+i,0C (8)

where O 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:
0, :U(Wo [ht—llxt]+bo) 9)

The corresponding hidden state output is given by:
h_, =0, ©tanh(C,) (10)

In the proposed model, the output of the convolutional feature extraction mod-
ule is organized as a temporally ordered feature sequence and fed into the long
short-term memory network. Through the selective information transmission and
update mechanisms of the input, forget, and output gates, the LSTM units are able
to suppress irrelevant disturbances while retaining effective historical infor-
mation. As a result, the network can accurately capture the intrinsic temporal evo-
lution patterns of UWB signals.

This architecture exhibits significant advantages in distinguishing the continu-
ous and stable signal characteristics under line-of-sight conditions from the non-
stationary temporal features induced by multipath effects in non-line-of-sight en-

vironments.

2.3. Self-Attention Feature Enhancement Module

In this study, a self-attention mechanism is introduced to model the temporal fea-
tures of UWB channel impulse responses, thereby enhancing the ability to capture
their global contextual relationships. In this module, the input is the feature se-
quence obtained after convolutional feature extraction and temporal modeling by
the LSTM network. The feature representations at each time step are no longer
processed independently; instead, they interact with other positions in the se-
quence through the self-attention mechanism, yielding feature representations
that incorporate global contextual information.

Essentially, the self-attention mechanism performs a weighted mapping pro-
cess, where the queries, keys, and values are all derived from the same input fea-
ture sequence [16]. In this way, the model can adaptively emphasize the most crit-
ical temporal segments for LOS/NLOS classification while suppressing redundant
or irrelevant features, thereby effectively enhancing the discriminative power of
the feature representations. The structure of the self-attention feature enhance-

ment module is illustrated in Figure 4.
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Figure 4. Schematic diagram of self-attention structure.

Assume the inputdata X = {Xi, Xy Xgy ooy Xy } is the temporal feature sequence
output from LSTM network. The queries Q, keys K, and values V are com-
puted using independent convolutional functions f,(X). f,(X) and f;(X),
respectively.

The computation process is as follows:

Q=f(X)=> WX+B,
K=1f,(X)=2 W,X+B, (11)
V= f,(X)=> W,X+B,

where fQ , f,and f, are three convolutional functions, and their detailed
parameters are listed in Table 2. The parameters of these three convolutional

functions are independent and can be adaptively learned during training.

Table 2. Detailed parameters of the convolutional layer.

i T

Input data 128 x 493
Convolution function f1 128 16 1 1 16 x 493
Convolution function 2 128 16 1 1 16 x 493
Convolution function f3 128 16 1 1 16 x 493

The output of the attention mechanism is calculated as:

;
Score(Q, K, V) = softmax QK \% (12)

N
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where d, is the dimensionality of each K vector, and the softmax function is
a generalization function that maps the elements of the input vector to corre-

sponding values in the range of 0 to 1. Its computation is expressed as:

e’
softmax(xi):? (13)
where x; isan element of the input vector, and € is the base of the natural log-

arithm.

2.4. Fully Connected Classification Module

The fully connected (FC) layer is used to integrate and discriminate the feature
vectors output by the attention mechanism, producing the final predicted labels
corresponding to LOS/NLOS scenarios and outputting the classification results.

The overall structure of this module is illustrated in Figure 5.

Fully
Flatten Connection ~ Dropout
IE Layerl Layer
Input data zﬂ o yﬁ

_O‘:‘

. softmax

. >Q e

. = - K O 2 PLos

= S o =) Output

O B NLOS

(@90 - 000

Figure 5. Schematic diagram of the fully connected layer structure.

In the implementation, a flattening layer first reshapes the features output from
the self-attention feature enhancement module to prepare them for subsequent
fully connected operations. Next, the first linear layer performs a linear mapping
of the input vector through matrix operations, extracting higher-level feature rep-
resentations. A dropout layer is then introduced, which randomly masks a portion
of the neurons’ outputs with a certain probability, effectively mitigating overfit-
ting. Subsequently, a second linear layer further maps the features, projecting the
high-dimensional representations into the target classification space.

The final layer contains two neurons corresponding to the NLOS and LOS clas-
ses, respectively, and employs the softmax activation function to output the class
probability distribution. Let the input feature vector be X ; then the classification

output of the fully connected layer can be expressed as:

label = alrgmax(softmax(f2 (Dropout(fl (x))))) (14)

where f, and f, denote two linear transformation functions with learnable

weights and biases. The Dropout operation randomly discards a portion of the
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input features to enhance the model’s generalization ability. The softmax function
normalizes the network outputs to obtain the probability distribution of the sam-
ple belonging to the LOS and NLOS classes. Finally, the argmax function is used
to select the class with the highest probability as the model’s predicted result.

