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Abstract. Indoor environments present significant chal-

lenges for ultra-wideband (UWB) localization due to rang-

ing errors and non-line-of-sight (NLOS) propagation. This 

paper proposes a robust UWB indoor localization frame-

work that integrates double-sided two-way ranging (DS-

TWR), XGBoost-based NLOS identification, residual-

weighted localization, and Kalman filter (KF). The main 

contribution of this work is the unified use of NLOS identifi-

cation in both ranging correction and localization fusion, 

significantly improving localization accuracy in complex 

environments. Experimental results demonstrate improve-

ments in ranging accuracy of up to 53.7% and 47.22% under 

human-body and wooden-board occlusions. In dynamic ex-

periments, the proposed method outperforms conventional 

UWB localization, KF, and weighted least squares methods 

with positioning accuracy improvements of 38.64%, 

28.95%, and 12.9%, respectively. These results confirm the 

framework’s effectiveness in mitigating NLOS impact and 

enhancing UWB localization robustness. 
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1. Introduction 

Accurate indoor localization is a key enabling technol-

ogy for a wide range of applications, including intelligent 

transportation systems, smart buildings, industrial automa-

tion, and asset tracking. However, achieving high position-

ing accuracy in indoor environments remains challenging 

due to signal blockage, attenuation, and severe multipath 

propagation caused by walls, furniture, and human activities. 

Although global navigation satellite systems (GNSS), such 

as the Global Positioning System (GPS), provide reliable po-

sitioning performance in outdoor environments, their accu-

racy degrades significantly indoors, which severely limits 

their applicability for indoor localization. 

To overcome these limitations, various radio-fre-

quency-based indoor positioning technologies have been ex-

tensively studied. Among them, UWB technology has at-

tracted considerable attention owing to its large bandwidth 

and high temporal resolution, which enable centimeter-level 

positioning accuracy under line-of-sight (LOS) conditions 

[1]. Nevertheless, in practical indoor environments, UWB 

localization performance is still affected by hardware imper-

fections, clock drift, measurement noise, and, most criti-

cally, NLOS propagation. NLOS conditions introduce posi-

tive ranging bias and significantly degrade localization 

accuracy and system robustness, especially in complex and 

dynamic indoor scenarios. 

Conventional UWB localization approaches mainly 

rely on signal processing and filtering techniques, such as 

least squares estimation and KF, to suppress measurement 

noise. While these methods perform well under LOS condi-

tions, they do not explicitly model or compensate for NLOS-

induced ranging bias. Consequently, localization accuracy 

deteriorates markedly when NLOS propagation dominates 

the ranging measurements. 

In recent years, NLOS identification has emerged as 

an effective strategy to enhance UWB localization robustness. 

By distinguishing between LOS and NLOS signals prior to 

localization, unreliable ranging measurements can be selec-

tively corrected or down-weighted. With the advancement of 

machine learning, data-driven NLOS identification methods 

based on channel impulse response (CIR) features have 

demonstrated promising performance compared with con-

ventional threshold-based techniques. Muqaibel et al. pro-

posed an NLOS ranging‑error mitigation strategy using CIR 

parameters and a neural network classifier to improve local-

ization accuracy [2]. Santamaria-Pedrón et al. developed 

a deep learning‑based method that predicts ranging errors 

from CIR features and compensates them in UWB systems 

[3]. Additionally, Majeed et al. introduced an attention‑based 

deep learning architecture to classify LOS/NLOS conditions 

more effectively, which enhances the robustness of UWB 

positioning under challenging propagation conditions [4]. 
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However, many existing studies focus on NLOS iden-

tification or localization optimization independently, with-

out fully integrating NLOS recognition, ranging correction, 

and positioning fusion into a unified framework. 

Motivated by these challenges, this paper proposes 

a robust UWB indoor localization framework that integrates 

DS-TWR, machine learning-based NLOS identification, re-

sidual-weighted localization, and KF-based fusion. By ex-

plicitly incorporating NLOS identification results into both 

the ranging correction and positioning stages, the proposed 

framework effectively mitigates NLOS-induced errors and 

significantly improves localization accuracy and robustness 

in complex indoor environments. 

1.1 Related Works 

Extensive research has been conducted to improve the 

accuracy and robustness of UWB-based indoor localization 

systems, particularly under NLOS conditions. Existing stud-

ies mainly focus on ranging error mitigation, NLOS identi-

fication, and reliability-aware localization. 

KF has been widely applied to suppress random noise 

in UWB ranging measurements. Ren et al. [5] and Chen et 

al. [6] demonstrated that KF and clock drift compensation 

can improve ranging stability under LOS conditions. Tien 

Le Minh et al. [7] further applied KF to DS-TWR-based po-

sitioning in mixed LOS/NLOS scenarios. However, these 

filtering-based approaches do not explicitly model NLOS-

induced positive bias, and their performance degrades sig-

nificantly in severe NLOS environments. 

Several studies addressed TOA/TOF ranging errors 

through optimization-based methods. Wang et al. [8] 

proposed adaptive error mitigation for TOF-based indoor 

tracking, while Svecova and Kocur [1] and Guo et al. [9] 

investigated TOA/TOF-based localization techniques in 

constrained environments. Although these methods improve 

ranging accuracy, they are sensitive to strong NLOS inter-

ference. 

To reduce the influence of unreliable measurements, 

weighted least squares (WLS)-based localization methods 

have been introduced. Guvenc et al. [10] and Marano et al. 

[11] proposed NLOS identification and weighted localiza-

tion frameworks using multipath channel statistics, achiev-

ing improved robustness in NLOS environments. Djosic et 

al. [12] further developed multi-algorithm UWB localization 

methods for mixed LOS/NLOS scenarios. Nevertheless, 

these approaches often rely on heuristic or statistical 

weighting strategies and do not fully exploit data-driven 

NLOS identification. 

With the advancement of machine learning, data-

driven NLOS identification based on CIR features has 

gained increasing attention. Xiao et al. [13] and Zeng et al. 

