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Insight into traffic engineering data sources has appeared in raising new challenges and opportunities when 

adopting cloud-based novel data mining techniques. This paper proposes the use of crowdsourced travel 

time data as possible mechanism to incorporate with traffic engineering. Travel time data obtained from the 

Google Distance Matrix API and review its usefulness in transport planning and evaluation. Applications 

have been evaluated while assessing the limitations such as network-level analysis for congestion zone 

identification, performance evaluation of the traffic calming measures and average queue length estimations 

at the controlled intersections in the Japanese context. Limitations were identified about the data charac-

teristics. Successful validation of methodology creates a tool to improve traffic management and transport 

decision-making in regional transport planning. 
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1. INTRODUCTION 
 

Accessibility and convenience of human move-

ments using road transportation became the most 

prominent against the other transportation modes. 

There are many problems and issues arising with the 

development of transportation infrastructure and 

increasing demand for transportation. Cities, towns 

and major urban centers has been tackled with im-

proving many problems of mobility and the safety. 

The significant influence of road transportation in 

the economy and personal life illustrate the broad 

impact of research in this area. 

Transport planning and management is a critical 

contributor which can provide solutions for major 

problems. The transport planning ranges to a highly 

diversified area in which many types of research 

were conducted. It required to provide quality and 

reliable transport service. Congestion is a major 

problem faced by many transport systems which 

need to be managed and maintained at optimum 

levels to ensure an excellent service for users. 

Therefore, the traffic congestion management, crowd 

handling and implementing new policies are frequent 

tasks involved by the transportation planner and 

managers. But the availability of data for transport 

planning was not enough. Therefore, many devel-

opments were initiated over the past several decades 

to obtain data required for transport planning. There 

are many parameters to identify in controlling traffic. 

Traffic flow, speed, capacity, safety, compatibility, 

accessibility are some parameters required in 

transport planning to ensure efficient planning and 

design1).  

 

(1) Crowdsourcing 

The participation of a large and varied group of 

people in the planning process has long been en-

couraged to increase the effectiveness and accepta-

bility of plans. It had been alternately defined as the 

outsourcing of a job to a large undefined group2).  

Crowdsourcing is a distributed problem-solving 
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model in which undefined size of people engaged in 

achieving a common goal. When looked at the gen-

eration of crowdsourced data, it could be categorized 

as an active crowdsourcing and passive 

crowdsourcing. In active crowdsourcing, people who 

get involved in crowdsourcing are aware of the ob-

jectives, and they work towards the project and in-

volve actively as agents. In situations such as sur-

veys, polls, contests, data-entry and protests people 

involve directly and actively towards achieving the 

objective of the project. In passive crowdsourcing, 

the activity of people is being traced as data and 

people are not actively taking part in the project.  

Crowdsourced data analysis could be an optimum 

approach in such a complex situation to gather in-

formation from the undefined amount of people who 

are actively using the traffic network in real-time. 

With crowdsourced data gathering, it enables to 

gather information instantaneously on both temporal 

and spatial3). Cloud-based big data approach which 

has the potential of collecting and procession large 

scale traffic network data has been reviewed in the 

given paper while proposing detailed data validation 

method.  

 

(2) Google distance matrix API 

Google distance matrix application programming 

interface (API) the service provided by Google Inc 

under Google Maps platform. By accessing this API, 

it is possible to collect trip information such as dis-

tance and travel time about a route between given 

origin and given destination. By using Google Maps, 

a user can find the distance and estimated time to 

arrival (ETA). The user must give the origin and 

destination to Google map if he/she wants to find 

travel information on traveling between two loca-

tions. Then Google provides information such as 

distance, directions, travel time-based on different 

modes of traveling. 

