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Abstract

The emerging development of Global Navigation Satellite System (GNSS) software receivers
has opened new opportunities in diverse operations. However, non-line-of-sight (NLOS)
concatenated signal reception is one prevalent deterioration factor causing positioning
errors in urban scenarios. To enhance integrity and reliability through receiver autonomous
integrity monitoring (RAIM) techniques in urban environments, distinguishing between
line-of-sight (LOS) and NLOS signals facilitates the exclusion of NLOS channels: this is chal-
lenging due to uncertain signal reflections/refractions from diverse obstruction conditions
in the built environment. Moreover, NLOS features show similarity to multipath effects
like scattering and diffraction which causes difficulty in identifying the NLOS type. Recent
work exploited NLOS detections with multi-correlator outputs using neural networks that
outperform using signal strength techniques for NLOS detection. This paper proposes a
neural network approach designed to recognise and learn spatial features among early, late,
and prompt correlator outputs, differentiating between correlations, and also by memoris-
ing temporal features to acquire propagation information. Specifically, the spatial features
of correlator IQ streams are derived from convolutional layers incorporated with concate-
nations, to formulate associate models like early-minus-late discrimination. A Recurrent
Neural Network (RNN), i.e., long short-term memory (LSTM), is integrated to obtain com-
prehensive temporal features; hereby, a softmax classifier is appended in the last layer to
distinguish between NLOS and LOS signals. By simulating synthetic datasets generated by
a Spirent simulator and captured by a software-defined radio (SDR), the correlator outputs
are acquired during the scalar tracking stage. The product of the proposed network demon-
strates high performance in terms of accuracy, time consumption and sensitivity, affirming
the efficiency of utilising early-stage correlations for NLOS detection. Moreover, an impact
analysis of varying the sliding window length on NLOS discrimination underscores the
need to fine-tune the parameter, as well as balancing accuracy, operation complexity and
sensitivity.

Keywords: NLOS detection; early late prompt correlator; convolutional LSTM; GNSS
receiver; software defined GNSS

1. Introduction

The GNSS service is one of the prominent positioning solutions facilitating various
applications such as the navigation of autonomous vehicles [1]. For operations under radio
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frequency (RF)-harsh environments like urban canyons, large positioning errors are often
discovered due to reflective surfaces from obstructions like surrounding buildings and
skyscrapers that yield position errors. Specifically, the GNSS signals are reflected, diffracted
or blocked, which are key factors in causing multipath and non-line-of-sight (NLOS)
phenomena that further deteriorate the positioning accuracy of GNSS. Due to showing
similarities between the multipath and NLOS signals on correlator outputs, detecting and
excluding NLOS channels that do not include LOS components during the position, velocity,
and timing (PVT) calculation is always challenging. Specifically, the acquisition of NLOS
information in the receiver autonomous integrity monitoring (RAIM) technique facilitates
fault detection and exclusion (FDE) to achieve satisfactory positioning performance [2].

GNSSS constellation signals are generated using deterministic pseudo-random noise
(PRN) code that is applied in acquisition and tracking stages to detect the presence of
satellites using correlation functions. NLOS detection via correlations at the early stage is
promising due to the fact that NLOS conditions exhibit unique patterns in the code domain
evident from the correlator output. For instance, Ref. [3] presented a correlator-based
first path detection augmented with a multi-layer perceptron (MLP) to capture global
correlation features with high resolution.

One category of NLOS detection methods from GNSS observations relies on hardware
components like mounting cameras toward the zenith, e.g., a visible camera, a fish-eye
camera, or an omnidirectional far-infrared camera [4]. Through real-time extraction of
satellite elevations and locating satellites in the camera images after coordination trans-
formation, the NLOS is determined when the satellites are blocked by the building in
the video stream. NLOS detection using the dual-polarisation antenna is also popular,
where NLOS is estimated by separately correlating the right-hand circularly polarized
(RHCP) and left-hand circularly polarized (LHCP) signals and calculating differences in the
carrier-to-noise density (C/NO) measurements [5]. Another promising approach has been
widely exploited that uses aiding information extracted from 3D building models to design
NLOS exclusion filters [6]. Specifically, the shadow matching method that predicts the
satellite visibility from 3D building models and cross-checks with the actual measurements
is evidenced to facilitate the position accuracy [7].

