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ABSTRACT

Inverse Perspective Mapping (IPM) is a technique used in Intelligent Transportation Systems to generate
virtual birds eye view (BEV) images, enabling accurate obstacle detection and free space estimation. The IPM
approach used before exclusively prioritized straight and flat road surface. If the IPM approach is used on an
uneven road, this becomes exceedingly challenging. As a result, the IPM approach does not fully use the Inertial
Measurement Unit (IMU) sensor. As an outcome, there will be a temporal delay in the data when image and IMU data
are combined. The goal of this study is to present an IPM-based technique for stabilizing the exact position of the
vehicle using angular orientation parameters derived from images and IMU data that are synchronized and
filtered using the Kalman and complementary filters. Experimental results show that IPM can determine the
actual angle when passing the uneven roads at 94% accuracy, surpassing previous IPM techniques. It is
obvious that the proposed method can generate reliable and accurate IPM images. The image data and IMU data
that have been recorded can be utilized for analysis to choose the parameters that are most appropriate to be
employed throughout the IPM process, despite the fact that the road structure is continually changing.

Keywords: Inverse Perspective Mapping (IPM); uneven roads, Inertial Measurement Unit (IMU); angular
parameter, Kalman filter

INTRODUCTION 2020), and lane boundaries detection (Seo & Rajkumar
2015).

Inverse perspective mapping (IPM) is one of the
computer vision algorithms that transforms a camera image
into a bird’s eye view (BEV) (Yang et al. 2018; Bertozzi
et al. 1998; Muad et al. 2004). IPM removes perspective
distortion and enables better vision in blind spots and
assisting drivers to park their vehicles. The IPM
applications include blind spot monitoring (Jager et al.
2018), gap estimation from other vehicles (Ji et al. 2018;
Tuohy et al. 2010), multiple vehicles detection (Rezaei et
al. 2015), and road marking recognition (Lee et al. 2020;
Yu et al. 2020). The accuracy of IPM can be enhanced by
fusing the image with data from other modalities and
sensors, such as feature points in the simultaneous
localization and mapping (SLAM) (Jeong & Kim 2016),
laser range finder (Oliveira et al. 2015; Nuss et al. 2014),
gyroscope and radar (Bertozzi et al. 2008), combination

From 2018 until 2022, Malaysia has experienced an
increase in road accidents, ranging from 2.8 to 8.4% per
annum (Azhari et al. 2022; Mahat et al. 2020). To reduce
the number of accidents, emerging technologies like
advanced sensors, higher computing capabilities and latest
algorithms are being developed in navigation and safety
systems. One of the newest technologies is computer
vision, which is applied in urban map generation (Roh et
al. 2016), road environment modelling (Nieto et al. 2011),
road terrain detection (Mei et al. 2023), free space detection
(Cerri etal. 2005), vehicle detection and distance estimation
(Rezaei et al. 2015; Tuohy et al. 2010), obstacle detection
(Simond et al. 2007; Badrloo et al. 2022), vacant parking
space (Liu et al. 2023), pedestrian detection (Rezaei et al.
2022), lane tracking and detection (Zhang et al. 2022;
Solomon et al. 2024), road markings recognition (Ye et al.
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of SLAM, inertial measurement unit (IMU), LIDAR,
digital elevation model, GPS, altimeter, digital map and
wheel encoder (Roh et al. 2016), single image sensor with
multiple image features (Rezaei et al. 2015; Xiang et al.
2023).

Traditional IPM techniques focus on straight and flat
road; but using the IPM approach on uneven roadways is
challenging due to blur and unclear lane boundary lines.
Newer studies have focused on flat roads with potholes,
patches, or joint roads, but the IPM approach does not fully
utilize the IMU sensor, making it impossible to obtain
precise and understandable results using only image data.

This paper proposes an IPM algorithm combining
motion and vision sensors, detecting changes in image and
object speed and direction. IPM also involves two different
data (IMU and image). The Intel Realsense D435i,
consisting of an IMU and camera sensors, was used in this
investigation. Therefore, this [IPM consists of two steps of
data fusions. The first is a fusion between gyroscope and
accelerometer in IMU to generate pitch angle estimation.
The second fusion is by using the estimated angle into the

(a)

IPM image. Complementary (Oz et al. 2022) and Kalman
filters (Dong et al. 2020) were used to combine gyroscope
and accelerometer to produce better estimation of pitch
angle. The estimated angle then was used to generate [IPM
images producing results that can adapt with the different
road surfaces.