 

(3) Travel time data 

Travel time is the most understandable parameter 

when compared to other parameters used to evaluate 

traffic on roads such as traffic flow speed etc. Being 

the most fundamental source of information in 

planning and designing, it’s enabled researchers to 

form solid research base. For an instance, a classic 

application of travel time-based policy is developed 

by the Boston Region Metropolitan Planning Or-

ganization. In the identification of performance need 

studies and assessments, travel time is widely used. 

The travel time index is being used on several occa-

sions to rank and prioritize transportation improve-

ment projects for funding.  

(4) Congestion monitoring 

Traffic congestion can create social and economic 

dilemma which can affect the harmony of the people 

in roads. On the other hand, it might be a cause for 

environmental problems in terms of emissions. 

Traffic jams become infestation of modern life spe-

cially in a megacity. It is important to keep alert for 

sub-urban areas neighboring big cities which can be 

subjected to urban sprawl. 

Saitama prefecture is the forth (4th) lower con-

gested travel speed record in Japan. Identification 

and monitoring of urban area formation and major 

traffic jams play important role in planning and de-

sign of traffic jam countermeasures. Fig.1 illustrates 

the mostly jammed areas namely, Tokorozawa, 

Kawagoe, Saitama central and Saitama eastern area. 

 

 
Fig.1 Congested areas in Saitama 

 

(5) Preliminary Studies 

Novelty of the proposed data collection method 

encouraged authors to conduct few pilot studies with 

the intention of identifying the limitations and the 

data characteristics in Japanese context. Investiga-

tion of crowdsourced approach to identify the 

speeding hots-spots of the low volume local roads 

which can be incorporated in decision making pro-

cess of location traffic calming measures such as 

speed humps was conducted.  

 

a) Congestion zone identification 

Preliminary study was carried out to understand 

the applicability of the given method identifying 

jammed area of the network level. Link speed data of 

Kawagoe road network was obtained to identify the 

patterns and the data characteristics. Fig.2 shows the 

speed variation of the road link in the central Ka-

wagoe which explain the temporal variations. It was 

noted that, useful information can be gathered in 

given scenario.  
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Fig.2 Speeding hot-spot identification 

  

b) Performance evaluation of speed hump 

Pilot study was conducted to understand the ef-

fectiveness of permanently installed speed hump 

located at Omiya-Sengencho. This is a low volume 

local road with large number of connecting roads 

also catering pedestrians and cyclists. Road stretch 

was divided into segments. Travel time data was 

collected using license plate recognition (LPR) sys-

tem and proposed crowdsourced (API) approach 

along with the manual data entering. Due to several 

limitations identified, given technique might not be 

fit to the purpose. Facts will be elaborated in detail in 

the discussions. Further works to be carried out for 

more detailed justification of the accuracy level ob-

tained for the given scenario.  

Number of users take part in data feeding process 

of the crowdsourced database can be identified as a 

limitation to the data sensitivity. With low volume 

traffic with many pedestrian movements lead to 

generate more outliers to the database.  
 

c) Speeding hot-spot identification 

Preliminary study on identification of speeding 

hot-spots was carried out at Nakaya-

machiku-Kyujitsukykanshinryojo, Yokohama with 

the special care was taken to define 19 road seg-

ments. Field reconnaissance survey was carried out 

prior to define the segments. Fig.3 illustrates the 

information about the focused road stretch along 

with the output speed profile. Accuracy of the output 

may not be enough for such micro-level analysis, 

since lesser crowd is taking part in the data feeding to 

the data base. In this particular case, theoretical dif-

ference in space mean speed and time mean speed 

cases accuracy reduction in addition to the low user 

density. Compared speed profiles were obtained 

from the spot speeds recorded from the speed gun 

(Store-Car) and mean speeds from Google API 

which indicated in the bold line in the Fig.3. Alt-

hough it is having lesser sensitivity, two peaks can be 

spotted corresponding to higher speed values.  

