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ABSTRACT

For many applications in Intelligent Transport Systems (ITS), the position and heading information of vehicles and Vulnerable
Road Users (VRU) cannot generally rely on the performance of the Global Navigation Satellite System (GNSS) as a standalone
technology. Even with the use of precise positioning techniques and augmentation systems for GNSS, such as Space-based
Augmentation System (SBAS) or Differential-GNSS, its performance and its availability still depends on the signal propagation
conditions (e.g. multipath, unintentional or intentional (jamming) interferences, or visibility of satellites). The urban canyon



represents one of the most challenging scenarios for GNSS standalone positioning, being an scenario where ITS users usually
require the highest performance.

This paper discusses the design, implementation and performance validation of multisensor positioning based on GNSS,
Inertial Measurement Units (IMU), and Odometric information for ground ITS applications. Bayesian sensor fusion algorithms
are discussed and loose and tight GNSS/INS coupling compared. Additionally, these algorithms are enhanced by exploring
the application of dynamic noise covariance matrices, including non-holonomic constraints to the vehicle’s movement, and
by adding a zero velocity update IMU calibration algorithm using the vehicle’s speedometer measurements. The algorithms
performance was extensively evaluated in both simulation and in real-life experiments.

The algorithms are validated in a low-cost prototype implementation. The prototype receiver, operating in real-time, is
based on the popular Raspberry PI3 platform, a dual-IMU MEMS peripheral and a consumer-grade GNSS receiver. The paper
includes a discussion of the implementation trade-offs, challenges, and adopted solutions. A measurement campaign where the
developed prototype was mounted on a vehicle is discussed, showing the potential of this approach.

INTRODUCTION

Position information of vehicles and Vulnerable Road Users (VRU) is fundamental for many Intelligent Transport Systems (ITS)
applications. Global Navigation Satellite Systems (GNSS) is the technology of choice in outdoor environments for precise,
everywhere positioning, and to a great extent one of the most accurate sources of position information when it is available.
ITS users require high positioning availability, precision and accuracy (such as in lane identification) and cannot generally rely
on the performance of the Global Positioning System (GPS) Standard Positioning Service (SPS). Precise positioning in GNSS
usually refers to decimetre and sub-decimetre positioning accuracy. In order to achieve such performance, GNSS are often
assisted by some kind of aiding systems providing local information (Space-based Augmentation System (SBAS) like WAAS
or EGNOS [1, 2]), Differential-GNSS (D-GNSS), assisted GNSS (A-GNSS) [3], and real-time kinematic (RTK) GNSS [4].

However, GNSS performance and availability still depends on the particular signal propagation conditions, such as multi-
path, unintentional or intentional (jamming) interferences, and direct visibility of satellites among others. The urban canyon
represents one of the most challenging scenarios for GNSS standalone positioning, and it is an scenario where ITS users usually
require highest performance.

In recent times, most handheld devices and embedded devices incorporate small and light Inertial Measurement Units
(IMUs) based on microelectromechanical systems (MEMS) technology. Typically, an IMU is composed of three orthogonal
gyroscopes and three orthogonal accelerometers [5, 6, 7]. These triads of sensors measure angular velocity and the specific
force, respectively. IMUs are very popular in navigation systems, especially when they are integrated with other technologies.
The reason is the complementariness of errors between inertial sensors and the geometric-based approaches for position estima-
tion. Whereas an Inertial Navigation System (INS) can provide a very accurate acceleration (and thus position) measurements,
it produces an error that increases over time because of the sensor biases. On the other hand, the geometrical-related measure-
ments (provided by GNSS) are typically unbiased but noisier than those of an INS. Therefore, proper data fusion of GNSS with
an IMU brings the best of both technologies: reduced variance and unbiasedness.

There are several options to integrate an INS with GNSS, mainly differing on the level of integration. The two most popular
options are [7]:

• Loosely coupled: The simplest integration consists in fusing the position estimates of the strapdown INS with the position
estimates of the GNSS receiver to form a final integrated position solution. This could be implemented by an stochastic
filter such as a Kalman Filter (KF) or similar, providing enhanced results when compared to the individual position
solutions.

• Tightly coupled: Loose integration could be further improved if the information of the INS is taken into account before
the position is computed at the GNSS receiver. That is, INS readings and GNSS pseudorange estimates are integrated, in
contrast to loosely coupled where position solutions are fused. As a result, the integrated system outputs a single blended
navigation solution. This architecture is known to be, in general, more robust and reliable than loose coupling, however,
it requires a GNSS receiver capable of providing raw observations.

This paper presents the design, implementation and performance validation of both multisensor GNSS/IMU/Odometric
fusion algorithms for vehicular ITS applications, reporting the work done in the framework of the European H2020 “Enhanced
real time services for an optimised multimodal mobility relying on cooperative networks and open data (TIMON)” project [8].



In this work, the well-known loosely and tightly coupled GNSS/INS sensor fusion algorithms are enhanced by exploring
the application of dynamic noise covariance matrices [9], by including non-holonomic constraints [10, 11] to the vehicles
movement and by adding a zero velocity update IMU calibration algorithm using the vehicle’s speedometer measurements.

The algorithm performance was extensively evaluated in both simulation and in real-life experiments. On the one hand, a
custom simulator was developed to obtain both the GNSS and the IMU measurements, including several sensor impairments in
arbitrary trajectories. On the other hand, a low-cost prototype enabled for real-time positioning was built based on the popular
Raspberry PI 3 platform, a dual-IMU MEMS peripheral and a consumer-grade GNSS receiver. Regarding the embedded
software, the implementation uses only open-source libraries and tools.

