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Abstract—Change in traffic condition is unpredictable. This increases the
need for alternate routes to avoid congestions and other conditions. The high
variance of vehicle types in Indonesia complicates routing, rendering alternative
routes sometimes become unavailable for a specific condition of vehicles. Our
research is to develop an application for Android smartphone to collect road in-
formation and to offer alternative routes for motorcycles; this paper focuses on
the first part of the task. The needed information to acquire is road width, so the
drivers could use proper alternative routes for their vehicles (e.g. small car or
motorcycles). This research uses both object detection and lane detection meth-
ods for obtaining road width, and it is quite simple when lane boundaries are
detected in road image. When the lane boundaries are not detected, road width
is obtained using a vanishing point method. The average error rate for road
width measurement using object and lane detection is 19.71%. Meanwhile, the
average error rate when there is no lane boundary is in the range of 10-15%, 8-
18%, and 10-19% for various capturing sides. Reclassification of the road is
done when the error rate of road width is set. Accuracy of road category reclas-
sification is in the range of 70-75% in various sides.

Keywords—Road Information, Road Width, Object Detection, Lane Detection,
Vanishing Point

1 Introduction

Traffic demands changes over time, and it is making road condition congested eve-
rywhere [1]. Not only that it changes when rush hour is coming, but also when there
are events, accidents, or other conditions. Sometimes, to reach a destination, alternate
routes are needed to avoid congestion (or other situations). Meanwhile, those routes
do not have the same width with common roads. In Indonesia, there are several alter-
nate routes usable only for motorcycle. This condition will become a problem when a
car is guided into a road category that does not fit its size.

The variance of vehicle’s type is very common in Indonesia. Lubis [2] stated that
Indonesia is the third biggest country which has motorcycles after China and India. In
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2016, the Bureau Statistic of Indonesia stated that the amount of motorcycle is domi-
nating other kinds of vehicles [3]. Motorcycle has a small size and could maneuver
easily, so it will be the ideal kind of vehicle to drive in a city [4]. This high amount of
motorcycle also gives an impact to the traffic condition. That is why Minh et al. [5]
stated that motorcycle is one of the reasons traffic jam happened.

This paper will discuss on a system for road information collecting and road width
measurement. The system aims to give proper alternate routes based on the vehicle’s
type. The process uses a crowdsourcing approach by using the application in a driv-
er’s smartphone which will capture road situation and traffic condition during the trip.
The usage of smartphone is considered because its popularity is growing fast; every-
one, even children, in this world has smartphone [6]. Smartphone also easily connects
to cloud system, so the information that has been gathered will be stored in a server
easily. Soon after, those informations will be extracted for defining a road category.

On the main road, it is common that a boundary line exists for each lane in the
road. It will be different in alternate routes, where several roads do not have boundary
line. Usually, roads will be divided into several categories such as big, medium, small
road and alley. Collected information will be processed by using a machine learning
approach.

Machine learning approach will also be used to detect objects and lines that appear
in the information. These objects will be limited for a common object such as car and
motorcycle with a certain degree of probability. Lane detection approach will be used
to detect line marker in the road. For roads that do not have a lane boundary, we will
categorize it by using vanishing point concept.

The remainder of this paper is organized as follows. In Section Il, the literature re-
view is presented. In Section 11, the design and implementation are provided. Section
IV discussed the testing of the proposed system. Concluding remarks are given in
Section V.

2 Literature Review

In this research, we implemented road information collector and measured the road
width by using object and line detection approach for common roads that had lane
boundary. We also tried to measure the width of alternate roads by using vanishing
point approach. It is used for measure road which did not have lane boundary.

2.1  Object detection

Object detection approach using deep learning method usually use the two-stages
detector, such as R-CNN and Fast R-CNN, where it can give high accuracy [7]. The
two-stage detector had weakness in significant computational resource and time.