METHODOLOGY

INVERSE PERSPECTIVE MAPPING

IPM transforms each pixel of the image obtained in 3D
world coordinates (X, Y, Z) to a 2D image (u,v). Figure 1
shows the top view and side view of the IPM. Figure 1(a)
shows a top view geometrical model of IPM covering an
area that can be controlled by the yaw angle, while Figure
1(b) shows a geometrical model for pixels under an area
determined by the pitch angle. Both geometrical models
are applied to a perspective input image.

(b)

FIGURE 1. Geometrical model of the IPM. (a) Top view.
w(b) Side view.

The equations for the two triangulations are given in
Equations 1 and 2:

X,Y,0)— -
WX, Y, 0) = = (231/1()w . M
v(X,Y,0) = LEr0- G- @)

(2a/w)

where

o= @) m o= (52

4 the camera angular aperture, and /xw is the spatial
resolution of the image. ¢ is yaw angle of the optical axis
between the z-axis and the x-axis. @ is pitch angle of the
optical axis between y-axis and z-axis. y and d are offsets
to control the generation of the road width in the IPM
image, so that the left and right lanes appear to be parallel
to each other in the image rendition (Huang et al.. 2023).
Cis the camera’s position and / is the camera height from
the road surface. Equations 2 can be modified to include
pitch angle variations measured from IMU, 0,,,,, as given
in Equation 3.

v(X,Y,0) = [a(x,y,o)ieéyu]— (CR)) (3)

w-1




INERTIAL MEASUREMENT UNIT

IMU consists micro-electro-mechanical system (MEMS)
sensors like an accelerometer and a gyroscope. IMU is also
often used when measuring the orientation of a system’s
movement. Some IMUs may have an additional
magnetometer sensor. Typical IMU consists of three
accelerometers and three rate gyroscopes that utilize
differential capacitance and the Coriolis effect. IMU is
widely used for navigation and motion tracking. IMU
provides translational and rotational measurements. These
two sensors are suitable for detecting vehicle rotation when
the car is on uneven roads. The IMU data value is important
in providing a more accurate value after sensor calibration
(Moreira et al. 2021; Sen et al. 2023).

Accelerometers measures changes in velocity and
gravity forces along three orthogonal dimensions. The
measured acceleration, @ is given in Equation 4.

d=a¥+a@ +¢ )

where a? is a linear acceleration, a is a gravitational
acceleration, and ¢ is additive Gaussian noise with zero-
mean and % variance (9~N(0,62.)). Its measurement unit
is in ms~ or g, where 1g = 9.81 ms~. For a short term,
accelerometer measurement is not reliable due to motion
and measurement noise, but in a long term, the measurement
is accurate as there is no drift, because the noise is not
accumulated over time (Aranburu et al. 2018).

Opcc = tan™1 | =2 (5)

2 2
ay+ax

where a,a and a_ are acceleration measured
respectively at x, y, and z axes of the accelerometer.

Gyroscope measures angular velocities in three
orthogonal dimensions. The measured angular velocity, Ww
is given in Equation 6.

w=w+p+n (6)

where w is actual angular velocity, £ non-stationary
sensor bias, and 7 is the zero-mean Gaussian noise with
0Zyro variance, (r]~N (0,62, )). Because the bias adds up to
the noise, (B + n), the measurement of the angular velocity
has a non-zero mean Gaussian distribution N(B,02,r, ).
Its measurement unit is in o/ or rad/s. If the sampling time
is known, three-dimensional orientation angles, can be
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calculated. However, gyroscope integrates noise as well,
that accumulate drift over time. Unlike accelerometer,
gyroscope is accurate in a short term, but not reliable in a
long term due to drift.

The pitch angle can be derived from gyroscope using
Equation 7.

GGyro = eayro + WxAt (7)

where w_is an angular velocity at x-axis, and Az is a
sampling time (Meng. 2006).

VEHICLE DYNAMIC ORIENTATION
SYSTEM

Figure 2 shows the vehicle dynamic coordinate system of
a car related to rotational angles (Yan et al.. 2023). Pitch
angle variations are caused by rotation around the
transverse/lateral axis (x-axis). This rotation reflects vehicle
motion when it accelerates, decelerates, or brakes, resulting
in a bouncing movement of the vehicle. This rotation also
occurs when the vehicle is traveling through uneven road
surfaces, such as hump/bumper, ascending or descending
hills, and potholes. Yaw angle variations occur due to
rotation around the vertical axis (y-axis). This rotation
reflects vehicle motions when it turns left or right. It
normally occurs when the vehicle is changing lanes, taking
junctions, and cornering. Roll angle variations occur due
to rotation around the longitudinal axis (z-axis). This
rotation reflects vehicle motion when it performs banked
cornering. The dynamic modelling of the vehicle is
explained in Ruslan et al. 2024 and its suspension system
in Ikhsan et al. 2024.