The prototype was deployed in a measurement campaign in Helmond-Eindhoven (Netherlands). The selected scenario
includes open sky inter-urban roads and dense urban areas. The enhanced positioning prototype was installed in a vehicle
equipped with an OXTS RT3003 reference positioning system [12], sharing the RT-Strut fixing mechanism. Therefore having
a benchmark positioning solution to compare the performance of our implementation. In addition, an RTK-GPS reference
station was installed on the test site to provide correction signals to the RT3003 to improve its position accuracy. The RT3003
provided real time position and vehicle dynamics information with 0.03 and 0.1 degrees of accuracy for roll/pitch and heading,
respectively and 10 cm of positioning accuracy (with RTK). This information was used as the true position and true attitude
information to fairly compare the prototype algorithms performance.

The paper also includes a discussion of the algorithm design and tuning tradeoffs, details about the implementation chal-
lenges and the adopted solutions such as the multisensor synchronization in the prototype using an ad-hoc embedded Network
Time Protocol (NTP) stratum-0 server built-in using the Pulse Per Second (PPS) output of the GNSS receiver.

The paper is organized as follows: Section SENSOR FUSION ALGORITHMS briefly introduces the selected sensor fusion
algorithms including details of the Extended Kalman filter formulation. Section IMPROVING ALGORITHM ROBUSTNESS
discuses the algorithm tuning trade-offs and the possible performance improvements by using dynamic covariance matrices,
non-holonomic constraints and zero-velocity condition detection. Simulation results are available in Section SIMULATION
PERFORMANCE. Section HARDWARE PLATFORM presents the developed sensor fusion prototype platform and its sensors
and gives details about the real-time software implementation and sensor synchronization mechanism. The testing campaign
details and results are available in Section TEST CAMPAIGN. Finally, Section CONCLUSIONS concludes the paper.

SENSOR FUSION ALGORITHMS

A complete IMU system is composed at least of three orthogonal gyroscopes and three orthogonal accelerometers [5, 6, 7].
These triads of sensors measure angular velocity and the specific force, respectively. The specific force is a combination
of gravitational and inertial linear acceleration. Some IMUs include three-dimensional magnetometers (delivering heading
information) and a barometer/altimeter as well, thus providing ten degrees of freedom. Stand-alone inertial navigation is
possible, given that the initial position, velocity, and orientation are known.

The dominant type of INS is the so-called strapdown system, where the inertial sensors are mounted rigidly onto the device
and thus the measurements are referred to the body frame. In this case, the gyroscopes are used to project the accelerometers
observations onto the global frame, as well as to provide orientation information. Then, after correcting for gravity, one
could integrate twice the accelerations and obtain the estimated position by the INS. The reader is referred to [7] among other
textbooks for a comprehensive explanation of the dead reckoning systems and algorithms.

Notice that the generation of attitude, position and velocity involve, in part, integration of the sensor measurements. There-
fore, any error on the output of the sensors leads to correlated attitude, position, and velocity errors that are potentially un-
bounded. The error sources of the accelerometers can be modeled by a constant (deterministic) bias and a white noise (random)
term, both unknown a priori. Other sources could be seen as time fluctuations of these two.

IMUs are very popular in navigation systems, especially when they are integrated with other technologies. The reason is the
complementarities of errors between inertial sensors and the geometric based approaches for position estimation. Whereas an
INS provides very accurate acceleration (and thus position) measurements, it produces an error that increases over time because
of the sensor biases. On the other hand, the geometrical-related measurements (provided by GNSS) are typically unbiased but
noisier than those of an INS. Therefore, proper data fusion of geometric-based systems with an IMU brings the best of both
worlds: reduced variance and unbiasedness. There are several options to integrate an INS with GNSS, mainly differing on the
level of integration. The two sensor coupling strategies explored in this paper are the loosely coupled and the tightly coupled
[7]. Hereafter can be found a summary of both approaches.



Kalman filtering

Bayesian theory constitutes an appealing framework for the design of advanced GNSS receivers, since it provides a set of
techniques that process measurements in a sequential fashion and that allows the inclusion of prior information in the estimation
process. In this section, we briefly present a Bayesian filtering applied to time-evolving dynamical systems. Among the different
Bayesian filters available in the literature, we selected the Extended Kalman filter (EKF) [13] to deal with nonlinear/Gaussian
systems by linearizing the model at some point of interest. The choice was made mainly to alleviate the computing power
requirements for a real-time prototype implementation. The reader is referred to [6] for a detailed derivation of the presented
algorithm.
Assuming a non-linear/Gaussian state-space model such as:{

xn = fn(xn−1) + un

zn = hn(xn) + vn

,with
{

un ∼ N (0,Qn)

vn ∼ N (0,Rn)
,

where xn is the system state vector at time instant n, un is referred to as process noise vector which gathers any mismatch effect
or disturbances in the state characterization, zn is the measurement vector, vn is referred to as measurement noise. fn() and
hn() are non-linear functions that relate the current state vector with the past state vector and the current measurement vector
with the current state vector, respectively. vn and vn are mutually independent random variables drawn from a zero-mean white
Gaussian probability density function with known covariance matrices, Qn and Rn respectively.

