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Abstract  19 

In complex urban environments, where GNSS positioning is severely degraded by 20 

multipath interference and non-line-of-sight reception, data-driven methods offer a 21 

promising solution by effectively modeling complex non-Gaussian errors from 22 

sufficient data for positioning correction. The inherent spatial geometric relationships 23 

among different constellations in single-epoch GNSS observations, and the temporal 24 

dependencies exhibited in sequential multi-epoch observations, contain rich spatial-25 

temporal information that facilitates the modeling of complex stochastic noise in GNSS 26 

measurements. However, the effective extraction and correlation of these 27 

multidimensional features from GNSS observation data have not yet been sufficiently 28 

explored in existing studies. Moreover, dynamic changes in real-world environments 29 

induce data distribution shift between training and testing, requiring generalization 30 

capability for the data-driven model in unseen scenarios. In this paper, we propose a 31 
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novel deep reinforcement learning model with robust spatial-temporal representation 32 

(DRL-RSTR) for GNSS positioning correction. The spatial geometric relationships 33 

among different constellations is modeled by a graph convolutional network (GCN), 34 

and the temporal dependencies of sequential observations are captured by transformer. 35 

Then, the spatial-temporal features are fused through summation, and a cross-attention 36 

network is employed to model the interactions among multi-observations to obtain a 37 

comprehensive environmental representation. Finally, we construct a multi-observation 38 

GCN-transformer (MOGT) to encode spatial-temporal representation. Additionally, a 39 

self-supervised pretext task (SST) is introduced to improve the robustness of spatial-40 

temporal representation against data distribution shift through consistency 41 

regularization across non-augmented and augmented observations. We conduct 42 

extensive experiments on the public GSDC and built GZGNSS datasets, results show 43 

that DRL-RSTR achieves superior positioning accuracy and generalization compared 44 

to the model-based and learning-based state-of-the-art methods, with improvements of 45 

51.2% and 41.4% on the GZGNSS dataset and 6.5% compared with kalman filters on 46 

the GSDC dataset in terms of positioning accuracy. 47 

Keywords GNSS positioning, deep reinforcement learning, self-supervised learning, 48 

generalization, transformer 49 

 50 

Introduction 51 

With the extensive use of the Global Navigation Satellite System (GNSS) in 52 

autonomous driving applications, the demand for high-accuracy position-based 53 

services has increased dramatically (Ahmad et al., 2020; Yue et al.,2024). While GNSS 54 

positioning performance is remarkable in open areas (Niu et al., 2025), it still faces 55 

challenges in different complex urban scenarios, such as overpasses, urban canyons, 56 

urban forests, etc. As shown in Fig. 1, due to the effects of multipath interference and 57 

non-line-of-sight (NLOS) reception (Breßler et al., 2016), the positioning error can be 58 

tens of meters (Hsu, 2018). To address this problem, numerous methods have been 59 

developed to improve the accuracy of GNSS positioning. Common model-based 60 

methods include the weighted least squares (WLS) Medina et al., 2019), Kalman filters 61 
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(KF) (Kalman, 1960), real-time kinematic (RTK)  (Wang, 1999; Eissfeller et al., 2001; 62 

Li et al., 2022), etc. For instance, the KF improves positioning accuracy in noisy urban 63 

environments by optimally estimating the system state through properly tuning the 64 

noise covariance matrix. However, their effectiveness is highly dependent on the prior 65 

assumptions on environmental parameters and model hyperparameters. This 66 

dependency can limit their practicality in complex non-stationary environments. 67 

 68 

Fig. 1 The vehicle positioning has been severely offset due to the effects of 69 

multipath interference and NLOS reception. 70 

Learning-based methods have emerged as novel GNSS positioning augmentation 71 

model (Mohanty and Gao, 2024). These approaches can model complex urban 72 

environmental errors by learning from a large amount of data. In recent years, many 73 

deep learning (DL)-based studies have been proven to improve the accuracy of GNSS 74 

positioning. These methods utilize neural networks to predict position corrections for 75 

correcting initial positions (Kanhere et al., 2022; Mohanty and Gao, 2023; Weng et al., 76 

2024; Liu et al., 2022, 2019). However, the surrounding environment of moving 77 

vehicles can change rapidly in non-stationary urban areas. DL-based methods only 78 

consider the learning for each position discretely, ignoring the sequential relationship 79 

between positions. Deep reinforcement learning (DRL)-based methods leverage the 80 

mechanism of agent-environment interaction to learn a position-corrected policy based 81 
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on the cumulative rewards along the positioning trajectory, helping the model consider 82 

the sequential relationship between positions. For example, in Tang et al.,2024, the 83 

researchers employ a long short-term memory (LSTM) module with reinforcement 84 

learning (RL) to extract temporal features from GNSS observations. In Zhao et al., 85 

2023b, the authors consider the relationship between different constellation satellites 86 

and utilizes a graph neural network (GNN) with RL to extract spatial features.  87 

Existing DRL-based studies have achieved remarkable performance in improving 88 

GNSS positioning (Zhao et al., 2023a; Li et al., 2024; Tang et al., 2025; Han et al., 2021; 89 

Shin et al., 2018; Gao et al., 2020). Despite their effectiveness, current methods still 90 

have some problems: 1) single-epoch GNSS observations naturally encapsulate spatial 91 

geometric relationships among different constellation satellites. Furthermore, satellite 92 

movement induces time-varying changes in signal incidence status, leading to dynamic 93 

changes in positioning errors. These features can be inherently captured through 94 

sequential multi-epoch observations. However, existing methods mainly focus on 95 

isolated spatial or temporal feature extraction, ignoring the spatial-temporal correlation, 96 

which is crucial for the model to comprehend the complex environment and improve 97 

its position-corrected abilities. Extracting and correlating the rich spatial-temporal 98 

features from GNSS observations remains unexplored; 2) The success of these methods 99 

depends on a significant assumption that the training and testing data are independently 100 

distributed. In practice, the dynamic changes in the surrounding environment of the 101 

moving vehicle can cause data distribution shifts, which cause performance degradation 102 

in unseen urban scenarios. 103 

To address these problems, we propose a novel DRL-based model with robust 104 

spatial-temporal representation (DRL-RSTR) to improve GNSS positioning correction 105 

and generalize to unseen environments. To extract the spatial-temporal correlations 106 

from GNSS multi-observation, we propose a multi-observation GCN-transformer 107 

(MOGT). MOGT includes a GCN module for extracting spatial features, a transformer 108 

module for extracting temporal features, spatial-temporal features fusion through 109 

summation, and a cross-attention network for multi-observation information fusion. 110 

Moreover, to tackle the problem of data distribution shift in dynamic changing 111 

environments, we propose a self-supervised pretext task (SST) to improve the 112 
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robustness of spatial-temporal representation. It first generates augmented data through 113 

data augmentation to model dynamic changes in the driving scene. Then, it aims at 114 

learning invariant representation that remains robust to dynamic changes by enforcing 115 

consistency regularization across non-augmented and augmented observations, thereby 116 

improving model generalization. With the MOGT and the SST, we develop a novel 117 

DRL-based model for improving GNSS positioning correction, aimed at achieving 118 

high-precision GNSS positioning correction in complex urban areas. Specially, the 119 

main contributions of our work can be outlined as follows: 120 

1) To encode spatial-temporal representation for enhancing the model's 121 

understanding of complex environments, the MOGT is proposed to extract spatial-122 

temporal features from GNSS observations in complex urban areas. It utilizes a GCN 123 

module for extracting spatial features and a transformer module for extracting temporal 124 

features, respectively. After a simple summation for spatial-temporal features fusion, a 125 

cross-attention network is used for modeling the interactions among multi-observation. 126 

2) To address the performance degradation in dynamic changing environments 127 

caused by data distribution shift, we propose SST to improve the robustness of the latent 128 

representation against dynamic changes. Specifically, SST utilizes data augmentation 129 

to model dynamic changes in the driving scene and generate augmented data. Then it 130 

enforces consistency regularization to align latent representation across non-augmented 131 

and augmented observations, thereby learning invariant representation that remains 132 

robust to dynamic changes. 133 

3) The proposed method is proven to boost performance by validating it in the 134 

public GSDC dataset and the built GZGNSS dataset. The results show that our method 135 

achieves better generalization performance to unseen environments compared to 136 

existing model-based and learning-based SOTA positioning methods, with 137 

improvements of 51.2% and 41.4% on the GZGNSS dataset and 6.5% on the GSDC 138 

dataset in terms of positioning accuracy. 139 

Related Work 140 

In this section, we will introduce the related work in two aspects: GNSS positioning 141 

and generalization in deep reinforcement learning for GNSS positioning correction. 142 
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GNSS Positioning 143 