Hoang, et al. [7] stated that the steps that occur in a two-stage detector start with
defining region of interest (ROI) and creating a proposed network, continue with
classifying in candidate regions. Nowadays, the state-of-the-art method is a one-stage
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detector that could detect an object faster by running a classification step only, but it
gives worse accuracy than two-stage detector.

Common methods that used in the one-stage detector are Single Shot Detector
(SSD), You Only Look Once (YOLO), and RetinaNet. RetinaNet built based on sev-
eral one-stage characteristics, such anchors concept in RPN, and feature of pyramid
concept in SSD and FPN. Commonly, every detection method is tested using Com-
mon Object in Context (COCQ) dataset due to achieve its accuracy. Dectection accu-
racy using RetinaNet could be compared with two-stage detector method [8].

The usage of object detection is to know road situation, such as number of cars,
motorcyles, and other type of vehicles in the road. Nasution et al. stated that there is
common width of vehicle, such as car and motorcycle which has 1.66 and 0.64m [3].
This width is used to compared road width in the road.

2.2  Lane detection

Yan and Li [9] stated that there are several characteristics in road image, such as
target area that always appears in half-bottom of an image, higher variance of gray
than the background, etc. Colour of gray and its variance could have almost the same
value, but the edge of the target is the most crucial point in the lane detection process.

Lane detection could be done by implementing canny edge detection [10-12]. In its
process, an image will be normalized based on its histogram. Commonly, there will be
a color conversion from RGB image into a grayscale image. The grayscale image will
be blurred with gaussian blur due to detecting edge easier. Canny edge detection
method will search high-value differences between pixels in an image. Finding this
value in an RGB image will be more difficult than in a grayscale image.

After new histogram of an image obtained, the process will continue to define ROI.
By arranging ROI, the complexity of road lane detection will be minimalized [13].
ROI could be done by removing part of an image except for part of the road. After
that edge detection process will find the lane boundary. Normally, there will be two
edges (left and right lane boundary). The process will continue with hough transform
for drawing the boundary lanes on image. Slope measurement will be done to differ-
entiate the left and right lane [14].

Distance between left and right lane will be measured in order to define the road
width in pixel size. This value will be combined with object detection result and it
will be converted to real width.

2.3 Vanishing point

Vanishing point is a concept used to illustrate in perspective images. It could be
built from several lines that gather around one intersection point [15]. From all lines
that drawn to the intersection point, several lines illustrate a roadway [16]. The inter-
section point is not defining the center of the image but illustrates that this point has
the farthest depth in perspective. A vanishing point is an infinite point that drawn in
one point and commonly appears in the horizon. This method is common used in
unstructured road which there are no lane boundaries[17].
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This approach is used when there are no lane boundaries in the road, especially in
alternative road. It will be used to create an illustration of lane boundaries by defining
left, center, and right vanishing point in the road.

3 Design and Implementation

In this research, we propose a road information collector using Android application
which is used to capture the situation of the road. In every informations that collected,
road width measurement will be conducted. Lane boundaries in main road are often
easy to see, however it is different for alternative road. Due to this, the system will
measure the road-width based on object and lane detection (when there are lane
boundaries in the road) and vanishing point approach (when there are no lane bounda-
ries in the road). Our proposed system is divided into two parts: first is information
gathering using Android application; and information extraction to define road width.

Longitude -
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Time o o Weather
Forecast
Road \ |
Situation - -@
Agent \

Server & Database

'

Digital Map

Fig. 1. Design of Proposed System

As mention before, road situation will be massively gathered using smartphone ap-
plication from several users and store it to a server. Fig. 1 illustrates the design of
proposed system. Several road informations collected such as coordinates (longitude
and latitude), heading, timestamp, weather, total car and motorcycle, and road image
will be collected periodically along the trip. Fig. 2 illustrates the workflow of the
system that proposed.
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Fig. 2. Workflow of Proposed System

3.1  Information gathering

Smartphone will gather information when activated by drivers and work until the
driver stop the application. Fig. 3 illustrates the process of collecting information,
where smartphone will be attached to a motorcycle.