The approach taken by the EKF is based on a local linearization of the model,

Φn = [∇xn−1f
T
n (xn−1)]|xn−1=x̂n−1|n−1

, (1)

Hn = [∇xn
hTn (xn)]|xn=x̂n|n−1

, (2)

where Φn and Hn are known matrices that represent linear functions, referred to as transitional and measurement matrices
respectively, while maintaining the Gaussian constraint on the involved density functions. The EKF approximates the filtering
density as a Gaussian. Thus, the posterior characterization is provided by its estimated mean and covariances. The mean x̂ and
covariance P̂ of both predictive and updated distributions are obtained in a sequential way:

x̂n|n−1 = Φnx̂n−1|n−1 (3)

Pn|n−1 = ΦnPn−1|n−1Φ
T
n + Qn (4)

x̂n|n = x̂n|n−1 + Kn(zn −Hnx̂n|n−1) (5)

Pn|n = Pn|n−1 −KnSnKT
n , (6)

where x̂n|n−1 is the state prediction considering state equation, i.e., a priori information, x̂n|n is the state estimation at n, given
by updating x̂n|n−1 with a term that depends on the innovation error (zn −Hnx̂n|n−1) , which corrects the state prediction.
The innovation error refers to the misadjusting between actual and predicted measurements, being controlled by the Kalman
gain matrix K, defined as:

Kn = Pn|n−1H
TS−1n ; Sn = E

{
|zn −Hnx̂n|n−1|2

}
= HnPn|n−1H

T
n + Rn, (7)

where Sn is the so called innovation covariance matrix. Initially, Kn takes large values, since the main source of information are
the measurements. Conversely, for increasing n, the updated values of K decrease since the algorithm gives more importance
to prior data.

In this work, an error state closed loop EKF was designed. The peculiarity is that, instead of tracking the states of interest,
the filter is tracking the error of these states, which are estimated by a dead-reckoning system using the IMU measurements.
After each filter iteration, the estimated errors are corrected and thus, are set to zero for the next iteration. The Error state closed
loop Kalman filters have a number of advantages with respect to the full state open loop filters, the most important are:

• Initialization of the filter states are always zero,

• Linearization points of the measurement equations (if required) are typically close to the filter state values, due to the
correction of the errors at each iteration (i.e., closing the loop drives the states to low values),
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Fig. 1. Loosely coupled IMU/GNSS hybridization block diagram.

• State propagation equations are simplified because the states are initialized to zero at each Kalman filter iteration. The
estimated errors (i.e., the states) are applied to the measurements at each Kalman iteration, thus, the filter starts without
accumulated errors.

For the vehicle positioning problem, the EKF error state vector is defined as:

x̂ = (δΨe
eb, δv

e
eb, δr

e
eb,ba,bg)T ∈ R15×1, (8)

where δΨe
eb is the attitude error vector (roll error, pitch error, and yaw error Euler angles), expresed in the Earth Centered

Earth Fixed (ECEF) frame, δve
eb is the velocity error vector in ECEF, δreeb is the position error in ECEF, and ba ,bg are the

accelerometer bias and the gyroscope bias estates, respectively. Next sections give details about the particular implementations
of the loosely coupled and tightly copuled EKF filters.

GNSS/INS Loosely coupled

In the loosely coupled integration, the GNSS receiver is reporting position and velocity vectors (rG,vG) in the Earth Center
Earth Fixed (ECEF) frame periodically while the IMU is reporting acceleration and angular rate vectors (fib,wib) in the body
frame, typically with a higher update rate. For each new GNSS measurement, an error-estate Kalman filer performs an estima-
tion of the vehicle attitude error (pitch error, roll error, and yaw error dΨ e

b ), vehicle speed error dve
b , and vehicle position error

dreb vectors. The super index e denotes ECEF reference frame.
The block diagram of the loosely coupled algorithm is shown in Fig. 1. On the right-hand side, from top to bottom

there is the IMU sensor that produces measurements at a higher rate than the GNSS receiver (typically at 100 Hz for IMU
measurements rate vs. up to 10 Hz for GNSS position and velocity reporting rate). A strapdown integration algorithm uses
each new IMU measurement to update the estimation of attitude, speed and position vectors, as the classical dead reckoning
algorithm does. At this point, if there is a new GNSS measurement (left-hand side of Fig. 1), a Kalman filter tracks the errors
in the inertial estimation of attitude, speed, and position ( dΨ e

b , dv
e
b , dr

e
b). In addition, the Kalman filter also estimates the

bias in the accelerometer and the gyroscope (bAcc,bGyro). These estimated errors are then used to correct the dead reckoning
estimations performed by the strapdown equations.

The algorithm initialization is performed using the following data:
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• First valid GNSS position and velocity is the starting value for reb and ve
b ,

• The initial attitude estimation is performed using the accelerometer data for the pitch and the roll, assuming that the
vehicle starts leveled and stationary,

• The yaw value (heading) is initialized using the last GNSS reported velocity vector (ground track heading) or using the
magnetometer data if available.

The algorithm activates the Kalman filter if there are new valid GNSS measurements, and it falls back to pure inertial
navigation in-between GNSS measurements and in situations where there are less than 4 satellites available and the GNSS
receiver is unable to provide valid position and velocity fixes.

GNSS/INS Tightly coupled

Fig. 2 shows the proposed tightly coupled GNSS/INS integration architecture. The advantages of the tightly coupled archi-
tecture derive from combining the GNSS and INS measurements. That is, by using pseudo-range measurements (and its rate)
instead of position (velocity and time) the integration provides potential benefits. Therefore, the pseudo-ranges (ρ) and pseudo-
range rates (ρ̇) from the GNSS receiver are input as measurements to the Kalman filter in charge of the data fusion. The
difference between measurements from GNSS receiver and estimations from prediction (computed at the “Predict PR” block
in Fig. 2) are input to the Kalman filter, which uses them to estimate the errors in the INS and GNSS hybridization system.
Precisely, the error state vector consists of attitude error, velocity error, and position error, as well as accelerometer and gyro-
scopes biases. Additionally, the errors in pseudo-range and pseudo-range rates are also included in the state vector. System and
measurements covariance matrices are denoted as Q and R, respectively.

