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ABSTRACT

We evaluate INS/GNSS-based navigation availability against prospective integrity requirements for self-driving cars in urban
environments. Specifically, we quantify how long and under what local conditions a practical integrated navigation system,
consisting of GNSS, INS, wheel speed sensors, 3-D maps, and vehicle dynamic constraints, can maintain fault-free integrity along
a real urban street transect in downtown Chicago. The results show that the integrated system cannot ensure availability across
the entire transect, even with four GNSS constellations, and that the main factors influencing unavailable regions are building
height, IMU grade, alert limit, and vehicle speed. After the deficient locations are exposed, we consider landmark localization
by LiDAR to maintain continuous navigation. We derive ranging error models and investigate placement configurations of
pole-like landmarks to ensure availability of INS/GNSS/LiDAR self-driving car fault-free integrity.

I. INTRODUCTION

Global Navigation Satellite Systems (GNSS) provide navigation services globally, but high-rise buildings disturb satellite signal
transmissions in urban areas. This leads to a mixture of GNSS-available and -denied environments (Fig. 1). In [1], we evaluated
GNSS availability in a real urban environment and determined where it was able to maintain sufficient levels of accuracy and
fault-free integrity for self-driving cars.

GNSS signal prediction in urban environments has been conducted in previous work. The concept of ‘shadow matching’ [2]
was developed to identify GNSS signal blockages in urban canyons. Overlaying sky plots on a hemispherical sky view can be
used to distinguish between line of sight (LOS) and non-line of sight (NLOS) signals [3]. Reflected rays can be predicted by
using Householder transformations [4] to reveal potential multipath conditions.

GNSS alone is generally not able to ensure city-wide availability, so integration with other sensors is needed. Tightly coupled
GNSS and inertial navigation systems (INS) using Extended Kalman filter (EKF) integration provide better estimation results [5].
The EKF also enables integration of wheel speed sensors and vehicle dynamic constraints [6] to further improve continuity.
However, the performance the integrated system is fundamentally limited by the INS, which drifts over time and cannot ensure
continuity of self-driving car integrity through a city under slow driving speeds. [7]. The situation can potentially be improved
by means of ranging augmentation using local landmarks, high integrity maps, and light detection and ranging (LiDAR)
sensors [8]. Once GNSS/INS-unavailable regions are determined, LiDAR augmentation can be implemented. In this paper,
we discuss configurations of pole-like landmarks to maintain continuous navigation with fault-free integrity, and we define
ranging error models from these landmarks for this purpose. Our overall goal is to provide tools to help design future urban



(a) LOS signals and blocked NLOS signals (b) reflected NLOS signals

Figure 1: The figures depict three types of GNSS signal reception in an urban environment: (a) direct LOS signals and blocked NLOS signals
(b) reflected NLOS signals.

environments where people and self-driving cars can safely co-exist.

The remainder of the paper is laid out as follows. Section Il introduces navigation performance metrics and integrity requirements
for a self-driving car. Section III describes the methods used to evaluate availability of fault-free integrity. Section IV presents
the simulation scenario and the urban environment (downtown Chicago) used in the performance simulations. In Section V, we
execute the simulations and show the availability results. Section VI describes the LiDAR error model, landmark configurations,
and their relations to integrity. Finally, Section VII presents our conclusions.

II. NAVIGATION INTEGRITY CONCEPTS
1. Navigation Performance Metrics

GNSS can resolve vehicle position when the number of visible satellites is greater than three, but the number of satellites alone
does not guarantee any specific level of position accuracy. Accuracy is a measure of nominal system error, quantified as standard
deviation p,, which for GNSS is associated with satellite geometry and ranging error. The geometry in urban environments is
generally weak because it is adversely affected by the buildings partially occupying the sky. When the position error exceeds a
maximum allowable position error standard deviation, the system should no longer be used for navigation.

In this research, we assume that a fault-free situation defining integrity performance of a system is either ‘nominal operations’
or ‘system unavailable,” and it is specified by a protection level and an alert limit. The horizontal positioning error for a vehicle
must be bounded by the protection level computed with the probability that integrity requirements specify. Then, for navigation
to be deemed ‘available,” the protection level must not exceed a required alert limit. The maximum allowable probability of
exceedance and the alert limit can together be used to determine the maximum allowable position error standard deviation.
Based on the integrity measure, we evaluate availability as a percentage of time when a system provides navigation service
meeting the requirements.