[14] demonstrated the effectiveness of CIR-based NLOS 

identification for UWB localization. More recently, Park et 

al. [15] employed deep learning models to achieve high 

LOS/NLOS classification accuracy, while Cortesi, Dreher et 

Magno [16] explored learning-based localization ap-

proaches. Despite their promising performance, many learn-

ing-based methods require large labeled datasets or high 

computational complexity, which may limit real-time de-

ployment. Beyond CIR-based identification and conven-

tional learning-based localization, Yao et al. [17] investi-

gated a learning-assisted indoor localization framework by 

integrating dual-modal AOA/TOA fusion, data-driven error 

correction, and particle-filter-based estimation. Their work 

showed that learning-based correction can also be incorpo-

rated into multimodal localization frameworks to improve 

positioning performance in complex indoor environments. 

In summary, existing studies on UWB-based indoor lo-

calization under NLOS conditions mainly concentrate on ei-

ther NLOS identification or ranging and localization optimi-

zation as separate problems. Conventional signal processing 

and filtering-based methods are effective in suppressing ran-

dom measurement noise under LOS conditions; however, 

their performance deteriorates significantly in complex 

NLOS environments, as NLOS-induced bias is not explicitly 

identified or compensated. Meanwhile, machine learning-

based NLOS identification methods using CIR features have 

shown promising classification performance. Nevertheless, 

in many existing approaches, the identified NLOS infor-

mation is not sufficiently exploited in subsequent ranging 

correction and localization fusion processes, which limits 

the overall performance improvement. 

To overcome these limitations, this paper develops 

an integrated UWB indoor localization framework that com-

bines DS-TWR ranging, machine learning-based NLOS 

identification, residual-weighted localization, and KF-based 

fusion. Unlike existing methods that address these compo-

nents independently, the proposed framework explicitly in-

corporates NLOS identification results into both the ranging 

correction and positioning stages, thereby effectively miti-

gating NLOS-induced errors and enhancing localization ac-

curacy and robustness in complex indoor environments. 

1.2 Contributions 

The main contributions of this work are summarized as 

follows: 

XGBoost-based NLOS identification using CIR fea-

tures: An NLOS identification model is developed using the 

XGBoost algorithm. Key features extracted from the CIR, 

including total impulse response power, amplitudes of the 

first three propagation paths, and noise standard deviation, 

are employed to accurately distinguish between LOS and 

NLOS propagation conditions. 

Residual-weighted localization for NLOS error mitiga-

tion: A residual-weighted least squares localization method 

is designed to suppress NLOS-induced ranging bias. By dy-

namically adjusting the weights of base stations according 

to residual errors, the influence of unreliable NLOS meas-

urements on positioning results is significantly reduced. 

Fusion localization based on DS-TWR and KF: Cor-

rected DS-TWR ranging measurements are fused with a KF 

to enhance localization robustness. This fusion strategy 
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effectively smooths positioning trajectories and improves 

both static and dynamic localization accuracy in complex 

indoor environments. 

Comprehensive experimental validation: Extensive 

static and dynamic experiments are conducted under human-

body and obstacle occlusion scenarios. Experimental results 

demonstrate that the proposed method consistently outper-

forms conventional UWB localization, weighted least 

squares, and KF-based approaches in terms of ranging and 

positioning accuracy. 

1.3 Organization 

The remainder of this paper is organized as follows. 

Section 2 introduces the UWB ranging principles, including 

TOA and DS-TWR, and presents the proposed XGBoost-

based NLOS identification method together with CIR fea-

ture extraction. Section 3 describes the residual-weighted lo-

calization algorithm and the fusion localization framework 

based on KF. Section 4 presents the experimental setup and 

performance evaluation in both static and dynamic indoor 

environments. Finally, Section 5 concludes the paper and 

discusses future research directions. 

2. UWB Ranging Method 

2.1 TOA Ranging 

In positioning, TOA usually refers to the time differ-

ence of the wireless signal from the transmitter to the re-

ceiver, which is the time for the signal to travel. By measur-

ing the TOA, the distance of the signal propagation can be 

calculated, so as to realize the localization. Figure 1 shows 

the principle of 2-D TOA ranging. In Fig. 1, there are three 

base stations A, B and C, and the coordinates of each base 

station are A (x1, y1), B (x2, y2), C (x3, y3), and the real coor-

dinate position of tag TS is (x, y). In the positioning process, 

the time synchronization of the base station and the tag is 

first synchronized, and then the time t1, t2, t3 when the sub-

script signs in to each base station to send the UWB signal 

is recorded. Finally, by multiplying the propagation time by 

the speed of light, the distance relationship between the tag 

and the base station can be obtained according to the con-

ventional TOA ranging principle [18], as shown in (1): 

    
2 2

i i id x x y y     (1) 

where (x, y) denotes the unknown two-dimensional coordi-

nates of the tag, and (xi, yi) represents the known coordinates 

of the i-th base station. di is the Euclidean distance between 

the tag and the i-th base station. 

In the TOA positioning technique, if the clock between 

the UWB base station and the tag is not synchronized, then 

the recorded arrival time will be biased [19]. In this way, the 

circle formed by the difference of the arrival time of the 

UWB pulse signal received by the various base stations in 

Fig. 1 cannot intersect at a point, but forms a region. This 

 

Fig. 1. Schematic diagram of TOA ranging. 

means that the location of the tag cannot be accurately de-

termined, but only the approximate range in which it is lo-

cated. 

2.2 DS-TWR Ranging Algorithm 

Due to the complexity of the indoor environment, con-

ventional wireless positioning techniques such as RSSI and 

fingerprinting are usually difficult to locate accurately. 

However, the DS-TWR ranging technology is not affected 

by the multipath effect and signal attenuation, so it has 

higher positioning accuracy and reliability [20] in indoor po-

sitioning and navigation. At the same time, DS-TWR is 

an improved method based on TOA ranging, which takes 

into account the propagation time difference between the 

signal in the process of sending and receiving. Therefore, 

DS-TWR algorithm is used for ranging. As shown in Fig. 2, 

the ranging principle of DS-TWR algorithm is to obtain the 

final TOA time by calculating the average of three times of 

TOA time. In this way, the DS-TWR algorithm reduces the 

four communications required by SDS-TWR to three, 

thereby improving ranging efficiency and reducing ranging 

errors. 

Through the three-message exchange process, the TOF 

estimation in the DS-TWR scheme can be derived according 

to the standard DS-TWR formulation [21], as expressed in 

(2)–(4): 
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Fig. 2. Schematic diagram of DS-TWR ranging. 

