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Abstract

:

Bus travel time analysis plays a key role in transit operation planning, and methods are needed for investigating its variability and for forecasting need. Nowadays, telematics is opening up new opportunities, given that large datasets can be gathered through automated monitoring, and this topic can be studied in more depth with new experimental evidence. The paper proposes a time-series-based approach for travel time forecasting, and data from automated vehicle monitoring (AVM) of bus lines sharing the road lanes with other traffic in Rome (Italy) and Lviv (Ukraine) are used. The results show the goodness of such an approach for the analysis and reliable forecasts of bus travel times. The similarities and dissimilarities in terms of travel time patterns and city structure were also pointed out, showing the need to take them into account when developing forecasting methods.
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1. Introduction


Travel time plays a key role in assuring the reliability and quality of service in a transit system. The use of this variable ranges from operation planning (e.g., for short- and long-term planning) to service monitoring (e.g., for real-time information). Moreover, in large historical cities (e.g., Rome, Italy), the influence of traffic congestion on travel time variability has been pointed out. It is linked, on the one hand, to the city structure and, on the other hand, with the growing number of private and freight vehicles travelling into the city [1,2,3]. Therefore, transit operators have to take into consideration the travel time variability when they design new lines or when they work to improve existing lines. Usually, in cities, transit services share the road lanes with other vehicles; subsequently, their travel times are highly impacted by congestion, and their temporal patterns could be similar to private/freight ones, as emerged from some surveys carried out around the world [4,5], where seasonality and trend/cycle components were revealed. Time series analysis captures this pattern [6].



Therefore, the availability of reliable travel time forecasting is a relevant attribute for transit operators [6,7,8,9,10] to use when designing or updating service timetables. This can also contribute to attracting more passengers and increasing their satisfaction [11,12]. Moreover, in order to provide accurate information to the passenger, models and procedures must be developed to forecast travel time.



According to the Guidelines for Developing and Implementing a Sustainable Urban Mobility Plan (SUMP; [13]), SUMP has to improve urban accessibility as well as to offer users high-quality and sustainable mobility services from/to the study area. It regards the needs of the functioning city and its hinterland rather than a municipal administrative region. Furthermore, SUMP has to foster a balanced development of all relevant transport modes, while encouraging a shift towards more sustainable modes (e.g., transit). The plan puts forward an integrated set of technical, infrastructure, policy-based, and soft measures to improve performance and cost-effectiveness with regard to the declared goal and specific objectives [13]. Among the topics that are typically addressed, one of the most relevant is public transport, for which it is requested to present a strategy to enhance the quality, security, integration and accessibility of public transport services, covering infrastructure, rolling stock, and services. Public transport is a good way to reduce congestion and environment- and health-harming emissions in urban areas, especially when they run on alternative, cleaner fuels. Therefore, information on the state of the public network and reliable timetables and service schedules may be an effective tool for improving the quality and effectiveness of services perceived by users ([14]) and, hence, for diverting people to public transport modes.



Currently, one of the new challenges facing urban planners is to find solutions that can reduce the impacts of urban mobility without penalising passengers’ mobility needs. Therefore, since suitable time estimates are needed for designing timetables and schedule services on the different routes, the development of travel time forecasting methodologies (including models) has to point out the complexity of urban systems as well as city sizes and characteristics. In fact, cities can differ from each other in both mobility/transport patterns and traffic conditions, as well as in other factors including geographical, environmental, demographic and socioeconomic conditions, cultural backgrounds, and institutional and legal frameworks. Hence, an incoming challenge is to develop performing forecasting methods and test their transferability [14,15]. Therefore, an outline of city similarities or dissimilarities with respect to the travel time of transit services could be useful for supporting the development and implementation of project/scenario actions. Such analysis could be a preguideline for planners in an ex-ante assessment. It can verify whether the experiment results and forecasting methods used in a city match those obtained from other cities in the way of defined goals (e.g., shifting users to more sustainable transit services) and identify factors that need in-depth and specific investigations.