3. Experiments and Results
3.1. Data Description

UWB channel impulse response data collected in indoor environments are used
for LOS/NLOS scenario classification. CIR data can effectively capture the multi-
path propagation characteristics of UWB signals between the transmitter and re-
ceiver. The energy distribution and arrival delays of different propagation paths
contain rich information about the channel environment, making CIR suitable for
distinguishing between LOS and NLOS conditions.

From a physical perspective, the CIR characterizes the impulse response of the
wireless channel. Its baseband equivalent model can be represented as a superpo-

sition of multipath components [17]:

h(t):iiak,lejgk'lé(t_ﬂ _Tk,l) (15)

I
-
=

Il
uN

where L denotes the number of received UWB signal clusters, and K repre-
sents the number of multipath components within the | -th cluster; ¢, and
6 denote the path gain and phase of the k -th multipath component in the | -
th cluster, respectively; T, is the arrival time of the | -th cluster,and 7, , isthe
delay of the k -th multipath component relative to the cluster arrival time.

The CIR data of UWB essentially constitute a sequence of multipath responses
sampled along the time-delay axis, which can describe the temporal distribution
of signal energy. As shown in Figure 6 and Figure 7, typical examples of UWB
CIRs under NLOS and LOS scenarios are presented. It can be clearly observed that
the two propagation environments exhibit significant differences in terms of the
first-path energy, delay spread, and multipath structure.

The experimental data used in this study are derived from the eWINE project,
which collected UWB channel impulse response datasets using the DW1000 UWB
module [18]. Measurements were conducted under various transmitter-receiver
distance conditions, and each CIR record contains 1016 time samples.

Due to variations in measurement conditions (e.g., transmission distance, ob-
stacles, and environmental structures), the amplitude scale of the CIR signals dif-
fers across samples. Directly feeding the raw CIR amplitudes into the model may
lead to unstable training. To eliminate amplitude scale discrepancies and enhance
the model’s sensitivity to structural features, the MAX_NOISE factor provided in
the dataset was used to normalize the CIR signals. This normalization strategy
reduces the influence of amplitude differences across measurement scenarios, im-
proves the model’s ability to capture multipath structure and first-path character-
istics, and enhances both training stability and generalization performance.

The dataset includes a total of 42,000 valid CIR samples, encompassing both
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NLOS and LOS channel measurements. To ensure fairness and generalization in
model training and evaluation, the dataset was split into training, validation, and
test sets in a 70%:15%:15% ratio, corresponding to 29,400, 6300, and 6300 CIR
records, respectively.

24000 . , - . . , . . . —
22000} -
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Figure 6. UWB CIR data in LOS scenarios.
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Figure 7. UWB CIR data in NLOS scenarios.

The training set is used for learning the model parameters, the validation set is
employed for hyperparameter tuning and monitoring overfitting during training,
and the test set is reserved for the final evaluation of the model’s classification
performance. In the test set, the number of NLOS and LOS samples is balanced,
with 3150 records for each class, which facilitates an objective assessment of the
model’s performance under different channel propagation conditions. All exper-
imental results are statistically analyzed based on the classification outputs of the

test set.
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3.2. Experimental Setup

To evaluate the effectiveness of the proposed model in the LOS/NLOS classifica-
tion task of UWB CIR signals, several representative deep learning models were
selected for comparison, including CNN [11], LSTM [6], CNN-LSTM [12], FCN
[13], and LSTM-FCN [19].

During model training, the training data were divided into mini-batches, each
containing 64 CIR records. The models were optimized using the Adam opti-
mizer to improve training stability and convergence speed. The maximum num-
ber of training epochs was set to 100. During training, the validation set was
used for hyperparameter tuning, and the model achieving the best validation
performance was selected for final testing. All experiments were conducted un-
der the same software and hardware environment to ensure fairness in compar-
ison.