There may be a difference between the internal clock 

frequency of node A and node B, then there will be a clock 

deviation problem, when this clock deviation will lead to 

ranging error in practical applications. Considering further, 

if the current clock skew is ka, kb times of the original clock, 

the skew can be expressed as follows: 

 a b
toferr 1

2

k k
T

 
   

 
.   (4) 

Actually, in a real test system, the skew is small, so ka, 

kb will be close to 1. This makes the ranging error in the cal-

culation of clock synchronization greatly reduced. In addi-

tion, by using the DS-TWR ranging method, we can estimate 

the time offset of each base station and tag, and use these 

estimates to eliminate the ranging error. In this way, the ac-

curacy of ranging can be greatly improved and the error 

caused by clock drift can be suppressed. 

3. CIR-Based NLOS Identification 

Using XGBoost 

TOA positioning method plays an important role in in-

door positioning because of its high accuracy and wide ap-

plication. However, its accuracy is easily affected by NLOS 

signal propagation, which leads to large positioning errors. 

In order to solve this problem, this paper proposes a NLOS 

recognition model based on XGBoost algorithm and CIR 

signal. The model can effectively identify NLOS propaga-

tion signals by extracting features of CIR signals and using 

XGBoost for classification and recognition. Then, the resid-

ual weighted localization method is used to correct the iden-

tified NLOS signal to further improve the localization accu-

racy. 

The objective function of XGBoost consists of two 

parts: a loss function and a regularization term, which are of 

the following form: 

      ˆ,i i

i

y fy    .  (5) 

where (yi, ŷi) is the loss function, which represents the dif-

ference between the predicted value ŷi and the true value yi; 

Ω(f) is the regularization term, which controls the complex-

ity of the model. 

The loss function reflects the prediction error of the 

model. For the regression task, the loss function is MSE, 

which is formulated as follows: 

   2, (ˆ ˆ )i i i iy y y y  . (6) 

For binary classification, the loss function is the log 

loss, as shown in the following equation: 

 ˆ ˆ ˆ( , ) [ log( ) (1 ) log(1 )]i i i i i iy y y y y y     . (7) 

The regularization term Ω(f) is used to control the 

model complexity and prevent overfitting. The form of the 

regularization term Ω(f) is as follows: 

   2

1

1

2

T

j

j

f T w 


    .   (8) 

where T is the number of leaf nodes of the tree, wj is the 

weight of each leaf node of the tree,  and λ of are hyper 

parameters that regulate the model complexity. 

To minimize the objective function via gradient opti-

mization, XGBoost performs a Taylor expansion of the loss 

function. Assuming the previous model has (t – 1) already 

been trained, the current goal is to improve the prediction by 

adding a new model. Then the Taylor expansion of the loss 

function at the t-th iteration is as follows: 
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where 
 1ˆ t
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





 is the first degree of order and 
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2

1 2( )ˆ t
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





 is 

the second derivative. 

By computing the gradient and second derivative for 

each sample, XGBoost is able to optimize the objective 

function. At each iteration, the weights of the leaf nodes of 

the tree are updated by the first-order and second-order gra-

dients. The gradient and the second derivative are shown in 

(10) and (11): 
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These gradients and second derivatives are used to as-

sess the quality of each split point and to select the best split 

point by a gain calculation. XGBoost selects the best split 

point by calculating the gain. The gain represents the amount 

of error reduction by splitting at the current node. The gain 

is calculated as follows: 
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where gi and hi are the gradient and second derivative of 

the 𝑔𝑖 and hi are the gradient and second derivative of the 

sample, respectively; L and R are the left and right child 

nodes, and S is the parent node. 
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The leaf node weights wj of each tree are updated using 

the following formula: 

  
ii j

j

ii j

g
w

h 





 





. (13) 

This update formula makes the output of each leaf node 

a weighted sum of the gradients of the samples within that 

leaf node. 

XGBoost controls the complexity of the tree by intro-

ducing a regularization term to avoid overfitting. The result-

ing objective function is of the form: 

      
1

ˆObj , Ω
n

i i

i

y y f


  . (14) 

XGBoost controls the maximum depth of the tree to 

limit the model complexity. The maximum depth of the tree 

affects the number of leaf nodes T in the tree. When the 

maximum depth is set to max_depth, the number of leaf 

nodes is: 

 
max_depth2 1T   . (15) 

By adjusting the depth of the tree, XGBoost can control 

the complexity and computational efficiency of the model. 

The objective function of XGBoost combines a loss 

function and a regularization term, and the optimization pro-

cess is performed based on first-order and second-order gra-

dients. The final objective function is: 

     2

1 1

.Ob , ˆ
1

j
2

n T

i i j

i j

y y T w  
 

     (16) 

3.1 Feature Extraction Based on CIR 

In wireless communication systems, the CIR is an im-

portant representation of signal propagation characteristics. 

It describes the transmission process of a signal from the 

transmitter to the receiver, including all propagation paths as 

well as their corresponding time delays and path gains. By 

analyzing the CIR, the propagation condition can be effec-

tively characterized, enabling the discrimination between 

LOS and NLOS signal propagation. 

Under LOS conditions, the signal propagates mainly 

along a direct path with minimal obstruction. As a result, the 

CIR typically exhibits a dominant pulse with a short propa-

gation delay and a large amplitude. The CIR response of 

an LOS signal can therefore be approximated by a single 

dominant path, which can be expressed as: 

    0h t t    (17) 

where δ is the unit pulse function and τ0 is the propagation 

delay of the LOS signal. 

The propagation path of LOS signal is direct and 

obstacle-free, the signal attenuation is small, and its impulse 

response power is usually large. 

The propagation of NLOS signals is more complex, as 

the signal not only travels along the direct path during prop-

agation, but also experiences multipath effects, such as re-

flection, refraction, and scattering from obstacles such as 

buildings. For NLOS signals, the CIR response is repre-

sented by multiple pulses, which represent different propa-

gation paths and can be expressed as follows: 

    
1

n

i i

i

h t t  


   (18) 

where i is the signal gain of the i-th path, τi is the propaga-

tion delay of the i-th path, and n is the number of paths. 