The prediction block (Predict PR) produces estimates of the pseudo-range and pseudo-range rates using the INS outputs.
Therefore, this block requires access to position and velocity of satellites ( reSAT and ve

SAT ), as well as position and velocity of
the user (reb and ve

b) coming from INS strapdown equations (Blocks 0-4 in Fig. 2).
In order to update attitude, velocity and position, information from initialization and from INS is required. Finally, the

outputs of the fusing Kalman filter correct the INS outputs, which are subsequently used to reset the strapdown equations for



attitude, velocity, and position. Both GNSS input measurements are used because they are complementary: pseudo-ranges
come from code tracking, whereas pseudo-range rates are derived from the more accurate, but less robust, carrier tracking.

One advantage of tightly GNSS/INS integration is that the system does not need a full GNSS solution to aid the INS.
GNSS measurement data is still input even if only one satellite signal is tracked. This is in contrast to loosely GNSS/INS
coupling, where a PVT solution is required (for instance, requiring more than 4 in-view satellites) in order to effectively
integrate both systems. However, the main disadvantage of the tightly coupled architecture is that there is no inherent stand-
alone GNSS solution. However, a GNSS-only navigation solution may be maintained in parallel where required. Given the
same inertial instruments and the same GNSS user equipment, a tightly coupled INS/GNSS performs better than its loosely
coupled counterpart in terms of both accuracy and robustness, particularly in challenging environments and hostile propagation
channels.

IMPROVING ALGORITHM ROBUSTNESS

Dynamic noise covariance matrix

One of the main challenges in the integration schemes discussed earlier is the proper adjustment of covariance matrices in the
KF algorithm. This is a well-known characteristic of this type of techniques. There are solutions in the literature to reduce the
amount of manual tuning of to these filters. Here we consider a method to autonomously estimate the covariance matrix of the
observations, R, using the innovation sequence provided by the KF. Details can be consulted in [9], here we provide the basic
equations that were used to compute R in both loose and tight coupling architectures.

The main idea behind the methodology is to account that the KF provides an observed noise sample, computed as the
residual

rn = zn −Hnx̂n|n−1. (9)

Under the hypothesis that the filter is operating properly, that is without diverging, the sequence of innovations (or residuals)
is a white sequence with covariance matrix tending to R. After processing N samples, an unbiased estimator for the noise mean
is

r̄ =
1

N

N∑
n=1

rn (10)

and for its covariance

Cr =
1

N − 1

N∑
n=1

(rn − r̄)(rn − r̄)T (11)

The expected value of Cr can be computed from the KF equations as

E{Cr} =
1

N

N∑
n=1

(H̃nPn|n−aH̃
T
n ) + R (12)

Then, using these three equations, it is straightforward to obtain the desired estimation of the covariance matrix R as

R̂ =
1

N − 1

N∑
n=1

{
(rn − r̄)(rn − r̄)T − N − 1

N
H̃nPn|n−aH̃

T
n

}
(13)

In this methodology for adjusting the covariance matrix of the observations the design parameter involves the adjustment of
the window length, N , used to compute the aforementioned statistics. Typical values are above N = 100 samples.

Non-holonomic constraints with vehicle Speedometer

In addition to the sensor fusion techniques, it is possible to improve the positioning performance by adding vehicle movement
constraints to the algorithms in order to approximate the vehicle dynamic model. For terrestrial vehicles, this set of constraints



are referred in the literature as non-holonomic constraints [10, 11]. The wheeled vehicle, under ideal surface conditions (e.g.
not sliding on the ground) is governed by the following speed vector model, expressed in the body frame

vib = (vodo, vy, vz)T , (14)

where vodo is the vehicle forward speed measurement (e.g. the vehicle’s speedometer), vy ∼ N (0, σ2
y) and vz ∼ N (0, σ2

z).
Notice that Eq. (14) constraints the lateral and vertical vehicle movement at the vehicle’s wheels ground contact point. In
reality these constrains are violated by a number of situations such as road bumps, closed turns, engine vibrations and even
the misalignment between the IMU frame and the vehicle frame. As reported in [10], a feasible approximation is to include a
zero-mean Gaussian model for the lateral and vertical speeds with σ2

y and σ2
z variances, respectively.

Zero velocity update

During the time epochs where the GNSS receiver is able to provide reliable measurements, the EKF effectively corrects the
strap-down dead-reckoning solution and updates the IMU bias estimations. The vehicle speedometer measurements are also
fused in the EKF thorough the speed vector model shown in (14). However, when the vehicle remains stopped, as usually
happens in the down-town due to traffic lights or traffic jams, the GNSS receiver cannot provide reliable heading information
(in fact, usually it gives a random walk trajectory) and thus the EKF cannot correct the IMU bias. In this situation, it is desirable
to detect the static condition of the vehicle and force the velocity estimation to zero. The so called zero-velocity update [14]
helps the EKF to improve the position estimation and prevents the heading estimation to drift.

SIMULATION PERFORMANCE

Simulation platform

The validation of the proposed positioning algorithms and its performance evaluation required the development of a custom
simulation environment capable of simulating both the IMU measurements and the GNSS measurements for arbitrary trajecto-
ries. In addition, the simulator models also the sensor impairments (i.e. bias and scale factors) and the stochastic models for
the sensor noise. Such a simulator was used with the purpose of validating the algorithms and fine-tuning them before their
implementation in the proof-of-concept prototype operating on real data.

Fig. 3 shows the simulator high level block diagram. From top to bottom, the user defines an arbitrary trajectory using
Google Earth (or any other GIS tool) placing waypoints and exporting the trajectory to a KML file (waypoints file). This file is
read by the main simulator MATLAB script and triggers the trajectory simulator tool. The trajectory and the attitude are stored
in an intermediate file that is read both by the GNSS observables simulator and by the IMU simulator. Their outputs are the
GNSS observables, stored in RINEX observable file and the IMU measures, stored in a txt file, respectively. At this point, the
simulator has all the required IMU and GNSS stimuli to run the positioning algorithms. Loosely coupled algorithms require
position and velocity estimations from RTKLIB and tightly coupled algorithms use directly the GNSS simulation outputs (read
from RINEX files by RTKLIB). Finally the performance metrics are obtained comparing the algorithm outputs with the true
trajectory and attitude values.

