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Abstract: In this study, a methodology is demonstrated to predict link travel times and 
subsequently classify the road traffic states into various congestion levels. Taking the case 
study of an urban arterial road network in the Kolkata city, a number of road segments is 
defined and real-time travel time data are collected using Google Maps distance matrix API. 
These data are extracted by Python programming language at regular intervals and stored in 
the database which contains separate table for each road segment. ARIMA model is used for 
travel time prediction and the optimum parameter values for the same are obtained using 
hyper parameter grid search method. Then Speed Performance Index is defined with the help 
of predicted travel time and maximum permissible speed on a road segment. The index values 
for all segments are estimated and classified into different congestion levels. Finally, the 
critical links, having considerable congestion levels, are identified. 

Keywords: Travel Time, Google API, ARIMA, Hyperparameter Optimization, Speed 
Performance Index, Critical Links.  

1. INTRODUCTION

Traffic congestion on urban road networks has become increasingly problematic throughout 
the world since 1950s (Caves, 2005). When the traffic demand exceeds the available capacity 
of the infrastructure, the interaction between vehicles slows the speed of the traffic stream, 
resulting in traffic congestion (Chen et al., 2001). Traffic congestion stands out as one of the 
major concerns for cities with vital economic development. Rapid urbanization, limited space 
for capacity augmentation, and increasing demand for transportation are making the cities 
more vulnerable to congestion (Pramanik et al., 2020), especially in developing countries, 
afflicting immense delay, unheralded travel times, increased fuel wastage, monetary losses 
and sometimes, life endangerment (Ghosh and Maitra, 2020). 

Over the last few decades, India has been experiencing a rapid rise in population growth 
and changes in socio-economic patterns, especially in urban areas due to rapid urbanization 
and rise in average income level (Ghosh et al., 2019). In terms of percentage of total 
population, the urban population in India has increased from 17% in 1951 to 31.2% in 2011 
and is expected to increase up to around 37% by the year of 2021 (Padam and Singh, 2001). 
The corresponding growth of private vehicles coupled with inadequate infrastructure, has 
resulted in a significant demand-supply imbalance, creating problems such as congestion, 
road accidents, pollution, (Ghosh and Maitra, 2020) etc. In a study conducted by TomTom 
(2019), average traffic congestion levels in 416 cities spanning 57 countries were estimated 
and compared. According to that study, 239 of the cities experienced significantly increased 
levels of congestion between 2018 and 2019, and four of the w
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were observed to be in India. Bengaluru in India and Manila in the Philippines recorded the 
joint-highest congestion levels of any city in 2019 and commuters in both urban areas can 
expect to spend an average of 71 percent extra travel time stuck in traffic. 

In order to improve the level of service and efficiency of transportation systems, 
assessing traffic congestion levels of a road network has become a matter of utmost 
importance. The choice of evaluation measures forms an intricate as well as interesting aspect 
in this context. The congestion indicators often serve as proxies for assessing the actual 
impact as the efforts required for estimating the real impacts through continuous or periodical 
monitoring are arduous, exorbitant, and difficult to achieve (Toledo, 2011). Therefore, the 
selected indicator is expected to be a good descriptor of the congestion impacts (delay, 
emissions, etc.) (Litman, 2007). A considerable number of studies explored the urban traffic 
state in different ways using a single valuation indicator, e.g. travel speed, travel time, etc. 
which can directly be obtained from the field through loop detectors, GPS, and videographic 
surveys (He et al., 2016). Shunping et al. (2011) suggested a methodology to estimate urban 
traffic state using vehicle average travel speed, considering resident travel characteristics and 
road network capacities. Quiroga (2000) assessed the transportation network performance on 
the basis of travel time benefits, and addressed the importance of travel time and speed data 
collection. Robert and Theodore (2002) presented a comparison between travel time and 
travel distance for congestion estimation, and suggested use of a congestion classification 