Vertical axis, ¥

Pitch, @

Longitudinal axis, Z Lateral axis, X

FIGURE 2. Vehicle dynamic orientation system

COMPLEMENTARY FILTER

Complementary filter combines measurements from
different sensors and assign one particular weight value to
one sensor and complement the value to another sensor.
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Equation 8 describes the complementary filter that use
measurements from gyroscope and accelerometer
(Eriksson & Tengfjord 2014) to calculate pitch angle, ..

6™ = (1= (B + eht) + by ®

where 0<a<l. 6" is a pitch angle measured from
accelerometer, o _is an angular velocity at the x-axis, At is
the sampling time, and «a is a weight.

DISCRETE KALMAN FILTER

The discrete Kalman filter is characterized by state-variable
model in Equations 9 and 10.

X = Ap_1Xp_1 + Bru, + w4 )

z = HyXy + v (10)

where x* is the state vector, A,_, is the system dynamic
matrix, B, relates the control input u,, w_, is the state or
process noise, z, is the measurement vector, z, is the
measurement matrix, Z, is the measurement noise, and &
is the current time step.

Kalman filter involves prediction and update steps. In
the prediction step, Kalman filter projects the state and
error covariance ahead:

Rije-1 = ARp_qjk—1 + Uy (11)

Pyje—1 = APy p1AT + Q (12)

In the update step, Kalman filter updates the estimate
with measurement z, and error covariance

R = Ripe—1 + Kk(zk - Hﬁk|k—1) a3)
Py = (I — KgH)Py o4 (14)
where Kalman gain is

-1
Ky = Py HT (HPk|k—1HT +R) (15)

. GyroT .
Here, the state vector is [9,’(_4 c, wky ] matrix A
. 1 —At . — 0 1
is given by [0 1 ], and matrix H is given by [1 0].

91? ¢ is a pitch angle derived from accelerometer at k™
Gyro
k

gyroscope at the £" step. The derivation of the state vector

step, and @ is an angular velocity measured by

of the Kalman filter involves a fusion of accelerometer and
gyroscope. The discrete Kalman filter assumes a Gaussian

distribution for all random variables (Kuper et al. 2020).

EXPERIMENTAL SETUP

In the experiment, we used an Intel RealSense D435i depth
camera to record the data. The camera used has an
additional IMU sensor inside. The IMU has different
sampling rates for accelerometers 62.5 Hz and gyroscopes
200 Hz. The sampling rate for the camera is 60 Hz. The
synchronization of data between camera and IMU was
done using (Sa et al.. 2018). The camera is mounted on the
dashboard of the car approximately 126 cm from the road
surface as shown in Figure 3. The car was travelling
approximately at a speed of 60 km/h. The car was travelling
on different road surfaces, such as flat, ascending and
descending roads, as shown in Figure 4.

FIGURE 3. Placement of a camera on a car’s dashboard

(@ (b)
a2 \
(© @

FIGURE 4. Different road surfaces. (a) Flat. (b) Hump. (c)
Ascending. (d) Descending



RESULTS AND DISCUSSION

Figure 5 shows pitch angle estimation over three video
clips. The pitch angle estimation was done using gyroscope,
accelerometer, a fusion of gyroscope and accelerometer
data using complementary and Kalman filters. Figure 5(a)
shows the angle estimation when a car is moving going up
and a moment later going down a hill. Scenes that are
corresponding to the black dot markers in the timeline are
shown in Figures 6-9. Figure 5(b) shows the angle
estimation when the car is moving ascending and then later
descending a road. Its corresponding scenes are shown in
Figures 10 and 11. Figure 5(c) shows the angle estimation
when the car is moving through a road bumper. Its
corresponding scenes are shown in Figures 12-18.

Although the pitch angle estimation using gyroscope
appear to be responsive to the changes of the road surfaces,
the calculation of the pitch angle accumulates noise,
leading to the drift in its estimation. On the other hand, the
accelerometer is less responsive to the changes of the road
surfaces, but it doesn’t drift. Both complementary and
Kalman filters fused data from gyroscope and accelerometer
in order to produce responsive pitch angle estimation with
minimum drift. The estimated angles using gyroscope,
accelerometer, complementary and Kalman filter were used
in Equation 3 to generate [IPM images.