The CIR response of an NLOS signal usually exhibits 

multiple pulses with longer delays and relatively smaller am-

plitudes due to multipath propagation, whereas LOS signals 

are generally characterized by a dominant first-arrival path 

and a more concentrated energy distribution. For each meas-

urement sample, the raw CIR data output by the UWB re-

ceiver are first collected, and the propagation paths are in-

dexed according to their arrival order. As a preprocessing 

step, the CIR samples are ordered according to the path arri-

val sequence, and the same feature extraction procedure is 

applied to all LOS and NLOS samples. Based on the pro-

cessed CIR data, the total CIR power, the amplitudes of the 

first three resolvable propagation paths, and the noise stand-

ard deviation are extracted as representative features for 

LOS/NLOS classification, which are described in detail as 

follows: 

1. Total CIR power: 

This feature reflects the total energy of the signal in the 

propagation process, indicating the overall strength of the 

signal through multipath propagation. In the case of LOS, 

the signal energy is concentrated in the first path, and the 

power value is large. However, in the case of NLOS, due to 

the multi-path propagation, the total power of the signal may 

be dispersed by the reflected signals of multiple paths, so the 

total power may be dispersed. The calculation formula is 

given as follows: 

 2

total

1

| |
M

m

m

P h


  (19) 

where hm represents the signal amplitude of the m-th path, 

and M is the total number of paths. 

2. Amplitude of the first path: 

For LOS signals [22], the amplitude of the first path is 

usually the largest, because the signal propagation path is the 

shortest and the energy loss is the least. However, in NLOS 

signals, the amplitude of the first path may be relatively 

small due to the multipath effect, and there may be multiple 

reflected paths with similar amplitudes to the first path. The 

calculation formula is as follows: 

 
1 1A h  (20) 

where h1 is the amplitude of the first path in CIR. 

3. Amplitude of the second path: 

In NLOS propagation, the signal transmission in the 
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process of reflection or block, the amplitude of the second 

path is larger, usually indicates that signal reflection path 

compared with the direct path also played an important role. 

For LOS signals, the amplitude of the second path is usually 

small or even zero. The calculation formula is as follows: 

 
2 2A h  (21) 

where h2 is the amplitude of the second path in CIR. 

4. Amplitude of the third path: 

In complex NLOS environments, the amplitudes of the 

third path and higher paths are larger, especially in scenes 

with many reflecting surfaces. These paths may be larger 

than the amplitudes of the first path, reflecting the multipath 

characteristics of the environment. Calculation formula as 

shown in (22): 

 
3 3A h  (22) 

where h3 is the amplitude of the third path in CIR. 

5. Standard deviation of noise: 

NLOS signals are usually accompanied by higher noise 

because the multipath effect introduces more signal interfer-

ence, resulting in a lower SNR. By calculating the standard 

deviation of noise, it can be further determined whether the 

signal is affected by shade or reflection, and indirectly de-

termine whether it is the NLOS signal. The calculation for-

mula is shown in (23): 

 2

1

1
( )

N

n i

i

h h
N




   (23) 

where ℎ̄ is the mean of the amplitudes of all paths in CIR. 

By analyzing the above features, LOS and NLOS 

signals can be distinguished according to the following 

criteria: 

(1) When the amplitude of the first arriving path is 

greater than the second and subsequent amplitude, and total 

power is focusing on the first path signal and shorter delay 

time of arrival, you can say the signals for LOS. 

(2) When the amplitude of the path of the second, third, 

and so on multiple paths increases obviously, and the signal 

arrival time delay increased significantly, it can be thought 

of as the signal for the NLOS signal. At this time, the noise 

level is also high, and the interference of the signal is large. 

3.2 XGBoost Model Training 

Since the CIR descriptors used in this study are struc-

tured and low-dimensional statistical features rather than 

high-dimensional raw signals, a tree-boosting framework is 

adopted to model their nonlinear interactions. XGBoost is 

well suited to this setting because it can effectively capture 

the coupled effects among path amplitudes, total power, and 

noise statistics, while maintaining good generalization abil-

ity on a moderate-sized dataset through regularization and 

additive boosting. In comparison with kernel-based classifi-

ers, bagging-based tree models, and neural-network archi-

tectures, this framework provides a more suitable balance 

between discrimination capability, robustness, and compu-

tational efficiency for the CIR-based LOS/NLOS identifica-

tion task. 

The XGBoost classifier is implemented in a supervised 

binary classification setting, the model is configured with a 

maximum tree depth of 12, a learning rate of 0.1, and 500 

estimators. The classifier is trained using the CIR-based fea-

ture vectors extracted from the measured signals, and the 

boosting procedure is performed iteratively to construct the 

final decision model. 

For each ranging observation, the UWB receiver out-

puts the corresponding CIR measurement together with the 

measured signal information. In this study, the CIR data 

used for model development are obtained directly from the 

measured UWB signals. During the offline processing stage, 

the CIR measurements are organized and used to calculate 

the total CIR power, extract the amplitudes of the first three 

propagation paths, and compute the noise standard devia-

tion, thereby forming the CIR-based feature vectors for clas-

sifier training and testing. During online deployment, the 

same feature extraction procedure is applied to the incoming 

CIR measurements, and the extracted features are then fed 

into the trained XGBoost classifier for LOS/NLOS identifi-

cation. 

Figure 3 illustrates the structure of the XGBoost-based 

NLOS recognition model. The workflow begins with data 

acquisition, where the required CIR signals are collected. 

Relevant features are then extracted from the CIR, including 

the total CIR power, the amplitudes of the first, second, and 

third paths, and the noise standard deviation. These features 

are subsequently used as input to the XGBoost classifier. 

During the training process, XGBoost incrementally 

constructs an ensemble of classification trees by succes-

sively adding new trees to optimize the loss function and en-

hance the classification performance. Each tree is split ac-

cording to the information gain of its nodes, and samples 

reaching the leaf nodes are assigned corresponding weights 

[23]. The contribution of each feature to the classification 

result is reflected by the learned tree structure and leaf 

weights. After multiple training iterations and tree expan-

sions, the model learns decision rules that effectively distin-

guish between LOS and NLOS propagation conditions, 

thereby completing the NLOS recognition task. 

 

Fig. 3. NLOS recognition process based on XGBoost algorithm. 

CIR data

Channel 

impulseresponse 

power

First path 

amplitude

Second path 

amplitude

Third path 

amplitude

Noise 

standarddeviation

Extracted features
Create the 

number of 

targets

Increase 

weights

Is it an NLOS 

signal



238 X. YAO, Z. XU, G. LIU, UWB INDOOR LOCALIZATION BASED ON XGBOOST NLOS IDENTIFICATION … 

 

Step by step in the process of model training, XGBoost 

generates more classification tree, each generated a tree, the 

model will learn a new objective function, makes the final 

prediction results more close to the real value. 

