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Summary

It is difficult to obtain reliable data without proper calibration because variations in illumination and
surroundings in complex urban environments affect the sensor input. This study proposes a localization
algorithm using sensor fusion in complex urban environments, that applies a fail/safe filter to improve the
reliability of data obtained from sensors that reduce dependence on the characteristics of the surrounding
environments.

This study proposes a sensor fusion localization algorithm in complex urban environments that applies a
fail/safe filter to improve the reliability of data obtained from the sensors that are less affected by the
characteristics of the surrounding environments. LiDAR reflections provide data that is unaffected by
illumination changes, and can be used for sensor fusion by calibrating in-vehicle sensors rather than
expensive IMUs. The fail/safe filter compares the curvature of the lane or the distance traveled, and
determines the boundary point using the rate of change of the sensor and vehicle model. The boundary
points and position data are compared to determine the reliability of the data. The performance of the

proposed filter was verified by applying it to a real vehicle in K-City and Suseong Alpha City.

Keywords: autonomous vehicle, Sensor Fusion, HD Map, Localization, Complex Urban Environment

1 Introduction

Recently, interests in sharing and autonomous transportation have increased, and researches on
localization in complex urban environments, which is one of the essential technologies, have also attracted
much attention. Global navigation satellite systems are commonly used for localization, but the results
provide low positioning accuracy due to low frequencies[1,2], making them unreliable in complex urban
environments. Although sensor fusion with dead reckoning has been studied, however, dead reckoning has
limitations that it is vulnerable to long-term GNSS errors in complex urban environments. Other attempts
have been made to improve performance through sensor fusion with different ways of dead reckoning, but
there were still limitations[3]. Fusion using cameras and HD maps has also been studied[4], but in complex
urban environments, cameras provide inaccurate locations due to unreliable data from variations in
illumination.

EVS33 1



This study improves the reliability of the sensor data itself by using in-vehicle lidar, which is not
affected by the surrounding environment, including changes in illumination. A dual fail/safe filter further
improves the reliability of the sensor data, and the output is passed on to the master filter to apply the
localization algorithm for complex urban environments.

2 Sensor Calibration

2.1 GPS Latency

The output from GPS passes through a filter algorithm within the sensor, and since data has to then be
transmitted, there is a delay from the time the actual data was captured. We used an algorithm to measure
the delay through a test, and we store the delay information in the buffer [5].

2.2 Offset of In-vehicle Sensors

If the heading is calculated using the output value of the Yaw rate sensor mounted on the vehicle, the
vehicle can be seen to radiate in one direction even though the vehicle is not rotating. This happens when
the zero point of the yaw rate sensor has not been set correctly. We solve this problem by determining the
offset error value through a test, and then we compensate for the offset every moment.

® |n-Vehicle Yawrate
@ MU Yawrate

Figure 1: Yaw rate Sensor Error state

2.3 Mounting Position Compensation for LIDAR Sensor

In this study, 16-channel LiDAR is mounted on the bumper of a vehicle and is used for lane
recognition. In the figure below, we compare raw data from 64-channel LiDAR and 16-channel LiDAR
mounted on the vehicle's roof. The comparison showed no problem with the 64-channel LIiDAR. However,
16-channel LiDAR has a relatively large dead zone between the layers.
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Figure 2: KITTI Datset, Mounting Position (roof) and Channel Count Comparison

3 Fail/Safe Filters using Sensor Fusion

3.1 Fusion Dead Reckoning using In-vehicle Sensors

Choosing the right model can improve the sensing performance. The CTRV and CTRA models
provide better performance than a simple CV model in almost all cases, and in high-acceleration situations,
the CTRA model outperforms the CTRV model. The motion and position data calculated in this way is
mainly used for the fail / safe filter that determines the reliability of the sensor data. [3]

Figure 3: Overview for linear and curvilinear motion models

Equations (1), (2), and (3) are the equations of the vehicle model of the constant velocity model (CV).

Xie+1 = Xy + Tvy cos(Py) 1)

Yir1 = Y + Ty sin(yy) (2

Y1 = Y+ Twy @)

Equations (4), (5) and (6) are the equations of vehicle model of the constant acceleration model (CA).
Xk+1 = X + Tvg cos(Py) + %Tzak cos(y) 4)

Yirr = Yie + Tvp sin(y) + 3 T2y sin(ihy) (5)

Yre1 = Y +Twy (6)
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Equations (7), (8) and (9) are the equations of vehicle model of the constant turn rate and velocity
model (CTRV).