2006) employed a Gaussian 
mixture model (GMM) to analyse congestion characteristics for developing an urban road 
traffic congestion evaluation index system. Ahmed and Cook (1979) suggested the use of 
travel time prediction models for analysing the traffic congestion characteristics, inferring that 
ARIMA type models had better prediction accuracy. Billings and Yang (2006) used time 
series techniques for modelling and prediction of short-term arterial section travel time. Bharti 
et al. (2018) demonstrated the applications and usefulness of travel time reliability as a level 
of service (LOS) measure for urban arterial and inter-urban highway corridors on Indian roads. 
On the contrary, several studies suggested use of multiple indicators for comprehensively 
assessing the traffic congestion conditions. A few studies used the combination of vehicle 
travel time and average travel speed to assess traffic conditions on arterials and freeways 
(Bertini et al., 2002; Bertini and Tantiyanugulchai, 2004; Coifman and Kim, 2009). He et al. 
(2016) integrated average travel speed and maximum permissible road speed to develop a 
speed performance index to classify the traffic state into different categories. Wang et al. 
(2008) developed a comprehensive traffic state estimator using traffic flow variables such as 
flow, space mean speed, and density. Houli et al. (2009) combined traffic volume and 
occupancy to develop an index for analysing network-wide traffic states. Incorporating 
multiple indicators, too, has its own sets of disadvantages, such as difficulties in data 
collection, computational complexities, and lower practical applications (He et al., 2016).  

The availability of real-time traffic information is another major requirement for 
providing a solution in this regard. Obtaining reliable traffic information has been a challenge, 
especially in developing countries. Installation of traffic sensors, surveillance systems and 
other detecting devices is a primary way of obtaining traffic parameters such as traffic flow, 
travel time, speed, density, etc. In most of the developed countries, these systems are already 
installed, and data gathering platforms are operational. The situation is different in most of the 
emerging economies such as India, where the investment in traffic detector systems is an 
expensive alternative to prioritise. The highly heterogeneous traffic operations and almost 
non-existent lane discipline also add to the complexities associated with the traffic state 
assessment in Indian scenario (Ghosh and Maitra, 2020). Nowadays, increasing number of 
researchers have been using the publicly available real time travel time information through 
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different web mapping services (such as Google Maps) to analyse the prevailing network 
congestion states and predict travel times of road users. Google Maps offers an API 
(Application Programming Interface) that allows maps to be embedded on third-party 
websites and enable modular programming, which allows users to use the interface 
independently of the implementation (De Figueiredo et al., 1994). The Google maps distance 
matrix API is such a platform that provides travel distance and time for a pair of origin and 
destination, based on the recommended route between start and end points (Dumbliauskas et 
al., 2017; Pattiasina et al., 2018). The information provided by the API is based on advanced 
detection methods such as crowdsource data mining and big data handling. A few researchers, 
in the recent past, used Google maps API to analyse different traffic characteristics, such as to 
calibrate O-D pair travel time matrix (Wang and Xu, 2011), to understand the travel time 
variability (Dumbliauskas et al., 2017; Lee et al., 2019), to estimate the average speed 
changes in different links within an urban network (Mohan et al., 2017), etc. Assessment of 
traffic congestion levels at urban roads using real-time traffic information has thus become an 
integral component for developing an efficient traffic management programme. Unfortunately, 
adequate investigations have not been carried out to evaluate real-time traffic congestion 
levels in an urban road network in Indian context. The study aims at bridging this research 
gap. 

With this background, this paper aims to develop a methodological framework for 
forecasting travel times on a road segment based on Google Maps Distance Matrix API data 
and categorizing the road traffic congestion levels. Development of a travel time prediction 
model for a road segment based on Google Maps Distance Matrix API data and identification 
of the critical links within a road network constitute the objectives of this study. The study is 
conducted with reference to an arterial road network in the Kolkata City, India. 

The manuscript has been structured in 6 Sections. A brief introduction to the research 
problem has been presented in this section and the methodology adopted in the study is 
discussed in the following section. The remainder of the manuscript contains a brief 
description of the study area, data extraction using Google Maps Distance Matrix API, 
subsequent analysis & results, and finally, the major findings & concluding remarks. 
 