 
Fig.3 Speeding hot-spot identification 

 

2. LITERATURE REVIEW 
 

Development of information and communication 

technologies enabled researchers to enter an era of 

big data and many sources of novel data, including 

mobile phone data have been applied for transporta-

tion research. Big data is believed to have the po-

tential to make our cities smarter by facilitating the 

discovery and explanation of urban development and 

its dynamics, which will enable city managers and 

citizens to make more informed decisions and to 

enjoy better city life4). Similarly, in the transporta-

tion field, big data has promoted intelligent trans-

portation systems by providing a better understand-

ing of where, when, and how people travel around 

the globe. 

 

(1) Crowdsourced traffic data 

As a concept, social computing focuses mainly on 

building a network of collaborators and facilitating 

online communication between groups. This has 

eventually given rise to open source platforms and 

forums where people with similar motivation and 

outlook can come together to solve issues and find 

answers to problems that affect their community. 

Crowdsourcing is an example in which an organ-

izer or an o organization can use the network of 

collaborators to solve a problem that would other-

wise be cost- or labor-intensive, or in which within a 

defined organization the expertise is unavailable or 

insufficient. Most of the crowdsourcing systems use 

devices and technologies that are readily available 

and low cost; often crowdsourcing is based on de-

vices that are owned by individuals (as in cycling 

data collection in CycleTracks and Cycle Atlanta), 

involving no major financial investment on the part 

of the system2).  

The widespread availability of internet and mobile 

devices has made crowdsourced reports a consider-

able source of information in many domains in the 

world. Traffic managers and planners, among others, 

have started using crowdsourced traffic incident 

reports (CSTIRs) to complement their existing 

sources of traffic monitoring. One of the prominent 
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providers of CSTIRs is Waze. Quantitative analysis 

was conducted to evaluate Waze data in comparison 

to the existing sources of Iowa Department of 

Transportation. The potential added coverage that 

Waze can provide was also estimated5). These find-

ings were offered an open-source software package 

which can implement the clustering in near real-time. 

Comprehensive review of travel behavior and 

mobility pattern studies were done by Mario et al. 

which used the mobile phone data. Many studies 

have explored the potential of passively collected 

data to supplement traditional surveys. Moving 

forward, it will be possible to tap into the full po-

tential of these data sources and supplement them 

with minor surveys. This approach has the potential 

to decrease respondent burden and cost while im-

proving data quality and prediction accuracy6). 

 

a) Use of Google travel time data 

O-D travel time matrix was estimated using 

Google Maps API by Wang at el. while developing 

desktop tool to perform their expected task. Multiple 

calls can be requested from the API with this tool. By 

doing so, authors would be able to tap into the dy-

namically updated transportation network data and 

the routing rules maintained by Google and obtain a 

reliable estimate of O–D travel time matrix. Fig.4 

illustrated below shows the estimated travel time 

from the city center by ArcGIS and Google API. This 

study uses a study area in East Baton Rouge Parish of 

Louisiana. The estimated travel time by either 

method correlates well with the (Euclidean) distance 

from the city center (with a R2 = 0.91 for both 

methods). 

 
Fig.4 Speeding hot-spot identification7) 

 

However, the regression model of travel time 

against corresponding distances by Google has a 

significant intercept of 4.68 minutes (a negligible 

0.79-minute intercept in the model of travel time by 

ArcGIS). The 4.68-minute intercept by Google 

probably reflects the elements of starting and ending 

time on a trip (getting on and off a street on the road 

network). This is consistent with our daily travel 

experience and empirical data. 

Case study was conducted by applying estimated 

travel time in assessment of hospital accessibility. In 

summary, Google API can generate the real-time 

travel time by accessing the most updated road 

network data in Google7).  

