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Abstract. Precise Point Positioning with Regional augmentation (PPP-RTK) provides absolute posi-
tioning at the decimetre-to-centimetre level without baseline constraints, yet residual tropospheric, iono-
spheric, and multipath errors continue to limit convergence performance in kinematic scenarios. Vision-
Inertial Odometry (VIO) is drift-resilient over short intervals but accumulates unbounded error without
an external position anchor. This paper presents a tightly coupled neural error-compensation framework
that integrates a Long Short-Term Memory (LSTM) network into a PPP-RTK/VIO fusion pipeline to
predict and correct dominant GNSS residual errors in real time. The LSTM consumes carrier-phase ob-
servables, satellite geometry metrics, and inertial pre-integration residuals, enabling environment-aware
compensation without explicit atmospheric model inversion. A factor graph back-end unifies PPP-RTK
pseudorange and carrier-phase factors with VIO pre-integration constraints and neural correction factors
under an iSAM?2 incremental smoother. On a mixed urban—suburban kinematic dataset, the proposed
pipeline yields a modest but consistent reduction in horizontal RMS positioning error (approximately
16.7%, from 4.2 cm to 3.5 cm) and in time-to-convergence (approximately 12.3%, from 17.1 min to
15.0 min) relative to a conventional PPP-RTK/VIO baseline without neural augmentation. Relative to
PPP-RTK alone (without VIO), improvements reach approximately 25.5% in horizontal RMS (from
4.7 cm to 3.5 cm) and 18.3% in convergence time (from 18.3 min to 15.0 min). These preliminary,
single-route results indicate that learning-based residual compensation may be a useful, low-overhead
supplement to kinematic GNSS positioning in moderately degraded signal environments; broader vali-
dation across routes, seasons, and receiver classes is needed before stronger claims can be supported.
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1 Introduction environments.  Global Navigation Satellite System
(GNSS) techniques have evolved along two principal
trajectories. Differential methods such as Real-Time
Kinematic (RTK) achieve rapid centimetre-level posi-
tioning but require access to a nearby reference station

Centimetre-level kinematic positioning underpins
a growing range of applications, from precision-
agriculture robotics to collaborative autonomous
vehicle systems operating in mixed urban—suburban
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or continuously operating reference station (CORS)
network, thereby constraining operational coverage.
Precise Point Positioning (PPP) removes this baseline
dependency by exploiting precise satellite orbit, clock,
and bias corrections distributed through global correc-
tion services. Despite its infrastructure independence,
conventional PPP typically requires approximately
15-30 minutes to converge to centimetre-level po-
sitioning accuracy, which limits its applicability in
time-critical navigation and autonomous systems. Con-
sequently, recent research has focused on PPP-RTK
and ambiguity-resolution techniques that preserve the
global coverage advantages of PPP while substan-
tially reducing convergence time and enabling rapid
centimetre-level positioning [32].

This positioning problem is increasingly embedded
in a broader ecosystem of intelligent mobility, geospa-
tial sensing, autonomous systems, and data-driven per-
ception. Related studies have investigated UAV base-
station placement, image-based traffic monitoring, in-
telligent transportation security, priority-vehicle detec-
tion, light-field image enhancement, spatial-data valida-
tion, edge-assisted augmented-reality inference, drone-
route optimization, photonic radar for autonomous ve-
hicles, FANET routing, visible-light positioning, se-
mantic segmentation for intelligent transportation, and
vision-based agricultural automation [4,[7}/12,{13}/19,27,
40,|55H57,161,162,|64]]. In parallel, work on wireless
and 5G/6G infrastructures has addressed smart RAN
slicing, wireless quality modelling, software-defined
IoT networking, streaming-quality assessment, QoE
indicators, SDN resource allocation, MIMO visible-
light communication, wireless-resource optimization,
network-flow minimization, reconfigurable intelligent
surfaces, massive connectivity, atmospheric attenua-
tion, and millimetre-wave coverage planning [/1}2}|5.|6,
8l 11116,{18L[20421136,/59,63]]. These developments pro-
vide the communications and sensing context in which
robust, low-latency positioning solutions are increas-
ingly expected to operate.