 
2. METHODOLOGY 
 
The broad methodological framework of this study is presented in Figure 1. The various tasks 
involved are briefly discussed below. 
 
2.1 Study Area Selection 
 
Firstly, a study area, over which the proposed methodology is to be applied, is selected and its 
geographical boundary is formally delineated. A brief description of the study area is provided 

 
 
2.2 Data Extraction 
 
The second step is to extract real-time travel data using Google distance matrix API and 
develop a database. Latitudes and longitudes of origins and destinations are used as input 
parameters along with the API key. This data is stored in the database in the form of tables with 
separate tables for each road segment. Each table has unique ID using which it can be accessed 
for subsequent analysis. 
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Figure 1. Broad methodological framework of the study 
 
2.3 Analysis 
 
This step includes analysis of travel data collected, prediction model selection and training of 
the model. Variation in travel time with date and time is observed by plotting graph between 
them. Over the years, researchers have considered both parametric and non-parametric models 
for travel time prediction. Parametric approaches employ analytical models (e.g., travel time 
functions, queuing models, etc.) or traffic simulation models (microscopic or macroscopic) 
with parameters (link capacities or car-following parameters or lane-changing parameters) 
and inputs (inflows, origin destination (O-D) flows, turning movements, etc.) tuned to 
real-time dataset (Van Lint and Van Hinsbergen, 2012). Some of the most common parametric 
models used for predicting travel time are regression models (linear, nonlinear, local weighted 
regression model, etc.) (Wunderlich et al., 2000; Sun et al., 2003; Zhang and Rice, 2003), 
ARIMA (AutoRegressive Integrated Moving Average) model (Ahmed and Cook, 1979; Oda, 
1994; Yang, 2005; Billings and Yang, 2006; Guin, 2006; Madzlan and Ibrahim, 2010), and 
Kalman filter models (Chen and Chien, 2001; Nanthawichit et al., 2003; Chien et al., 2003; 
Yang et al., 2004; Van Lint, 2008).  

On the other hand, non-parametric approaches essentially encompass all other traffic 
prediction methods (Van Lint and Van Hinsbergen, 2012), the algorithms do not make strong 
assumptions about the form of the mapping function. By not making assumptions, they are 
free to learn any functional form from the training data. Non-parametric models are useful 
while dealing with a lot of data and when one does not want to worry too much about 
choosing the right features. Some of the common non-parametric models used for travel time 
prediction are k-Nearest Neighbours (Clark, 2003; Bajwa et al., 2005), Gradient Boosting 
Decision Tree (GBDT) (Cheng et al., 2018), Neural Networks (Park et al., 1999; Dia, 2001; 
Rilett and Park, 2001; Van Lint, 2008; Duan et al., 2016), and Support Vector Machines (Wu 
et al., 2004). Though these models can deal with ambiguous and fuzzy data, they usually do 
not account for erroneous time delay data, which is an important issue for operational 
strategies for dynamic traffic networks (Du et al., 2012). 

As some of the comparative studies have showed that ARIMA model performs better 
for non-stationary time series datasets (Ahmed and Cook, 1979; Oda, 1990; Yang, 2005; 
Billings and Yang, 2006; Siami-Namini et al., 2018; Alghamdi et al., 2019; Benvenuto et al., 
2020), this study employs ARIMA model for forecasting purpose. ARIMA is a forecasting 
algorithm based on the idea that the information in the past values of the time series can alone 

Analysis 

Study Area Selection 

Prediction and Critical Links Identification 

Data Extraction 
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be used to predict the future values. 

minimum number of differencing needed to make the series stationary. And if the time series 
is already stationary, then d = 0.   

A pure AR model is the one where Yt depends only on its own lags. That is, Yt is a 
function of the lags of Yt. 

 
Yt 1Yt-1 2Yt-2 pYt-p 1         (1)                                                               

 
where, 

 : first lag of the series,  
 : coefficient of the first lag that the model estimates, 
 : the intercept term, also estimated by the model. 

 
Likewise, a pure MA model is the one where Yt depends only on the lagged forecast 

errors. 
 