A prevalent NLOS discrimination method is through signal-to-noise ratio (SNR)
characteristics, which assumes that NLOS signals exhibit lower signal strength due to
the lack of direct line-of-sight (LOS) components [8]. Nevertheless, the signal strength
may be affected by automatic gain control (AGC) mapping functions in the front-end,
bringing changeable noise floors and errors in estimating the signal strength, especially
when interference exists [9]. Moreover, the multipath and NLOS methods may reveal high
similarities in SNR representations and are dependent on the tracking loop performance,
necessitating the consideration of richer features for effective discrimination design. For
instance, Ref. [4] detects NLOS signals from correlator outputs using feature representations
of signal strength, number of local maxima, and distribution of the delay of the maximum
correlation. The multiple types of NLOS features are therefore fed for NLOS detectors,
applying a support vector machine (SVM) to achieve more accurate NLOS discrimination.
A thorough review of machine learning-based multipath/NLOS detection and mitigation
methods is summarized in [10], where fully connected neural networks (FCNNs) and SVM
are particularly highlighted.

This study proposes a deep learning method for NLOS discrimination by processing
correlator outputs in the code domain. In this study, NLOS representations are extracted
from early—late prompt (ELP) correlators in IQ format, which capture raw correlation
patterns affected by NLOS at an early stage. To enhance perception capabilities, a convolu-
tional neural network (CNN) layer is applied to each individual correlation as the initial
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layer, activating dominant spatial features. This is followed by a recurrent long short-term
memory (LSTM) network [11] to capture complex and long-term temporal dynamics for
sequence training and predictions. The key contribution of this work is the proposal of
a deep learning-based NLOS detector using correlation outputs. Instead of manually ex-
tracting NLOS features, the discrimination of NLOS is achieved through end-to-end tuning
from the training dataset, incorporating historical samples to enhance performance.

2. Methodology

The outline of the NLOS mitigation scheme with the developed convolutional LSTM
mechanism placed after correlators is illustrated in Figure 1. After the GNSS receiver
retrieves baseband IQ samples after downsampling, the scalar tracking loop (STL) gen-
erates a local replica code per individual channel for each satellite. The ELP correlators
are performed between the incoming IQ and replica code with a fixed code offset. Typ-
ical discriminators are developed from correlator outputs to extract phase, code delay,
and frequency offset tracks for phase-locked loop (PLL), delay-locked loop (DLL), and
frequency-locked loop (FLL), hereby fulfilling feedback loops to compensate errors like
receiver numerically controlled oscillator (NCO) instability, over-the-air propagation, and
Doppler shift. Incorporating the proposed CNN-LSTM architecture, the NLOS detector
functions as a channel filter applied after correlators to identify and discard NLOS channels
for signal selection. The NLOS detector takes IQ channel inputs from three correlators,
utilizing a sliding window approach to balance detection rate and minimize false alarms.
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Figure 1. Overview of GNSS receiver architecture assisted with the proposed convolutional LSTM
network—demonstrated with the STL tracking loop.
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2.1. NLOS Correlation Representation
The received direct GNSS signal x(t) is denoted as follows:
x(t) = Acos(wot + 6p) 1)

where A, w, and 6 stand for amplitude, carrier frequency, and phase at the time of antenna
transmission, respectively.

Since the multipath affects the signal amplitude and phase essentially, the multipath
channel model whose time-domain CIR representative h(t) is denoted by

N-1
h(t)= Y Cub(t—1),0<t<T, )
n=0
where n € N is the multipath channel; C, is the complex channel coefficient of the channel
that can be calculated by C,, = apel®n, where a, and 60, are the amplitude and phase of
multipath signals; 7, is the delay of the channel; §(t) is the Dirac delta function; and T, is
the correlation interval that is wide enough to capture the NLOS representations.
The received signal with the multipath model is denoted by

y(t) = /x(r)h(t C)dt,0<t<T, 3)
Given a local replica correlation Ry generated for the individual channel, the correlator
output in the continuous form is denoted by
N-1
R(t) = ) CuRo(T — ) (4)
n=0

After sampling with f; = 1/Ts, the discrete correlator output with prompt correlator
is derived as

N-1 T0— 1, ™w_1+T,
ano CnRO(st - Tn)/ T; £t <n< T £
0, otherwise

Ry(mTs) = { ®)

For the ELP correlators, the correlation output gives three IQ values at each epoch for
each correlator, where the extra two correlation formulations, i.e., early correlation R, and
late correlation R;, show an identical formulation except for fixed code delay. The LOS
signal is believed to be the strongest path, and therefore the NLOS multipath signals are
the formation where # starts from 1 excluding the 0 component.