3.3 Positioning Algorithm Based on Residual 

Weighting 

After the classification of LOS/NLOS signals based on 

XGBoost algorithm, the corresponding localization algo-

rithm was selected for different signal types. For LOS signal, 

using the traditional method of TOA calculation; for NLOS 

signals, the residual weighted localization algorithm is used. 

The algorithm reduces the influence of NLOS signal on po-

sitioning results by weighting. Firstly, the residual error of 

each base station was calculated to evaluate its influence on 

the positioning results. Secondly according to the size of re-

sidual distribution of weight. Finally, the weighted least 

square method is used to optimize the positioning results. By 

giving LOS base station bigger weight and NLOS base sta-

tions smaller weight, the algorithm effectively reduces the 

influence of NLOS error to the final positioning result. 

Weighted residuals positioning algorithm based on NLOS 

identification process is shown in Fig. 4. 

For a target location (x, y) and multiple base stations 

(xi, yi), the difference between the distance measured by each 

base station di and the theoretically calculated distance di’ is 

called the residual ri, which represents the measurement 

error. Namely: 

 
i i ir d d    (24) 

where 2 2  ( ) ( )i i id x x y y    . 

In order to reduce the influence of NLOS signal on the 

positioning results, the residual error ri of the base station is 

used to dynamically adjust the weight wi of each base sta-

tion. The weighting function is as follows: 
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where λ is to control the error of the influence of weight 

factor. The larger the residual, the greater the base station’s 

measurement error, and the smaller the corresponding 

weight. 

After the weights are calculated, the weighted least 

squares method is used to optimize the target position (x, y). 

Optimization goal is to minimize the sum of squares of the 

weighted residuals, formula is as follows: 

  
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min ( ) ( ) .
n

i i i i
x y i
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Among them, n is the number of base stations. This process 

is optimized by an iterative method. In each iteration, the 

new target position estimate is used to update the residual ri, 

thereby updating the weight wi of each base station. In each 

iteration, the sum of squares of the weighted residuals was  

 

Fig. 4. Weighted residuals positioning algorithm based on 

NLOS identification process. 

gradually reduced, and finally converged to the optimal so-

lution, which was the final estimate of the target position. In 

order to avoid over-reliance on the weights of some base sta-

tions, it is usually necessary to normalize the weights of all 

base stations to ensure that the sum of the weights is 1. The 

normalized weights are calculated using the following for-

mula: 
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This normalization enables the weights of all base sta-

tions to be compared on the same scale, thus avoiding the 

influence of some base stations on the positioning results. 

The final optimization objective function becomes: 
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Through normalization, the residual weighted 

localization algorithm can use the measurement results of 

each base station more fairly, so as to improve the accuracy 

of the final localization results. 

To clearly illustrate the workflow of the proposed 

method, the pseudocode is given in Algorithm 1. 
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Algorithm 1. Pseudocode of the proposed UWB localization framework 

Input: 

UWB raw signal measurements (CIR data) 

Pre-trained XGBoost model for NLOS classification 

Base station locations 

Dynamic movement data (coordinates, velocities) 

Output: 

Estimated position of the mobile tag 

1: Initialize position estimate (x, y) = (0, 0) 

2: Initialize Kalman filter parameters (state, covariance matrix) 

3: for each UWB signal measurement do 

4:     Extract CIR features (total impulse response power, path 

amplitudes, noise standard deviation) 

5:     Use the pre-trained XGBoost model to query NLOS conditions 

6:     if (NLOS detected) then 

7:         Apply residual- WLS to correct the ranging bias 

8:     else 

9:         Use raw UWB measurements for localization 

10:    end if 

11:    Input corrected or raw measurements into Kalman filter 

12:    Update position estimate based on Kalman filter 

13:    if (Position estimate stable) then 

14:        Exit loop // When position stabilizes, exit 

15:    end if 

16: end for 

17: Output final position estimate from Kalman filter 

End Algorithm 

4. Fusion Localization Algorithm 

Firstly, the weight of DS-TWR correction value was 

determined. For each location BS, the known LOS/NLOS 

data set can be used to calculate the LOS and NLOS proba-

bility density function of the BS, and then the weight of the 

BS can be determined according to the ratio of the probabil-

ity density function. For the base station identified as 

a NLOS base station, the corrected DS-TWR value can be 

used as the ranging value of the base station. Finally, the es-

timated position of the mobile tag is obtained by using the 

weighted least square method. 

Then, the estimated value is optimized to obtain a more 

accurate positioning result. Specifically, in the KF algo-

rithm, the DS-TWR measurement value is taken as the ob-

servation value, and the coordinates of the moving target are 

taken as the state variable. The state transition matrix and the 

observation matrix are used to predict and update the state, 

so as to obtain the optimal estimate value of the moving tar-

get. In this way, the DS-TWR localization algorithm under 

NLOS can be realized, and more accurate localization result 

can be obtained [24], [25]. 

4.1 Weighted Least Squares Method 

The estimated value of DS-TWR ranging time in LOS 

environment can be expressed as: 

 /t̂ d c n    (29) 

where nτ is the additive Gaussian white noise of the time 

measurement, d denotes the true distance between the base 

station and the mobile tag, c represents the speed of light in 

vacuum. 

At a given distance d and t̂ the corresponding probabil-

ity density function is: 
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where τ is standard deviation of DS-TWR measurement 

noise. 

In the NLOS environment, the estimated value of DS-

TWR ranging time is positively biased with high probability, 

which can be expressed as: 

 /t̂ d c n b      (31) 

where bτ is NLOS error. 

Then the probability density function in the NLOS 

environment is: 
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When Ji(t,d) = ft(t/d,LOS) / ft(t/d,NLOS) then the 

weight wi of the coordinate of the i-th base station is 

calculated by 
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where k1 ＜ k2 ＜ k3, k1 and k3 are the weights of DS-TWR 

ranging time values in NLOS environment and LOS envi-

ronment, respectively. 

According to the distance relationship between the 

mobile tag and the base station, Equation (34) is established: 

    
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By processing (34), the following can be obtained. 
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where Xi,1 = Xi – X1, Yi,1 = Yi – Y1, Ki = Xi
2 +Yi

2. 