Yt t + 1 t-1 + 2 t-2 q t-q            (2)                                                                 

 
Where, the error terms are the error of the autoregressive models of the respective 

lags. An ARIMA model is one where the time series is differenced at least once to make it 
stationary and one combines the AR and the MA terms. So the equation becomes: 

 
Yt 1Yt-1 2Yt-2 pYt-p t + 1 t-1 + 2 t-2 q t-q       (3)                             

 
Therefore, an ARIMA model can be interpreted in the following way: 

 
Predicted Yt = constant + linear combination lags of Y (upto p lags) + linear 

combination of lagged forecast errors (upto q lags). 
Optimizing the p, q, and d parameters forms the basis of developing the prediction 

model. In the present context, the optimization is performed in Python using Hyper Parameter 
Grid Search method (Bergstra and Bengio, 2012; Feurer and Hutter, 2019), which is simply 
an exhaustive searching through a manually specified subset of the hyperparameter (whose 
value is used to control the training process) space of a learning algorithm. The grid search 
algorithm needs to be guided by some performance metric, typically measured by 
cross-validation on the training set or evaluation on a held-out validation set (Hsu et al., 2003; 
Chicco, 2017). Out of the total dataset, around two-third values were used for training the 
model while remaining data were used to measure the accuracy of the model. 

 
2.4 Prediction and Critical Links Identification 
 
The final step includes using the trained model to predict traffic conditions. The entire dataset is 
divided into two parts - one part is used for training the model while the other part is used for 
validation i.e. to check the accuracy of prediction model. Around one-third of the total dataset is 
used to check the accuracy of the prediction model. In this study, the performance of the model 
is validated by estimating the Mean Squared Error (MSE) value (Wallach and Goffinet, 1989; 
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Skowronski and Harris, 2006; Lihua et al., 2010; Nichiforov et al., 2017; Rahman and Ahmar, 
2017). The predicted travel time is then employed to estimate the speed performance index for 
the links. Finally, the critical links are identified based on the speed performance index. 
 
 
3. STUDY AREA 
 
The study area considered in this research is a part of the Central Business District (CBD) 
area of Kolkata city in India. Kolkata is the capital city of the Indian state of West Bengal. 
According to the 2011 Indian census, it is the seventh most populous city in India. While with 
the sub-urban population, the total population becomes 14.1 million, which is the third most 

have ranged from $60 to $150 billion, making it the third most productive metropolitan area 
in India, after Mumbai and Delhi (Wikipedia, n.d.).  

The outline of the area is shown in Figure 2. The study area is bounded by Acharya 
Jagadish Chandra Bose Road on the east, Hooghly River on the west, approach road of 
Vidyasagar Setu (2nd Hooghly bridge) on the south and approach road of Rabindra Setu 
(Howrah bridge) on the north. The area is marked with some busy and congested streets 
where some old and popular buildings and tourist places are located. It also houses offices of 
various big public sector as well as private sector companies. The presence of unorganised 
sector workers is also high in this area. During the office hours, people from different parts of 
the city and nearby areas commute to this area on daily basis for their occupations. Many of 
the roads present in this area are narrow. Since, the population density in the region is quite 
high and there is hardly any further space for expansion of roads, the roads in this are mostly 
congested throughout the day.  

 

 
Figure 2. Outline of the study area  

 
For this study, the roads within the network are further divided into several road 

segments. The start and end points of the roads are taken at or near the intersections and only 
the roads having two or more than two lanes are selected. There are also several interior roads 
present in the area, but they are not considered for this study. A total of 111 road segments 
(numbered as 0-110) are selected. Some of the key points regarding the study area is 
mentioned below: 
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 Total Area of the study area - 12.43 sq. km 
 Outer Perimeter of the study area- 13.98 km 
 The length of each road segment is between 200-2000 m 

 
 

4. DATA EXTRACTION 
 
After the selection of the road network, traffic data is extracted using Google maps Distance 
Matrix API. The travel mode is kept as driving and the traffic model used is kept as best guess 
model. The Uniform Resource Locator (URL) for the API key is provided by the Google.  
 