Xiey1 = X — :}—isin(wk) + ;j,—l;cSin(TWk + i) (7)
Yir1 =Y + :,—I;COS(I/Jk) - :,_’;COS(TWR + Yi) (8)
Vi1 = Yr + Twy 9)

Equations (10), (11) and (12) are the Equation of vehicle model of the constant turn rate and
acceleration model (CTRA).

X1 =X+ vl;_,; [sin(Twy, + ¥) — sin(y,)] + i—% [cos(Twy, + i) — cos(yy) + Twy, sin(Twy, + P )(10)
Yier1 =Y — ;—I; [cos(Twy, + ) — cos(Pi)] + = [sin(Twy, + Py.) — sin(¥y) — Twy cos(Twy + Py )(11)

Wi

Yre1 = Yi + Twy (12)

3.2 Sensor Fusion & Fail/Safe Filter 1 (GPS & In-vehicle Sensors)

The weight factor is used to take into account the importance of the filters by comparing the number
of extracted points, including HDOP of NMEA, GPS FIX information of NMEA, and number of connected
satellites. The position comparison filter compares the moving distance and, in the case of the position &
motion filter, derives the boundary point using the rate of change of the sensor and the vehicle model. The
boundary points and position data are compared to determine the reliability of the data.

Sensor fusion & Fail Safe Filter 1 (GPS & In-vehicle)

O )
( ) Motion ) (xy.h)
s Weight o Position
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compare P Position »| Motion _weight .
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) Fusion | Motion
CAN
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Figure 4: Search scheme for the the sensor fusion & fail/safe filter 1

The position comparison filter determines the reliability of the data by comparing the GPS travel
distance with the vehicle model travel distance. However, if the GPS condition is actually in error, as
shown below, it can be recognized as normal. Therefore, additional reliability tests should be applied.
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Figure 5: GPS Error state

The position & motion filter determines the fail/safe using a boundary point of the position sensor and
motion sensor. The left side of Figure 6 shows the part that derives the two boundary points, and the right
side shows the fail/safe judgment based on the position of the position sensor around the two boundary
points.
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Figure 6: Fail/safe filter using position & motion sensor fusion

3.3 Sensor Fusion & Fail/Safe Filter 2 (LIDAR & In-vehicle Sensors)

A curve matching filter compares the lane data of the hd map to determine its reliability. In the case of
the LiDAR & Motion filter, it derives the boundary point using the lane data and the rate of change of the
vehicle model. The boundary points and position data are compared to determine the reliability of the data.

Sensor fusion & Fail Safe Filter 2
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Figure 7: Scheme of searching the sensor fusion & fail/safe filter 2

The curve matching filter compares the results of the lane recognition with lane data on an HD map to

determine the reliability. As a result of lane recognition using a camera in a complicated urban environment,
there was a situation where the camera could not be trusted due to the change in illuminance. To solve this
problem, we implemented lane recognition with LiDAR, which is not affected by the changes in
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illuminance. The figure below shows a situation where the camera did not recognize a lane when the
algorithm was tested in urban environment. [6~9]

Figure 8: Camera Lane Recognition Error State

LiDAR & Motion filters use lane data and the rate of change of the vehicle model to derive boundary
points A and B. By comparing the weights, one boundary point is selected and compared with the positional
data to determine the reliability of the data. The figure on the left shows the curve matching filter, and the
figures in the middle and right show the LIiDAR & motion filter.
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Figure 9: Curve maching fail/safe filter and lidar & motion fail/safe filter

4 Experimental Results applying the Proposed Algorithm

4.1 Double Fail/Safe Filters using Sensor Fusion (GPS, LIiDAR & In-vehicle Senors)

The fail/safe filter consists of GPS, in-vehicle filter and Lidar and In-vehicle filter. The role
determines the reliability of the sensor data and delivers it to the master filter. Localization algorithms were
tested with various master filters reflecting the fail/safe filter in a complex urban environment. The test
consisted of three types: non filter, EKF, and particle filter, and localized with reliable data, which showed
nearly accurate localization results.
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Figure 10: Scheme of searching the localization based on sensor fusion in urban areas

4.2 Test Results in Complex Urban Environments

The algorithm was tested in a complex urban environment. In fact, when passing through a tunnel,
there was a situation where GPS and camera recognition were impossible. The in-vehicle sensor, which is
not affected by the surrounding environment, and the LiDAR sensor, which is not influenced by the
changes in illumination, were transferred to the master filter, which resulted in reliable localization. In the
figure below, the left side shows the case where the camera is not recognized and the GPS data is omitted.
We can see that we implement a relatively accurate localization using the proposed algorithm. The figure
on the right shows the sensor placement of the test vehicle, and tests were conducted in tunnels and urban
environments over 200m.