—

A—-@:_

Fig. 3. Process of Collecting Information

Main result acquired from information gathering are coordinates (longitude and lat-
itude), heading, timestamp, and weather condition. These data also collected by using
several sensors available in smartphone such as GPS and accelerometer. Weather
conditions will be obtained from OpenWeather (open API weather report).

Detailed workflow of the proposed system is designed using Unified Modeling
Language (UML) such as sequence, class, and activity diagram. The system works
when a driver starts the application, and it will collect information continuously.
Driver will execute application, and it will start to request weather report, access GPS
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and camera module. After these primary data collected, it will be stored in a database.
This whole process is shown in Fig. 4.
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Fig. 4. Sequence Diagram

Class diagram shows relationship between classes used in this application. In this
system, we used four main classes (MainActivity, DataCapture, CameraService, and
Location). MainActivity is the main class of this application which allows permis-
sions that needed by Android smartphone. Main function of class DataCapture is for
collecting coordinates, weather, and heading. Detailed process of resolving coordi-
nates will be conducted in class Location. CameraService is not only used to activate
and run camera service, but also building communication with the designated server.
Fig. 5 illustrates Class Diagram for the proposed system.

—

CameraService

String urlUpload : String
bitmap : Bitmap
ancodedimage : String
weather : String
heading : String
latitude : String
longitude : String

+enBindfintent intent) : IBinder

+onStartCommand(intent intent, int flags, int startic) - int
+onimageCapturs(@NonNull File imageFile) : vaid

stringRequest StringRequest

+anResponse(String response) : void
+onErrorRespenselVolleyErmor eror ; void

#getParams() : Map<String, String>

-imageToString(Bitmap bitmap) : String

+getimageContentUriiContext context, Fila imageFile) : Ui
+onCameraError(@CameraErmor. CameraErmorCodes int erorCode) ; void

DataCapture

- westher : String

- latitucle : double

- longitude : double

| - heading: float

+getWeather() : String

+setWeather(String weather) : void

+getLatitude] : double

+setLatitudeldouble latitude) | void

+getLongituded) : double

+setLongitude(double longitude) :void

+getHeadingy) : float

+setHeadinglficat heading) : void

+describeCantents() : int

+writeToParcel{Parcel dest, int flags) : void
— +DataCapture()

#DataCapture(Parcel in)

+CREATOR : Creator<DataCaptures

+createFromParcelParcel source) : DataCapture

+newAay(int size) : DataCapture]]

MainActivity
+ REQUEST_PERMISSIONS : int

#onCreate : void

+anClick() : void

-BroadcastReceiver( : BroadcastAecelver
+anRecene) : void

#onResume( : void

fonPause() : void

Location

isGPSEnabie : boclean
isNetworkEnable : boolean
Iatitude : double
longitude : double.
locatianManager : LocationManager;
location : android.location.Location
-mHandler : Handler

-mTimer : Timer

notify_interval : long

+str_recaiver : String

-wealher : String

intent : Intent

-degree : float

dataCapture : DataCaptura

-mSensorManager : SensorManager

+Locati

+onBind(intent intent) : IBinder

sonCreate) : void

+enLocationChanged(andraid. location Location locatien) : void
+onStatusChanged(String provider, int status, Bundle extras) : void
+onProviderEnabled{String provider : void
sonProviderDisabled(String provider) : void

-in_getlocation) : void

-fn_update(android lacation Lacation location) : void
+onDestray] : void

sonSensorChangediSensorEvent event) : void
+onAcouracyChangediSensor sensor, int accuracy] : void
~getCurrentiWeather{double latitude, double longitude) : vaid

int statusCode, Header]] headers, byte]] responseBody) : void
sonFailura(nt statusCode, Header(] headers, byte]] responseBody, Throwable eror) : void

Fig. 5. Class Diagram
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Based on its activity, this proposed system will have four actors (driver, server, da-
tabase, and user). In the beginning, driver will start their journey and bring a
smartphone which will capture road situation periodically. Data will be stored into a
database in a server. Those data will be used when there is a request from users. Serv-
er uses all data in database to show it in digital map. Fig. 6 shows activity diagram for
the proposed system.