A complementary body of research has explored
machine learning, federated learning, cybersecurity,
and adaptive inference for connected systems, in-
cluding blockchain-assisted healthcare federation, re-
current and convolutional intrusion-detection models,
classifier chains, attention-based diagnosis, FPGA-
oriented neural architectures, medical-image classi-
fication, optimized speech-emotion models, ensem-
ble cyberattack detection, communication-aware feder-
ated IDS, privacy-preserving parameter exchange, bio-
inspired VANET security, adaptive IoT device identi-
fication, transfer-learning IDS, lightweight IIoT intru-

sion detection, secure [oMT containerization, explain-
able transformer-based intrusion detection, healthcare
privacy, decentralized IoT learning, recurrent keylogger
detection, and interpretable Al for IoMT [3}24}[35}/37,
381/41H451/47,/48]/531541/66L69H711[76,81]]. Other contri-
butions have examined deep-learning-based QoE moni-
toring, social-web sentiment analysis, emotion monitor-
ing, social-network sentiment classification, QoE in se-
rious virtual-reality applications, immersive healthcare
education, virtual-reality healthcare applications, neu-
ral speech coding, AI/ML-enhanced 5G security moni-
toring, and 5G-enabled biomedical robotics [|17,22}46,
49150158160,67,72,75]. Collectively, these studies illus-
trate the growing role of learned models and heteroge-
neous sensing/communication pipelines in applications
where robustness, uncertainty handling, and real-time
operation are critical.

In kinematic platforms traversing urban or semi-
urban environments, residual tropospheric gradients,
multipath interference, and intermittent signal block-
age persist after the PPP-RTK correction pipeline
and remain a dominant source of positioning er-
ror [65]]. Meanwhile, Vision-Inertial Odometry (VIO)
couples camera and IMU measurements to deliver high-
frequency, low-drift 6-DoF state estimates [23| |52].
VIO is bounded in drift only over short intervals and
provides no absolute position reference, so it diverges
over extended trajectories unless anchored externally.
Fusing GNSS absolute positioning with VIO relative
motion has been pursued in several recent works [10,
33[34]], yet most architectures treat residual GNSS er-
rors as stationary white Gaussian noise — a simplifica-
tion that does not capture the temporal autocorrelation
of tropospheric and multipath components.

This paper proposes a neural augmentation layer
that targets this gap. The contributions are intentionally
incremental and are framed as such:

An LSTM residual predictor is developed to
map carrier-phase observables, satellite geometry in-
dices, and IMU pre-integration bias terms to a three-
dimensional GNSS position correction vector with het-
eroscedastic uncertainty, operating without explicit at-
mospheric model inversion.

A factor graph formulation is proposed that incor-
porates the neural correction as a pseudo-measurement
factor, enabling uncertainty-aware fusion within an
iSAM?2 incremental smoother alongside standard PPP-
RTK and VIO factors.

A single-route experimental evaluation demon-
strates a measurable, though moderate, improvement
in positioning accuracy and convergence time over a
PPP-RTK/VIO baseline without neural compensation.
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An accompanying ablation analysis further isolates the
contribution of each input feature group to the overall
performance.

The remainder of this paper is organised as follows.
Section 2] reviews related work. Section [] details the
proposed architecture. Section [ presents the experi-
mental results. Section [3] discusses limitations, includ-
ing the dataset-specific nature of the reported gains,
which should be read as evidence of feasibility rather
than as a general performance bound. Section [6] con-
cludes the paper.

2 Related Work
2.1 PPP-RTK and Atmospheric Augmentation
Regional correction streams

Modern PPP-RTK systems employ regional augmenta-
tion networks to generate and disseminate state-space
corrections, including precise satellite orbit and clock
products, phase biases, and atmospheric corrections
(ionospheric and tropospheric delays). These correc-
tions enable rapid integer ambiguity resolution and sub-
stantially reduce convergence time while maintaining
centimetre-level positioning accuracy for users within
the service area [73]).

