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Abstract 
In indoor mobile robot localization systems based on ultra-wideband (UWB) technology, 
nonlinear noise caused by non-line-of-sight (NLOS) environments severely limits po-
sitioning performance. We propose a gated recurrent unit(GRU) network-based ranging 
error mitigation method to enhance mobile robot localization in nonlinear noise scen-
arios. The model is optimized with early stopping, and t-he corrected ranging are applied 
to least squares localiza-tion. The experimental results show that: the proposed lo-
calization model reduces the mean absolute error (MAE) by at least 29.12% and the root 
mean square error (RMSE) by at least 32.3% compared to the error mitigation method 
based on the long short-term memory (LSTM) network, and the localization accuracy is 
significantly imp-roved. 
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1. Introduction 

With the advent of the automation era, robotics is rapidly developing. Mobile robots are widely used 
in hazardous exploration[1], cargo handling [2], and industrial inspection [3], etc. Accurate and robust 
localization is a prerequisite for mobile robots to achieve na-vigation and path planning and is one of 
the research hotspots in the field of robotics [4].Although mature satellite localization systems such 
as the global localization system (GPS) and the beidou navigation satellite system (BDS) are widely 
used in outdoor environments, indoor obstructions like walls weaken their signals and lead to 
unreliable robot localiza-tion. Therefore, the issue of high-precision indoor localization for robots 
still needs further resolution. Many researchers have proposed indoor localization technologies such 
as UWB, ultrasound, infrared, Bluetooth, ZigBee, radio frequency id-entification (RFID), and wi-fi 
to meet high-precision indoor localization demands[5]. However, these traditional methods ar-e prone 
to environmental interference and limited in accu-racy. Recently, UWB has shown potential for high-
precision indoor localization due to its high spatiotemporal resolution, lo-w power consumption, and 
strong penetration[6]. However,the indoor NLOS effect makes it difficult or even impossible to 
localize the U-WB localization system in nonlinear noise [7]. Therefore, effective error mitigation is 
crucial to improving UWB localization accurac-y. 

Currently, many researchers have proposed methods to address reduced localization ac-curacy in 
NLOS environments. These methods fall into categories such as regression, wei-ghting, filtering, and 
neural networks[8]. Yang X [9] introduced an improved sparse pseud-oinput gaussian process by 
modeling ranging error as a gaussian regression model, which offers low computational complexity 
and effective error mitigation. The weighted localizati-on method uses all available measurements 
and assigns weighting factors to residuals base-d on measurement characteristics to reduce NLOS 



International Core Journal of Engineering Volume 10 Issue 10, 2024
ISSN: 2414-1895 DOI: 10.6919/ICJE.202410_10(10).0004

 

34 

error impact. Wei J et al. [10] applied a minimum residual weighting method to recalibrate Chan 
algorithm localization estimates andused this as the initial value for Newton's method to enhance 
accuracy. Zhang Y et al. [11] proposed using higher powers of residuals as weighting functions to 
further improve localization accuracy. While weighting algorithms improve localization performance, 
they depend heavily on a priori information and optimal weight selection is challenging. Resear- chers 
have therefore turned to innovative filtering algorithms to effectively mitigate NLOS error and 
enhance localizationing accuracy in UWB systems. Liu Y R et al. [12] proposed an improved particle 
filtering localization algorithm that uses the Kalman filter to constr-uct an importance probability 
density function, addressing particle degradation and aligning particle distribution with the posterior 
probability distribution. This algorithm improves loc-alization accuracy in both LOS and NLOS 
environments but struggles with frequently cha-nging measurement noise. To address this, Gao Y et 
al. [13] proposed a volumetric Kalm-an filter parameter adaptive localizationing algorithm, which 
uses the sigmoid function to update theobservation noise matrix in real-time, enhancing system 
stability and localization-ing accuracy through dynamic trajectory correction in NLOS environments. 
In recent years, deep learning has been applied to the UWB localizationing field due to its powerful 
feat-ure extraction capabilities, nonlinear modeling capabilities, and ability to handle largescale 
data.Poulose A et al.[14]used two LSTM networks to predict tag localizations using time of 
arrival(TOA) ranging information and analyzed the performance of the LSTM model in terms of 
learning rate, optimizer, loss function and batch size. The results show that t-his method has higher 
localizationing accuracy compared to traditional localizationing methods. Differently, Han D S et al. 
[15] further improved the feature extraction capability of the LSTM network by extracting the 
maximum, minimum, 25th, 50th, and 75th percentiles of the ranging data from the raw time of arrive 
(TOA) ranging information and inputting them into deep long short-term memory (DLSTM) 
networks to predict tag localizations, ultimately achieving an average localizationing error of 5 cm. 
To optimize the ranging, res-earchers have mitigated ranging errors by inputting extracted 
characteristics of the original channel impulse response (CIR) signals into (deep neural networks) 
DNN[16], (convolutio-nal neural network) CNN and LSTM[17], which improves localizationing 
performance but also comes with high computational comple-xity. Li C et al.[18]proposed directly 
inputting ranging into the LSTM network for ranging error mitigation, and the final results show t-
hat the proposed method can effectively improve localizationing accuracy. The aforementio-ned deep 
neural network-based UWB localization algorithms outperform traditional methods without prior 
knowledge but incur high computational costs due to model complexity. 