4.1 Google Maps Distance Matrix API 
 
The Distance Matrix API is an HTTP (Hypertext Transfer Protocol) API service that provides 
travel distance and time for a location matrix. Calculations are made for all possible 
combinations between the starting point to the destination. The API returns information that 
was based on the recommended route between the start and end points, as calculated by the 
Distance Matrix API, and consists of rows containing duration and distance values for each 
pair. Time periods are based on predictive traffic information, depending on the start time 
specified in the request. Every request is sent by a script, which constructs the URL by using 
the following parameters: 
 

 Longitude of origin (required) 
 Latitude of origin (required) 
 Longitude of destination (required)  
 Latitude of destination (required) 
 Mode of travel (optional) 
 Date and time of departure (optional) 

 
The API response contains a distance matrix in JSON format (an open-standard format 

that uses human-readable text to transmit data objects consisting of attribute value pairs), as 
well as information about the duration of each constructed route sections in the matrix. The 
output information in JSON is then extracted using Python programming language and stored 
into a database. The calculated travel time for a route section always accounts for the current 
traffic conditions and the traffic forecast. The Distance Matrix API works worldwide and is 
available for driving, walking, bicycling and transit travel modes. The Matrix API always 
returns a duration and a distance on the fastest route for each element in the matrix, where an 
element is an origin-destination pair in the matrix. For example, if there are  starting 
locations and  destination locations, the Matrix API will return the matrix of all travel 
times in seconds and distances in meters between the locations. 

The API does not return route geometries. The Duration and distance between points 
may not be symmetric, since the routes may differ by direction due to possible one-way 
nature or turn restrictions. For example, A to B may have a different duration than B to A. 
 
4.2 Storing the Travel Time Data in Database 
 
As stated earlier, a database is created in SQLite to store the information extracted using 
Google API. Python is used for programming, converting and logging the data in the JSON 
file into a SQLite database for future analysis purpose. The data are extracted from Google at 
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regular intervals of two minutes during peak and off-peak hours for around six weeks and are 
stored. The details of all the road sections i.e. the origin and destination addresses are also 
stored into a separate table in this SQLite database. 

For each of the 111 road segments (numbered as 0-110), a separate table is created in 
the database, where the data extracted using API is stored for that road. Each of the tables has 
4 columns containing -  

 
i. Time Stamp - This column shows the time at which the data was being stored. 

ii. Distance - It shows the distance between the origin and destination along the 
best guessed path. 

iii. Historic Time - It shows the historical travel time between the points. 
iv. Current Time - It shows the travel time recorded at the given timestamp 

between the origin and the destination. 
 

is used to store the coordinates i.e. 
the latitude and longitude of the origin and destination points of all the road segments in the 
study area and their corresponding names of the table in the database. Details of any of the 
roads can  
 
 
5. ANALYSIS 

 
5.1 Observed Travel Time Variation  

 

 
Figure 3. Existing trend of current travel time (sec) over different days for a road segment 

 
A sample variation of travel time observed with the date and time for a road segment is 
presented in Figure 3. Current travel time values, from both peak and off-peak hours, from 3 
different days  05.03.2020 (weekday), 08.03.2020 (weekend), 10.03.2020 (weekday), are 
plotted in the sample figure. A morning peak (where the travel time value is maximum) during 
weekdays can clearly be distinguished in the plot followed by a drop in travel time values 
during off-peak times. The morning peak value of current travel time is found to be higher 
than the evening peak value during weekdays. While comparing with the values from the 
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weekend, the weekday current travel times values are found to be much higher, which is quite 
expected. 
 
5.2 Prediction Model Results 
 
As stated in the previous section, Hyper Parameter Grid Search method is employed to 
optimize the p, q, and d parameters. The accuracy of the optimization procedure is checked by 
estimating the corresponding MSE values. It is found that (p, q, d) = (2,0,1) accounts for the 
lowest MSE value (an MSE value of 17.748). Then using the optimized prediction model, all 
the predicted travel time values on a road segment are estimated. A graph of the expected and 
the predicted travel time values vs time for a road segment is shown in Figure 4, which further 
substantiates the acceptable accuracy of the prediction model. 
 