Driver Database Server User
| stat | E :
— ! e |
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: 3
Driving —'—- Heading, Recording —‘—-. Creating Digital Map ‘ Digital Map
1 ! Time, Image Data ! !

Data Longitude,
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|

Recording Data }7' : : . End )

Fig. 6. Activity Diagram

3.2 Information extraction

Normal roads: Detection system is needed to extract information to recognize
road situation. It can detect common objects on the road, such as car and motorcycle.
Detection method in this proposed system uses ImageAl library with RetinaNet for
COCO. Fig. 7 shows the detection result in a main road. It detects several common
vehicles like car, but it could not detect uncommon vehicles such as truck and pick-

up.

Fig. 7. Vehicle Detection Result
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This proposed system detects not only vehicles but also lane (for normal roads with
lane boundaries). The detection is implemented using edge detection. Lane boundaries
have high color differentiation with road color so that it will be detected as the edge in
road image. Both left and right lane boundaries will be extended until there is an in-
tersection point between those lines. Lane detection result is shown in Fig. 8.

Fig. 8. Lane Detection Result

Both object and lane detection will be combined in order to acquire the average
road width. Every detected vehicle will be given a bounding box, and its bottom line
is considered as vehicle width. Road width will be obtained from the intersection
between bottom line of vehicle’s box, left and right lane boundaries. Road width is the
distance between intersections of lane boundaries. Fig. 9 shows intersection points
between left and right line.

Fig. 9. Combination of Object and Lane Detection

Nasution stated that [2] there is common width for car and motorcycle, 1.66m and
0.64m respectively. Based on that, road width will be equivalent with common width
of vehicles. From all detected vehicle, average road width will be obtained. Distance
between left and right intersection points in Fig. 9 are 3.476, 3.179, and 3.005 m. Fig.
10 shows the road width calculation result between intersection points for each de-
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tected vehicle. Average road width (“Lebar Jalan™) is 3.22 m with three detected ve-
hicles.

2019-84-29 21:38:86.1116841: W ./tensorflow/core/grappler/optimizers/graph_optimi
zer_stage.h:241] Failed to run optimizer ArithmeticOptimizer, stage RemoveStacks
tridedSliceSameAxis node nms/strided_slice. Error: Pack node (boxes/stack) axis
attribute is out of bounds: 2

car 3.476 m

car 3.179 m

car 3.885 m

Jumlah Mobil : 3 , Jumlah Motor : @ , Lebar Jalan : 3.22 meter

hme-165:1lane_detect michrandi$ [

Fig. 10. Average Road Width Calculation

Alternate road: In alternate road, lane boundaries are rarely seen. For dealing with
this problem, the calculation will be done manually. It will use three vanishing points
seen in the road image : left lane, right lane, and horizon vanishing point. Before we
determine road width, we must define the reference of pixel size. This value will be
used to measure other roads.

Fig. 11. Road Width without Lane Boundaries

As mentioned previously, position of vanishing points must be determined in road
images. Line will be drawn from left or right vanishing point to the horizon. Fig. 11
above shows three vanishing points and two lines that drawn between vanishing
points. Distance between two intersections also will be calculated using the same
concept. Real width of this road is 3 m with 426 pixels. Based on this calculation, 1
pixel equals to 0.007 m. This value will be used as a comparative value for other road
images.

As seen in Fig. 12, road images (alley and big road) are tested using those value.
White line is used for marking the reference lines, and yellow lines is used for road
boundaries. Width of the road will be calculated using new intersection points based
on new road images. Comparative value is used to recalculate the width of other
roads. In our sample, those roads have width 1.28 m for an alley and 4.14 m for the
big road.
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Fig. 12. Measurement of Road Width using Comparative Value

4 Testing

In this chapter, we test our proposed system in order to know how accurate the re-
sult of road measurement by calculating the error rate using Mean Average Percent-
age Error (MAPE), shown in equation 1. There are several roads that lane boundaries
that its width will be calculated using object and lane detection, and there are more
than 250 real images without lane boundaries that its width will be calculated using
vanishing point. In the end, based on its error rate we tried to reclassify the type of
roads.