In summary, most UWB-based NLOS mitigation methods, like gaussian regression m-odels [9] and 
weighted localization algorithms [10][11], depend on known statistical error properties and struggle 
with strong nonlinearities. Deep learning approaches using CIR sig-nal characteristics [16][17] face 
high model complexity. Therefore, this paper proposes a new least squares localization method using 
GRU-optimized ranging to enhance mobile rob-ot localization in strongly nonlinear noise 
environments. 

2. UWB-based Indoor Localization Model 

2.1 UWB Ranging Model 

The ADS-TWR scheme proposed in [19] is selected for indoor robot localization to reduce errors 
from clock and frequency drift compared to the basic DS-TWR scheme, focusing on antenna delay 
effects. The ranging protocol is illustrated in Figures 1 and 2, with the associated time of fly (TOF) 
expressions provided. 
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Fig. 1 DS-TWR ranging model 

 

Let the first round-trip time starting from the tag be:𝜏௥௢௨௡ௗ,௜ = 𝜏ସ − 𝜏ଵ = 2𝜏௜,௝ + 𝜏௥௘௣௟௬,௝. Similarly, 
on the anchor side: 𝜏௥௢௨௡ௗ,௝ = 𝜏଺ − 𝜏ଷ = 2𝜏௜,௝ + 𝜏௥௘௣௟௬,௜ .Here 𝜏௥௘௣௟௬,௜ and 𝜏௥௘௣௟௬,௝ are the reply 
times of the tag and the anchor, respectively. The flight time is then expressed as: 

 

𝜏௜,௝ =
𝜏௥௢௨௡ௗ,௜𝜏௥௢௨௡ௗ,௝ − 𝜏௥௘௣௟௬,௜𝜏௥௘௣௟௬,௝

𝜏௥௘௣௟௬,௝ + 𝜏௥௘௣௟௬,௝ + 𝜏௥௢௨௡ௗ,௜ + 𝜏௥௢௨௡ௗ,௜

(1) 
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Fig. 2 ADS-TWR ranging model considering antenna delay 

 

The above equations assume ideal conditions without additional hardware-induced antenna delays 
between the transmitter and receiver. Considering the antenna delays at bo- th the transmitter and 
receiver ends, we derive: 𝜏௥௢௨௡ௗ,௜ = 𝜏ସ − 𝜏ଵ = 2𝜏௜,௝ + 𝜏௥௘௣௟௬,௝ + 𝜏஺஽,௜,௝ , 𝜏௥௢௨௡ௗ,௝ = 𝜏଺ − 𝜏ଷ =

2𝜏௜,௝ + 𝜏௥௘௣௟௔௬,௜ + 𝜏஺஽,௜,௝ .The total antenna delay is given by: 𝜏஺஽,௜,௝ = 𝜏௧௫,௜ + 𝜏௥௫,௜ + 𝜏௧௫,௝ +

𝜏௥௫,௝.Therefore, the flight time is re-expressed as: 
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𝜏௜,௝൫𝜏஺஽,௜,௝൯ =
𝜏௥௢௨௡ ,௜𝜏௥௢௨௡ௗ,௝ − ൫𝜏௥௘௣௟௔௬,௜𝜏௥௘௣௟௬,௝൯𝜏஺஽,௜,௝ − 𝜏஺஽,௜,௝