The GNSS positioning methods can be broadly classified into two categories: model-144 

based and learning-based methods. We provide a detailed introduction to these two 145 

types of methods as follows: 146 

Model-based methods for GNSS positioning: Conventional model-based methods 147 

rely on established physical and mathematical models to process GNSS signals and 148 

determine the positions of receivers. For example, single-point positioning (SPP) 149 

methods utilize single-frequency pseudorange observation between a satellite and a 150 

receiver to derive position information, such as WLS and KF, which are typically 151 

employed for smartphone positioning. Precise point positioning (PPP) can achieve 152 

static centimeter-level and dynamic meter-level positioning accuracy by using 153 

pseudorange and carrier-phase observations (Zumberge et al., 1997). RTK utilizes a 154 

reference station with a known position and a rover receiver. RTK can achieve 155 

centimeter-level positioning accuracy by using correction data from a reference station 156 

in real-time. However, model-based methods require strict assumptions on model 157 

parameters and are sensitive to multipath effects, signal obstruction, and other 158 

environmental factors in urban areas. 159 

Learning-based methods for GNSS positioning: With the rapid development of 160 

artificial intelligence, learning-based methods provide novel approaches for improving 161 

GNSS positioning in complex environments. Compared to model-based methods, 162 

learning-based methods require fewer assumptions. Recently, more scholars have 163 

proposed using DL-based methods to model complex GNSS measurement errors for 164 

improving the accuracy of GNSS positioning. For instance, Kanhere et al. utilizes deep 165 

neural networks (DNNs) to estimate the position corrections (Kanhere et al., 2022). The 166 

DNNs learn a mapping from GNSS measurements to these position corrections, thereby 167 

improving positioning accuracy. Weng et al. proposes a novel neural network, PrNet, 168 

to mitigate pseudoranges to improve positioning accuracy (Weng et al., 2024) . 169 

However, DL-based methods did not consider the positioning continuity in complex 170 

environments. DRL demonstrates tremendous potential for improving GNSS 171 

positioning in dynamic changing environments. Zhang et al. first proposed to use RL 172 

to increase GPS positioning accuracy (Zhang and Masoud, 2020). Li et al. utilizes an 173 
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attention-LSTM module to capture historical information from the observation 174 

sequence (Li et al., 2024). Further, Zhao et al. combines GNN with RL to fuse spatial 175 

features from the different constellations (Zhao et al., 2023b). Nonetheless, these 176 

methods primarily focus on either spatial or temporal aspects of GNSS observation, 177 

ignoring the spatial-temporal correlations. In our work, we propose a multi-observation 178 

GCN-transformer framework. It learns the spatial-temporal representation of GNSS 179 

multi-observations to enhance GNSS positioning correction. 180 

Generalization in Deep Reinforcement Learning for GNSS Positioning Correction 181 

Since DRL-based methods have achieved remarkable breakthroughs, more and more 182 

scholars have begun to study the application of DRL-based methods in GNSS 183 

positioning correction (Zhao et al., 2024; Li et al., 2024). However, their success 184 

depends on a key assumption that the training and testing data are independently 185 

distributed. A recent study has shown that the dynamic changes in the surrounding 186 

environment of the moving vehicle potentially lead to a data distribution shift between 187 

training and testing phases (Tang et al., 2025). This problem significantly limits the 188 

generalization of trained models to unseen environments. Currently, there are fewer 189 

related studies in the field of improving generalization for GNSS position-corrected 190 

models. To address the problem of data distribution shift in dynamically changing 191 

environments, Tang et al. proposes the RBO-based PPO for policy learning (Tang et al., 192 

2025). Li et al. propose to utilize data augmentation to increase training data and self-193 

supervised learning to learn single-step invariant representation that is robust to 194 

dynamic changes (Li et al., 2024). In comparison, inspired by (Hansen and Wang, 2021), 195 

we design a simple self-supervised task to train the encoder to encode the robust 196 

representation for improving model generalization in dynamically changing 197 

environments. Unlike in Li et al., 2024, which focuses on learning single-step invariant 198 

representation from the current observation, our approach leverages sequential 199 

observation to learn sequential invariant representation, which is better adaptable to 200 

dynamically changing environments. 201 

Proposed method 202 

In this section, we first introduce the model-based method KF for initial positions. Then, 203 
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we introduce our proposed method, DRL-RSTR, to correct the initial positions, 204 

including the RL environment of the GNSS positioning correction task, MOGT for 205 

extracting spatial-temporal features, SST for encoding robust representation, and an 206 

actor-critic network using PPO for policy learning. The schematic diagram of our 207 

proposed method is shown in Fig. 2. 208 

 209 

Fig. 2 The schematic diagram of our proposed method. 210 

KF for Initial Positions  211 

For better initialization for our proposed DRL-RSTR, we use KF as our baseline to 212 

estimate initial positions. KF is a recursive state estimation method proposed by Rudolf 213 

E (Kalman, 1960). The system model of KF can be defined as: 214 𝐱𝑡 = 𝐀𝐱𝑡−1 + 𝐁𝐮𝑡 + 𝐰𝑡,                   (1) 215 𝐳𝑡 = 𝐇𝐱𝑡 + 𝐯𝑡,                           (2) 216 

where equation (1) is a state transition model and (2) is an observation model, the the 217 

state vector 𝐱𝑡: = 𝐩𝑡 = (𝑥𝑡, 𝑦𝑡 , 𝑧𝑡) is defined as the vehicle position at timestep t, 𝐮𝑡 218 

is the control input, the actual measurement 𝐳𝑡: = 𝐩𝑡𝑊𝐿𝑆 = (𝑥𝑡𝑊𝐿𝑆, 𝑦𝑡𝑊𝐿𝑆, 𝑧𝑡𝑊𝐿𝑆)  is 219 

defined as the measured position by WLS, 𝐀 ∈ ℝ𝟑×𝟑 represents the state transition 220 

matrix, 𝐁 ∈ ℝ𝟑×𝟑 represents the control input matrix, 𝐇 ∈ ℝ𝟑×𝟑 is the observation 221 

matrix, all of the matrices are defined as identity matrices. 𝐰𝑡 and 𝐯𝑡 represent the 222 

process and observation noises, respectively, which follow a Gaussian distribution. 223 

KF consists of two steps: prediction and update. Firstly, KF predicts the current 224 

state and covariance matrix from a system model with the previous state and covariance 225 

matrix. 226 𝐱̂𝑡|𝑡−1 = 𝐀𝐱̂𝑡−1|𝑡−1 + 𝐁𝐮𝑡,                   (3) 227 𝐏𝑡|𝑡−1 = 𝐀𝐏𝑡−1|𝑡−1𝐀⊤ + 𝐐,                  (4) 228 

where 𝐱̂𝑡|𝑡−1  and 𝐏𝑡|𝑡−1  represent the predicted current state and error covariance 229 

matrix at timestep t, and 𝐐 is the covariance matrix of process noise. Then the state is 230 
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updated by the equation: 231 𝐊𝑡 = 𝐏𝑡−1|𝑡−1𝐇⊤(𝐇𝐏𝑡|𝑡−1𝐇⊤ + 𝐑)−𝟏,                   (5) 232 𝐱̂𝑡|𝑡 = 𝐱̂𝑡|𝑡−1 + 𝐊𝑡(𝐳𝑡 − 𝐇𝐱̂𝑡|𝑡−1),                  (6) 233 𝐏𝑡|𝑡 = (𝐼 − 𝐊𝑡𝐇)𝐏𝑡|𝑡−1,                  (7) 234 

where 𝐊𝑡  represents the Kalman gain obtained by the predicted error covariance 235 

matrix 𝐏𝑡|𝑡−1 , observation matrix 𝐇 , and the observation noise covariance 𝐑 . 𝐱̂𝑡|𝑡 236 

represents the updated state calculated using 𝐱̂𝑡|𝑡−1, the Kalman gain 𝐊𝑡, and 𝐳𝑡. 𝐏𝑡|𝑡 237 

represents the updated covariance matrix calculated using 𝐊𝑡  and the predicted 238 

covariance matrix. In dynamic changing environments, it is hard for KF to model the 239 

nonlinear and non-Gaussian errors caused by multipath interference and NLOS 240 

reception, and also requires strict parameter assumptions. Therefore, we propose a 241 