Figures 6-18 demonstrate results of the IPM images
for different road surfaces. When the car is moving on a
flat road, traditional IPM was able to create image without
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much perspective distortion, ensuring the lane boundary
of the road appear to be parallel to each other. When the
car is going up or down hill, or through a road bumper or
hump, the traditional IPM suffered severe distortion (shown
in the Figures 6(b)-18(b)).

Results from gyroscope and accelerometer were not
consistent. In the first video clip shown in Figures 6(c)-9(c),
the bird’s eye view of the road in the IPM images generated
using pitch angle estimation by gyroscope (IPM+Gyro)
appear to be distorted and the lane boundaries are diverging.
These situations exhibit when the car is moving on a
descending road surface. In the second video clip shown
in Figure 10(c), image generated by (IPM+Gyro) displays
satisfactory result for the ascending road surface. In the
third video clip shown in Figures 12(c)-18(c), IPM+Gyro)
was able to produce satisfactory results when the road
surface is flat but tends to be distorted when the car is
moving through the bumper.

For the transformation of the IPM image with the
inclusion of the pitch angle derived from accelerometer
(IPM+Accel) as shown in Figures 6(d)-11(d), this approach
produced less distortion as compared to IPM+Gyro. When
the car is moving through a bumper road, shown in Figures
12(d)-18(d), (IPM+Gyro) is less able to track the road
surface resulting in high level of distortion in IPM images.

Fusion of gyroscope and accelerometer helps to
enhance the results of IPM image transformation. Both
complementary and Kalman filters fused these two sensors
of the IMU and estimated the pitch angle that was used in
the IPM.

15 Pitch angle 5 Pitch angle 5 Pitch angle
Gyroscope Gyroscope
— Accelerometer 0 — Accelerometer
10 ——Complementary|| W __ | [7—Complementary
< ——Kalman [ 2 2 —Kalman
0] . @
Q5 p 20
2 g4 5
8 [a] Gyroscope a
——Accelerometer
H-
-5 -8 -5
0 2 4 6 0 2 4 6 Q 1 2 3 4 5
Time, (s) Time, (s) Time, (s)
(@) (b) (©

FIGURE 5. Pitch angle estimations using gyroscope, accelerometer; fusion of gyroscope and accelerometer fusion using
complementary filter and Kalman filter. (a) Pitch angle estimations of the first video clip when a car is moving descending, then
ascending a road. The black dot markers indicate the events. Images corresponding to the timeline are shown in Figures 6-9. (b)

Pitch angle estimations of the second video clip when a car is moving ascending, then descending a road. Images corresponding to
the timeline are shown in Figures 10 and 11. (c) Pitch angle estimations of the third video clip when a car is travelling on the road
bumper or hump road. Images corresponding to the timeline are shown in Figure 12-18.
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TABLE 1. Accuracy of IPM images generated using IMU data, either with or without pitch angle correction.

Scene t % % % % %
IPM +No IMU IPM+Gyro IPM+Accel IPM+CF IPM+KF

0.9 89.52 81.86 85.00 96.07 95.81
Ascending 2.5 91.28 3291 83.45 97.77 96.67
road 3.8 89.97 17.79 99.04 98.23 96.58
6.0 49.40 17.35 60.60 79.39 87.17
Descending 2.5 43.05 96.18 54.73 82.04 84.44
road 4.6 88.10 67.46 97.70 94.40 98.01
0.2 85.35 84.72 80.42 85.60 89.57
2.1 91.56 92.26 95.62 99.43 99.22
3.7 98.68 94.15 89.68 97.54 95.58
Bumper 39 84.18 93.16 84.16 93.84 95.42
road 4.1 56.60 89.61 59.42 89.36 93.94
4.2 70.83 81.11 70.73 99.63 95.73
4.6 82.70 81.49 69.55 95.21 97.58
5.2 54.49 86.9 58.77 99.78 99.55
Average 76.84 72.64 77.78 93.45 94.00

Pitch correction

. . . . Pitch ti . Pitch ti
. Without pitch Pitch correction 1teh correction using 1eh correction
Perspective image correction usin 0SCOPE using complementa using Kalman
& eyn P accelerometer P Y filter
filter
(b) (c) (d)