ଶ

𝜏௥௘௣௟௬,௝ + 𝜏௥௘௣௟௬,௝ + 𝜏௥௢௨௡ௗ,௜ + 𝜏௥௢௨௡ௗ,௜ + 2𝜏஺஽,௜,௝

(2) 

Therefore, the ranging error model constructed in this paper is: 
𝑑௡ = 𝑑௠ − 𝑑௤ (3) 

Where 𝑑௤ is the euclidean distance between the base station and the robot localizationing tag,𝑑௡ is 
the ranging error, 𝑑௠ = 𝑐 × 𝜏௜,௝൫𝜏஺஽,௜,௝൯ is the measured distance, and 𝑐 is the s-peed of light. 

2.2 Least Squares Localization Method based on Optimized Ranging 

Using the above ranging error mitigation method, the distance from each base station to the robot tag, 
𝑑௣ , is obtained. The coordinates of the 𝑁  base stations are known as (𝑥ଵ, 𝑦ଵ) , 
(𝑥ଶ, 𝑦ଶ),…,(𝑥ே , 𝑦ே).The system of equations can be formulated as follows: 

 

ቐ
𝑑ଵ = ඥ(𝑥ଵ − 𝑥)ଶ + (𝑦ଵ − 𝑦)ଶ

⋮

𝑑ே = ඥ(𝑥ே − 𝑥)ଶ + (𝑦ே − 𝑦)ଶ

(4) 

 

where 𝑝 ∈ (1, 𝑁)and (𝑥, 𝑦) are the coordinates of the robot to be localized. The computation uses 
the least squares method, with the first 𝑁 − 1 quations subtracted from the 𝑁-th equation to obtain 
the linearized equation: 𝐴𝑋 = 𝑏, where: 

 

𝐴 = ൥
2(𝑥ଵ − 𝑥ே) 2(𝑦ଵ − 𝑦ே)

⋮ ⋮
2(𝑥ேିଵ − 𝑥ே) 2(𝑦ேିଵ − 𝑦ே)

൩ (5) 

 

𝑏 = ቎
𝑥ଵ

ଶ − 𝑥ே
ଶ + 𝑦ଵ

ଶ − 𝑦ே
ଶ + 𝑑ே

ଶ − 𝑑ଵ
ଶ

⋮
𝑥ேିଵ

ଶ − 𝑥ே
ଶ + 𝑦ேିଵ

ଶ − 𝑦ே
ଶ + 𝑑ே

ଶ − 𝑑ேିଵ
ଶ

቏ (6) 

 

Finally,by employing the least mean squares method,we derive the following solution: 

 

𝑋 = ቂ
𝑥
𝑦ቃ = (𝐴்𝐴)ିଵ𝐴்𝑏 (7) 

 

The optimized ranging are then applied to least squares localization to determine the robot's 
coordinates, achieving the optimal solution by minimizing the mean error between the actual and 
calculated coordinates. 

3. Error Mitigation Model based on GRU Network 

3.1 GRU Network Structure 

Due to the continuity and correlation of ranging errors over time in robot localization, the ranging 
optimization method in this paper is treated as a time series prediction probl-em. LSTM is superior 
for addressing gradient explosion and vanishing issues in RNNs w-hen learning long-term 
dependencies [20][21]. As a simplified version of LSTM, GRU offers higher efficiency in capturing 
long-term dependencies and reduces modeling complexity and computational cost. Thus, the GRU 
network model is chosen for optimizing ranging in the robot localization process. The internal 
structure of the neural network isshown in Fig. 3, with related expressions as follows. 
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Fig. 3 Basic GRU unit 

 

𝑧௧ = 𝜎(𝜔௭ ∙ [ℎ௧ିଵ, 𝑥௧]) (8) 

 

The role of the update gate 𝑧௧ is to determine to what extent the previous moment's robot ranging 
state ℎ௧ିଵ is introduced into the current moment's robot ranging state  ℎ௧. 

 

𝑟௧ = 𝜎(𝜔௥ ∙ [ℎ௧ିଵ, 𝑥௧]) (9) 

 

The role of the reset gate 𝑟௧ is to control the extent to which the previous moment's state of the robot 
ranging ℎ௧ିଵ affects the candidate  ℎ௧

෩  hiding state. 