DRL-based method to further correct the initial positions obtained by KF. 242 

DRL-RSTR for Positioning Correction 243 

In this section, we introduce our DRL-based positioning correction method in four parts, 244 

including a sequential multi-observation setting, a multi-observation GCN-transformer 245 

for spatial-temporal representation, self-supervised learning for encoding robust 246 

representation, a continuous position-corrected action space setting, and a reward 247 

function setting. The framework of our proposed DRL-RSTR is shown in Fig. 3. 248 

 249 

Fig. 3 The framework of the proposed DRL-RSTR consists of three key components: a sequential 250 

multi-observation setting, policy learning, and self-supervised learning. The “Encoder” module, 251 

depicted in the figure, corresponds to our MOGT model, which is detailed in Fig. 4. 252 
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 253 

Fig. 4 The framework of our MOGT is composed of three main components:(1) Temporal feature 254 

extraction from vehicle trajectory, (2) Spatial-temporal feature extraction from GNSS 255 

measurements, and (3) Cross-attention network to model the interactions between vehicle 256 

trajectory and GNSS measurements. 257 

Sequential multi-observation setting: Since the real-world environment is partially 258 

observable, the GNSS positioning correction task can be modeled as a Partially 259 

Observable Markov Decision Process (POMDP) 𝒫ℳ = 〈𝒪, 𝒜, 𝒯, ℛ, 𝛾〉. Here, 𝒪 is 260 

the observation space, 𝒜 is the action space, 𝒯: 𝒪 × 𝒜 × 𝒪 → [0,1] is the transition 261 

dynamic of observations, ℛ: 𝒪 × 𝒜 → ℝ is the reward function and 𝛾 → [0,1] is a 262 

discount factor. The RL trajectory of length T can be represented as a sequence of 263 

experience tuples {(𝐨𝑡, 𝐚𝑡, 𝑟𝑡, 𝐨𝑡+1)}𝑡=1𝑇  . Specifically, at each timestep t, the vehicle 264 

agent receives current observation 𝐨𝑡 ∈ 𝒪  from the environment and executes an 265 

action 𝐚𝑡 ∈ 𝒜 according to its policy 𝐚𝑡~π(⋅ |𝐨𝑡). The environment then returns a 266 

reward 𝑟𝑡(𝐨𝑡, 𝐚𝑡)  determined by ℛ , and transitions to the next observation 𝐨𝑡+1 267 

according to 𝒯(𝐨𝑡+1|𝐨𝑡, 𝐚𝑡). The objective of the agent is to learn an optimal policy 268 π⋆ to obtain the maximum expected discounted cumulative return 𝔼π[∑ 𝛾𝑡𝑟𝑡∞𝑡=0 ]. 269 

To comprehensively describe the current state of the vehicle agent, we construct a 270 

sequential multi-observation input. The sequential multi-observation input includes the 271 

vehicle trajectory 𝒫𝑡 and sequential GNSS measurements ℳ𝑡 related to the multi-272 

constellation satellites at time t, denoted as: 273 𝐨𝑡 = [𝒫𝑡; ℳ𝑡], ∀𝑡 ∈ {1, … , 𝑇},                  (8) 274 

where 𝒫𝑡  is a sequence of vehicle positions over historical horizon 𝑇ℎ , denoted as 275 𝒫𝑡 = {𝐩𝑖}𝑖=𝑡−𝑇ℎ𝑡   and 𝐩𝑖 = (𝑥𝑖 , 𝑦𝑖, 𝑧𝑖)  represents the three-dimensional position 276 

coordinates of the vehicle in the Earth-Centered Earth-Fixed (ECEF) coordinate system. 277 ℳ𝑡 = {𝐌𝑖}𝑖=𝑡−𝑇ℎ𝑡   is a sequence of GNSS measurements over the same historical 278 
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horizon 𝑇ℎ . 𝐌𝑖 = (𝐦𝑖1, . . . , 𝐦𝑖𝑁𝑚𝑎𝑥) ∈ ℝ𝑁𝑚𝑎𝑥×4 , where 𝐦𝑖𝑗 ∈ ℝ4  is composed of 279 

line-of-sight (LOS) vector ℒ𝒪𝒮𝑖𝑗 ∈ ℝ3 and pseudorange residual 𝒫ℛ𝑖𝑗 ∈ ℝ𝟏 related 280 

to the multi-constellation satellites, which can be computed as follows, 281 ℒ𝒪𝒮𝑖𝑗 = 𝐬𝐩𝑖𝑗 − 𝐩𝑖‖𝐬𝐩𝑖𝑗 − 𝐩𝑖‖2 , 𝒫ℛ𝑖𝑗 = 𝜌𝑖𝑗 − ‖𝐬𝐩𝑖𝑗 − 𝐩𝑖‖2 
283 

 
282 ∀𝑡 ∈ {𝑡 − 𝑇ℎ, … , 𝑡}, 𝑗 ∈ {1, … , 𝑁𝑚𝑎𝑥},                  (9) 284 

where 𝐬𝐩𝑖𝑗   is the estimated j-th satellite position at time i and 𝜌𝑖𝑗   is the 285 

corresponding pseudorange. Notably, since the number of visible satellites at different 286 

times or places is constantly changing, we set a fixed upper limit for the number of 287 

visible satellites 𝑁𝑚𝑎𝑥  to standardize the input observation dimension, making it 288 

easier for the model to process. The values of ℒ𝒪𝒮𝑖𝑗  and 𝒫ℛ𝑖𝑗 corresponding to non-289 

visible satellites are filled with zero vectors. 290 

Multi-observation GCN-transformer for encoding spatial-temporal representation: 291 

MOGT aims to capture the spatial-temporal correlations given sequential multi-292 

observation. The proposed MOGT framework operates through three key stages: 1) 293 

transformer for extracting temporal features: a transformer-based architecture extracts 294 

temporal features separately from vehicle trajectory and sequential GNSS 295 

measurements. 2) GCN for extracting spatial features: a GCN network is used to extract 296 

spatial features from GNSS measurements. 3) Spatial-temporal features fusion and 297 

multi-observation information fusion: a cross-attention network is used to model the 298 

interactions among vehicle trajectory and sequential GNSS measurements. The overall 299 

framework of MOGT is shown in Fig. 4. 300 

1) Transformer for extracting temporal features: Due to the interference of dynamic 301 

changing environments for GNSS positioning, it is vital to extract temporal features to 302 

improve GNSS positioning. Transformer has demonstrated remarkable performance 303 

across various tasks in the field of time series modeling, particularly in capturing long-304 

range dependencies and global temporal features (Ahmed et al., 2023; Wen et al., 2022; 305 

Wu et al., 2020; Zhou et al., 2021; Nie et al., 2022; Chen et al., 2023).. Therefore, we 306 

employ transformer to encode the temporal representation of GNSS multi-observation. 307 

The Multi-head Self-Attention (MSA) (Vaswani et al., 2017) is the core mechanism in 308 

the transformer architecture, which can effectively capture long-range dependencies 309 
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between the time series data. Here we briefly introduce the MSA block as follows. 310 