Remaining error sources

Despite these advances, non-modelled multipath and
residual tropospheric gradients at the user receiver
remain a performance ceiling in kinematic deploy-
ments [83]], motivating supplementary data-driven cor-
rection approaches that the present work also pursues.

2.2 Machine Learning for GNSS Error Mitigation
Static and post-processed approaches

Several authors have investigated neural networks for
GNSS error mitigation. Han ef al. [25]] demonstrated
the effectiveness of LSTM-based architectures for mod-
elling temporal dependencies in GNSS time-series data,
reporting significant improvements in prediction accu-
racy. Tao et al. [68] combined convolutional and recur-
rent layers (CNN-LSTM) for short-baseline multipath
mitigation, and Cho et al. [|14] proposed a multi-task
compensation network for multipath errors. Machine-
learning methods have increasingly attracted attention
in GNSS research because of their potential to model
nonlinear phenomena and improve positioning per-
formance under challenging conditions. Recent ef-
forts have focused on topics such as ionospheric mod-
elling, multipath mitigation, and the enhancement of
smartphone-based positioning. Mohanty and Gao [39]

and Kanhere er al. [26] investigated learning-based
correction models for smartphone GNSS positioning,
leveraging graph neural networks and deep neural net-
works to mitigate measurement errors in challenging
environments. In addition, Zhang et al. [82]] proposed a
transformer-enhanced LSTM architecture for joint non-
line-of-sight (NLOS) detection and GNSS uncertainty
prediction. Siemuri et al. [|65] provide a systematic re-
view of this growing body of work.

Kinematic, tightly coupled approaches

These contributions largely target static, post-
processed, or loosely coupled contexts.  Recent
studies have explored the use of deep learning to
enhance loosely coupled GNSS/INS integration by
predicting pseudo-GNSS measurements and compen-
sating navigation errors under signal degradation. For
example, Tian et al. [74] introduced a hybrid deep-
learning-assisted compensation framework for loosely
coupled GNSS/INS integration. Nevertheless, because
loosely coupled architectures operate on position
solutions rather than raw carrier-phase observations,
they inherently discard fine-grained measurement
information before the neural stage, limiting sensitivity
to sub-decimetre error components. The proposed
framework instead operates directly on carrier-phase
residuals in a tightly coupled pipeline, preserving
this precision-relevant information; it is closest in
spirit to [80] but differs by embedding the learned
correction as a graph factor rather than a stand-alone
pre-processing step.

2.3 Visual-Inertial GNSS Fusion
Tightly coupled GNSS-VIO systems

VINS-Mono [52] demonstrated the viability of monoc-
ular VIO for autonomous navigation and provided an
architectural template for subsequent GNSS-coupled
extensions. GVINS [10] achieved tightly coupled
GNSS-VIO fusion for smooth state estimation, Liu et
al. [34] extended tight coupling to multi-constellation
RTK/VIO integration, and Lee er al. [28] and Boche
et al. [|9] investigated a tightly coupled visual—inertial
SLAM framework with dropout-tolerant GPS fusion,
introducing an optimisation-based approach that com-
pensates for drift accumulated during GNSS outages.
Cioffi and Scaramuzza [15] proposed tightly-coupled
fusion of global position measurements within an
optimisation-based VIO back-end. OpenVINS [23]
provides a modular factor-graph VIO implementation
widely used as a research baseline.
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PPP/RTK-vision—inertial integration