Using some comparable surveys carried out in two cities that are very different in terms of spatial and economic patterns, the paper highlights the similarity and dissimilarity that exist in bus travel time and points out an easy-to-apply methodology for forecasting. Such a tool can help transit agencies achieve further advances in transit systems, both from the travellers’ (i.e., transit trip planners) and operators’ perspective (i.e., decision support system for operations control). The paper thus aims at identifying if the results obtainable by travel time forecasting methods can be easily transferred from one city to another.



Information about travel time, thus, benefits operators and passengers [16]. It assists operators in defining optimal slack times to maximise the on-time arrival performance of buses [17], in determining the reliability of systems [18], and in defining timetables [19]. Accuracy in travel time forecasting for defining service timetables and schedules can contribute to increasing the perceptions of service quality and help users in their decision-making about departure time and route choice [20,21,22]. This is found to be as valuable [23], or even more valuable, than a reduction in travel time [24].



In this paper, a time-series approach is applied to investigate bus travel times; the analysed data refer to the automatic vehicle location (AVL) of some transit lines in the cities of Rome (Italy, [5]) and Lviv (Ukraine, [25]). The first objective is to correlate bus travel time with general traffic patterns and other explanatory variables. Once the bus travel time has been analysed, the second objective is to provide a travel time forecasting procedure based on time series and to point out if similarities exist among travel time patterns in cities that are quite different.



This paper is organised as follows. Section 2 briefly reviews the current literature on bus travel time forecasting methods. Section 3 summarises the available data, while Section 4 describes the methodology used and synthetises the data available, the analyses performed, and the results obtained. Finally, Section 5 draws conclusions and the road ahead.




2. Literature Review


As said, travel time and, of course, onboard loads [26,27] are two of the most commonly used performance indicators in public transport systems. In particular, travel time (or commercial speed) is generally proposed as one of the fundamental parameters for assessing the effectiveness of the transport service. On the other hand, providing users with accurate and reliable travel forecasts can be a valid driver in attracting new demand and, therefore, favouring modal shifting.



In the following, unless otherwise specified, travel time between two successive time points is defined as the total time taken between departure (or passage) from one time-point to restart (or passage) from the next time-point. The definition of travel time is shown in Figure 1.



Travel time forecasts can be classified as short term/real-time forecasts and long-term forecasts. The difference between the two types is mainly due to their forecast horizons. The short-term travel time forecast aims to predict the travel time on the forecast horizon as equal to or less than a time value T [22], in which T could be defined case by case, e.g., 15 min. The long-term travel time forecast aims to predict the travel time as the longest forecast horizon of T, which could be the following day, week or year [29,30]. Long-term forecasting uses only historical average traffic condition data to predict future traffic status and travel time. Figure 2 illustrates the definition of travel time estimation and forecast/prediction.



Therefore, given the values of the travel time observed up to time T, the forecast/prediction at time T of the future realisation can be of two types:




	
historical: the forecasting model obtained is applied to a future situation, for example, the following month or the following year, in the context of operational planning.



	
real-time: current data, possibly combined with historical, are used to predict future values, for example, in the context of operations control.








Real-time forecasting can, in turn, follow the one-step-ahead forecasting approach, i.e., at time T + 1, realisations up to time T + 1 are used to forecast the value of the variable at time T + 2. In the event that the weights to be attributed to the previous creations decrease over time, there is the approach known in the literature as “exponential smoothing” [31].