Given the query 𝐐, key 𝐊, and value 𝐕 matrices, which are obtained by linearly 311 

projecting the input vectors using learnable weight matrices 𝐖𝑄, 𝐖𝐾, and 𝐖𝑉, the 312 

output of a single attention head is computed as: 313 Att(𝐐, 𝐊, 𝐕) = Softmax (𝐐𝐊⊤√𝑑𝑘 ),                  (10) 314 

where 𝑑𝑘  is the dimension of key vectors. The outputs of multiple heads $h$ are 315 

concatenated to capture different aspects of information and passed through a linear 316 

projection module to produce the output of MSA: 317 MSA(𝐐, 𝐊, 𝐕) = Concat(head1, . . . , headℎ)𝐖𝑂,               (11) 318 

where 319 head𝑖 = Att(𝐐𝐖𝑖𝑄 , 𝐊𝐖𝑖𝐾, 𝐕𝐖𝑖𝑉),                  (12) 320 

where the projections are parameter matrices 𝐖𝑖𝑄 ∈ ℝ𝑑𝑚×𝑑𝑘, 𝐖𝑖𝐾 ∈ ℝ𝑑𝑚×𝑑𝑘 , 𝐖𝑖𝑉 ∈321 ℝ𝑑𝑚×𝑑𝑣  , and 𝐖𝑂 ∈ ℝ𝑑ℎ𝑣×𝑑𝑚 . The MSA block also includes a residual connection 322 

followed by layer normalization (LN) and a feed-forward network (FFN) (Vaswani et 323 

al., 2017). Finally, the temporal transformer of a single layer can be represented as: 324 

  Trans𝑡(𝑥) = LN (LN(𝑥 + MSA(𝑥, 𝑥, 𝑥)) + FFN (LN(𝑥 + MSA(𝑥, 𝑥, 𝑥)))),   (13) 325 

where the input 𝑥 represents the time series input. 326 

In our work, given the sequential multi-observation input 𝐨𝑡 consisting of vehicle 327 

trajectories 𝒫𝑡 ∈ ℝ𝑇ℎ×3  and the GNSS measurements sequence ℳ𝑡 ∈ ℝ𝑇ℎ×𝑁𝑚𝑎𝑥×4 , 328 

we first employ two different embedding layers to map to the transformer latent space 329 

of dimension 𝑑𝑚 and obtain two embeddings 𝐄𝑡𝑝𝑜𝑠 ∈ ℝ𝑇ℎ×𝑑𝑚 and 𝐄𝑡𝑔𝑛𝑠𝑠 ∈ ℝ𝑇ℎ×𝑑𝑚 . 330 

Then, the two embeddings are fed into the transformer for extracting temporal features. 331 

The temporal representations 𝐳𝑡𝑝𝑜𝑠 and 𝐳𝑡𝑔𝑛𝑠𝑠 through the transformer can be denoted 332 

as: 333 𝐳𝑡𝑝𝑜𝑠 =  Trans𝑡(𝐄𝑡𝑝𝑜𝑠),                   (14) 334 𝐳𝑡𝑔𝑛𝑠𝑠 =  Trans𝑡(𝐄𝑡𝑔𝑛𝑠𝑠).                  (15) 335 

2) GCN for extracting spatial features: To capture the inter-satellite relationships 336 

and extract spatial features from multi-constellation satellite measurements at the 337 

current timestep t, we adopt a GCN architecture following previous research (Zhao et 338 

al., 2023b). Notably, we omitted to extract spatial features of vehicle trajectories 𝒫𝑡 339 

since 𝒫𝑡carries spatial information themselves. GCN usually takes a connected graph 340 



 

13 

𝒢 = (𝒱, ℰ) as input, where 𝒱 represents the nodes and ℰ represents the edges (Kipf 341 

and Welling, 2016). Thus, we first introduce the construction of a multi-constellation 342 

graph, including the representation of nodes and edges. 343 

We denote the node set 𝒱𝑡 = {𝑣𝑡𝑗|𝑗 = 1, . . . , 𝑁𝑚𝑎𝑥} as all visible satellites at the 344 

current timestep t, including BDS, GPS, Galileo, and GLONASS systems. Every node 345 {𝑣𝑡𝑗}𝑗=1,...,𝑁𝑚𝑎𝑥  contains a feature vector 𝐦𝑡𝑗 ∈ ℝ4 , which is composed of the LOS 346 

vector and the pseudorange residuals, forming the node feature matrix 𝐌𝑡 ∈ ℝ𝑁𝑚𝑎𝑥×4 347 

mentioned above. Then, we denote the edge set ℰ𝑡 = {(𝑣𝑡𝑖, 𝑣𝑡𝑗)|𝑖, 𝑗 = 1, . . . , 𝑁𝑚𝑎𝑥}. We 348 

infer the neighbor relationship between the satellite pairs (𝑣𝑡𝑖 , 𝑣𝑡𝑗) by evaluating the 349 

similarity between two satellites based on their constellation type and pseudorange 350 

residual values. We define the edge 𝜀𝑡𝑖𝑗 between the satellite pairs (𝑣𝑡𝑖 , 𝑣𝑡𝑗) as follows, 351 𝜀𝑡𝑖𝑗 = {1, 𝑖𝑓(𝐶𝑡𝑖 = 𝐶𝑡𝑗) 𝑜𝑟 (𝑖 ≠ 𝑗 𝑎𝑛𝑑 |𝜌𝑡𝑖 − 𝜌𝑡𝑗| < 𝜂)0, 𝑒𝑙𝑠𝑒  
353 

     (16) 352 

where 𝐶𝑡𝑖  represents the constellation of satellite i and 𝜂  is a hyper-parameter. 354 

Furthermore, we define an adjacency matrix 𝐀𝑡 ∈ ℝ𝑁𝑚𝑎𝑥×𝑁𝑚𝑎𝑥 to reflect connectivity 355 

between nodes. Therefore, we construct a multi-constellation graph 𝒢𝑡  with node 356 

feature matrix 𝐌𝑡  and adjacency matrix 𝐀𝑡  to represent the spatial information 357 

between different satellites as follows, 358 𝒢𝑡 = (𝒱𝑡, ℰ𝑡, 𝐀𝑡, 𝐌𝑡) .                  (17) 359 

Fig. 5 illustrates the constructed multi-constellation graph. Given a graph 𝒢𝑡, GCN 360 

outputs the hidden features from the following update formula: 361 𝐇𝑡(𝑙+1) = 𝜎(𝐃̃−1/2𝐀̃𝑡𝐃̃−1/2𝐇𝑡𝑙𝐖𝑡𝑙),                  (18) 362 

where 𝜎(⋅) is the ELU nonlinear activation function and 𝐇𝑡(𝑙+1) represents the hidden 363 

features of the (l+1)-th layer of GCN. 𝐀̃𝑡 = 𝐀𝑡 + 𝐼  is the adjacency matrix after 364 

adding the self-loop. 𝐃̃  is the diagonal degree matrix of 𝐀𝑡  and 𝐖𝑡𝑙  refers to the 365 

trainable weights. In our framework, we implement an L-layer GCN to extract spatial 366 

features 𝐇̂𝑡𝐿 from the multi-constellation satellite graph. 367 
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 368 

Fig. 5 An illustration of constructed multi-constellation graph in the 369 

positioning correction environment. The dotted line circle represents the non- 370 

visible satellites. 371 

3) Spatial-Temporal features Fusion and Multi-observation features Fusion: Based 372 

on the transformer and GCN modules proposed above, our MOGT derives temporal 373 

and spatial environmental features from multi-observation. Then we use a simple 374 

summation for fusion of spatial-temporal features 𝐅𝑡𝑔𝑛𝑠𝑠 = Sum(𝐳𝑡𝑔𝑛𝑠𝑠, 𝐇̂𝑡𝐿). Moreover, 375 

to get a more comprehensive environmental representation, we employ a cross-376 

attention strategy to model the interactions among the vehicle trajectory and GNSS 377 

measurements. In the cross-attention, the vehicle trajectory feature serves as the query, 378 

and the GNSS measurements feature serves as both the key and value. Ultimately, the 379 

multi-observation spatial-temporal representation can be represented as follows: 380 𝐞𝑡 = MSA(𝐳𝑡𝑝𝑜𝑠, 𝐅𝑡𝑔𝑛𝑠𝑠, 𝐅𝑡𝑔𝑛𝑠𝑠),                  (19) 381 

Finally, the fusion feature 𝐞𝑡  captures the impact of the spatial-temporal 382 

environmental feature of GNSS measurements and vehicle movement dynamics on 383 

GNSS positioning. 384 

Self-supervised learning for encoding robust representation: To tackle the problem 385 

of performance degradation caused by data distribution shift in dynamically changing 386 

environments, we propose a self-supervised pretext task (SST) to train the encoder 387 