More directly related, Li ef al. [33] (P3-VINS) and Li
et al. [30] (DGVINS) tightly couple PPP/differential-
GNSS observations with visual-inertial SLAM, Li et
al. [31] and recent studies have increasingly explored
tightly coupled multi-sensor navigation frameworks
that combine GNSS, inertial, visual, and LiDAR infor-
mation to improve localisation robustness in challeng-
ing urban environments. Li et al. [29] proposed a tightly
coupled integration framework combining GNSS, INS,
and LiDAR measurements for vehicle navigation in ur-
ban environments. Wang et al. [77] developed GIVE,
a tightly coupled RTK-inertial-visual state estimator
based on nonlinear optimisation for robust and precise
positioning. More broadly, factor-graph-based sensor
fusion has emerged as an effective strategy for integrat-
ing heterogeneous measurements and improving navi-
gation performance in GNSS-challenged scenarios, and
Pan er al. [51]) integrate uncombined precise point posi-
tioning (UC-PPP) with monocular visual-inertial odom-
etry through factor graph optimisation to improve po-
sitioning performance in challenging urban environ-
ments. Wen et al. [78] and Wen et al. [79] compare
factor graph optimization with the extended Kalman fil-
ter for GNSS/INS integration, demonstrating that fac-
tor graph optimization provides improved estimation
accuracy and robustness by exploiting historical mea-
surements through batch optimization. None of these
architectures incorporate a learned, temporally-aware
GNSS residual model; nearly all rely on fixed or slowly-
adapted stochastic error assumptions that are subopti-
mal under non-stationary multipath or tropospheric gra-
dient conditions. The present work augments this class
of systems with an LSTM correction layer and a cor-
responding factor type, while keeping the remainder of
the estimator architecture close to established tightly-
coupled practice.

3 Proposed Method
3.1 System Overview
Processing threads

The proposed architecture operates in three concurrent
threads (Fig.[I). A GNSS pre-processing thread applies
PPP-RTK corrections (orbit, clock, code bias, STEC,
ZTD) to raw observables and computes per-satellite
carrier-phase residuals. A VIO thread runs a stereo
camera—-IMU front-end producing pre-integrated IMU
constraints and visual feature tracks. An LSTM infer-
ence thread consumes features from both threads to pro-
duce an epoch-wise 3-D position correction with het-
eroscedastic covariance.

Estimator back-end

All outputs are represented as factors in a common fac-
tor graph solved incrementally by iSAM2, so that the
neural correction participates in the same probabilis-
tic estimation as the conventional GNSS and VIO mea-
surements rather than being applied as an external post-

hoc filter.

GNSS pre-processing
(PPP-RTK corrections,
carrier-phase residuals)

iSAM2
LSTM inference | factor |
(correction + | graph i
heteroscedastic o2) | back-end

VIO front-end
(stereo camera + IMU
pre-integration)

Figure 1: System overview: GNSS and VIO threads
feed both the factor graph directly and the LSTM infer-
ence thread, whose output enters the graph as an addi-
tional pseudo-measurement factor.

3.2 PPP-RTK Observation Model

After applying satellite orbit, clock, hardware code
bias, and regional STEC and ZTD corrections, the cor-
rected carrier-phase observation for satellite s at epoch
k is:

o =P T T+ I+ AN + 25, (D

where p; ; is the geometric range, 77, and I}, are
residual tropospheric and ionospheric delays surviving
regional correction, IV, is the integer ambiguity, A is the
carrier wavelength, and ¢ , aggregates multipath and
receiver noise. Conventional PPP-RTK treats 77, and
I, as zero-mean Gaussian noise; the proposed frame-
work instead routes them through the LSTM predictor
described next.

3.3 LSTM Residual Predictor
Input features

The LSTM input feature vector at epoch k is:
X, = | ¢y ks PDOPg, CNO, elf, br| ()

where &)T’ & 1s the vector of per-satellite post-correction
carrier-phase residuals, PDOPy, is the position dilution
of precision, CNOy, is the mean carrier-to-noise density
ratio, el;, are satellite elevation angles, and Bk is the
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IMU pre-integration bias estimate from the VIO front-
end. The LSTM operates over a sliding window of
W = 20 epochs:

(hg, cr) = LSTM(Xp—w41:k, hi—1, ck—1; ©) (3)

Output head and loss

A fully connected output head maps hy to a correction
vector and its log-variance:

6pNN7 1Og 0'2NN = Wouthk + bout (4)

Training minimises the heteroscedastic negative log-
likelihood:

dp; — 6 2
r— Z H Di pNN,k” i 5 log 0'2NN,k )
k

2
208Nk

where dpj, is the ground-truth error vector computed
from a survey-grade reference trajectory. This formu-
lation jointly learns the correction magnitude and its
epoch-wise predictive uncertainty, which is later used to
down-weight the corresponding factor under low confi-
dence.