 
Figure 4. Predicted and expected travel time (sec) vs time for a road segment 

 
5.3 Identification of Critical Links 
 
The assessment and identification of critical links in the study network are done by defining a 
speed performance index (SPI), which essentially is an evaluation indicator of urban road 
traffic state.   
 

SPI =(V / Vmax) * 100              (4)                                                                                               
 
where, 

: average travel speed in kmp,  
Vmax  : maximum permissible road speed in kmph 
 
This study adopts three threshold values (25, 50, 75) of SPI as the classification 

criterion of urban road traffic state (He et al., 2016), as shown in Table 1. 
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Table 1. The Evaluation Criterion of Speed Performance Index 
Level SPI Value Traffic State Level Description 

Level 1 0 to 25 Heavy Congestion The average speed is low, road 
traffic state is poor 

Level 2 25 to 50 Mild Congestion The average speed is lower, road 
traffic state is a bit weak 

Level 3 50 to 75 Smooth The average speed is higher, road 
traffic state is better 

Level 4 Greater than 75 Very Smooth The average speed is high, road 
traffic state is good 

 
Average travel speed is calculated for each road segment by simply dividing the 

segment length with the predicted travel time on that segment. Maximum permissible road 
speed values are taken as per the traffic regulations in the study area. Based on these values, 
SPI is calculated and each road segment is classified as one of the four traffic congestion 
levels. 

Out of the 111 road segments, 17 are found to be in Level 1, 60 in Level 2, 31 in Level 
3 and 3 belong to Level 4. So, a combined of (17 + 60) = 77 segments are having considerable 
congestion levels while the remaining 34 segments are in acceptable levels. Those 77 road 
segments (in Levels 1 and 2) are identified as the critical links within the study network. The 
high percentage of critical links reflects on the severity of the congestion problem within the 
transportation network.  
 
 
6. CONCLUSIONS 
 
An approach is demonstrated to predict future travel times by developing a travel time 
prediction model using data extracted from Google Maps Distance Matrix API and to assess 
the traffic congestion levels on different road segments in an urban transportation network 
with a heterogeneous non-lane based traffic environment. The use of Google Maps Distance 
Matrix API for collecting real-time traffic data in this mixed traffic scenario opens up new 
dimensions for carrying out different studies in Indian context. The developed model and the 
critical links identified using real-time travel time data may be used advantageously by traffic 
planners or transportation authorities in order to improve traffic mobility as well as safety 
within the network.  

The ARIMA model developed for forecasting travel times on different road segments 
is observed to be working well with the available non-stationary time series datasets. The 
predicted travel time values are found to be close to the expected values as observed by the 
low mean squared error value. Hence, it can be inferred that ARIMA model gives satisfactory 
prediction results in this context. The possibility of successful prediction of travel times opens 
up further opportunities for developing a real-time traffic management programme. As the 
model is validated, it can be used for implementation on other important networks with 
similar characteristics within the city, and the concerned transportation authority (Kolkata 
Traffic Police) can readily use the information to identify sensitive road segments and to 
prepare efficient traffic management strategies. 
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The speed performance index (SPI) parameter helps in classifying the road segments 
into four congestion levels. It is found that around 70% of the total road segments are either 
mildly congested or heavily congested during the observation period. Those congested links 
are identified as the critical links which require more stringent traffic management 
interventions. More attention needs to be focussed on these links in order to formulate various 
management strategies and policy decisions for reduction of congestion in urban roads. This 
critical link information obtained from this study can also be used in prioritizing links based 
on available resources. It may also help in designing emergency escape routes in case of any 
traffic incidents within the network.   

Though ARIMA model provides close estimates of travel time, deviation can be 
observed for extreme values. Hence, the estimation may be further improved by using 
different deep learning models. The future scope also includes consideration of multiple 
evaluation indicators with a view to minimize the negative effects associated with it. The 
reliability of the travel time data provided by Google maps API may also be checked by field 
validation.  
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