Travel duration and distances to and from air-

ports, under varying conditions/parameters, have 

been gathered using the Google Maps Distance Ma-

trix API. airport access and egress times have been 

analyzed for 22 European airports against the back-

ground of the European Commission's Flightpath 

2050 goal of enabling four hours door-to-door in-

tra-European travel, with the intention to provide 

further insight for policymakers when deciding on 

the implementation of measures to reduce overall 

door-to-door travel time and enhance the seamless-

ness of the transport system. For this purpose, travel 

times and speeds have been gathered via Google 

Maps for airport access and egress via private and 

public transport. For the analyses, extensive use has 

been made of the origin, destination, transport mode, 

and departure time parameters. Ferries have been set 

to be avoided and the best guess traffic model has 

been chosen for all following Google Maps Distance 

Matrix API requests. The presented results originate 

from repeatedly sending requests to the Google Maps 

servers with alterations in the described parameters. 

Both, the generation of requests as well as their 

querying, have been performed automatically by two 

self-developed Python scripts. Google Maps only 

returns valid travel options and, with that, valid 

travel durations and distances when the Google 

Maps services could identify, either, a drivable road 

connection (in the case of driving) or a suitable 

public transport service (in the case of transit). Ob-

tained data was successfully used to analyze varia-

tions in airport and egress speeds between European 

airpors8).  

Car travel time data collected from Google Dis-

tance matrix API while employing more than 1.6 

million API requests. Analysis firstly resulted in the 

graph of relative travel times. Later, they investi-

gated travel time variability, also produced the mean 

travel time matrix which might be used as a skim 

matrix to validate the macro model of Kaunas city. 

Finally, we concluded with the eval action of acces-

sibility of all 206 centroids. e9).  
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b) Identification of road bottlenecks 

Mitigation of the traffic congestion in urban ex-

pressways, much previous studies has focused on the 

analysis of basic traffic parameters, while, conges-

tion is a random event and drivers pay more atten-

tions to the probability of congestion occur and the 

time it will last.  

A traffic bottleneck is a localized disruption of 

vehicular traffic on a road segment in which sepa-

rates upstream queued traffic and free-flowing 

downstream traffic. When compared to a traffic jam, 

a bottleneck is a result of a specific physical condi-

tion, often caused by merging and diverging traffic, 

lane drops, grade changes or badly timed traffic 

lights, intersections. Identification of time and dura-

tion of congestion in bottlenecks can enable inves-

tigations and provide mitigatory actions10).  

Study on identifying the static road bottlenecks and 

dynamic road bottlenecks based on the dynamic 

traffic data gathered from Google distance matrix 

API was concluded for arterial road in Colombo 

metropolitan area in Sri Lanka. Authors validated the 

data using license plate matching survey on 3.06 km 

long speed bypass road in Colombo. Fig.5 shows the 

obtained temporal travel time variations for different 

vehicle types.  

 

 
Fig.5 Temporal variation of travel time11) 

 

Identification of road bottlenecks with a spatiotem-

poral variation of speed data was graphically visu-

alized o traffic state matrix and impact over time is 

evaluated. The reliability and significance of road 

bottlenecks were identified using three evaluator 

measures, travel time index, bottleneck influence 

factor and speed variation form overall network. 

Therefore, has concluded that the methodology is 

very advantageous in planning and forecasting traffic 

management activates which require higher accuracy 

and low cost of implimentation11).  

Hence this is a promising and economical method 

to identify congestion patterns in large urban net-

works in developing countries. Also, for academics 

in developed countries where travel time data is not 

accessible. 

 

c) Queue length estimation 

Quantifying congestion was charged with devel-

oping ways to reassess and enhance congestion 

measurements. Growth of traffic congestion is a 

major concern to community at large12).  

Average maximum queue length was estimated by 

using probe vehicle GPS data with long reporting 

intervals by Xin et al. while summarizing the queue 

length estimation studies done by other researchers. 

Most of the authors used conventional techniques 

rather crowdsourced approach13).  