 

             ℎ௧
෩ = ∅(𝜔௛෩ ∙ [𝑟௧ × ℎ௧ିଵ, 𝑥௧])             (10) 

 

The candidate hidden state ℎ௧
෩  is computed from the previous moment's robot ranging state 

𝑟௧ × ℎ௧ିଵ after reset and the current input 𝑥௧ . 

 

     ℎ௧ = (1 − 𝑧௧) × ℎ௧ିଵ + 𝑧௧ × ℎ௧
෩      (11) 

 

The final hidden state  ℎ௧ combines the previous moment's robot ranging state ℎ௧ିଵ and the current 
candidate hidden state ℎ௧

෩  , whose proportions are controlled by the update gate 𝑧௧. 

 

𝑦௧ = 𝜎(𝜔௢ ∙ ℎ௧) (12) 

 

Finally, output the robot ranging 𝑦௧ = [𝑑௤,ଵ, 𝑑௤,ଶ, 𝑑௤,ଷ, 𝑑௤,ସ, 𝑑௤,ହ, 𝑑௤,଺, 𝑑௤,଻, 𝑑௤,଼]. 

In Figure 3 and the above equations, 𝑥௧ = [𝑑௠,ଵ, 𝑑௠,ଶ, 𝑑௠,ଷ, 𝑑௠,ସ, 𝑑௠,ହ, 𝑑௠,଺, 𝑑௠,଻, 𝑑௠,଼], ℎ௧ିଵ, ℎ௧, 
𝑟௧ , 𝑧௧ , ℎ௧

෩ , 𝑦௧ = [𝑑௤,ଵ, 𝑑௤,ଶ, 𝑑௤,ଷ, 𝑑௤,ସ, 𝑑௤,ହ, 𝑑௤,଺, 𝑑௤,଻, 𝑑௤,଼] represent the input vector, the state 
memory variable at the previous time step, the state memory variable at the current time step, the 
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update gate state, the reset gate state, the state of the current candidate set, and the output vector at 
the current time step, respectively.𝜔௥ , 𝜔௭ , 𝜔௛෩ , 𝜔௢  are the weight parameters of the connection 
matrices corresponding to the reset gate, update gate, candidate state, and output vector, respectively. 
𝐼 represents the identity matrix,[ ] represents the concatenation of vectors, ∙ represents the matrix 
dot product, × represents matrix multiplication, 𝜎 denotes the sigmoid activation function,and ∅ 
represents the tanh activation function. The mathematical expressions for 𝜎 and ∅ are as follows: 

 

𝜎(𝑥) =
1

1 + 𝑒ି௫
(13) 

 

∅(𝑥) = tanh(𝑥) =
𝑒௫ − 𝑒ି௫

𝑒௫ + 𝑒ି௫
(14) 

 

The core modules of the GRU are the update gate and the reset gate. The concatena-ted matrix of the 
input variable 𝑥௧  and the previous state memory variable ℎ௧ିଵ undergo-es a 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 nonlinear 
transformation before being fed into the update gate,which determ-ines the extent to which the 
previous state influences the current state. The reset gate co-ntrol  the amount of information from 
the previous state that can be written into the can-didate set. The previous state's information is 
preserved through (𝐼 − 𝑧௧) × ℎ௧ିଵ, while the current state's information is recorded through 𝑧௧ × ℎ௧

෩ . 
The sum of these two components constitutes the output at the current time step. In indoor UWB-
based robot localization, obstacles cause the ranging error between the robot tag and base station to 
exhibit strong nonlinear and non-gaussian characteristics [22]. This paper employs a GRU recurrent 
neural network for ranging error mitigation. The GRU model is optimized using the Nadam optimizer 
and Huber loss function, with an early stopping function to prevent overfitting. The pseudo-code for 
the error mitigation algorithm is as follows. 

Algorithm 1:Ranging error mitigation model based on GRU 

Input: Training dataset 𝐷,testing dataset 𝐾, validation dataset 𝑉 

Output: Optimal weights 𝜔 

Initialize network weights 𝜔, learning rate 𝜂 and other parameters; 

Compile the model using the Nadam optimizer and Huber loss function, and apply early stopping 
for optimization; 

return optimal weights 𝜔 

3.2 Loss Function based on Early Stopping Function 

When training the GRU network, the gradient descent algorithm optimizes model per-formance by 
updating parameters to minimize the loss function. The Nadam optimizer, w-hich combines the 
advantages of Nesterov momentum and Adam[23], updates the model parameters as follows. 