3.4 Factor Graph Formulation
State and factor types

The system state at epoch k is

2;7 bZ7 {N;}7 t’r‘,k}7 (6)

comprising position pr, € R?3, velocity vy, rotation
Ry € SO(3), IMU accelerometer and gyroscope bi-
ases b{, by, carrier-phase ambiguities N7, and receiver
clock offset ¢, .. Four factor types populate the graph:
(1) IMU pre-integration factors fiyy between consec-
utive state nodes [?]; (ii) PPP-RTK pseudorange fac-
tors f, linking corrected pseudorange observations to
the state; (iii) carrier-phase factors fy including integer-
constrained ambiguity nodes; and (iv) neural correction
factors fxn incorporating dpyy j as a soft constraint
with covariance

Xk = {pkv Vi, Rka

YNNE = diag(UQNN,k)'

MAP estimate and incremental solving

The MAP estimate minimises the weighted sum of
squared Mahalanobis norms:

& = argmin 3 [ fnv B + 1551,
k (N
+ 1 £ollE, + sl |

iISAM2 incrementally updates the Bayes tree at each
epoch, avoiding full re-linearisation and maintaining
real-time throughput on the embedded hardware de-
scribed in Section 4l

3.5 Notation Summary

Table [I] consolidates the symbols introduced in this
section, to aid readers cross-referencing the equations
against the factor graph description.

Table 1: Summary of Symbols Used in the Proposed
Formulation

Symbol Description

~f’ & Corrected carrier-phase observation,
satellite s, epoch k

T Ly Residual  tropospheric/ionospheric
delay after regional correction

N2, A Integer ambiguity and carrier wave-
length

X LSTM input feature vector (carrier-
phase residuals, PDOP, CNg, eleva-
tion, IMU bias)

w LSTM  sliding-window  length
(epochs)

h;, c, LSTM hidden and cell states

PNy TaN Predicted position correction and its
heteroscedastic variance

opr, Ground-truth correction from the

survey-grade reference trajectory
Xy Factor graph state: position, veloc-
ity, rotation, IMU biases, ambigui-
ties, clock offset
fimu, fo, fo, fINNMU  pre-integration, pseudorange,
carrier-phase, and neural correction
factors
Covariance matrix associated with
the corresponding factor

DB

4 Experimental Evaluation
4.1 Dataset and Experimental Setup
Route and sensors

Experiments were conducted on a ground vehicle
traversing a 12.4km route comprising open suburban
corridors, a moderately dense urban segment, and a
vegetated residential zone. PPP-RTK corrections were
streamed at 1 Hz from a regional correction service
with five reference stations within a 150 km radius. A
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survey-grade dual-frequency RTK receiver with a co-
located base station provided the ground-truth trajec-
tory, estimated accurate to +1.2 cm (1o horizontal). Ta-
ble [2 summarises the sensor suite and acquisition pa-
rameters. We note that this is a single 12.4 km route,
and the reported figures below should accordingly be
read as a feasibility demonstration rather than a com-
prehensive accuracy characterisation.

Table 2: Experimental Setup Summary

Component
GNSS receiver

Specification

Dual-frequency
GPS/GLONASS/Galileo,
1 Hz, 5 mm carrier-phase noise

Stereo camera
IMU
PPP-RTK service

640480 px, 20 fps
MEMS, 200 Hz
5 reference

1Hz corrections,
stations, 150 km radius
Survey-grade  dual-frequency
RTK, co-located base, +=1.2cm
(Io)

12.4 km; suburban, urban, vege-
tated residential

Ground truth

Route length / mix

LSTM  training 30km, two separate days, com-
data parable route (no test overlap)
Compute (infer- ARM Cortex-A72 (Raspberry
ence) Pi4)

Training procedure

The LSTM network comprised two stacked layers (hid-
den size 128), trained with an 80/20 temporal split (no
overlap with the test trajectory). Training used the
Adam optimiser for 100 epochs with early stopping on
validation loss.