The analysis carried out to develop a cell trans-

mission model to identify average space mean speed 

contour which is responsible for the location of the 

traffic queue at a given time for controlled and un-

controlled intersections which face heterogeneous 

traffic in Sri Lanka14). Minimum queue length and 

maximum queue length of a controlled intersection 

were estimated using the cumulative travel time 

graphs. This methodology has been verified using 

actual queue length data collected from CCTV video 

footage and manual transcription. With the com-

prehensive validation of this technique can replace 

the data obtaining from traffic monitoring sensor 

networks15). 

 

d) Space mean speed and time mean speed 

The mean of a certain mix of vehicles with dif-

ferent speeds in a given length of road is the space 

mean speed. Consider a cohort of vehicles classified 

by speed with values V1, V2...Vn. The times which 

they take to cover a certain length L, are T1, T2…Tn. 

Space mean speed is derived from the average of the 

times taken by the vehicles as shown in the equation 

(1a). Where, Vs is space mean speed, L is distance 

traveled, n is number of vehicles, Ti is travel time. 

)/)/((
1





n

i

is nTLV                            (1a) 

 

Time mean speed: the same distribution of vehi-

cles will produce a different mix while passing a 

fixed point over a certain period. The average of 

these speeds is the time-mean speed as shown in the 

equation (1b). Where, Vt is time mean speed, n is 

number of vehicles. Vi is given vehicle speed. 

nVV
n

i

it /)(
1




                            (1b) 

 

There will be a greater representation of faster 

vehicles. Radar (Store Car), speed camera & loop 

detectors can be used to determine time mean 

speed16).  
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3. PROPOSED METHODOLOGY 
 

Proposed methodology was developed to evaluate 

traffic congestion point and jammed road segment 

identification framework in Japanese context. Fig.6 

shows the overall methodology flow chart to be 

employed in the study. 

 

 
 

Fig.6 Methodology flow chart 

 

(1) Data collection 

This research uses a desktop tool (M-TRDA) for 

implementing the task by calling the Google Maps 

Application Programming Interface (API) as shown 

in the Fig.7 below. Detailed information about the 

data mining will be presented at the oral presenta-

tions.  

  
 

 

 

 

 

 

 

 

Fig.7 M-TRDA data collection tool 

 

License plate recognition system to be employed 

for travel time data collection for validation. Fig.8 

shows the detection capacity of the software “mov-

ie-N~ CLP-MV01S. Ver. 2.10” with common license 

plate types in Japan. 

 

 
Fig.8 License plate recognition system 

 

(2) Study area 

Road links in the Central Saitama area was se-

lected for data study including Shin-Omiya bypass 

road. Estimations of road bottlenecks in southbound 

Shin-Omiya bypass road has been evaluated in this 

paper which subjected to expand at the time of oral 

presentation with the data validation. Study area has 

been illustrated along with sample data collected 

from Google API in the Fig.9 bellow.   

 

 
Fig.9 Study area of Shin-Omiya bypass road 

 

Warm colors were used to indicate average seg-

ment space mean speed lesser than 21 km/h17). In 

terms of utilizing obtained data 

 

Travel Time Index (TTI) and percentage effect 

must be calculate using equation (2a) and (2b) re-

spectively as show below. Where, TTbottleneck is travel 

time at the bottleneck and TTfreeflow is the travel time 

under free flow condition. Travel time at the bot-

tleneck will be obtained after sorting the low average 

space mean speed values based on the 21 km/h. 

Travel time at the free flow condition will be ob-

tained as per the highest space mean speed recorded 

during the off-peak time. Similarly, speed values will 

be obtained from the given scenario. 
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)/()( freeflowbottleneck TTTTTTI                             (2a) 

 

)/()(% NetBotNet VVVEffect                             (2b) 

 

Evaluated congested locations will be subjected 

to review under process illustrated in the Fig.10 

which might be used as a framework for monitoring, 

reviewing and traffic jam countermeasure practicing 

by transport planners in Japan. 