2.2. Convolutional LSTM Structure

As the primary data-driven approaches, CNN and LSTM network structures have
been extensively explored in signal processing applications [12]. It is well-recognized that
CNN processes strong capability in spatial perceptions via deep-layer structures. LSTM
reveals outstanding performance in mitigating the vanishing and exploding gradients
problem, i.e., gradients diminish during backward propagation across layers [13], as well as
incorporating temporal information in the prediction process. The integration of CNN and
LSTM to leverage the advantages of both network structures has been studied in various
applications, such as pedestrian trajectory prediction [14,15]. This paper introduces a convo-
lutional LSTM structure designed to capture underlying spatial patterns in each correlator
output. The extracted spatial features are processed to determine the relations between the
correlators R, Rj, and R, over a time period before dealing with the temporal correlations.
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Letting the CNN output for each correlator R, R;, and R, be defined as Sfenn(Re)t,
fenn(Rp)t, and feun (Rp); at time ¢, the correlator features after the feature transformation are
hereby concatenated to form a 1D input sequence feun, = [ fenn(Re)t, fonn(Ri)ts fonn(Rp)t]-
Given the definitions of the hidden unit /; € R, input gate i; € R, forget gate f; € R, output
gate o; € R, input modulation gate g; € R, and memory cell ¢; € R, the LSTM updates
from previous inputs feun, |, hi—1, and ¢, are derived:

it = 0(Wyifonn, + Whilti—1 + b;)
ft = c(Wys fenn, + Wighi—1 + by)
o = U(onfcnnt + Whohtfl + bo)

8t = tanh(wxcfcnm + thhtfl + bc)
ct = frecr—1+1ir- g
hy = o - tanh(ct)

(©)

where the recurrent weights W and bias b are the parameters to be learned; tanh stands for
X X
eX+te ¥
range; and ¢ denotes the activation function using the sigmoid function o'(x) = (14 *)~1.

the hyperbolic tangent non-linearity function tanh(x) = to squash inputs toa [—1, 1]

The detection task concludes with a softmax layer, which is used to predict the distri-
bution and probability of the target of interest among different categories.

To address amplitude fluctuations in correlation patterns caused by low GNSS signal
strength, NLOS detection is conducted by applying a sliding window approach over a
period of samples, such as 500 samples equivalent to 500 milliseconds, for example. This
method helps to capture and analyze temporal variations in signal characteristics for
accurate NLOS discrimination. The directed acyclic graph (DAG) convolutional LSTM
network structure is presented in Figure 2, and its detailed network configurations are
discussed in Table 1.

Table 1. DL network structure details with an input vector length of 500.

Layers Descriptions Activations
early_correlation 500 x 2 x 1 signal input
conv 32num 3 x 1 convolutions 500 x 2 x 32
maxpool 5 x 1 max pooling 100 x 2 x 32
prompt_correlation 500 x 2 x 1 signal input
conv_1 32num 3 x 1 convolutions 500 x 2 x 32
maxpool_2 5 x 1 max pooling 100 x 2 x 32
late_correlation 500 x 2 x 1 signal input
conv_2 32num 3 X 1 convolutions ~ 500 x 2 x 32
maxpool_1 5 x 1 max pooling 100 x 2 x 32
concat concatenation of dual inputs 100 x 2 x 96
flatten flatten spatial dimensions 19,200 x 1
Istm Istm with 35 hidden units 64 x 1
relu activation layer 64 x 1
fc fully connected layer 2x1

softmax softmax layer as classifier 2x1
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Figure 2. Convolutional LSTM network structure with ELP correlation input.

3. Results and Analysis

This paper’s simulation of NLOS effects adopts a hardware-in-the-loop (HIL) test
setup illustrated in Figure 3, utilizing a Spirent GSS7000 simulator (manufactured by
Spirent UK, Sussex, UK) to produce high-fidelity synthetic datasets containing NLOS
effects. The RF signals are downconverted to the baseband, and digitized using the BladeRF
software-defined radio (SDR) before being saved into binary files on the host PC. The STL
implementation with ELP correlators uses FGI-GSRx GNSS receiver software v1.0.0 [16],
which is developed on Matlab to offer capabilities from multiple constellations including
Galileo, GLONASS, BeiDou, and NavIC. The DLL ELP spacing is set up to 0.5 chip length.
The DLL noise bandwidth is 1 Hz. The PLL noise bandwidth is 15 Hz of wide bandwidth,
15 Hz of narrow bandwidth, and 10 Hz of very narrow bandwidth.

Figure 3. Hardware -in-the-loop test setup for NLOS and LOS GNSS RF simulations.