The position estimate of the moving tag can be 

obtained by using the weighted least squares method: 
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4.2 Kalman Filter Algorithm 

In localization tasks, the distance between the mobile 

tag and the base station can be used to estimate the position. 

Specifically, by measuring the distance between the mobile 

tag and the base station, a set of equations is generated, 

which can be solved using the nonlinear least squares 

method to obtain the coordinates of the mobile tag. How-

ever, in practical applications, measurement errors and envi-

ronmental interference can lead to deviations in the position-

ing results. These deviations are commonly modeled as 

noise, which is assumed to be independent and uncorrelated 

with zero mean. 

To address the uncertainties in the localization process, 

we combine the KF with NLOS identification techniques. 

This approach updates each measurement in real-time, 

thereby improving positioning accuracy and enhancing sys-

tem robustness. The iterative process of the KF is discussed 

in detail in reference [7]. 

5. Experimental Results and Analysis 

5.1 Analysis of NLOS Identification 

Experiments 

To evaluate the effectiveness of XGBoost in NLOS 

identification, UWB devices manufactured by Haoru Tech-

nology Co., Ltd. were used to collect CIR data for model 

training and testing. The devices are equipped with a high-

resolution time-of-flight (TOF) measurement system, and 

support multiple frequency bands ranging from 3.5 GHz to 

6.5 GHz and offers three different transmission rates: 

110 kbps, 850 kbps, and 6.8 Mbps, which can be adjusted 

according to user needs.  

To achieve accurate localization, the base station uses 

the TOA positioning method, which is suitable for indoor 

localization tasks. The localization base station equipment 

used in the experiment is shown in Fig. 5(left). The tag de-

vice used in the experiment is shown in Fig. 5(right). During 

testing, the pedestrian wears the tag on their wrist, and the 

tag interacts with the localization base station through wire-

less communication to collect positioning data, which is then 

processed for coordinate calculation on the backend server. 

In the experiments, for XGBoost-based LOS/NLOS 

classification, a labeled dataset was constructed using the 

 

Fig. 5. Experimental data collection setup: UWB localization 

base station (left) and TOA positioning tag (right). 
 

Parameter Value/Setting 

Number of anchor 

stations 
4 

Anchor locations (0, 0.75), (0, 5), (6, 0.75), (6, 5) 

Distance 
3 meters (static experiment), tag moves in 

dynamic experiment 

Scenario lettings 
Static environment (with occlusion), dynamic 

environment (no occlusion) 

Sampling rate 100 Hz 

Tab.1. Experimental parameters table. 
 

Parameter Value/Setting 

Classification task Binary classification (LOS/NLOS) 

Dataset size 6,200 samples 

Class distribution 3,100 LOS / 3,100 NLOS 

Train/Test dplit 70% / 30% 

CIR features 

Total CIR power; first-path amplitude; second-

path amplitude; third-path amplitude; noise 

standard deviation 

Objective function binary:logistic 

Evaluation metric logloss 

Maximum tree 

depth 
12 

Learning rate 0.1 

Number of 

estimators 
500 

Subsample 0.8 

colsample_bytree 0.8 

min_child_weight 1 

gamma 0 

reg_alpha 0 

reg_lambda 1 

Random seed 42 

Early stopping Not used 

Training mode Offline 

Inference mode Online 

Tab. 2. XGBoost model settings. 

UWB experimental platform under both static occlusion sce-

narios and dynamic indoor scenarios. During data acquisi-

tion, the UWB tag communicated with the base stations, and 

the corresponding ranging measurements were recorded to 

extract CIR-based features for classification. The final da-

taset contained 6,200 samples, including 3,100 LOS samples 

and 3,100 NLOS samples. All samples were randomly di-

vided into a training set (70%) and a test set (30%). The ex-

perimental parameters are summarized in Tab. 1. 

The data processing pipeline and the XGBoost training 

configuration are summarized as follows. In this work, both 

the offline training stage and the online processing stage 

were conducted in MATLAB. For each sample, five CIR-

derived features were extracted, namely the total CIR power, 

the amplitudes of the first three propagation paths, and the 
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noise standard deviation. The XGBoost classifier was imple-

mented with the objective function set to binary:logistic and 

the evaluation metric set to logloss. During the offline stage, 

the CIR features were extracted and used to train the 

XGBoost classifier, whereas during online deployment the 

same feature extraction procedure was applied to incoming 

CIR measurements and the pre-trained model was used for 

LOS/NLOS identification. For NLOS signals, residual-WLS 

was employed to reduce the ranging bias, and the corrected 

measurements were then fed into the KF for position estima-

tion. The main XGBoost model settings are listed in Tab. 2. 

Figure 6 shows the convergence behavior of different 

classification models during the training process. After 200 

iterations, the final loss value of the SVM model was 

0.036063, while the CNN model achieved a final loss value 

of 0.027063. In contrast, the XGBoost model converged 

more rapidly and reached a significantly lower loss value of 

0.0120979 under the same number of iterations. These re-

sults indicate that the XGBoost model exhibits faster con-

vergence and better optimization performance compared 

with the other models. 

As shown in Tab. 3, XGBoost achieves the highest ac-

curacy, recall, and F1-score among all evaluated methods. 

Specifically, the XGBoost model improves the classification 

accuracy by 7.1% and 4.8% compared with SVM and KNN, 

respectively. The experimental results demonstrate that 

XGBoost can effectively extract discriminative features 

from CIR signals and exhibits superior recognition accuracy 

and generalization capability in NLOS identification tasks. 

5.2 Localization Experiment Analysis 

The UWB bracelet tag and the UWB base station were 

vertically placed in a LOS environment. The base station 

was installed at a height of 4.5 m above the ground, and the 

ground-truth distance between the bracelet tag and the base 

station was 3 m. The average ranging error and maximum 

ranging error of different algorithms were calculated, as 

shown in Fig 7. 

Figure 7 shows that, after applying the data correction 

described in (13), the average ranging errors of the raw 

UWB measurements, KF, weighted least squares, and the 

proposed method under LOS conditions are 0.15 m, 

0.135 m, 0.117 m, and 0.092 m, respectively. The corre-

sponding maximum ranging errors are 0.33 m, 0.25 m, 

0.23 m, and 0.20 m, respectively. These results indicate that 

the proposed method achieves the lowest average and max-

imum ranging errors among the evaluated algorithms under 

LOS conditions. 