 
 

Major traffic congestion points  

Measures confirming and 

organizing the effects 

 

Monitoring for 2 

consecutive years  

3 Indices 

Major candidate points for review 

Implement measures 

& continue 

monitoring 

Yes 

Yes 

No 

No 

 
 

Fig.10 Traffic jam monitoring framework 

3 indices were defined as Table 1 below for 

evaluation of jam point as indicated in the Fig.10. 

 
Table 1 Index definition for monitoring framework. 

 

 Index Definition 

1 12 h weekday Avg. speed < 20 km/h 

2 Weekday peak time Avg. speed < 10km/h 

3 Holiday 12 h dynamic peak < 10 km/h 

 

(3) Queue length estimation 

Cell transmission model will be derived from that 

concept the space mean speed calculated from travel 

time data obtained from Google Distance Matrix API 

for the intersections as shown in the Fig.11 below. 

 

 
Fig.11 Cell transmission model 

 

When the cell transmission model is developed, 

threshold speed values will be identified using video 

footage and manual data collection. Objective func-

tion of queue length estimation by cell transmission 

model will be illustrated in equation (3a), (3b), (3c) 

as shown below, where Vs is the limiting threshold 

speed value, a is the lower bound of the speed, b is 

the upper bound of the speed. Vehicles having speed 

a km/h will be classified as a queue and speed more 

than b km/h will be classified as a free moving ve-

hicle without any interruptions. 
 

QueuehkmaVs  )/(                            (3a) 

TransitionbVa s                             (3b) 

FlowFreehkmbVs _)/(                             (3c) 

 

Speed contour graphs will be developed with 

observed queue length variations for lower bound 

and upper identification as shown in the Fig.12 be-

low. 

 

Fig.12 Speed contour graph 

 

Considering the mean standard error, contour line 

will be selected which gives a better estimate. Cu-

mulative travel time graphs will be plotted to identify 

the maximum and minimum queue lengths as shown 

in the Fig.13 below. 
 

 

Fig.13 Cumulative travel time graph 

 

第 60 回土木計画学研究発表会・講演集



 

 8 

Observed queue lengths and estimated queue lengths 

are tested with paired sample T test with the hy-

pothesis test. Estimated values will be verified with 

statistical analysis aforementioned 

Finally, identified bottleneck points will be clas-

sified under 3 indices given in the Table 1. Estimated 

queue lengths will be employed to demarcate the 

congested road sections. 

 

4. ANALYSIS AND RESULTS 

 
Given road segment was analyzed using the data 

obtained from the Google API with 5-minute interval 

for 12 hours (07:00-17:00) for road segment speci-

fied in the Fig.10 above. Hourly averaged space 

mean speeds were illustrated in the Fig.12 for visu-

alization.  

 
Time 1--2 2--3 3--4 4--5 5--6 6--7 7--8 8--9 9--10 10--11 11--12 12--13 13--14 14--15 15--16 16--17 17--18 18--19 19--20 20--21 21--22 22--23

7:00 13.1 30.5 16.9 23.1 9.8 40.2 17.8 31.9 27.3 36.9 28.3 28.4 18.2 44.6 47.8 54.8 27.7 22.9 14.8 38.1 53.2 43.7

8:00 22.3 26.8 13.5 18.1 9.4 40.9 17.3 30.8 26.8 35.1 29.2 36.8 22.9 45.1 47.7 55.1 31.8 24.7 14.7 37.7 52.2 52.0

9:00 29.1 33.8 20.4 26.1 12.5 15.8 11.8 31.8 27.7 37.3 32.2 39.0 26.3 46.6 48.8 55.8 38.5 30.3 17.6 38.7 54.7 54.9

10:00 19.6 17.1 11.7 18.5 9.6 12.3 11.6 30.3 28.4 35.6 32.5 37.6 24.7 45.4 48.2 55.8 37.6 26.3 14.8 37.1 52.3 52.3

11:00 25.1 27.6 17.4 22.3 11.9 15.1 11.2 28.2 26.7 34.8 31.8 37.5 22.2 44.5 47.5 55.3 38.4 27.7 16.4 38.5 52.2 52.0