FIGURE 6. A frame scene of the first video and its IPM images of a car moving descending, then ascending att=0.9 s

(a) (b) © (d)

FIGURE 7. A frame scene of the first video and its [PM images of a car moving descending, then ascending at t = 2.5 ]

FIGURE 8. A frame scene of the first video and its IPM images of a car moving descending, then ascending at t = 3.8 ]

St ea
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FIGURE 9. A frame scene of the first video and its IPM images of a car moving descending,
then ascending at t = 6.0 s

(b) (d)
FIGURE 10. A frame scene of the second video and its IPM images of a car moving ascending,
then descending att=2.5s

(b) (©) (d) (e) ()
FIGURE 11. A frame scene of the second video and its IPM images of a car moving ascending,
then descending at t=4.6 s

Pitch correction Pitch correction  pjsop correction

. Without pitch Pitch correction . using .
Perspective image : . using using Kalman
correction using gyroscope complementary
accelerometer flter filter

(a) (b) (© (d) (e) ()
FIGURE 12. A frame scene of the third video and its [IPM images of a car moving descending, then ascending att =0.2 s

(a) (b) () (d) (e) ¢}
FIGURE 13. A frame scene of the third video and its [IPM images of a car moving descending, then ascending att=2.1 s



(a) (b) (c)

(d) ©) ®

FIGURE 14. A frame scene of the third video and its IPM images of a car moving descending, then ascending att=3.7 s

@ (b) ©

(d) ® (®

FIGURE 15. A frame scene of the third video and its IPM images of a car moving descending, then ascending att=3.9 s

@ (b) (©

(d) ©) ®

FIGURE 16. A frame scene of the third video and its IPM images of a car moving ascending, then descending att=4.1's

(a) (b) (c)
FIGURE 17. A frame scene of the third video and its IPM images of a car moving ascending, then descending att=4.2 s

(@) (b) (©)

(d) (© ®

(d) (© ®

FIGURE 18. A frame scene of the third video and its [IPM images of a car moving ascending, then descending att=5.2 s

Both filters were able track the different road surfaces
and produced satisfactory IPM images with less distortion
and the lane boundaries appeared to be parallel to each
other. Results of the IPM with complementary filter
(IPM+CF) are shown in Figures 6(¢)-18(e), while results
of the IPM with Kalman filter IPM+KF) are shown in
Figures 6(f)-18(f).

Table 1 demonstrates quantitatively accuracy of the
IPM by measuring the width of the lane throughout those
images and determine whether or not the lane boundaries
are parallel. Both IPM+CF and IPM+KF produce high
accurate results, which are above 93%, as compared to
IPM without IMU, IPM+Gyro and IPM+Accel.

According to the findings of Figures 5-18, IMU data
can precisely measure the pitch angle projection of a



vehicle’s orientation, which is caused by the condition of
the road surface, whether ascending or descending. Here,
two sensors of the IMU, gyroscope and accelerometer were
fused to generate a pitch angle estimation. When gyroscope
and accelerometer data are fused, the best features of the
two sensors are retrieved and can aid in the elimination of
unwanted features from both sensors. When the data is
analyzed individually, gyroscope generates drift, but the
noise in its data is not excessive. The drift is generated by
the calculation of the pitch angle that uses an integration
operation. On the other hand, calculation of the pitch angle
using accelerometer tends to produce high frequency noise
but no drift. Combining signal data from gyroscope and
accelerometer produces drift-free and low-noise in the
estimation of the pitch angle using complementary and
Kalman filters. Both filters demonstrate similar performance.
Another stage of fusion is between the estimation pitch
angle and image to generate accurate IPM image for flat
and non-flat road surfaces.

CONCLUSION

The fusion of IMU data with images is essential for
improving autonomous driving systems through the
generation of IPM images. This approach helps to
complement limitations when performing separate
measurement using gyroscope, accelerometer and camera.
In this paper, two stages of data fusion were implemented.
Firstly, fusion between IMU sensors: gyroscope and
accelerometer to produce an estimation of pitch angle that
is drift-free and low noise. Both complementary and
Kalman filters can be used to fuse data from these sensors,
and the performance of the filters are comparable to each
other. Secondly, the fusion between the estimated pitch
angle with image to generate [PM images that is adaptable
to different surfaces of the roads, either flat or non-flat.
This work has the potential to be extended to other
conditions of road surface like tilted and banked roads, as
well as different orientation of the moving car like when
the car is making a curve movement.
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