Performance

Simulation results were obtained with the simulation framework, comparing GNSS, Loose GNSS/INS coupling and Tight
GNSS/INS coupling. The simulator extracted accuracy and precision measurements as well as trajectories results with 100
Monte Carlo trials. A trajectory was simulated (cf. Figure 10) involving turns and straight lines. The elevation mask was 15,
if not otherwise stated, such that 7 satellites were in-view for the entire trajectory. Under these conditions, 3 experiments were
conducted:

1. Full GNSS visibility over the entire trajectory. This is the case of open-sky scenarios, where no obstacles are present.

2. Obstruction of 3 satellites for 15 seconds, thus 4 GNSS satellites remain visible and a GNSS solution can be computed.
This signal obstruction occurred in one of the trajectory turns. This experiment emulated the urban canyon, where due to
buildings some satellite links might be obstructed.
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3. Obstruction of 4 satellites for 15 seconds, thus 3 GNSS satellites remain visible and a plain GNSS solution cannot be
computed. This signal obstruction occurred in the same locations as the previous experiment. This third experiment
recreated a more severe situation of urban canyon, where plain GNSS positioning is denied.

Tables 1, 2, and 3 show the simulation parameters for INS simulator, GNSS simulator and fusion algorithms, respectively.
Fig. 4 shows GNSS standalone and GNSS/INS fusion algorithms ECEF position results, overlapped with the true trajectory

and the purely INS solution that diverges over time. Position error during the trajectory for GNSS standalone and INS solution
is larger than for loosely and tightly GNSS/INS fusion algorithms. Figures show that whereas an INS provides very precise
position measurements, it produces an error that increases over time because of the sensor biases. These biases are not accounted
for in the strapdown equations. On the other hand, the measurements provided by GNSS are noisier than those of an INS.
GNSS/INS fusion algorithms efficiently fuse both technologies, benefiting from the main advantages of each and reducing
estimation variance. Moreover, adaptive techniques take profit from the autonomous estimation of the covariance matrix of
the observations. Therefore, adaptive techniques with fusion algorithms improve results with respect to plain GNSS or INS
solutions.

For the first experiment, Fig. 6 show the 2D Circular Error Probability (CEP) [15] accuracy metrics for the experiment
with full GNSS visibility. East-North-Up (ENU) coordinates were used for the computations. The different figures provide
information related to the corresponding metric, with the (blue) curve representing the solution of a GNSS without INS fusion
being coherent with the performances of commercial devices. Clearly, GNSS/INS fusion improves over a plain GNSS solution.
In such benign propagation conditions (i.e., clear-sky visibility) the performance of both fusion strategies is similar, although
tight fusion exhibits faster and smoother convergence.

The second experiment was conducted forcing a larger elevation mask in the simulation such that only 4 satellites are
visible in the interval [30,45] seconds. See Fig. 7 for a plot of the number of satellites over time and the corresponding
elevation mask. With this configuration, plain GNSS solution is still possible although its performance is clearly degraded.
This can be observed in Fig. 8, where the accuracy CEP metric is reported, respectively. Consequently, loose GNSS/INS
fusion degrades its performance in the presence of satellite occultation, as it relies on the plain GNSS positioning solution.



Table 1. Simulation parameters for the IMU simulation.
Accelerometer biases (m/s2, body axes) 0.0883, -0.1275, 0.0785
Gyro biases (rad/s; body axes) -0.0009, 0.0013, -0.0008

Accelerometer scale factor and cross coupling errors (unitless, body axes)

 50000 −15000 10000

−7500 5000 12500

−12500 5000 20000

,

× 10−6

Gyro scale factor and cross coupling errors (unitless,body axes)

40000−14000 12500

0 −30000 −7500

0 0 −17500

,

× 10−6

Gyro g-dependent biases (rad-s/m; body axes)

 0.4449 −0.5438−0.2966

−0.2472 0.9393 −0.7910

0.1483 0.5438 −0.6427

,

× 10−4

Accelerometer noise root PSD (m/s1.5) 0.0098
Gyro noise root PSD (rad/

√
s) 2.9089e-04

Accelerometer quantization level (m/s2/LSB) 1× 10−1

Gyro quantization level (rad/s/LSB) 2× 10−3

Table 2. Simulation parameters for the GNSS simulation.
Enable tropospheric error No
Enable GNSS simulator pseudorange noise Yes
GNSS pseudorange noise std. deviation [m] 3.0
GNSS pseudorange rate noise std. deviation [m] 0.05
Elevation mask [deg] 15◦

Fig. 4. True and estimated trajectories corresponding to the
first experiment where the GNSS receiver have access to
open-sky all the time.

Fig. 5. True and estimated trajectories corresponding to the
third experiment where the elevation mask is increased dur-
ing the trajectory interval [30 to 45] seconds.