The NLOS scenario was generated by introducing hu-

man-body and wooden-board occlusions at a distance of 

0.50 m from the bracelet tag, with each occlusion lasting 

30 s, as shown in Fig. 8. During the experiment, a total of 

1,000 ranging samples were collected. The distance distri-

butions obtained from the ground-truth distance, raw UWB 

measurements, weighted least squares, KF, and the proposed 

method are illustrated in Fig. 9. Figure 9 (left) shows that 

different types of occlusions impose varying impacts on 

 

Fig. 6. Different iterative process model diagram. 
 

Algorithm Accuracy (%) Recall (%) F1-score (%) 

SVM 85.2 82.1 83.6 

KNN 87.5 84.3 85.9 

XGBoost 92.3 90.1 91.2 

Tab. 3. Comparison of experimental results for different 

models. 

 

Fig. 7. Comparison of errors of various algorithms in LOS 

environment. 

 

Fig. 8. Experimental scene diagram. 
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Fig. 9. Error comparison of each algorithm in NLOS static experiment. 

UWB ranging performance. The corresponding error statis-

tics after sorting and comparison are presented in 

Fig. 9 (right). Under human-body occlusion, the average 

ranging errors of the raw UWB measurements, KF, weighted 

least squares, and the proposed method are 0.54 m, 0.52 m, 

0.42 m, and 0.25 m, respectively, while the maximum rang-

ing errors are 0.68 m, 0.67 m, 0.50 m, and 0.31 m, respec-

tively. 

When the UWB signal is blocked by a wooden board, 

the average ranging errors of the raw UWB measurements, 

KF, weighted least squares, and the proposed method are 

0.36 m, 0.324 m, 0.245 m, and 0.19 m, respectively, and the 

corresponding maximum errors are 0.45 m, 0.40 m, 0.37 m, 

and 0.22 m, respectively. Overall, the proposed method ex-

hibits superior NLOS error suppression capability. Com-

pared with raw UWB measurements, KF, and weighted least 

squares methods, the proposed approach improves ranging 

accuracy under human-body occlusion by 53.7%, 51.92%, 

and 40.48%, respectively. In the wooden-board occlusion 

scenario, the ranging accuracy improvements reach 47.22%, 

41.36%, and 22.45%, respectively. To clearly present the re-

sults of the static experiments, the corresponding error sta-

tistics are summarized in Tab. 4. 

To further analyze the reliability of the experimental 

results, we calculated the 95% confidence intervals for the 

localization errors of each method. In the static experiment, 

the XGBoost framework had an average localization error of 

0.092 meters under human-body occlusion, with a 95% con-

fidence interval of [0.085 m, 0.100 m], while the traditional 
 

Algorithm 
Mean 

error (m) 

Maximum 

error (m) 

RMSE 

(m) 

Percentage 

improvement (%) 

UWB 0.15 0.33 0.23 - 

KF 0.135 0.25 0.19 10.0 

WLS 0.117 0.23 0.18 21.3 

Proposed 

algorithm 
0.092 0.20 0.15 53.7 

Tab. 4. Static experiment results. 

UWB localization method had an error of 0.15 meters, with 

a 95% confidence interval of [0.14 m, 0.16 m]. Additionally, 

we performed an independent samples t-test, and the results 

showed that the difference in localization accuracy between 

the XGBoost framework and the traditional method is statis-

tically significant (p-value < 0.05), indicating that the pro-

posed method has an advantage in improving localization 

accuracy. 

To evaluate the robustness and stability of the proposed 

localization algorithm, dynamic experiments were con-

ducted using UWB equipment in a typical indoor environ-

ment. The experimental site was a university conference 

room, as shown in Fig. 10 (left). The room contained a con-

ference table, multiple chairs, bookcases, and a glass wall, 

which introduced severe multipath propagation and NLOS 

interference, thereby representing a complex indoor envi-

ronment. 

A rectangular area of 5 m × 4 m was defined as the ex-

perimental region, with corner coordinates at (0.5, 0.5), (0.5, 

4.5), (5.5, 0.5), and (5.5, 4.5). During the experiment, the 

UWB tag was worn at the waist at a height of 0.8 m, and its 

initial position was set to (0.5, 0.5). The tag moved in the 

two-dimensional x–y plane with a constant horizontal and 

vertical velocity of 0.1 m/s. The schematic diagram of the 

experimental setup is shown in Fig. 10 (right). Four UWB 

base stations were deployed around the experimental area, 

with coordinates at (0, 0.75), (0, 5), (6, 0.75), and (6, 5), re-

spectively. 

Figure 11 (left) shows the trajectories obtained using 

the ground-truth path, raw UWB measurements, weighted 

least squares, KF, and the proposed method under NLOS 

conditions. All methods are capable of recovering the mo-

tion trajectory of the mobile target. However, compared with 

raw UWB measurements, weighted least squares, and KF, 

the proposed method produces a trajectory with reduced de-

viation from the ground-truth path. Moreover, the overall 

trajectory more closely follows the real path, and the trajec-

tory at corner regions is smoother. 
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Fig. 10. Experimental scene diagram (left) and experimental diagram (right). 

 

Fig. 11. Trajectories of different methods (left) and distance error distributions of different methods (right) in NLOS dynamic scenarios. 

As the laboratory represents a typical complex and un-

structured indoor environment, Figure 11 (right) shows that 

raw UWB measurements, weighted least squares, and KF 

suffer from degraded positioning performance and large tra-

jectory fluctuations. The maximum positioning errors of 

these methods reach 1.2 m, 0.9 m, and 1.0 m, respectively. 

The corresponding average positioning errors are 0.44 m, 

0.38 m, and 0.31 m, which are insufficient to satisfy the ac-

curacy requirements of practical indoor localization scenarios. 

In contrast, the trajectory generated by the proposed 

method more closely follows the ground-truth path. Large 

positioning fluctuations mainly occur at corner regions and 

near the leftmost solid wall, where signal propagation is se-

verely obstructed by surrounding furniture and obstacles. 

Nevertheless, the distance error distribution of the proposed 

method remains relatively stable, with an average position-

ing error of 0.27 m. Compared with raw UWB measure-

ments, KF, and weighted least squares, the proposed method 

improves positioning accuracy by 38.64%, 28.95%, and 

12.9%, respectively. 