MOGT to encode the robust representation. Inspired by (Hansen and Wang, 2021), a 388 

pretext task is designed aimed at training the encoder MOGT to learn invariant 389 

representation from different views of the same observation, thereby ignoring the 390 

impact of dynamic changes. Through this pretext task, the encoder can learn 391 

environmental representation that is robust to the dynamic change of environments. 392 

Notably, in contrast to DRL-SSLDA (Li et al., 2024) that considers single-step 393 
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observation, our method adopts sequential observation to encode sequential 394 

representation, which helps the encoder capture dynamic patterns of stochastic noise in 395 

the driving scene. The details of SST are shown as follows: 396 

Given the multi-observation sequence 𝐨𝑡, we use a data augmentation method to 397 

model the stochastic noise caused by the dynamic change of environments in the driving 398 

scene and generate augmented data 𝐨𝑡′ . 𝐨𝑡 and 𝐨𝑡′  can be viewed as different views 399 

of the same observation. The non-augmented data 𝐨𝑡  and augmented data 𝐨𝑡′   are 400 

encoded through two identical encoders 𝑓𝜓  and 𝑓𝜃 , followed by two identical 401 

projection heads 𝑔𝜓 and 𝑔𝜃 to generate two feature vectors: 402 𝐳𝑡⋆ =  𝑔𝜓 (𝑓𝜓(𝐨𝑡)),                      (20) 403 𝐳𝑡′ =  𝑔𝜃(𝑓𝜃(𝐨𝑡)).                      (21) 404 

Then we use a predictor ℎ𝜃 to learn a mapping 𝐳̂𝑡 = ℎ𝜃(𝐳𝑡′) to match the target 405 

feature 𝐳𝑡⋆. A consistency loss is used to compute the similarity between 𝐳̂𝑡 and 𝐳𝑡⋆, 406 

defined as 407 ℒ𝑆𝑆𝑇(𝐳̂𝑡, 𝐳𝑡⋆) = ‖ 𝐳̂𝑡‖𝐳̂𝑡‖2 − 𝐳𝑡⋆‖𝐳𝑡⋆‖2‖2.                   (22) 408 

The consistency loss ℒ𝑆𝑆𝑇   is optimized jointly with the RL objective. It is 409 

significant to note that the parameter 𝜓  is updated by the exponentially moving 410 

average (EMA) of the parameter 𝜃 at time t: 411 𝜓𝑡+1 ← 𝛼𝜓𝑡 + (1 − 𝛼)𝜃𝑡 .                   (23) 412 

where 𝛼 ∈ (0,1] is a momentum coefficient. In our experiments, we set 𝛼 = 0.99 to 413 

achieve optimal performance. 414 

Continuous position-corrected action space setting : Our goal is to correct the 415 

initial position to the accurate position. Therefore, we define the action as a continuous 416 

position-corrected operation to the initial position, denoted as ∆𝐩𝑡 = (∆𝑥𝑡, ∆𝑦𝑡, ∆𝑧𝑡). 417 

Compared to the setting of a discrete action space, the continuous action space setting 418 

can effectively avoid the learning complexity caused by a large number of discrete 419 

actions. The position-corrected operation is sampled from a Gaussian distribution 420 

determined by the action 𝐚𝑡  that the actor outputs. The procedure is described as 421 

follows: 422 

1) The action 𝐚𝑡  from the output of the actor is defined as 𝐚𝑡 =423 (𝜇𝑥, 𝜎𝑥, 𝜇𝑦, 𝜎𝑦 , 𝜇𝑧 , 𝜎𝑧) , which determines the mean and standard deviation of the 424 
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Gaussian distribution. 425 

2) The position-corrected operation is sampled from the Gaussian distribution 426 

based on 𝐚𝑡, i.e., ∆𝑥𝑡~𝒩(𝜇𝑥, 𝜎𝑥), ∆𝑦𝑡~𝒩(𝜇𝑦, 𝜎𝑦), ∆𝑧𝑡~𝒩(𝜇𝑧, 𝜎𝑧). 427 

3) Thus, the initial position can be corrected as follows: 428 𝐩̂𝑡 = 𝐩𝑡 + ∆𝐩𝑡 = (𝑥𝑡 + ∆𝑥𝑡, 𝑦𝑡 + ∆𝑦𝑡, 𝑧𝑡 + ∆𝑧𝑡),            (24) 429 

where 𝐩̂𝑡 is the corrected position. 430 

Reward function setting : To ensure that the reward effectively enhances the 431 

learning of the correction policy, we employ the correction advantage error as the 432 

reward function: 433 𝑟𝑡 = ‖𝐩𝑡 − 𝐩𝑡𝑡𝑟𝑢𝑒‖2 − ‖𝐩̂𝑡 − 𝐩𝑡𝑡𝑟𝑢𝑒‖2,            (25) 434 

where 𝐩𝑡𝑡𝑟𝑢𝑒  is the ground truth position obtained by map matching algorithms 435 

(Quddus et al., 2007) or accurate centimeter-level positioning systems (Fu et al., 2020). 436 

Actor-critic network using PPO for policy learning 437 

In our proposed framework, we employ two DNN modules to construct the actor and 438 

critic components. Given the latent representation 𝐞𝑡 at timestep t, the actor network 439 𝜋𝜃a  outputs a continuous action for position correction, and the critic 𝑉𝜃c estimates 440 

the observation value, which can be denoted as: 441 𝐚𝑡 = 𝜋𝜃a(𝐞𝑡) = 𝜋𝜃a(𝑓𝜃(𝐨𝑡)),                 (26) 442 𝑉𝜋(𝐨𝑡) ≈ 𝑉𝜃c(𝐞𝑡) = 𝑉𝜃c(𝑓𝜃(𝐨𝑡)),                 (27) 443 

To ensure the stability of actor-critic network training, we implement the 444 

benchmark algorithm PPO to learn the optimal policy (Schulman et al., 2017). The actor 445 

network is trained using the clipped surrogate objective of PPO to ensure training 446 

stability, which is defined as: 447 ℒa𝐶𝐿𝐼𝑃(𝜃a) = 𝔼𝑡[min(𝑟𝑡(𝜃a)𝐴̂𝑡, clip(𝑟𝑡(𝜃a), 1 − 𝜖, 1 + 𝜖)𝐴̂𝑡)],       (28) 448 

where 𝑟𝑡(𝜃a) = 𝜋𝜃a(𝐚𝑡|𝐨𝑡)/𝜋𝜃a𝑜𝑙𝑑(𝐚𝑡|𝐨𝑡) denotes the ratio of the new policy to the 449 

old policy, 𝐴̂𝑡 denotes the generalized advantage estimation (Schulman et al., 2015) at 450 

timestep t, defined as,  451 𝐴̂𝑡(𝐞𝑡, 𝐚𝑡) = ∑ (𝛾𝜌)𝑖−𝑡𝛿𝑖𝑇−1𝑖=𝑡 ,                    (29) 452 

where 𝛿𝑖 = 𝑟𝑡 + 𝛾𝑉𝜃c(𝐞𝑡+1) − 𝑉𝜃c(𝐞𝑡). Furthermore, to achieve accurate observation 453 

value and long-term positioning accuracy, the critic network 𝑉𝜃c is trained using the 454 

mean-squared return error (MSRE) (Le et al., 2017), defined as,  455 
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ℒc(𝜃c) = 𝔼𝑡 [12 ‖∑ 𝛾𝑖−𝑡𝑟𝑖 − 𝑉𝜃c(𝐞𝑡)𝑇𝑖=𝑡 ‖22],                    (30) 456 

where the first term ∑ 𝛾𝑖−𝑡𝑟𝑖𝑇𝑖=𝑡  denotes the discounted cumulative return with T steps 457 

vehicle trajectory. 458 

Deep Reinforcement Learning with Robust Spatial-Temporal Representation for 459 

Improving GNSS Positioning Correction 460 

In this section, we present our overall DRL-RSTR method for improving GNSS 461 

positioning correction.  462 

1) Firstly, we process the GNSS measurements received by the receiver, and then 463 

we use a conventional model-based positioning method, the KF, to obtain the initial 464 

positions.  465 

2) The sequential multi-observation 𝐨𝑡  is set as the model input, including a 466 