4.2 Baselines

Three configurations were compared: (i) PPP-RTK
only, standard PPP-RTK without VIO or neural cor-
rection; (ii) PPP-RTK + VIO, tightly coupled PPP-
RTK/VIO in the factor graph without neural factors;
and (iii) Proposed (PPP-RTK + VIO + LSTM), the
full architecture described in Section[3l

4.3 Positioning Accuracy

Table [3] summarises horizontal and vertical RMS posi-
tioning error and effective convergence time (the epoch
at which horizontal error falls below 5 cm and remains
there) for each configuration.

Table 3: Positioning Performance Comparison (Full

12.4 km Route)
Method H-RMS (cm) V-RMS (cm) Conyv. (min)
PPP-RTK only 4.7 5.8 18.3
PPP-RTK + VIO 4.2 53 17.1
Proposed 3.5 4.6 15.0
| |
4.7
4.2

g 4 3.5 N

=

=

E: 2| .

=

0 T T T
PPP-RTK only ~ PPP-RTK+VIO Proposed

Figure 2: Horizontal RMS positioning error across the
three evaluated configurations on the 12.4 km test route.

The proposed method reduces horizontal RMS from
47cm to 3.5cm, an approximate 25.5% relative re-
duction against the PPP-RTK-only baseline, and from
4.2cm to 3.5cm (about 16.7%) against the PPP-RTK
+ VIO baseline (Fig.[2). Vertical RMS decreases sim-
ilarly, from 5.8 cm to 4.6 cm (about 20.7%) and from
5.3cm to 4.6cm (about 13.2%) over the respective
baselines. Convergence time drops from 18.3 min to
15.0min, an approximate 18.3% reduction over the
PPP-RTK-only case. These are single-route, single-
receiver-class figures and we treat them as indicative
rather than definitive; Section [3] elaborates on this
caveat.

The gains are observed across the route but are most
pronounced during the urban segment, where the LSTM
appears to leverage temporal autocorrelation in carrier-
phase residuals to partially compensate multipath con-
tributions that are unmodelled by the regional atmo-
spheric grid.

4.4 Ablation Study

Table[d reports horizontal RMS under four ablated con-
figurations, isolating the contribution of individual in-
put feature groups.

Removing satellite geometry features (DOP, eleva-
tion) increases the H-RMS by 0.4 cm, consistent with
geometry acting as a useful proxy for the magnitude of
the error in the LSTM. Removing IMU bias terms adds
0.2 cm, a smaller but consistent effect attributable to in-
ertial coupling during dynamic manoeuvres. Replacing
the heteroscedastic uncertainty head with a fixed co-
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Table 4: Ablation on LSTM Input Features

Configuration H-RMS (cm)
Full proposed (all features) 3.5
— DOP and elevation angles 39
— IMU bias terms by, 3.7
— Heteroscedastic uncertainty head 3.8
— Sliding window (W = 1, single epoch) 4.1
Full proposed —{ ] 3.5 ‘ [~
DOP/elevation —| ] 3.9 —
IMU bias terms —| ] 3.7 —
Uncertainty head —{ ] 3.8 —
Window W=1 —| ] 4.1
; ) 2 > .

H-RMS (cm)

Figure 3: Horizontal RMS degradation as individual
LSTM input feature groups are removed from the full
proposed configuration (each row corresponds to one
ablated configuration in Table ). The sliding-window
context contributes the largest single share of the gain.

variance increases H-RMS by 0.3 cm, suggesting that
adaptive factor weighting helps smoother fidelity dur-
ing episodic low-confidence epochs. The largest indi-
vidual degradation occurs when the temporal window
collapses to a single epoch (W = 1, +0.6 cm), indicat-
ing that sequential context contributes the most to the
observed gain, plausibly because the LSTM is exploit-
ing multi-second autocorrelation of atmospheric and
multipath residuals rather than instantaneous geometry
alone, as Fig. E] illustrates.