The experiments were conducted on a server running Windows 11 with 16 GB
of system memory and equipped with an NVIDIA GeForce RTX 3050 GPU. The
deep learning framework used in this study was PyTorch 2.5.0. The model archi-
tecture and training hyperparameters were configured as follows. At the model
level, the LSTM module adopts a two-layer stacked structure, with 128 hidden
units in the first layer and 64 hidden units in the second layer, enabling hierar-
chical extraction of temporal features while gradually reducing feature dimen-
sionality. The attention mechanism employs Scaled Dot-Product Self-Attention
tailored for sequential feature modeling. To mitigate overfitting, Dropout regu-
larization is applied with a dropout rate of 0.5, and L2 regularization is incorpo-
rated through a weight decay coefficient of 1 x 107

During training, the Adam optimizer was utilized with an initial learning rate
of 1 x 107*. A ReduceLROnPlateau learning rate scheduling strategy was adopted,
using the validation F1 score as the monitoring metric. When the validation F1
score failed to improve for five consecutive epochs, the learning rate was reduced
to 0.5 times its current value, with a minimum learning rate threshold set to 1 x
107%. To prevent overfitting and improve training efficiency, an early stopping
mechanism based on the best validation F1 score was employed. Training was ter-
minated if no performance improvement was observed for 15 consecutive epochs.

The maximum number of training epochs was set to 100.

3.3. Evaluation Metrics

LOS/NLOS channel identification is a binary classification problem, and the clas-
sification results can be categorized into four cases:

True Positive (TP): LOS CIR data correctly classified as LOS.

True Negative (TN): NLOS CIR data correctly classified as NLOS.

False Positive (FP): NLOS CIR data incorrectly classified as LOS.

False Negative (FN): LOS CIR data incorrectly classified as NLOS.

In the experiments, five performance metrics were used to evaluate the classifi-

cation algorithms: accuracy (ACC), precision, recall, specificity, and F1-score. The
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formulas for computing these metrics are as follows:

ACC = TP+TN (16)
TP+TN+FP+FN
Precision L (17)
TP +FP
Recall = L (18)
TP+FN
e TN
Specificity = —— 19
P y TN+FP (19)
F1-Score = L (20)
2TP+FP+FN

3.4. Ablation Study

To verify the effectiveness of each key module in the proposed model, an ablation
study was conducted. Specifically, the CNN feature extraction module, the LSTM
temporal modeling module, and the self-attention module were individually re-
moved, and the resulting performance changes were compared under identical
experimental conditions. The results of this study are presented in Table 3. The

corresponding classification confusion matrices are shown in Figure 8.

Table 3. Performance metrics of the ablation study.

Model CNN LSTM Self-Attention

A Precisi Recall FI1-S
Variant Module Module Module cetiracy Hrecision eca core

CNN Only v X X 0.8233 0.8306 0.8124 0.8214
LSTM Only X ‘l X 0.8002 0.8053 0.7917 0.7985
CNN +
X 0.8775 0.8843 0.8686 0.8764
LSTM v v
CNN +
. ‘/ X ‘/ 0.8541 0.8614 0.8441 0.8527
Attention
LSTM +
K X ‘/ ‘/ 0.8452 0.8509 0.8371 0.8440
Attention
Full Model ‘l ‘l ‘/ 0.8995 0.9107 0.8857 0.8981

3.5. Comparative Experiments and Analysis

To further validate the effectiveness of the proposed model, comparative experi-
ments were conducted with several other algorithms. Table 4 presents the classi-
fication results of each method. From the data in Table 4 and Table 5, it can be
observed that the overall performance of different models in the NLOS/LOS clas-
sification task is comparable, but differences still exist in terms of misclassification
distribution and class balance.

Based on the statistical results, the proposed method maintains high levels of

both true positives and true negatives, while the number of false positives is
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Figure 8. Confusion matrices of the ablation study.

Table 4. NLOS/LOS classification result.

algorithm TP N FP FN
CNN 2819 2626 558 297
LSTM 2776 2437 747 340
CNN-LSTM 2753 2484 699 364
FCN 2821 2663 521 295
LSTM-FCN 2808 2664 520 308
Ours 2790 2877 273 360

significantly lower than most of the compared models. This indicates that the pro-
posed approach has a clear advantage in reducing the risk of misclassifying NLOS
samples as LOS. Although the proposed model does not show an exaggerated im-
provement in classification performance compared with conventional methods
such as CNN and LSTM, its overall performance is more stable, demonstrating bet-
ter robustness in distinguishing CIRs under complex propagation environments.
To further understand the classification performance of the proposed model,
an error analysis was conducted on the FP and FN in the test set. It was observed
that false positives primarily occur in scenarios where the first-path energy is

weak or the signal is partially obstructed, causing NLOS signals to be misclassi-
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fied as LOS. False negatives mainly arise in short-distance scenarios or under
severe multipath interference, where LOS signals with significant multipath
components are mistakenly classified as NLOS. These error modes may affect
downstream ranging or positioning applications. For example, misclassifying
NLOS as LOS could lead to underestimation of ranging errors, whereas misclas-
sifying LOS as NLOS might trigger overly conservative interference mitigation
strategies, reducing positioning efficiency. Understanding these FP and FN pat-
terns can guide the design of more robust weighting or filtering strategies in
positioning algorithms, thereby mitigating the impact of classification uncer-
tainty on system performance.