GNSS measurement sequence and a vehicle trajectory. Furthermore, the latent 467 

representation 𝐞𝑡 is obtained through our MOGT. The actor network outputs the action 468 𝐚𝑡, and the critic network outputs the estimation 𝑉𝜃c(𝐞𝑡) of the observation based on 469 

the latent representation 𝐞𝑡. 470 

3) Based on the action 𝐚𝑡 , the corrected position 𝐩̂𝑡  can be obtained, and the 471 

environment returns a reward 𝑟𝑡(𝐨𝑡, 𝐚𝑡)  and the next observation 𝐨𝑡+1 . Then the 472 

experience tuple (𝐨𝑡, 𝐚𝑡 , 𝑟𝑡, 𝐨𝑡+1) is stored in the replay buffer 𝒟. 473 

4) The parameters 𝜃 can be updated using PPO by calculating losses ℒa𝐶𝐿𝐼𝑃(𝜃a) 474 

and ℒc(𝜃c). 475 

5) When the iteration number reaches the SST update frequency, the parameters of 476 

MOGT 𝜃trans, 𝜃gcn  and 𝜃ca  can be updated by minimizing the loss ℒ𝑆𝑆𝑇 . This 477 

improves the robustness of representation through MOGT in dynamically changing 478 

environments. 479 

Finally, the proposed DRL-RSTR algorithm for model training is summarized in 480 

Algorithm 1. 481 

Algorithm 1: DRL with Robust Spatial-Temporal Representation for Improving GNSS 
Positioning Correction 

Input: Capacity of replay buffer N, reward discount factor 𝛾, batch size B, SST update frequency 𝑓, learning rate 𝑙𝑟, iteration number 𝑛𝑢𝑚. 
Output: Trained DRL-RSTR model with parameter set 𝜃 = {𝜃trans, 𝜃gcn, 𝜃ca, 𝜃a, 𝜃𝑐}. 
1: Initialization: DRL-RSTR model parameter set 𝜃 = {𝜃trans, 𝜃gcn, 𝜃ca, 𝜃a, 𝜃𝑐}, replay buffer 𝒟 
of capacity N, iteration step i = 1; 



 

18 

2: for 𝑖𝑡𝑒𝑟 = 1, . . . , 𝑛𝑢𝑚 do 

3:  Collect experiences tuples (𝐨𝑡 , 𝐚𝑡, 𝑟𝑡, 𝐨𝑡+1) with the policy πθa by interacting with t
he environment and store them in 𝒟; 
4:  Calculate actor loss function ℒa𝐶𝐿𝐼𝑃(𝜃a) with the experiences stored in 𝒟; 
5:  Calculate critic loss function ℒc(𝜃c) with the experiences stored in 𝒟; 
6:  Update the DRL-RSTR model parameter set 𝜃 = {𝜃trans, 𝜃gcn, 𝜃ca, 𝜃a, 𝜃𝑐}  with 𝑙𝑟  base
d on the Adam method by computing gradients from loss functions ℒa𝐶𝐿𝐼𝑃(𝜃a)  and ℒc(𝜃c); 
7:  if 𝑖𝑡𝑒𝑟 𝑚𝑜𝑑 𝑓 == 0 then 

8:    Generate augmented multi-observation 𝐨𝑡′ ; 
9:    Calculate SST loss function ℒ𝑆𝑆𝑇  with original multi-observation 𝐨𝑡  and augmente
d multi-observation 𝐨𝑡′ ; 
10:   Update the feature encoder MOGT parameter 𝜃trans, 𝜃gcn  and 𝜃ca  by minimizing ℒ𝑆𝑆𝑇  based on the Adam method; 
11:  end for 
12:end for 

Experiments 482 

To analyze both the effectiveness and limitations of our method comprehensively, we 483 

evaluate the whole pipeline with two major datasets, including the self-collected 484 

GZGNSS dataset in China and the public GSDC dataset collected in America. Our 485 

experiments are implemented on NVIDIA's GeForce RTX 3090 graphics card. 486 

Datasets 487 

1) GZGNSS dataset (Tang et al., 2024) was collected using N307-5D GNSS receivers 488 

in Guangzhou, China. This dataset consists of multi-constellation measurements from 489 

Beidou, GPS, Galileo and QZSS systems. The GZGNSS dataset contains 116 vehicle 490 

trajectories from different scenes. Similarly, this dataset is categorized into four 491 

scenario subsets for experimental validation: open road, urban forest, urban canyon, 492 

and overpass. We only choose the trajectories in urban forest, urban canyon, and 493 

overpass for our experiment. As illustrated in Fig. 6, the trajectory example in urban 494 

forest is surrounded by tall woods, the trajectory example in urban canyon is surrounded 495 

by tall buildings, and overpass trajectory example is under the overpass. Furthermore, 496 

we analyze the positioning error distribution of different scenarios in Fig. 7. It shows 497 

that the positioning errors of trajectory in overpass and urban forest are mostly less than 498 

5 meters. However, in urban canyon, some positioning errors exceed 10 meters, and 499 

even reach 50 meters. It indicates that there are also non-negligible differences in the 500 

positioning error distribution of different scenarios. To validate the generalization of 501 
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our DRL-RSTR, we use the trajectories in single scenario for model training, the 502 

remaining unseen trajectories in other scenarios for model testing. 503 

 504 

Fig. 6 Trajectory examples in urban environments from the GZGNSS dataset. 505 

 506 

Fig. 7 Positioning error distribution of the complex urban environment from the GZGNSS dataset. 507 

 508 

2) GSDC dataset (Fu et al., 2020) consists of GNSS measurement from various driving 509 

trajectories, which is collected by different Android smartphones in San Francisco and 510 

Los Angeles International Airport in America. This dataset contains 79 vehicle 511 

trajectories, divided into two subsets based on collection environments: 32 trajectories 512 

collected in complex urban environments and 47 trajectories collected in highway 513 

environments. In our work, we only capture the trajectories of the urban environments 514 

for the experiment. As illustrated in Fig. 8, the urban trajectory example involves dense 515 

buildings or overpasses, resulting in severe positioning deviations. We further analyze 516 

the positioning error distribution of several trajectories in Fig. 9. It shows that the data 517 

distribution of different vehicle trajectories is quite different, indicating that there may 518 

be a data distribution shift between training and testing phases. In our experiment, we 519 

employ the model-based SPP positioning method KF to obtain the initial positions 𝐩𝑡. 520 

To enable the model to learn accurate positioning correction, the ground truth positions 521 𝐩𝑡𝑡𝑟𝑢𝑒  are obtained by the GNSS-INS integrated NovAtel SPAN system (Fu et al., 522 
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2020), which can provide the centimeter-level positioning accuracy. In the experiment, 523 

we use 50% of the trajectories of one subset for training, the remaining 50% of the 524 

unseen trajectories for testing. 525 

 526 

Fig. 8 Trajectory examples in urban environments from the GSDC dataset. “2021-04-21-US-527 

MTV-2” and “2021-12-08-US-LAX-5” represent the codes of trajectories. 528 

 529 

Fig. 9 Positioning error distribution of the complex urban environment from the GSDC dataset. 530 

Comparison Methods 531 

To evaluate the proposed approaches comprehensively, we compare our DRL-RSTR 532 

with the existing model-based method, state-of-the-art (SOTA) DRL-based methods: 533 

1) Model-based method: We use model-based method KF as baseline. Our DRL-534 

RSTR correct positions based on the initial positions obtained by KF. 535 

2) DRL-based methods: Five SOTA DRL-based methods are chosen for 536 

comparison, i.e., A3C (Zhang and Masoud, 2020), Multi-LSTMPPO (Zhao et al., 537 

2023a), LSTMPPO-ARAM (Tang et al., 2024), DRL-SSLDA (Li et al., 2024), and 538 

GNNRRL (Zhao et al., 2023b). A3C only employs the vehicle trajectories as input and 539 

a discrete action space for positioning correction, Multi-LSTMPPO uses multi-540 

observation as input and a continuous action space with PPO for position-corrected 541 
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policy learning. LSTMPPO-ARAM introduce an adaptive reward augmentation 542 

method to address the performance degradation caused by inadequate real-time training 543 

data on the basis of Multi-LSTMPPO, DRL-SSLDA employ data augmentation and 544 

self-supervised learning to increase training data to address performance degradation 545 

in unseen urban scenarios. LSTMPPO-ARAM and DRL-SSLDA can effectively 546 

enhance the generalization of model by increasing the training data. GNNRRL consider 547 

a multi-constellation graph as input to extract the spatial feature in the current 548 

environment. 549 

Implementation Details 550 

For sequential multi-observation setting, the historical horizon is set to 𝑇ℎ  and the 551 

number of visible satellites is fixedly set to 𝑁𝑚𝑎𝑥. For all DRL-based methods, the 552 

reward discount factor is set to 𝛾 = 0.99, with a replay buffer capacity of N = 128 and 553 

a batch size of B = 128 . In our proposed SST framework, the encoder 𝑓𝜃  is 554 

implemented using the MOGT module, the projector 𝑔𝜃 is a multi-layer perceptron 555 