4.5 Computational Cost

LSTM inference runs at 3.8 ms per epoch on an ARM
Cortex-A72 processor (Raspberry Pi 4), within the 1s
GNSS update interval. The iSAM2 smoother step av-
erages 22 ms per epoch. Total pipeline latency of ap-
proximately 26 ms is compatible with 1 Hz GNSS-rate
real-time operation on embedded hardware, suggesting
the approach is computationally practical even though
its accuracy benefit is moderate.

5 Discussion
Interpreting the magnitude of the gains

The reported improvements — approximately 25.5% in
horizontal RMS and 18.3% in convergence time — are
moderate rather than transformative, and we present
them as such; they were obtained on a single 12.4km

mixed-environment route and should not be extrapo-
lated to other geographies, receiver grades, or atmo-
spheric conditions without further testing. Under higher
multipath stress (e.g., dense urban canyons or indoor-
outdoor transitions), the benefit of temporal residual
modelling would plausibly increase; conversely, in
open-sky conditions the gains would likely narrow, be-
cause the residuals the LSTM is trained to exploit are
themselves small there.

Role of the uncertainty head

The heteroscedastic uncertainty head merits attention:
by producing epoch-varying covariance estimates, the
network effectively down-weights its own correction
during epochs of low confidence (flagged by elevated
PDOP or sharply reduced CNO), which may help pre-
vent incorrect corrections from propagating through the
factor graph. This self-gating behaviour is not achiev-
able with a fixed-covariance design, although we have
not yet stress-tested it under adversarial or spoofed-
signal conditions.

Generalisation limits

A limitation of the current work is LSTM generalisa-
tion. The network was trained on two days of data
on a single route and may exhibit degraded perfor-
mance in environments with substantially different mul-
tipath or vegetation profiles without retraining or fine-
tuning. Online adaptation strategies — such as recursive
least-squares weight updates on recent residuals — are
a natural extension. The current formulation also uses
GPS/GLONASS/Galileo but not BeiDou; adding Bei-
Dou observables would expand satellite geometry di-
versity and could plausibly improve carrier-phase resid-
ual discriminability for the LSTM input, though this has
not been tested here.

Interaction with ambiguity resolution

Integer ambiguity resolution in PPP-RTK is sensitive to
perturbations in the carrier-phase residual landscape. In
the proposed framework, the neural factor introduces a
position-domain correction rather than a phase-domain
correction, leaving the ambiguity search nominally un-
affected. Nonetheless, systematic validation of ambi-
guity fix rates under neural augmentation, across more
than one route and dataset, is recommended before any
deployment in safety-critical contexts.
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6 Conclusion

This paper presented a neural error-compensation
framework for PPP-RTK kinematic positioning inte-
grated with Vision-Inertial Odometry. An LSTM net-
work operating on carrier-phase observables, satellite
geometry indices, and IMU bias residuals predicts the
epoch-wise GNSS position error and outputs both a
correction vector and its predictive uncertainty. The
correction is incorporated as a heteroscedastic pseudo-
measurement factor within an iSAM2 factor graph
alongside standard PPP-RTK and VIO factors. On a
single 12.4 km mixed-environment kinematic dataset,
the approach showed an approximate 16.7% reduction
in horizontal RMS positioning error (from 4.2 cm to
3.5 cm) and an approximate 12.3% reduction in con-
vergence time (from 17.1 min to 15.0 min) relative to
PPP-RTK + VIO without neural augmentation. Gains
relative to PPP-RTK alone are more substantial, reach-
ing approximately 25.5% in horizontal RMS and 18.3%
in convergence time, with total pipeline latency under
30 ms on embedded hardware.

These preliminary results suggest that learned resid-
ual compensation can be a computationally practical,
moderate-impact augmentation for kinematic GNSS
positioning that requires no modification to the regional
correction infrastructure. The improvement should be
regarded as route-specific evidence of feasibility rather
than a general claim. Future work will investigate
multi-frequency LSTM inputs, online domain adapta-
tion, evaluation across additional routes and seasons,
and extension to full multi-constellation operation in-
cluding BeiDou.
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