To evaluate the positioning performance, the cumula-

tive distribution function (CDF) and root mean square error 

(RMSE) of the dynamic positioning error were calculated, 

and the corresponding results are shown in Fig. 12. The CDF 

curves indicate that 80% of the positioning errors obtained 

using raw UWB measurements, KF, and weighted least 

squares are below 0.40 m, 0.35 m, and 0.28 m, respectively, 

whereas the proposed method achieves an error below 

0.25 m for 80% of the positioning points. For a broader com-

parison across conventional and learning-based methods, 

SVM and KNN were additionally included in the evaluation. 

As summarized in Tab. 5, the proposed method yields the 

lowest mean error, maximum error, and RMSE among all 

the compared approaches. These results indicate that the 

proposed framework not only improves dynamic localiza-

tion accuracy over conventional model-based methods, but 

also exhibits better overall positioning performance than the 

additional machine-learning-based comparison methods.  
 

Algorithm 
Mean 

error (m) 

Maximum 

error (m) 

RMSE 

(m) 

Percentage 

improvement 

(%) 

UWB 0.44 1.2 0.68 - 

KF 0.38 0.9 0.61 13.64 

WLS 0.31 1.0 0.55 29.55 

SVM 0.30 0.9 0.52 31.82 

KNN 0.29 0.7 0.49 34.09 

Proposed 

algorithm 
0.27 0.5 0.43 38.64 

Tab.5. Dynamic experiment results. 
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Fig. 12. CDF diagram of different algorithms (left) and RMSE diagram of different algorithms (right). 

This performance advantage is mainly attributable to 

the joint effect of NLOS identification, residual-weighted lo-

calization, and KF-based temporal filtering. Specifically, the 

XGBoost-based classifier first distinguishes measurements 

affected by unfavorable propagation conditions, which re-

duces the direct influence of severely biased NLOS ranging 

results on position estimation. On this basis, the residual-

weighted localization strategy assigns smaller contributions 

to measurements with larger residuals, thereby suppressing 

the impact of unreliable anchors in the localization solution. 

Furthermore, the KF-based update smooths the dynamic tra-

jectory and mitigates instantaneous fluctuations caused by 

measurement noise. As a result, the proposed framework im-

proves not only localization accuracy, but also the robust-

ness and stability of dynamic indoor positioning. 

To further analyze the reliability of the experimental 

results, we calculated the 95% confidence intervals for the 

localization errors of each method. In the dynamic experi-

ment, where the UWB tag was moving in a typical indoor 

environment, the XGBoost framework had an average local-

ization error of 0.27 meters, with a 95% confidence interval 

of [0.25 m, 0.29 m], while the traditional UWB localization 

method had an error of 0.44 meters, with a 95% confidence 

interval of [0.42 m, 0.46 m]. Additionally, we performed an 

independent samples t-test, and the results showed that the 

difference in localization accuracy between the XGBoost 

framework and the traditional method is statistically signifi-

cant (p-value < 0.05), indicating that the proposed method 

provides a significant improvement in localization accuracy 

in dynamic scenarios. 

In addition to localization accuracy, the practical ap-

plicability of the proposed framework also depends on its 

computational efficiency and real-time feasibility. For this 

reason, the online processing chain is further analyzed in 

a stage-wise manner. During online operation, the frame-

work mainly consists of four steps: CIR feature extraction, 

XGBoost-based LOS/NLOS inference, residual-weighted 

WLS localization, and KF-based state update. The training 

stage of XGBoost is completed offline, whereas only the 

trained classifier is used during online deployment. Let T 

and D denote the number of trees and the maximum tree 

depth, respectively. Then, the inference complexity of the 

XGBoost classifier can be expressed as (TD) per sample, 

since each sample is evaluated through a sequence of tree 

traversals. In the feature processing stage, only five scalar 

CIR descriptors are used, namely the total CIR power, the 

amplitudes of the first three propagation paths, and the noise 

standard deviation, so the preprocessing burden remains 

low. For the localization stage, the number of anchors is 

fixed to four in this study, and the KF operates on a low-

dimensional state vector. Therefore, both the residual-

weighted WLS solver and the KF update are carried out on 

small matrices, resulting in limited online computational 

overhead. Moreover, the experimental system operates at 

a sampling rate of 100 Hz, corresponding to a nominal up-

date period of 10 ms. Since coordinate calculation is exe-

cuted on the backend server, the proposed framework is or-

ganized such that computationally intensive model training 

is completed offline, while the online stage is restricted to 

lightweight feature extraction, tree traversal, weighted local-

ization, and state update. This implementation structure is 

therefore compatible with real-time server-side deployment. 

6. Conclusion 

This paper presented a robust UWB indoor localization 

framework for complex environments by jointly integrating 

DS-TWR ranging, machine learning-based NLOS identifi-

cation, residual-weighted localization, and KF-based fusion. 

By explicitly identifying NLOS propagation using 

an XGBoost classifier and adaptively mitigating its impact 

at both the ranging and positioning stages, the proposed 

framework significantly improves localization accuracy and 

robustness under severe NLOS conditions. 

Extensive static and dynamic experiments were con-

ducted under human-body and obstacle occlusion scenarios 

to validate the effectiveness of the proposed approach. Ex-

perimental results demonstrate that the proposed method 

consistently outperforms conventional UWB localization, 

KF, and weighted least squares methods in terms of both 

ranging and positioning accuracy. In static NLOS scenarios, 
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the ranging accuracy is improved by up to 53.7% under hu-

man-body occlusion and 47.22% under wooden-board oc-

clusion. In dynamic indoor environments, the proposed 

framework achieves positioning accuracy improvements of 

38.64%, 28.95%, and 12.9% compared with conventional 

UWB localization, KF, and weighted least squares methods, 

respectively. 

These results indicate that the proposed framework is 

robust against NLOS-induced errors and is well suited for 

practical UWB indoor localization in complex environ-

ments. However, its effectiveness still depends on the size 

and diversity of the training dataset, the geometry of anchor 

placement, and the consistency between the deployment en-

vironment and the training scenarios. When the environment 

becomes substantially larger or more complex in terms of 

layout, obstacle distribution, and propagation conditions, the 

CIR feature distribution may change, which can degrade the 

performance of the trained model. In such cases, additional 

calibration or retraining may be required to maintain reliable 

performance. Future work will therefore focus on improving 

the robustness and generalization capability of the proposed 

framework under larger datasets, different anchor configu-

rations, and more diverse indoor environments. 
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