As shown in Table 5, the proposed algorithm demonstrates balanced perfor-
mance across multiple evaluation metrics. In particular, the precision and speci-
ficity reach 91.07% and 91.33%, respectively, the highest among all compared
methods, indicating a clear advantage in reducing misclassification and improv-
ing discriminative reliability. Meanwhile, the accuracy and F1-score also remain
at high levels, further confirming the overall effectiveness of the proposed ap-

proach.

Table 5. Evaluation indicators for each algorithm.

algorithm Accuracy Precision Recall specificity F1-Score
CNN 0.8635 0.8347 0.9047 0.8248 0.8690
LSTM 0.8289 0.7881 0.8909 0.7653 0.8365
CNN-LSTM 0.8329 0.7975 0.8832 0.7802 0.8383
FCN 0.8673 0.8439 0.9053 0.8360 0.8735
LSTM-FCN 0.8654 0.8437 0.9012 0.8361 0.8715
Ours 0.8995 0.9107 0.8857 0.9133 0.8981

Based on the evaluation of discriminative capability, Gaussian noise with stand-
ard deviations of 0.01, 0.05, 0.10, and 0.20 was added to the test set to assess the
model’s robustness under noisy conditions. Comparisons were made with CNN,
LSTM, CNN-LSTM, FCN, and LSTM-FCN models. The experimental results are
shown in Figure 9.

The results indicate that when the noise standard deviation reaches 0.20 or 0.30,
the performance of all models significantly decreases as the noise intensity in-
creases. However, the proposed model maintains a relatively high accuracy even
under the strongest noise, with only a 1.8% decrease. This performance surpasses
that of other models, demonstrating its notable robustness and stability, as well as
strong potential for practical applications.

In addition, Figure 10 presents the receiver operating characteristic (ROC)
curves for CNN, LSTM, CNN-LSTM, FCN, and LSTM-FCN on the dataset to fur-
ther evaluate model effectiveness. It is evident that the area under the curve (AUC)

of the proposed model is higher than that of the other five models.
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Figure 9. Comparison of model accuracy under different noise levels.

0.8

0.6

0.4

True positive rate

02

0.0

CNN (AUC=0.912)
LSTM (AUC=0.906)
CNN-LSTM (AUC=0.926)
FCN (AUC=0.918)
LSTM-FCN (AUC=0.925)

Ours (AUC=0.940)
1 1 1 1 1 L

0.0 0.2 0.4 0.6 0.8 10
False positive rate

Figure 10. ROC curves of different models.

As shown in Figure 11, the experimental training loss curves, validation loss

curves, and accuracy curves on the training and validation sets indicate that the

proposed model achieves superior classification performance compared with the

other models.

The above experiments and evaluation metrics indicate that, on the eWINE da-

taset, the proposed algorithm outperforms the other compared methods. Overall,
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the proposed algorithm not only maintains strong overall classification perfor-
mance but also demonstrates superior control of misclassifications and result sta-
bility, thereby validating its effectiveness and practical value in UWB NLOS signal
recognition tasks.

4. Conclusions

In summary, the deep learning-based UWB signal LOS/NLOS recognition method
proposed in this study demonstrates strong classification performance on the eWINE
dataset. The proposed approach achieves high levels across multiple evaluation met-
rics, including accuracy, precision, specificity, and F1-score, and maintains stable
and competitive performance compared with various mainstream neural network
models. This method can effectively extract discriminative features from UWB
CIR signals and reliably identify LOS and NLOS conditions in complex propaga-
tion environments, validating the effectiveness and practical applicability of the
proposed model for UWB scenario perception tasks.

Although the proposed method achieves promising results in the LOS/NLOS
classification task, there remain areas for further improvement. First, the experi-
mental validation is primarily based on a publicly available dataset, which has lim-

ited scale and scene diversity. The model’s generalization capability in more com-
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plex or large-scale real-world environments requires further investigation. Future
work could incorporate multi-scene, multi-device, and diverse indoor-structure
datasets to enhance the model’s robustness and adaptability. Second, this study
focuses mainly on LOS/NLOS state recognition itself, without deeply integrating
the results with specific UWB indoor positioning algorithms. Future research
could incorporate the recognition results into positioning error modeling and
weighted localization frameworks, further improving indoor positioning accuracy
and stability. Moreover, there is still room for optimization in terms of computa-
tional complexity and real-time performance, highlighting the need to explore
more efficient network architectures to meet practical system deployment re-

quirements.
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