= [ e o e =] JUEEEEEE NN NN NN EEEEEEEEEEEEEENENEENEEEED

a . LIDAR

"I_ Tunnel

o 4L 0 DMB/LTE

’I ' . %ﬁewer
- %\ B O ron:

ot © O ke

- IML) GRS
¥ O e
A © vax antenna

Figure 11: Algorithm Results (K-city) & Experiment Vehicle (i30)

5 Conclusion

In this study, a sensor fusion method is proposed that is less affected by changes in illuminance and
the surrounding environment. Through this, it is possible to provide stable data even in a complex urban
environment. In addition, a more stable sensor value was derived using a fail / safe filter, and finally, stable
localization was implemented. To overcome the limitations of the fail / safe method using the rate of
change of the sensor, a dual fail / safe structure was applied. The proposed algorithms (K-City and Suseong
Alpha City) were tested on real roads to obtain reliable failure / safety algorithms and localization results.
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6 Future Work

In future work, we will study robust location estimation algorithms that further reduce the dependence
on GPS by adding sensor-based data. A robust matching algorithm using HD MAP will also be developed.
It will also reinforce the conditions for fault/safety judgment and apply the correct vehicle model to the
master filter. To obtain an accurate vehicle model, an expensive INS equipment will be used to derive a 2D
map with model parameters, and tests will be conducted on actual roads to verify the algorithm. In addition,
we will study sensor errors that may occur depending on the weather and apply them to location estimation.

Acknowledgments

This research was supported by the MSIT(Ministry of Science and ICT), Korea, under the
ITRC(Information Technology Research Center) support program(11TP-2020-2018-0-01426) supervised by
the IITP(Institute for Information & Communications Technology Planning & Evaluation)

References

[1] S. Miura, L. T. Hsu, F. Chen, and S. Kamijo, GPS error correction with pseudorange evaluation using three-
dimensional maps, IEEE Trans. Intell. Transp. Syst., vol. 16, no. 6, pp. 3104-3115, Dec. 2015.

[2] B. Hofmann-Wellenhof, H. Lichtenegger and E. Wasle, GNSS - Global Navigation Satellite Systems - GPS,
GLONASS, Galileo, and More, Springer Science, New York, 2008.

[3] R. Schubert, E. Richter, and G. Wanielik, Comparison and evaluation of advanced motion models for
vehicle tracking, in Proc. IEEE Int. Conf. Inf. Fusion, Jun. 2008, pp. 1-6.

[4] D. Gruyer, R. Belaroussi, and M. Revilloud, Accurate lateral positioning from map data and road marking
detection, Expert Syst. Appl., vol. 43, no. 1, pp. 1-8, Jan. 2016

[5] S. Weiss, M. W. Achtelik, M. Chli and R. Siegwart, Versatile Distributed Pose Estimation and Sensor Self-
calibration for an Autonomous MAV, IEEE International Conference on Robotics and Automation, pp.31-38,
2012.

[6] P. Lindner, E. Richter, et al., Multi-Channel Lidar Processing for Lane Detection and Estimation,
Proceedings of the 12th International IEEE Conference on Intelligent Transportation Systems, St. Louis,
MO, USA, Oct. 2009.

[7] K. Dieymayer, N. Kaempchen, et al., Roadway detection and lane detection using multilayer laserscanner,
in Proceedings of Advanced Microsystems for Automotive Applications 2005, 2005.

[8] M. Thuy and F. P. Leon, Lane Detection And Tracking Based On LIDAR Data, Metrology Aad Measurement
Systems, Vol. XVI1I, no. 3, 2010.

[9] K. Ogawa and K. Takagi, Lane Recognition Using On-vehicle LIDAR, Intelligent Vehicles Symposium,
2006 IEEE, Tokyo, Japan, June 2006.

Authors

Munsu Park received a B.S. degree in electronic and electrical engineering from Hongik
University, Seoul, Korea, in 2018. He is currently studying for the M.S. degree in Mechatronics
- Engineering at Sungkyunkwan University. His research interests include Sensor Fusion,

5 Localization, HD Map, V2X and autonomous vehicles.
‘4

EVS33 8



Sung-Ho Hwang received the B.S. degree in mechanical design and production engineering and
the M.S. and Ph.D. degrees in mechanical engineering from seoul national university, Seoul,
Korea, in 1988, 1990, and 1997, respectively. He is currently a professor in the school of
mechanical engineering, Sungkyunkwan University, Suwon, Korea. His research has focused on
fundamental problems of dynamic systems, measurements, and controls in automotive applications
such as transmission systems, electronic controlled brake, power steering, semi-active suspension
and so on.

EVS33