MAPE(f, ') = 2y  Vic/il "

ne=

4.1  Road width measurement with object and lane detection

Testing in this method is done by detecting vehicles and comparing between vehi-
cle’s width and road width in pixels. Length between two intersection points in the
same height with vehicle will be considered as road width. By using equation 2, road
width will be obtained by comparing pixel length of road width and vehicle width.

Road Width (px) (2)

RoadWidth = VehicleWidth * ——
Vehicle Size (px)
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Fig. 13. Testing Result

Fig. 13 shows calculation on a road. Road width result in this testing are 2.66, 2.87
and 3.61 m from every vehicle that detected and it made the average road width is
3.05 m. Average road width will be used as a comparison to find the road width detec-
tion error rate.

In this testing scenario, we test in several roads that have width of 3.5 m. Average
error rate acquired is 19.71% with average width differentiation is 69 cm. This value
is acceptable since road width is predicted between 2.81 to 4.19 m which it still can be
used for all type of vehicles. Fig. 14 shows the error rate of road width detection
which conducted for 17 roads.

Error Rate of Road Width Detection (Object & Lane Detection)
100%

B0%

60%

Error Rate

40%

i 2 3 4 5 & 7 8 9 12 13 14 15 1. 17

10 11

2

S
Ed

g

Testing

Fig. 14. Error Rate of Road Width Detection

4.2  Road width measurement with vanishing point

In the scenario that the lane boundaries are not visible, we classify roads based on
its width. Roads will be classified into four types, which are Alley, Small Road, Me-
dium Road, and Big Road. This classification is based on equation 3.
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Alley,width < 2m
Small Road, 2m < width < 3m 3)
Medium Road,3m < width < 4m
Big Road,width > 4m

Roads =

Smartphone’s camera must be set on stable position perpendicular to the road be-
fore determining road width. Real distance is marked in road image. Fig. 15 shows
distance between camera with several points in distance from 2 to 5 m, but in this
testing scenario we used 3 m as the distance range. This value is chosen because it
gives the best pixel comparison from collected data.

Fig. 15. Range Setting Between Camera and Several Points

Fig. 16. Various Sides of Road Image: Left, Center, and Right

Roads will be captured from various sides (left, center, and right side), as shown in
Fig. 16, in order to get error rate when capturing road image. There is also a probabil-
ity of pitch changing when capturing road images and it will give a different position
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of vanishing point. To avoid it, normalization of vanishing point must be done by
using equation 4. vpy;s is the difference in distance between vanishing points and it
also used in equation 5 as references to determine new margin value of lane.

VPaiff = VDtest — VP 4)
laneboundary,,,, = laneboundary + vpgss (5)

The sample result of this method is shown in Fig. 17 where an alley had width 0.93
m, 1.1 m, and 0.92 m for left, center, and right sides respectively. Road width value is
obtained using equation 6, which calculate the distance between 2 points and compare
with meter/pixel references.

, 2 2 ,
roadwidth (m) = ( \/ (xleft - xm-ght) + (yleft - y”'ght) ) * meterpixel  (6)

Fig. 17. Road Width for Each Sides

We collected more than 250 road images to test our method. For each road catego-
ry, there are 24, 20, 18, and 24 roads tested for alley, small, medium, and big road
respectively. Error rate is obtained from measuring the difference between real width
and result of road width calculation. We divide our testing into three parts, error rate
measurement for alley and small road, medium and big road, and average error rate
for every type of roads and sides.