Table 3. Algorithms parameters for the simulated GNSS/INS scenarios.
Loose GNSS/INS hybridization
Standard deviation of velocity (m/s) 4.4120
Adjust measurement covariance R (adaptive) Yes
Residuals history for R 50
Tight GNSS/INS hybridization
Standard deviation of pseudorange (m) 3
Standard deviation of pseudorange rate (m/s) 0.05
Adjust measurement covariance R (adaptive) Yes
Residuals history for R 50
INS initialization
Initial attitude uncertainty per axis (rad) 0.0175
Initial velocity uncertainty per axis (m/s) 6.0
Initial position uncertainty per axis (m) 2.0
Initial accelerometer bias uncertainty per instrument (m/s2) 0.0167
Initial gyro bias uncertainty per instrument (rad/s) 0.0019
INS parameters
Gyro noise PSD (rad2/s) 7.6154E-07
Accelerometer noise PSD (m2/s3) 2.4043E-05
Accelerometer bias random walk PSD (m2/s5) 1.6E-5
Gyro bias random walk PSD (rad2/s3) 1.7E-8

Fig. 6. Accuracy 2D CEP in the first experiment where the GNSS receiver have access to open-sky all the time.



Fig. 7. Satellite visibility for the second experiment where
the elevation mask is increased during the trajectory interval
[30,45] seconds.

Fig. 8. Accuracy 2D CEP in the third experiment where the
elevation mask is increased in the interval [30 to 45] seconds.

Fig. 9. Satellite visibility for the third experiment where the
elevation mask is increased during the trajectory interval [30
to 45] seconds.

Fig. 10. Accuracy 2D CEP in the third experiment where the
elevation mask is increased in the interval [30 to 45] seconds.
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Interestingly, tight fusion has a much more robust behaviour in these circumstances as it is not using the GNSS solution, but the
estimated pseudoranges from the visible satellites.

The third experiment emulated a more restrictive scenario of urban canyon, where GNSS positioning is denied due to
insufficient number of visible satellites. The elevation mask is configured to change during the trajectory from 15o (open sky)
with 7 visible satellites to 40.5o with 2 or 3 visible satellites in the [30,45] seconds interval. This can be consulted in Fig. 7.

For the third experiment, Fig. 5 shows a single-trial solution of the various positioning approaches discussed so far. Namely,
plain GNSS, plain INS, loose GNSS/INS fusion, and tight GNSS/INS fusion. Remarkably, tight fusion is the only solution able
to provide reliable solution in the severe fading interval. The other solutions fail in delivering a useful position solution in this
situation. Plain GNSS cannot operate due to lack of sufficient satellites, plain INS is known to be inaccurate due to biases in
sensors (unless high-grade IMUs are used), and loose fusion is basically relying on INS navigation alone. Summing up, in this
situation plain GNSS solution is denied, plain INS navigation is severely biased, loose fusion relies on INS, and tight fusion
provides the best performance.

The Monte Carlo analysis of this scenario can be consulted in Fig. 10, where the accuracy CEP is plotted. It can be seen
that GNSS is not providing solution in the shadowing interval, that is the reason why its curve is interrupted in that interval.
Also, it becomes apparent that the loose fusion is relying on INS only, as its solution is exponentially departing from the true
trajectory in the interval. Conversely, tight fusion provides remarkable precision solution and bounded accuracy performances.

HARDWARE PLATFORM

Fig. 11 shows the high level block diagram of the positioning prototype hardware. The CPU module is implemented using a
Raspberry PI 3 model B board. It provides enough computing power to implement a real-time software-defined GNSS Position,
Velocity and Time (PVT) solver and a sensor fusion algorithm. Optionally it can be used to log all the sensor signals to enable
a post-processing analysis. The Raspberry PI 3 platform is already equipped with the set of peripherals required to access the
sensor data and to send the positioning information to the vehicle’s onboard unit. The IMU sensors are connected to the CPU
using the on-chip I2C bus controller and the GNSS receiver is accessed using a USB connection. The prototype can be powered
by 8-16 V DC battery thanks to the included power supply voltage regulator. The embedded software environment includes a
Linux Raspbian operating system running a real-time Linux Kernel provided by the IMU board manufacturer. The positioning
algorithms are implemented using the Armadillo C++ matrix algebra software library [16].

GNSS receivers

The prototype is equipped with two independent GNSS receivers sharing the same antenna: a timing GNSS and a positioning
GNSS.

• Timing receiver model UBLOX NEO-M8M [17], a single frequency GPS L1, is devoted to supply a Pulse Per Second
(PPS) signal and an NMEA data stream (1 Hz) to the embedded Network Time Protocol (NTP) Stratum-0 server, running



in the Raspberry. On the one hand, the NMEA data is used by the GPSD daemon to supply time and date updates to
NTP server and, on the other hand, the PPS signal is routed to a General Purpose Input/Output (GPIO) port to provide a
low-latency interrupt signal to the Linux Kernel which is used by the NTP server to measure both the NMEA data latency
and to discipline the on-board clock oscillator. This synchronization mechanism keeps the Linux time aligned with the
GNSS time and reduces the clock jitter to few microseconds [18], thus enabling the precise timestamping of the sensor
readings.

• Positioning receiver model UBLOX NEO-M8T [17], a single frequency GPS L1, is devoted to supply raw GNSS mea-
surements (code pseudoranges, carrier phases and satellite ephemeris) to the RTKLIB RTKRCV server at 5 Hz rate. The
RTKLIB library [19] is used here as a middleware between the GNSS and the sensor fusion engine. This strategy en-
ables the re-use of a proven GNSS standalone positioning engine implementation featuring advanced GNSS positioning
algorithms such as RTK, PPP, and DGPS, among others. The sensor fusion C++ engine implementation uses/modifies
the following features from the RTKLIB library:

– uBlox binary protocol packet decoder.

– GNSS Least Squares position and velocity solver.

– GPS ephemeris decoder and satellite positioning engine.

– RTK base station corrections engine and NTRIP protocol engine.

– RTKRCV command line positioning server.