In transit systems, travel time (TT) forecasts are used both for operations and monitoring planning [32,33,34,35,36,37], and different methods and models have been developed both for long- and short-term. Below, the literature is reviewed, and the pros and cons of each proposed approach are pointed out. Long-term travel times that are forecast for bus services [38,39,40] have been studied through regression methods and time series methods. Regression methods explain travel time (the dependent variable) through a set of independent variables (e.g., loads, street characteristics). To point out that nonlinear relationships between independent and dependent variables can exist [38], more complex models were developed, e.g., k-nearest neighbour regression, support vector regression, project pursuit regression, and artificial neural networks. Although such methods do not give satisfactory results when traffic conditions are not stable, they are largely applied [38,39,40] because they reveal which independent variables are relevant or most important for the reproduction/forecast of travel times.



Time-series-based methods focus on the relationship between the variables to be predicted (travel time) through the analysis of historical data [41,42,43,44]. Their strength consists of the high calculation speed due to the simple formulation of the analysis algorithm and the small number of operating variables of the service: only the travel times of the bus relative to the instant in time to which they were found. They allow the structure of travel time variability to be highlighted and the effects over time (e.g., hours of the day, day of the week, time of year), which are relevant in the links where the buses travel alongside other traffic components [5,45], to be revealed.



Deepening studies developed for short-term forecasting, these works can be classified into time-series [46,47], regression models [8,48], artificial neural networks (ANNs) [8,49,50,51,52], Kalman filter [52,53,54,55], and nonparametric regression models (NPRs) [47,56,57,58]. Time series models, such as autoregressive integrated moving average (ARIMA) models and exponential smoothing models, can forecast based on historical values. Large variations in historical data could lead to significant differences between observations and forecasts because time series models depend on the transferability of historical trends (patterns) to forecast trends [50]. Regression models are used to predict travel time through linkage with context-specific independent variables (e.g., traffic conditions, road link characteristics). Given that the explanatory variables must be statistically independent of each other and many of the variables relating to transport systems are highly correlated [52], ANN models have been developed. In fact, ANN models allow complex nonlinear relationships to be pointed out and can also generate better results than other models such as Kalman filter-based methods, smoothing models, historical profiles, and real-time profiles [51]. However, ANN models take longer computational time for the training process than other models.




3. Forecasting Methodology and Data Analysis


The collected data are related to two lines in the city of Rome (Italy; Lines A and B) and one line (Line C) in the city of Lviv (Ukraine). Table 1 reports the characteristics of the investigated bus service lines (Rome and Lviv). Figure 3 shows the observed travel times during working days (i.e., from Monday to Friday). The travel time for each bus line is analysed in two cases: to the city centre and from the city centre. According to the time of the day, we can observe a similarity in the shape of the data if travel is to or from the city centre: two peak hours present in the mornings and afternoon. Particularly, for the investigated bus lines, the variance is higher in the afternoon peak hour than in the morning (e.g., for Line A, direction to city centre: 229,800 sec2 vs. 160,284 sec2; direction from city centre: 155,034 sec2 vs. 110,413 sec2). Moreover, given that the roads are congested during peak hours and less congested during nonpeak hours, and, subsequently, travel time is longer in rush hours than in nonpeak hours, time series allow these patterns to be captured. In the following sections, time-series components of bus travel time data are studied.




4. Bus Travel Time Analysis and Forecasting


4.1. Bus Travel Time Analysis


Given a bus line, the bus travel time (TT) from a terminal to another is assumed to be the sum of the running time (RT) between successive stops and the dwelling time at stops (DW):


  T T =   ∑ i   R  T i    +   ∑ i   D  W i     



(1)




with RTi the running time between stop i and successive one i+1, and DWi the dwelling time spent at stop i.



Running time and dwelling time depends on a set of determinants. Running time is a function of speeds (related to flow composition and link flow), link characteristics (infrastructural and functional), context conditions (e.g., weather conditions; [59]), while dwelling time depends on on-board flow, alighting and boarding users, and bus features (e.g., number of doors, lift operations). Therefore, the analysis of bus travel time variability has to be investigated by capturing the fluctuations of these determinants. This pattern can be pointed out by time-series analysis.