Error rate for alley and small road: Table 1 shows some sample result of error-
rate measurement in alley and small road category. The Left, Center, and Right side
of alley road category has the result range of 0.5%-29.0%, 1%-29.5%, and 0.5%-32%
respectively. For the small road category, the Left, Center, and Right side error rate
ranges are 0%-33.18%, 0%-26.82%, and 1%-31.36% respectively. These error values
are occured because the angle of image capturing is too small that it made the road
looks smaller. Based on these errors, alley and small road category has width range
between 1.72 to 2.28 m and 2.67 to 3.33 m. Fig. 18 and 19, show the testing result of
error rate for alley and small road category.
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Table 1. Sample of Error Rate for Alley and Small Road

Alley Small Road
Sample Road Left Center Right Sample Road Left Center Right
1 2.73% 9.09% 7.271% 1 4.33% 0% 10.67%
2 3.85% 16.92% 9.23% 2 5% 14% 2.67%
3 3.33% 6.11% 15% 3 5.67% | 16.67% | 11.33%
4 12.22% | 16.11% | 13.33% 4 13% 2.33% | 14.67%
5 7.65% 8.24% 1.18% 5 5% 0.33% 1%

Error Rate Road Width Detection (Alley)

100.00%
80.00%
60.00%

40.00%

Average Error Rate

20.00%

Omp@ﬂﬂgyﬂlmmﬂkhhﬂhlmﬂmﬂﬂhl

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Testing

M Left Side B Center B Right Side

Fig. 18.Error Rate Road Width Detection for Alley

Error Rate Road Width Detection (Small Road)

100.00%
80.00%
60.00%
40.00%

“aabtt wmin hlladlinddu.

9

Average Error Rate

Testing

MW Left Side @ Center M Right Side
Fig. 19. Error Rate Road Width Detection for Small Road
Average error rate in alley category is acceptable, since alley is used only for mo-
torcycle. Alley width prediction is in the range 1.72 to 2.28 m, and its is in the range

of motorcycle size. Small road category is also considered acceptable, since the usage
of this type of road is also commonly used by motorcycle and its rarely used by car.
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Small road width prediction is in the range 2.67 to 3.33 m which just in the right size
of a car.

Error rate for medium and big road: Table 2 shows some result of error rate for
road with medium and big category. Average error rate for medium road category is
between 9 to 11% with average error detection is 38-67 cm. Fig. 20 shows that medi-
um road category has highest error rate at 55.63% or deviation by 1.78 m. This is
because the capturing angle made the road looks bigger.

Table 2. Sample of Error Rate for Medium and Big Road

Sample Medium Road Sample Big Road
Road Left Center Right Road Left Center Right
1 5.94% 0.31% 2.19% 1 13.17% 4.15% 39.27%
2 3.25% 1.25% 25% 2 15.43% 20.57% 17.86%
3 5.76% 0% 4.85% 3 19.47% 28.42% 0%
4 2% 0% 6.57% 4 2.73% 20.91% 24.73%
5 6.25% 7.25% 12.5% 5 1.83% 25.17% 12%

Error Rate Road Width Detection (Medium Road)

100.00%
80.00%
60.00%
40.00%

voos MLm h-ﬂln-ﬂl‘ﬂlﬂi_ﬂrﬂ-ﬂﬂ_l_ﬂmhﬂjhm

1

Average Error Rate

Testing

B Left Side BCenter MRight Side

Fig. 20. Error Rate Road Width Detection for Medium Road

Testing for big road requires a lot of normalization method, as mentioned in equa-
tion 4 and 5. The road looks smaller due to the effect of perspective image and van-
ishing point higher than another road category. Normalization method could make
error rate smaller than before, but it could not be avoided because the comparative
value of road is too high. Fig. 21 shows big road category has highest error rate at
47.33%, 36%, and 39.27%.
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Error Rate Road Width Detection (Big Road)

100.00%

80.00%

60.00%

40.00%

Average Error Rate

Fig. 21. Error Rate Road Width Detection for Big Road

Based on its calculation, medium road’s width has range between 2.61 to 4.52 m
and meanwhile, big road category has range 3.2 to 4.8 m. Eventhough had high error
rate, medium and big road category is acceptable since this type of roads is used by

every kind of vehicles.