GNSS antenna

The selected GNSS antenna, manufactured by Tallysman, model TW2412 implements a technology which provides a circular
response over its entire bandwidth thereby producing multipath signal rejection resulting in higher positional and timing ac-
curacy. The TW2412 covers the GPS L1, GLONASS G1, and SBAS (WAAS, EGNOS, and MSAS) frequency bands (1574
to 1606 MHz). The TW2412 has an additional tight pre-filter to protect against saturation by high level sub-harmonics and
L-Band signals. The TW2412 is housed in compact, magnetic mount, IP67 compliant housing, as shown in Fig. 11.

IMU sensors

The quality of the IMU hardware plays a critical role a dead reckoning navigation system. Depending on the application,
ultra-high precision and accuracy IMUs are required, such as the aviation-grade IMUs on-board civil planes. However, in this
prototype, GNSS/IMU hybridization techniques are used to alleviate IMU requirements and to increase the overall positioning
precision of the positioning device. In consequence, it is possible to use mass-market MEMS-based IMUs. The selected
hardware integrates two 9 Degrees of Freedom (DOF) IMUs containing a 3-axis accelerometer, a 3-axis gyroscope and a 3-axis
magnetometer, providing redundant IMU measurements. The NAVIO2 IMU board is manufactured by Emlid Limited and can
be connected directly to the Raspberry 2-3 expansion bus. It has additional electronics to be used in their original application
as an Unmanned Aerial Vehicle (UAV) controller. Unfortunately the on-board GNSS receiver (UBLOX NEO-M8M) does not
provide RAW GNSS measurements. In this setup, the on-board GNSS receiver is used for timming synchronization.

Emlid NAVIO2 relevant features:

• InvenSense MPU9250 9DOF IMU sensor.

• ST Microelectronics LSM9DS1 9DOF IMU sensor.

• Measurement Specialties MS5611 Barometer.

• U-blox M8N Glonass/GPS/Beidou receiver (no RAW measurements).

It is important to take into account the IMU devices alignment in the NAVIO2 board. Fig. 12 shows a picture of the PCB
and the IMU axis alignments according to the IMU manufacturer. Notice the PCB pin 1 white dot marks near the two IMU
integrated circuits as it indicates the IC footprint orientation with respect to the PCB orientation. The particular alignments
of the NAVIO2 board and the internal alignments of the IMU axes have been taken into account in the positioning software
implementation. The prototype is expected to be mounted in the vehicle mass center. Pitch and Roll equal to 0 degrees and the
vehicle Heading aligned with the Yaw forward arrow drawn in the NAVIO2 PCB.



Fig. 13. USB-to-CAN converter model ELM-USB [20].

Fig. 14. Positioning prototype internal components.

Vehicle sensors

The hardware platform has access to the vehicle’s Controller Area Network (CAN) by using a USB-to-CAN converter. The
selected device model ELM-USB is manufactured by Secons S.R.O [20] and it supports the ELM323/ELM327 protocols,
compatible the OBD-II diagnostic interface. The adapter should be plugged to the car diagnostic port, commonly found near
the steering wheel. Fig. 13 shows a picture of the device.

The OBD-II protocol implementation is based on the Python pyOBD library [21] that enables the interrogation of the
vehicle’s speed measurement among other data coming from the engine control unit.

TEST CAMPAIGN
Reference positioning system

For public road testing of absolute positioning systems, an OXTS RT3003 was be installed in the test vehicle. An RTK-GPS
reference station is installed on the test site to provide correction signals to the RT3003 to improve its position accuracy. The
RT3003 provides real-time position and vehicle dynamics information that can be used for real time comparison. All sensor
data is also stored inside the RT3003 and can be post-processed afterwards to obtain the full vehicle dynamics and positioning
information at an update frequency of 100 Hz. The post-processed data can be more accurate than the real-time data, as the
reference station data can be added afterwards, and so is not hindered by a loss in radio signal between the RT3003 and the
reference station. Furthermore, the complete vehicle dynamics can also be calculated going backwards in time and thereby
improving the accuracy in case of loss of GPS signal.

The OXTS RT3003 has the following specifications when used in combination with a RTK-GPS Reference station:

• Position accuracy: 0,01 m.



Fig. 15. Positioning prototype car installation along with the
OXTS reference positioning system.

Fig. 16. Magnetic GNSS antennas mounted in the car roof.

• Velocity accuracy: 0,05 km/h.

• Pitch / Roll accuracy: 0,03 deg.

• Heading accuracy: 0,05 deg.

• Slip angle (at 50 km/h): 0,15 deg.

• Input voltage: 10 25 VDC.

• Power consumption: 20 W.

The RT3003 system is installed at the vehicle using the RT-Strut as shown in Fig. 15. The positioning prototype was
installed in the same vehicle sharing the RT-Strut fixing mechanism.

Sensor data synchronization test

A sensor synchronization test procedure was designed in order to validate the internal real-time clock synchronization and
the sensor data timestamping. The goal was to measure any systematic clock bias presented in the sensor data timestamp to
calibrate and compensate the measurement delay.

• Requirements: reference data and prototype data over a trajectory featured with several moderate speed (40-50 km/h)
turns during 10 minutes.

• Results: Using MATLAB, both reference and prototype measured acceleration and angular rate was compared using their
associated timestamp. During a turn event, gyroscopes measured the angular rate in the yaw angle (Z axis in the plots).
The rapid change in the yaw angular rate was used as a signal edge to measure the time synchronization between the IMU
sensor and the reference measurement. In fact, there is no appreciable delay between both gyroscopes measurements as
it is depicted in Fig. 18. The same test was done for the accelerometers sensors and the results are shown in Fig. 17. The
computed measurement delay taking into account the data time stamp was below 5 ms, with no appreciable variations
during the tested trajectory. Considering an IMU sampling rate of 100 Hz and the vehicle dynamics, this remnant delay
has a negligible impact in the positioning performance.