12:00 31.5 37.1 24.4 31.9 28.4 38.3 16.9 30.5 27.6 36.9 32.1 40.2 27.2 47.2 49.7 57.8 40.6 34.7 20.3 38.6 55.4 55.0

13:00 22.0 24.2 14.3 23.6 33.6 42.3 17.8 29.5 29.9 35.2 31.2 37.0 22.0 44.9 48.2 55.8 38.2 30.0 18.2 37.7 55.9 55.1

14:00 18.5 30.4 20.7 30.9 17.3 27.9 13.9 20.6 27.1 35.8 29.3 35.7 24.0 44.7 46.8 54.7 39.9 31.7 19.1 38.2 54.1 55.2

15:00 25.8 33.3 20.2 25.6 11.7 12.8 10.5 15.8 26.7 33.8 31.3 37.3 25.8 46.2 48.0 55.4 38.1 30.4 18.5 38.2 54.4 54.4

16:00 27.2 35.7 21.6 25.9 10.9 30.2 15.2 27.6 27.6 34.3 29.9 36.2 24.2 45.0 48.8 56.5 38.0 28.8 18.4 39.4 54.6 53.4

17:00 19.4 34.3 22.4 29.4 15.0 40.7 17.6 30.9 26.2 35.6 31.0 37.6 23.1 44.7 48.1 56.5 41.8 36.4 21.2 40.2 57.8 57.7

18:00 10.6 36.5 24.0 32.7 21.4 36.8 16.1 31.2 26.6 34.8 31.8 37.7 23.9 46.6 49.5 58.3 41.9 34.5 20.6 39.5 55.6 56.2

19:00 29.6 39.7 25.7 34.3 35.2 45.5 19.0 32.5 28.6 36.8 31.5 41.2 31.8 48.1 50.9 59.1 45.2 38.8 24.5 40.1 55.5 55.7

12h avg 22.6 31.3 19.5 26.3 17.4 30.7 15.1 28.6 27.5 35.6 30.9 37.1 24.3 45.7 48.5 56.2 38.3 30.5 18.4 38.6 54.4 53.7

peak 15.5 28.6 18.3 26.3 14.5 29.3 14.9 28.5 27.3 35.8 30.5 34.8 22.7 45.3 48.1 55.9 36.8 28.8 17.3 38.2 53.8 51.9  
Fig.12 Spatio-temporal graph of bottleneck formation 

 

3 major bottlenecks can be identified namely 

segment 3-4, 5-6, 7-8 and19-20. Segment identity as 

per the Fig.9 left most point is segment 1. Segment 

number is increasing towards south bound direction 

of the Shin-Omiya bypass road.   

Fig.13 shows the spatial variation of the travel 

time index along the road segments. Percentage ef-

fect also indicated higher values on segments. This 

decomposed an idea on how worse the performance 

of the bottleneck to the overall road traffic. Simi-

larly, indices 1 and 2 defined in the Table 1 also 

indicated lowest values for corresponding segments 

as identified as bottlenecks. 

 

 
Fig.13 Travel time index distribution 

 

 

 

 

 

5. DISCUSSION AND FUTURE WORK 

 

This paper reviewed the feasible use of Google 

distance matrix API travel time data for transport 

engineering application in general, while presenting 

results of the preliminary works done. Also captured 

the data characteristic limitations of the proposed 

method which have been identified through the 

background studies. Network-level full analysis re-

sults will be presented at the oral presentation ses-

sions to be held.  

Importantly, data characteristics were identified 

with their limitations. Google Maps API approach is 

not free of concerns. When it applied for low volume 

local roads, data sensitiveness and representative-

ness is low. Since we are dealing here with big data, 

user density which the system gathering raw data 

required to be reasonably large. But it has a proven 

track record with published literature of meaningful 

use in macro-level analysis with acceptable accuracy 

and sensitivity. 
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