Average error rate road width: Table 3 shows the result of testing from every
road category and capture angle (left, center, and right side). Those average error rate
for every road in each side are in the range of 10-15%, 8-18%, and 10-19% for left,
center, and right side respectively. The maximum distance difference between width
of the road and the detection result in big road category is 3.55 m.

- MMHLIMM Ll WLM

9 0 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Testing

® Left Side BECenter MRight Side

Table 3. Result of Average Error Rate for Every Category and Sides

Road Category Left Side Center Right Side
Alley 10.35% 13.03% 12.35%
Small Road 10.11% 10.07% 13.11%
Medium Road 12.84% 7.85% 10.34%
Big Road 15.18% 17.90% 19.41%

100.00%

80.00%

60.00%

40.00%

Average Error Rate

20.00%

0.00% . .

Alley

Fig. 22. Average Error for Every Road Category
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Based on these results, lowest error rate for every type of roads is taken from left
sides with has range between 10% to 15%. Bigger roads make higher error rate due to
the effect of perspective, thus make pixel/meter comparation became less accurate.

4.3  Road category classification

Average error rate for every road category is used to reclassify a road. Every road
category has new upper and lower bound based on its average error rate. By using
using algorithm in Fig. 23, the new upper and lower bound is defined.

lower bound « detection - (detection % error rate (%))
upper bound « detection + (detection * error rate (%))
if lower bound < 2 and upper_bound < 2 then
road category « "Alley”.
if lower_bound > 4 and upper_bound > 4 then
road_category <« ”Big Road”.
if (boundary - upper_ bound) > (boundary - lower_bound) then
if boundary + 3 = 1 then
road_category « "Medium Road”.
if boundary + 2 = 1 then
road_category « ”Small Road”.

Fig. 23. Road Category Classification Algorithm
Reclassification is done by matching road with new bounds and it will be com-
pared with the old one. The results of reclassification testing are 70.93%, 73.26%, and
75.58% for left, center, and right sides of capturing angle. Fig. 24 shows the accuracy

of road reclassification. These results show that the method that proposed is reliable
for every sides of the road.

Accuracy of Road Category Reclassification

100.00%
80.00%

60.00%

Accuracy

40.00%
20.00%

0.00%
Left Side Center Right Side

Capturing Angle

Fig. 24. Accuracy of Road Category Reclassification
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5 Conclusion and Future Works

The proposed system aims to create an application to record road situation. It is de-
signed for Android smartphone, and it worked well according that was designed.
Road information will be collected more when this application is run by many drivers.

In this paper, the collected data was processed using object and lane detection in
order to calculate road width (when lane boundaries exist), or using three vanishing
points to create a virtual lane on captured images (when lane boundaries do not exist).
Road width calculation is done by measuring the distance between two intersection
points in designated height coordinates. This road width measurement is important for
checking the suitability of an alternate road to a certain type of vehicle based on its
size (e.g. small car or motorcycle).

Average error rate for road width measurement using object and lane detection
(lane boundaries exist) is 19.71%, while the average error rate for road without
boundary is in range of 10-15%, 8-18%, and 10-19% for measurement from left, cen-
ter and right sides of the road respectively. This error value is getting higher along
with road width, and it happens due to the effect of perspective image made pix-
el/meter comparation is not too accurate. Accuracy of road category reclassification to
define road category is 70.93%, 73.26%, and 75.58% for left, center, and right sides
of road respectively, and it is reliable for every side in the road.

Our results show that our proposed system is acceptable and feasible, since it suits
the type of vehicles using respective road categories. Alley and small road category
are commonly used by motorcycle, while other road categories can be used by all type
of vehicle in Indonesia. Other roads have the range of 2.61m to 4.8m, and it is suitable
for common cars.

Further works can be conducted to improve the normalization system for reducing
errors, especially for medium and big road categories. Another matter that can be
addressed is to have extended and more practical traffic scenarios. Also, in order to
achieve more valid and real data, crowd collecting system can be used as well.
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