(MLP) with batch normalization (Ioffe and Szegedy, 2015), and the predictor ℎ𝜃 is a 556 

linear layer with 256 neurons. The loss functions ℒa𝐶𝐿𝐼𝑃(𝜃a), ℒc(𝜃c) and ℒ𝑆𝑆𝑇 are all 557 

optimized using the Adam optimizer (Kingma, 2014). The update frequency of the SST 558 

module is set to 𝑓 = 2. The learning rate 𝑙𝑟 used for experiments on the GZGNSS 559 

and GSDC datasets is further analyzed and discussed in the ablation study. 560 

Experiment on the GZGNSS dataset 561 

For the GZGNSS dataset, to validate the generalization of our method, we select the 562 

urban canyon and overpass environments respectively as training scenarios, and 563 

evaluate the performance in the remaining two environments. As can be seen in Table 564 

1 and Table 2, we construct four different settings including “𝐂 → 𝐎”, “𝐂 → 𝐅”, “𝐎 →565 𝐂 ”, and “𝐎 → 𝐅 ”. The notion “𝐂 → 𝐎 ” indicates training in the urban canyon (𝐂 ) 566 

environment and testing in the overpass (𝐎) environment. Similarly, the notion “𝐂 → 𝐅” 567 

indicates training in the urban canyon (𝐂) environment and testing in the urban forest 568 

(𝐅) environment.  569 

Overall, our DRL-RSTR obtains the lowest horizontal error across all four settings. 570 

Compared to the baseline KF, DRL-RSTR trained in the 𝐂  environment improves 571 
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positioning accuracy by 51.2% while training in the 𝐎  environment improves 572 

positioning accuracy by 40.9%. The results demonstrate the superior positioning 573 

correction and generalization performance of DRL-RSTR across different urban 574 

scenarios. DRL-RSTR in the setting “𝐎 → 𝐅” obtain better positioning performance 575 

than the setting “𝐂 → 𝐅”. We speculate that DRL-RSTR trained in a more complex 576 

overpass environment can enhance its ability to generalize to other urban environments. 577 

Furthermore, compared with DRL-SSLDA that also adopts self-supervised learning 578 

task, our method shows better positioning accuracy. The reason might be that DRL-579 

SSLDA only consider single-step invariant representation and DRL-RSTR consider 580 

sequential invariant representation which is more adaptable to dynamic changing 581 

environments. Additionally, we demonstrate the positioning performance of different 582 

methods in various urban scenarios in Fig. 10, including ground truth, KF and our DRL-583 

RSTR. As can be seen, the positioning offsets in urban canyon and overpass 584 

environments are more severe than in urban forest, indicating stronger signal 585 

interference in the former two scenarios. Moreover, the red dotted line (DRL-RSTR) 586 

more closely aligns with the blue solid line (ground truth) than the green dotted line 587 

(KF), indicating that DRL-RSTR effectively corrects the initial positions obtained by 588 

KF in the GZGNSS dataset.  589 

Table 1 Comparison of average error with the SOTA GNSS positioning methods trained in the 590 

urban canyon environment on GZGNSS dataset. The best performance is highlighted in bold. The 591 

second-best results is marked with an underline. “↑” denotes higher is better. “↓” denotes lower is 592 

better. 593 

Table 2 Comparison of average error with the SOTA GNSS positioning methods trained in the 594 

overpass environment on GZGNSS dataset. 595 

Trained on the trajectories in the urban canyon environment 

Method Temporal Spatial SST 𝐂 → 𝐎 𝐂 → 𝐅 

Average error (m) ↓ 

Improvement (%) ↑  

Model-based KF (baseline) ✔   6.18 ± 2.52 6.19 ± 1.71 6.19 ± 2.12 - 

DRL-based A3C    3.61 ± 2.54 3.14 ± 1.62 3.38 ± 2.08 45.4 

 Multi-LSTMPPO ✔   3.99 ± 2.67 3.80 ± 1.73 3.90 ± 2.20 37.0 

 LSTMPPO-ARAM ✔   4.19 ± 2.61 3.89 ± 1.75 4.04 ± 2.18 34.7 

 DRL-SSLDA ✔  ✔ 3.41 ± 2.61 2.99 ± 1.52 3.20 ± 2.07 48.3 

 GNNRRL  ✔  3.46 ± 2.63 2.92 ± 1.53 3.19 ± 2.09 48.5 

 DRL-RSTR (Ours) ✔ ✔ ✔ 𝟑. 𝟑𝟐 ± 𝟐. 𝟔𝟏 𝟐. 𝟕𝟐 ± 𝟏. 𝟓𝟏 𝟑. 𝟎𝟐 ± 𝟐. 𝟎𝟔 𝟓𝟏. 𝟐 
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 596 

Fig. 10 The visualization of positioning performance of different methods in various urban 597 

scenarios. 598 

Experiment on the GSDC dataset 599 

In this section, we compare the performance of the proposed DRL-RSTR with other 600 

methods on the GSDC dataset. As shown in Table 3, DRL-RSTR thoroughly 601 

outperforms all the other positioning methods. Notably, while LSTMPPO-ARAM and 602 

DRL-SSLDA enhance generalization through data augmentation, A3C, Multi-603 

LSTMPPO, and GNNRRL exhibit significantly inferior performance due to their 604 

limited generalization. Compared with DRL-SSLDA, our DRL-RSTR has improved 605 

the performance by 2%. The reason for the improvement is that our SST utilizes 606 

sequence input to learn sequential invariant representation, which considers the 607 

dynamic patterns of the urban environments. Additionally, by comparing to the baseline 608 

KF, DRL-RSTR can improve the positioning accuracy by 6.5%, indicating that our 609 

method can effectively correct the initial positions from KF. Fig. 11 displays the average 610 

error of trajectories collected by different smartphones in different areas. It can be seen 611 

that the error of these trajectories changes drastically due to the dynamic changes of the 612 

surrounding environment of the vehicle in complex urban areas. In the right figure of 613 

Trained on the trajectories in the overpass environment 

Method Temporal Spatial SST 𝐎 → 𝐂 𝐎 → 𝐅 

Average error (m) ↓ 

Improvement (%) ↑  

Model-based KF (baseline) ✔   6.37 ± 3.36 6.19 ± 1.71 6.28 ± 2.54 - 

DRL-based A3C    5.03 ± 3.53 3.09 ± 1.65 4.06 ± 2.59 35.4 

 Multi-LSTMPPO ✔   4.88 ± 3.41 2.94 ± 1.56 3.91 ± 2.49 37.7 

 LSTMPPO-ARAM ✔   4.95 ± 3.54 3.02 ± 1.50 3.99 ± 2.52 36.7 

 DRL-SSLDA ✔  ✔ 4.95 ± 3.59 2.81 ± 1.61 3.88 ± 2.60 38.2 

 GNNRRL  ✔  5.03 ± 3.55 2.96 ± 1.53 4.00 ± 2.54 36.8 

 DRL-RSTR (Ours) ✔ ✔ ✔ 𝟒. 𝟕𝟗 ± 𝟑. 𝟓𝟒 𝟐. 𝟓𝟔 ± 𝟏. 𝟑𝟖 𝟑. 𝟔𝟖 ± 𝟐. 𝟒𝟔 𝟒𝟏. 𝟒 
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Fig. 11b, it is obvious that the error suddenly changed from 2m to 10m about 700 steps. 614 

Even so, our method is still able to follow the changes and correct the errors effectively.  615 

 616 

Fig. 11 Evaluation performance of the error of trajectories collected by different smartphones in 617 