Performance

After the validation of the sensor acquisition and timestamping, the performance of the prototype was tested in a real-life
car trajectory composed of a mix of open sky inter-urban roads and highways and dense urban areas (urban canyons) in the
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surroundings of Helmond and Eindhoven, The Netherlands. The objective was the measure the positioning performance in
several trajectory situations using the algorithms described in Section . The selected key performance indicators are:

• WGS84 position estimation using both the reference data and Google maps as the reference position and road/lane
position, respectively.

• NED Speed vector estimation.

• Heading estimation.

The overall trajectory estimations for all the available algorithms and the reference are shown in Fig. 19. It can be identified
two different environment conditions: (i)) Open sky in the Helmond-Eindhoven highway, and (ii)) Urban canyon in Eindhoven
downtown. GNSS standalone performance is severely degraded due to multipath and signal attenuation in the urban canyon
as expected. Both the GNSS/IMU loosely fusion and tightly fusion algorithms performances were analyzed in the urban
canyon situation. The detailed trajectory estimations in the Eindhoven downtown are plotted in Fig. 20. The urban canyon
blocks the satellite signals and creates strong multipath echoes. GNSS standalone positioning is severely degraded while
the hybridization with inertial sensors is obtaining a reliable position estimation. It is shown also that the Tightly fusion
(GNSS/IMU TC) algorithm outperforms the Loosely fusion (GNSS/IMU LC) algorithm, which is aligned with the simulations
results. Surprisingly, in this specific downtown trajectory both implemented algorithms seems to outperform the OXTS position
estimations (REFERENCE in Fig. 20).

An interesting section of the recorded trajectory affected by severe multipath due to the surrounding buildings is shown
in Fig. 21. The GNSS performance is degraded and the obtained positions are displaced from the true car track over the
street. Loosely fusion GNSS/IMU algorithm that uses the RTKLIB GNSS PVT output, configured in code-only solution
also failed to obtain a reliable position. However, the Tightly fusion algorithm, which uses the raw GNSS pseudoranges and
pseudorange rates, can overtake the situation providing better position estimation. The Tightly fusion algorithm has access to
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individual satellite measurements, and thus it can estimate individual satellite covariances. This feature leads to compute a
better GNSS solution by giving more weight to the best satellites in view, which at the same time leads to a better estimation of
the accelerometer bias, ending with a better positioning performance.

The vehicle’s attitude is also estimated by the algorithms. The Euler angles estimations (Roll, Pitch, and Yaw in the NED
frame) for the Loosely fusion and the Tightly fusion algorithms, respectively, compared to the reference attitude estimation (in
green) are shown in Fig. 22 and Fig. 22. For a terrestrial vehicle navigation purposes, the most important attitude parameter is
the Heading angle (equivalent to the Yaw Euler angle). From the plots it can be seen that both algorithms are following the true
vehicle’s heading with an error less than 0.2 radians (11.5 degrees) during the trajectory. Interestingly, the heading estimation
performance seems to not be degraded by the GNSS signal degradation of the urban canyon. The apparent immunity of the
heading estimation to the GNSS signal degradation is caused by the use of a gyroscope to estimate the heading variations and
the GNSS trajectory to estimate its bias. Regarding the Pitch and Roll, the plots show that the algorithm estimations errors
are less than 0.1 radians (6 degrees). However, the Pitch and Roll play a critical role in the projection of the gravity vector to
remove the gravity acceleration from the accelerometer sensor. The attitude errors are directly mapped into acceleration errors
which at the same time are integrated into the velocity and integrated again into the position (e.g. see [7])

CONCLUSIONS

GNSS is de facto technology for vehicle’s positioning. However, the use of plain GNSS algorithms in the context of ITS
applications might be bounded by, on the one hand, the provided accuracy/precision and, on the other hand, its availability
due to signal obstructions (e.g. urban canyon, tunnels, or dense foliage) or signal interferences. In this work we explored
the application of Bayesian sensor fusion techniques to integrate GNSS, INS and odometry measurements to obtain a single



blended position, velocity and attitude estimation. The well-known loosely coupled and tightly coupled fusion techniques were
enhanced by estimating dynamic noise covariance matrices, by including non-holonomic constraints to the vehicle’s movement
and by adding a zero velocity update IMU calibration algorithm using the vehicle’s speedometer measurements. The algorithm
performance was extensively evaluated in both simulation and in real-life environments. A low-cost prototype enabled for real-
time positioning was built based on the popular Raspberry PI3 platform, a dual-IMU MEMS peripheral and a consumer-grade
GNSS receiver. The prototype was deployed in a measurement campaign in an scenario including open sky inter-urban roads
and dense urban areas. The device was installed in a vehicle equipped with a high-precision reference positioning system. This
information is used as the true position and true attitude information to fairly compare the prototype algorithms performance.

Results show that both algorithms improve the performance over plain GNSS solution as expected, both in simulations and
in the measurement campaign. Interestingly, the tightly coupled algorithm provides much better performance in challenging
scenarios such as those were visibility of GNSS satellites is less than 4 (where GNSS does not actually provide PVT solution).
In such challenging GNSS signal conditions, the dynamic estimation of the GNSS pseudoranges and pseudorange rates noise
covariances is paramount to be able to weight the influence of each satellite in the global solution and discard the ones affected
by multipath or fading.

Fusing vehicle speed measurements on the on-board speedometer also provides an improvement of the overall performance,
specially in the urban canyon with dense traffic condition. Both traffic jams and traffic lights produce frequent stops that trigger
the zero velocity condition, thus, enabling the re-calibration of the IMU sensors and refine the position estimation by changing
the vehicle dynamic model to a static one.
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