 

 

𝑚௧ = 𝛽ଵ𝑚௧ିଵ + (1 − 𝛽ଵ)𝑔௧ (15) 

 

𝑣௧ = 𝛽ଶ𝑣௧ିଵ + (1 − 𝛽ଶ)𝑔௧
ଶ (16) 

 

𝑚ෝ௧ =
𝑚௧

1 − 𝛽ଵ
௧ (17) 
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𝑣ො௧ =
𝑣௧

1 − 𝛽ଶ
௧ (18) 

 

𝑛௧ = 𝛽ଵ𝑚ෝ௧ +
1 − 𝛽ଵ

1 − 𝛽ଵ
௧ (19) 

 

𝜃௧ାଵ = 𝜃௧ −
𝜂𝑛௧

ඥ𝑣ො௧ + 𝜖
(20) 

 

where,𝑔௧ is the gradient of the loss function with respect to the model p-arameters at time step 𝑡, 
𝑚௧and 𝑣௧are the first-order and second-order moment-um estimates, 𝛽ଵ and 𝛽ଶ are the first-order 
and second-order momentum decay coefficients, 𝑚ෝ௧ and 𝑣ො௧ are the bias corrected first-order and 
second-order mo-mentum estimates,respectively, 𝑛௧ is the Nest-erov gradient, 𝜂 is the learning ra-
te, 𝜖 is the constant used to ensure the numerical stabi-lity,and 𝜃௧ are the mod-el parameters.The 
Nesterov-accelerated adaptive moment estimation optimizer u-pdates the model parameters in such a 
way that it converges to the optimal s-olution faster than conventional optimization methods. 

To prrevent overfitting, an early stop function is introduced to monitor the loss on the validation set. 
The training loss 𝐿ଵ(𝑡)and the validation loss 𝐿ଶ(𝑡) are computed for each training cycle 𝑡: 

 

𝐻𝑢𝑏𝑒𝑟൫𝑑௤ , 𝑑௣൯ = ൞

1

2
൫𝑑௤ − 𝑑௣൯

ଶ
, ห𝑑௤ − 𝑑௣ห ≤ 𝛿

δ ∙ ห𝑑௤ − 𝑑௣ห −
1

2
𝛿ଶ, ห𝑑௤ − 𝑑௣ห > 𝛿

(21) 

 

𝐿ଵ(𝑡) =
1

𝑁
෍ 𝐻𝑢𝑏𝑒𝑟൫𝑑௤,௜, 𝑑௣,௜൯

ே

௜ୀଵ

(22) 

 

𝐿ଶ(𝑡) =
1

𝑀
෍ 𝐻𝑢𝑏𝑒𝑟൫𝑑௤,௝, 𝑑௣,௝൯

ெ

௝ୀଵ

(23) 

 

Check if the validation loss improves in 𝑝 cycles, if it does not improve in 𝑝 cycles then stop 
training early. 

 

𝐿ଵ(𝑡) ≥ min{𝐿ଶ(𝑡 − 𝑝), 𝐿ଶ(𝑡 − 𝑝 + 1), ⋯ , 𝐿ଶ(𝑡 − 1)} (24) 

 

Where 𝑑௟,௜ and 𝑑௣,௜ are the true and predicted ranging of the 𝑖-th training sa-mple in the robot 
localization process,𝑑௟,௝ and 𝑑௣,௝ are the true and predicted ranging val-ues of the 𝑗-th validation 
sample in the robot localization process,𝑁 is the number of training sa-mples, and 𝑀 is the number 
of validation samples. 
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4. Test Results and Analysis 

4.1 Analysis of Data Sets 

To validate the performance of the method, this paper uses the public dataset from Klemen Bregar 
[24]. The test includes 21,080 ranging samples, divided into 80% for trai-ning the GRU model (with 
10% of this as the validation set to prevent overfitting) and 20% for testing. After data processing, 
the localization performance of several methods is compared. The test setup includes an AMD R9-
7945HX processor, 16GB RAM, Python 3.8.19, and TensorFlow 2.13.0. Error curves of the measured 
distances from each base station to the tag, based on the ADS-TWR protocol, are shown in Fig. 4. 