An analytical multipath model utilizing an urban scenario framework has been de-
veloped to synthesize a GPS L1 constellation dataset. This dataset comprises 2 NLOS,
5 multipath channels, and 2 LOS channels. These channels are dynamically adjustable
throughout the simulation period. Typically, the SNR of LOS components ranges between
10 and 13 dB, while the SNR for NLOS components is below 0 dB. The model includes
three multipath rays, one of which is the LOS ray. To illustrate the effect of the Doppler
shift, a dynamic movement model is employed, specifically a vehicle model that adheres to
the trajectory depicted in Figure 4.

From the collected dataset, the IQ data obtained from ELP correlation are annotated
with NLOS and LOS labels to construct the training and testing datasets. Channel labelling
is performed by analysing the logged constellation files: channels lacking LOS components
are designated as NLOS whilst the remaining channels are labelled as MP/LOS channels.

The training performance of the proposed convolutional LSTM network with ELP
correlation IQ inputs is illustrated in Figure 5. The accuracy has a rapid increase within the
first 500 iterations, reaching approximately 90%, and subsequently converges to around
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95%. This trend suggests that the developed network structure learns NLOS features and
converges to a stable performance level to be further tested.
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Figure 4. Simulated trajectory to collect NLOS RF dataset.
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Figure 5. Training performance of the proposed convolutional LSTM network using a window length
of 500.

We repeat the training and testing process 10 times with the same datasets to average
the performance indicator values. It is found that the length of the window size, which
determines how much data is included in each training or testing instance, can significantly
impact detection performance. A larger window size implies a broader perception with
longer time sequence data, but it does not necessarily enhance detection performance under
fixed resolution. This observation highlights the importance of optimizing the window
size based on specific application requirements to achieve optimal performance in NLOS
detection. Figure 6 depicts the NLOS detection accuracy in terms of correct detection
probability versus the sliding window length. Figure 7 depicts the time consumption of
executing a fixed-length testing dataset when the sliding window length varies.

From Figures 6 and 7, it is found that the detection rate presents two peaks (over 90%
detection rate) when the sliding window length is 20 and 100 samples. The detection rate
starts degrading since the sliding window length increases from 100 samples, meaning
that the NLOS discrimination degrades with redundant perception regions. The time
consumption curve drops by more than 80% when the sliding window increases from 20 to
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100 samples. The tuning of the sliding window length is therefore a tradeoff problem for
balancing the detection accuracy and computation complexity.
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Figure 6. NLOS detector accuracy versus sliding window length.
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Figure 7. NLOS detector time consumption versus sliding window length.

It is well-recognized that deep learning approaches are vulnerable to adversarial
examples or perturbations if overfitted, and therefore the sensitivity evaluation of the
proposed method against samples excluded from the training dataset becomes important.
In this test, one NLOS channel is not included in the training process but is instead included
in the testing dataset to assess the generalization capability of the model. This approach
helps evaluate how well the model can perform on unseen data and provides insights into
its robustness and generalization beyond the training dataset. The detection rate result is
illustrated in Figure 8.

From Figure 8, it can be seen that the detection rate starts degrading more rapidly
with the increment of the sliding window length than in Figure 6. These findings suggest
that short-term NLOS features reveal greater robustness against unknown testing scenarios.
Specifically, the peak value of the detection rate remains consistently above 90% when using
a sliding window length of 10 samples. This demonstrates the model’s strong generalization
capability, particularly when faced with other NLOS channels that were not included in the
training dataset.
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Figure 8. NLOS detector accuracy with inclusion of untrained testing dataset.

4. Conclusions

To detect NLOS phenomena in the GNSS receiver for selecting high-quality satellite
channels, this paper proposes a deep learning-based NLOS detector scheme using ELP
correlation outputs. The deep learning architecture adopts three CNNs running in parallel
for the spatial perception of correlation discrimination, followed by a recurrent network of
LSTM for temporal extraction of sequence samples, and end-to-end tuning of parameters.
The performance valuation is performed using HIL tests aligned with a Spirent GNSS
simulator to provide true labels of NLOS channels. The simulation results suggest the
high performance of the proposed NLOS detection using early-stage correlations in terms
of accuracy and sensitivity. By varying the sliding window length, the optimal sample
length for individual training or testing instances is determined to balance accuracy and
operational complexity. Sensitivity analysis confirms the model’s strong generalization
capability, maintaining a detection rate of over 90% even when including untrained NLOS
channels in the testing dataset. This highlights the effectiveness and robustness of the
proposed deep learning approach for NLOS detection in GNSS receivers.
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