2. Integrity Requirement

We assume that the integrity of a self-driving car requires the probability of exceeding a 0.5-meter alert limit to be lower than
10 7 in both along-track (x) and cross-track (y) directions [9]. The 0.5-meter alert limit corresponds to approximately 5 o5,
so the maximum allowable position error standard deviation is approximately 0.1 m. Accuracy at this level requires differential
carrier phase GNSS [10]. The overall integrity requirement assumptions in the paper are organized in Table 1.



Table 1: Self-driving car integrity requirement assumptions

Direction  Unit | Value

Alert limit x,y) m (0.5,0.5)
Probability of allowable exceedance x,y) - 10 7
The max. allowable position error standard deviation x,y) m (0.1, 0.1)

III. INTEGRITY EVALUATION
1. INS/GNSS-based Navigation System Integrity Evaluation

Tightly coupled INS/GNSS-based integration with an EKF utilizes the INS measurement to predict the vehicle motion [11].
The INS continuous process model is described as

Xk = F Xk + GukUk + GukWyi (D

where X =[ rn; VN, EnN;D; N]-r is the state vector having position I in the navigation frame, velocity Vv, attitude E, bias

errors b, and cycle ambiguities N. u =[ Fg; *g]" is the input vector having accelerometer specific force measurement T in
the body frame and gyro rotation rate measurement ¥. w N (0; W) is the white noise vector of the process model.

The EKF GNSS measurement model is described as

Zk = HgXk + vk )

where z is the measurement vector having carrier and code phases, and H is the observation matrix containing LOS vectors and
excluding the satellites producing blocked and reflected NLOS signals by the procedure in [1]. Some of the signals deemed LOS
may produce multipath reflections from nearby buildings that degrade positioning accuracy. We take the multipath interference
seriously and exclude all satellites that produce reflected signals detected by Householder transformation. v (0; V) is the
white noise vector of the receiver.

Wheel speed sensors (WSS) are standard equipment of all vehicles, and vehicle dynamic constraints (VDC) of holonomic and
non-holonomic are applicable without any equipment. We developed the model consisting of wheel speed sensor measurement
in the along-track direction (Vyx), non-holonomic constraint resisting lateral sliding (Vy), and holonomic constraint on vertical
movement (V) in [7]:
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where ¥ = [(1rro + Y. r0)=2;0;0]" is the measurement vector of velocity obtained from the wheel speed sensors and

vehicle dynamic constraints. The INS/GNSS/WSS/VDC integration using the EKF consists of the process model (1) and the
measurement models (2), (3) and is referred to multi-sensor integration in the paper.

We use the state error covariance for the integrity analysis. The EKF error covariance matrix propagation is described as
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where P is the updated estimate covariance, K is the Kalman gain, P is the predicted estimate covariance, is the state

transition matrix, and Q is the covariance associated with W in the discrete time domain. P contains each state’s error variance
along the diagonal: 2 3
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The position error standard deviation contains
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where  is error standard deviation of along-track (heading), y is that of cross-track (lateral), and ; is that of the vertical
direction. We compare the  and y to 0.1 m, the maximum allowable position error standard deviation from the integrity

requirement in Table 1. P is used for integrity evaluation rather than P because it will be available to the vehicle at the INS
output rate, which will be higher than the GNSS output rate.

2. Availability Evaluation

Integrity at a fixed point changes over time due to GNSS satellite motion, and the evaluation result is valid only for a short
period. To quantify the fractional duration of the acceptable performance, we evaluate availability defined as

__ total time meeting the integrity requirement
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3. INS/LiDAR Integrity Evaluation

INS/GNSS-based navigation accuracy in urban environments is influenced by external factors outside the control of the onboard
navigation system. To regain some control over navigation performance, we investigate a potential INS/LiDAR integrated
solution. A vehicle equipped with a LiDAR sensor detects objects in its surrounding space and measures the ranges and angles
to those with its field of view. Then, the LiDAR data points are associated with pre-defined landmarks on a map. The mapped
landmark locations and LiDAR measurements between the vehicle and the landmarks enable the vehicle to estimate its position.
The landmark measurements are modelled as
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where, d' is ranging measurement of the it landmark i=12:5n), p;; p)i, are landmark locations in the navigation frame,
XN YN are vehicle positions, Vg is the ranging measurement white noise, ' is the angle measurement of the ith landmark, N
is yaw angle, and v is the angle measurement white noise.

The location on the map has some inaccuracy, and the distance from the actual location is called survey error. We introduce
landmark locations states (p} and p;,) to reflect the error on the estimation. Equations (9) and (10) are linearized for EKF sensor
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