 

 
Fig. 4 Error curves of measured ranging for each base station 

4.2 GRU Model Optimization for NLOS Error Mitigation 

The GRU model is trained using an optimizer and loss function on a dataset of true ranging and 
corresponding erroneous data from robot localization. The model adjusts its weights to minimize the 
loss function, choosing optimizer and loss function crucial for effective training. 

As deep neural network parameters increase, gradient vanishing and explosion problems can affect 
performance. To avoid these, a suitable optimizer is essential. During training and validation, the 
performance of stochastic gradient descent (SGD), adaptive moment estimation (Adam), Adam 
optimizer based on infinite paradigms (Adamax), adaptive gradient algorithm(Adagrad), nesterov-
accelerated adaptive moment estimation(Nadam)was analyzed. The Nadam optimizer was ultimately 
chosen for its fast convergence, good stability, and lower loss on both training and validation sets. 
Performance comparisons are shown in Figs 5 and 6. 

 

 
Fig. 5 Training loss for different optimizers 
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Fig. 6 Validation loss for different optimizers 

 

The choice of loss function in deep learning models is crucial for reducing prediction errors. For 
regression models, mean squared error (MSE), Huber loss, and MAE are commonly used. After 
experimental analysis, Huber loss was selected for its lowest loss values, stability during training and 
validation, and robustness to outliers. Performance comparisons are shown in Figs 7 and 8. 

 

 
Fig. 7 Training loss for different loss functions 

 

 
Fig. 8 Validation loss for different loss functions 
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To prevent overfitting, an early stopping function monitors validation loss and halts training when it 
no longer improves. This ensures optimal generalization while saving time and computational 
resources. The training and validation losses after deploying the early stopping function are shown in 
Fig. 9. 

  

 
Fig. 9 Training and validation loss 

 

Fig. 9 shows the training and validation losses over 25 epochs. The losses converge as epochs increase. 
When performance on the validation set stops improving or declines, the model is considered to be 
overfitting, and the early stopping mechanism is triggered. 

4.3 Comparison of Localization Results 

To verify the localization algorithm's performance, this paper compares the gaussian process 
regression (GPR)-based method [9], the LSTM-based ranging error mitigation method [18], and the 
improved GRU model with early stopping proposed here. MAE and RMSE are used as evaluation 
metrics. The specific error calculations are as follows. 

 

𝑀𝐴𝐸 =
1

𝑛
෍ ඥ(𝑥ො௜ − 𝑥௜)ଶ + (𝑦ො௜ − 𝑦௜)

ଶ

௡

௜ୀଵ

(25) 

 

𝑅𝑀𝑆𝐸 = ඩ
1

𝑛
෍[(𝑥ො௜ − 𝑥௜)ଶ + (𝑦ො௜ − 𝑦௜)

ଶ

௡

௜ୀଵ

] (26) 

 

Where 𝑥ො௜ , 𝑦ො௜  are the robot solved coordinates of the ⅈth sample, and 𝑥௜ , 𝑦௜  are the robot real 
coordinates of the 𝑖-th sample. Considering that there are more outliers in the original dataset, the 
RANSAC algorithm is added to the traditional GPR model to process the outliers and then the kernel 
function is used to capture the ranging error for the ranging correction, and finally combined with the 
weighted least squares method for solving the tag localization, and the results of the comparison of 
several methods are shown in the table below. 

The table shows that even with outlier processing, the traditional GPR method struggles with complex 
nonlinear problems. In contrast, LSTM and GRU models handle time series data better. The improved 
GRU model, despite increasing localization time by 0.247 milliseconds compared to the method in 
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literature [18], reduces the MAE by 29.12% and the RMSE by 32.3%, significantly improving the 
localization performance for indoor mobile robots. 

 

Table 1. Comparison of Localization Performance 

Method MAE/m RMSE/m Train time/s 
Localization 

time /ms 

GPR 0.219 0.295 / / 

LSTM 0.182 0.226 15.26 0.778 

Methodology of this paper 0.129 0.153 9.08 1.025 

5. Conclusion 

In UWB indoor localization systems, the presence of NLOS poses significant challen-ges in achieving 
high-accuracy localization of robotic systems. Traditional error mitigation methods fall short with 
highly nonlinear systems. To address this, we adopt a deep learni-ng approach, leveraging the GRU 
model to learn and mitigate ranging noise errors. Exper-imental results show that the proposed 
method effectively improves localization performan-ce in mobile robot scenarios with strong 
nonlinear noise. 
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