LAX and MTV from the GSDC dataset. 618 

Table 3 Comparison of average error with the SOTA GNSS positioning methods on GSDC 619 

dataset. 620 

Ablation Study 621 

In this section, we first analyze the performance of different learning rates 𝑙𝑟 for the 622 

GZGNSS and GSDC datasets. Then we verify the effectiveness of the spatial-temporal 623 

representation and the SST module by comparing the performances of DRL-RSTR (w/o 624 

Temporal), DRL-RSTR (w/o Spatial), DRL-RSTR (w/o SST) and the complete DRL-625 

RSTR model.  626 

The performance of the proposed DRL-RSTR with a range of learning rate 𝑙𝑟 627 

within the range [5e−5, 1e−3] is shown in Fig. 12. For the GZGNSS dataset, we select 628 𝑙𝑟 = 5e−5 for the model trained in the urban canyon environment and 𝑙𝑟 = 1e−3 for 629 

the model trained in the overpass environment. For the GSDC dataset, as shown in Fig. 630 

13, we select 𝑙𝑟 = 1e−3  for the model trained on half of the urban trajectories on 631 

GSDC dataset. As shown in Tabels 4, 5 and 6, compared to DRL-RSTR (w/o Temporal) 632 

and DRL-RSTR (w/o Spatial) that consider only spatial or temporal aspects of GNSS 633 

observations individually, DRL-RSTR obtains higher positioning accuracy, which 634 

Tested on the unseen urban trajectories of the other half of the GSDC dataset 
Method Temporal Spatial SST Positioning error (m) ↓ Improvement (%) ↑  

Model-based KF (baseline) ✔   5.54 ± 1.64 - 

DRL-based A3C    5.33 ± 1.67 3.9 

 Multi-LSTMPPO ✔   5.41 ± 1.76 2.3 

 LSTMPPO-ARAM ✔   5.44 ± 1.72 1.8 

 DRL-SSLDA ✔  ✔ 5.29 ± 1.81 4.5 

 GNNRRL  ✔  5.42 ± 1.76 2.2 

 DRL-RSTR (Ours) ✔ ✔ ✔ 𝟓. 𝟏𝟖 ± 𝟏. 𝟕𝟖 𝟔. 𝟓 
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demonstrates the effectiveness of jointly modeling both spatial and temporal 635 

correlations of GNSS observations. Additionally, compared to DRL-RSTR (w/o SST), 636 

the complete DRL-RSTR model also shows significant improvements in performance 637 

and generalization, demonstrating the effectiveness of the SST module in learning 638 

robust representation in dynamic changing urban environments. As can be seen in Table 639 

5 and Table 6, the performance of DRL-RSTR (w/o SST) trained in 𝐎 environment 640 

significantly deteriorates in unseen scenarios, primarily due to its lack of robustness 641 

against environmental dynamic changes. Therefore, the results of the ablation study 642 

demonstrate the integration of spatial-temporal representation learning and the SST 643 

module is essential for achieving robust and accurate GNSS positioning in dynamic 644 

changing urban environments. 645 

 646 

Fig. 12 Performance of the proposed DRL-RSTR with a range of learning rate in different 647 

positioning correction environments on GZGNSS dataset. 648 

 649 

Fig. 13 Performance of the proposed DRL-RSTR with a range of learning rate on GSDC dataset. 650 

Table 4 Comparison of average error of different methods trained in the urban canyon 651 

environment for ablation study on GZGNSS dataset. 652 

Trained on the trajectories in the urban canyon environment 

Method Temporal Spatial SST 𝐂 → 𝐎 𝐂 → 𝐅 Average error (m) ↓ 
Improvement (%) ↑  

Model-based KF (baseline) ✔   6.18 ± 2.52 6.19 ± 1.71 6.19 ± 2.12 - 

DRL-based DRL-RSTR  ✔ ✔ 3.55 ± 3.39 3.19 ± 1.50 3.37 ± 2.45 45.6 
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653 

 
654 

 
655 

Table 5 Comparison of average error of different methods trained in the overpass environment for 656 

ablation study on GZGNSS dataset. 657 

Table 6 Comparison of average error of different methods for ablation study on GSDC dataset. 658 

 659 

Conclusion and future work 660 

In this paper, we propose DRL-RSTR, a novel DRL-based method for GNSS 661 

positioning correction in dynamic changing urban environments. Our method fully 662 

consider the rich spatial-temporal features of GNSS observations and employs a self-663 

supervised pretext task to enhance the robustness of the latent representation against 664 

(w/o Temporal) 

 
DRL-RSTR 

(w/o Spatial) ✔  ✔ 3.33 ± 2.60 2.84 ± 1.46 3.09 ± 2.03 50.1 

 
DRL-RSTR 

(w/o SST) ✔ ✔  3.35 ± 2.60 2.82 ± 1.53 3.09 ± 2.07 50.1 

 
DRL-RSTR 

(Full version) ✔ ✔ ✔ 𝟑. 𝟑𝟐 ± 𝟐. 𝟔𝟏 𝟐. 𝟕𝟐 ± 𝟏. 𝟓𝟏 𝟑. 𝟎𝟐 ± 𝟐. 𝟎𝟔 𝟓𝟏. 𝟐 

Trained on the trajectories in the overpass environment 

Method Temporal Spatial SST 𝐎 → 𝐂 𝐎 → 𝐅 Average error (m) ↓ 
Improvement (%) ↑  

Model-based KF (baseline) ✔   6.37 ± 3.36 6.19 ± 1.71 6.19 ± 2.12 - 

DRL-based 
DRL-RSTR 

(w/o Temporal)  ✔ ✔ 5.28 ± 3.55 2.75 ± 1.34 4.02 ± 2.45 36.0 

 
DRL-RSTR 

(w/o Spatial) ✔  ✔ 4.79 ± 3.56 2.61 ± 1.36 3.70 ± 2.46 41.1 

 
DRL-RSTR 

(w/o SST) ✔ ✔  5.13 ± 3.49 3.50 ± 1.65 4.32 ± 2.57 31.2 

 
DRL-RSTR 

(Full version) ✔ ✔ ✔ 𝟒. 𝟕𝟗 ± 𝟑. 𝟓𝟒 𝟐. 𝟓𝟔 ± 𝟏. 𝟑𝟖 𝟑. 𝟔𝟖 ± 𝟐. 𝟒𝟔 𝟒𝟏. 𝟒 

Trained on the trajectories in the overpass environment 
Method Temporal Spatial SST Positioning error (m) ↓ Improvement (%) ↑  

Model-based KF (baseline) ✔   5.54 ± 1.64 - 

DRL-based 
DRL-RSTR 

(w/o Temporal)  ✔ ✔ 5.27 ± 1.62 4.8 

 
DRL-RSTR 

(w/o Spatial) ✔  ✔ 5.27 ± 1.78 4.8 

 
DRL-RSTR 

(w/o SST) ✔ ✔  5.50 ± 1.83 0.7 

 
DRL-RSTR 

(Full version) ✔ ✔ ✔ 𝟓. 𝟏𝟖 ± 𝟏. 𝟕𝟖 𝟔. 𝟓 
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dynamic changes. First, we propose a multi-observation GCN-transformer to 665 

effectively encode the spatial-temporal representation from sequential GNSS 666 

observations. Second, a self-supervised pretext task is designed to improve the 667 

robustness of spatial-temporal representation, enabling the model to better adapt to 668 

dynamic changing urban environments. Finally, we validate our DRL-RSTR on the 669 

GZGNSS and GSDC datasets, which shows that our method outperform state-of-the-670 

art model-based and learning-based methods in terms of positioning accuracy and 671 

generalization.  672 

Although the proposed DRL-RSTR demonstrates notable improvements and 673 

strong generalization in dynamically changing urban environments, several limitations 674 

still exist. For instance, our method does not explicitly address GNSS outages scenarios, 675 

such as those encountered in tunnels. It limits the applicability of the model in situations 676 

where GNSS signals are partially or completely unavailable. In future works, we will 677 

consider additional sensor modalities, such as inertial measurement units (IMUs) or 678 

LiDAR to construct more comprehensive and reliable observations. By fusing these 679 

data sources, we aim at improving the positioning correction performance during GNSS 680 

outages.  681 
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