A time series Yt can be composed of three components: a trend-cycle component Tt, a seasonal component St, and a remainder component Et that contains anything else in the time series. Therefore, assuming an additive relation among the three above components, the time series can be expressed as


   Y t  = f  (   T t  ,   S t  ,   E t   )  =  T t  +  S t  +  E t   



(2)







Once the output of time series decomposition is used for forecasting, forecast accuracy has to be evaluated. An approach to evaluating the accuracy of forecasts relies on the application of the model on new data that were not used in the model calibration [31]. To do this, the available data are divided into two sets, training and test data. The training data is used to set up the forecasting model (i.e., identification of time-series components) and the test data is used to evaluate its accuracy (e.g., one week ahead). Since the test data is not used in determining the model, it should provide a reliable indication of how well the model is able to forecast by using new data. With this approach, the forecast error (ei) is assumed to be the difference between an observed value and its forecast, as follows:


   e i  =  Y i  −   Y ^  i   



(3)




where Yi denotes the ith observation and     Y ^  i    denotes a modelled value of Yi.



The most known accuracy measures [31] are MAE (mean absolute error), RMSE (root mean squared error), and MAPE (mean absolute percentage error). MAE and RMSE are scale-dependent measures and are based on absolute errors    |   e i   |    or squared errors      (   e i   )   2   :


     mean   absolute   error :   MAE   =   mean   (   |   e i   |   )       root   mean   squared   error :   RMSE =    mean  (   e i 2   )       



(4)







On the other hand, MAPE has the advantage of being scale-independent:


   mean   absolute   percentage   error :   MAPE   =   mean   (   |   p i   |   )   



(5)




with    p i  =   100 ⋅  e i   /   Y i     , which measures the percentage error.




4.2. Bus Travel Time Forecasting


As mentioned above, the used data refer to observed values of three bus lines during some working days of 10 consecutive weeks in Rome and Lviv. The last two weeks were set up as the test set, while the remaining weeks as the training set. Therefore, the time-series period was set in a week (five working days).



The time series decomposition (Figure 4 and Figure 5) was performed through seasonal and trend decomposition using the loess (STL; [60,61]) method implemented in R software [31]. The results analysis can be pointed out, and it shows similarities with patterns revealed in other urban contexts ([32,45,62]):




	
trends/cycles (T): small differences between maximum and minimum values, i.e., less than 5% for Line A, and about 2% for Lines B and C;



	
weekly seasonality (S; Figure 6): the effects emerge for all days, with a periodic shape; differences emerge among the first and last days of the week (i.e., Monday/Tuesday vs. Thursday/Friday);



	
daily seasonality (S; Figure 6):




	○

	
quite relevant for different hours of the day; as expected, it is influenced by the variance of traffic flows (i.e., buses share the lanes with other traffic components and bus travel time is influenced);




	○

	
quite different for routes to or from the city centre; higher values were revealed in the morning due to high concentrations of constrained trip arrivals (e.g., systemic trips, such as to work or school); on the other hand, the effects are more spread along the hours in the afternoon.









	
remainder (E): low contributions in terms of variance of about 29% (Line A) and 21% (Line B) for Rome, while it is quite high in Lviv (Line C); it reflects the singular variability revealed in some days because of chance events concentrated in time and space rather than structural factors (Table 2).








The capability to reproduce the observed data is then tested by using trend/cycle (Tt) and daily/hourly seasonality (St; i.e., time-series systematic components). The modelled error e can be assumed to be the remainder E (i.e., e ≡ E).



Figure 7 shows an example of a comparison between observed and modelled travel time for the test set, while Table 3 reports the accuracy for the investigated period. As synthetised by MAPE (smaller than 8%), the systemic component of travel time (i.e., trend/cycle and seasonality) allows the main part of variance to be explained. It means an average error in reproducing travel time less than 3 min (and about 1 min for Line B from the city centre) for the investigated lines. These accuracy metrics have the same magnitude as those we can find in the literature ([19,27,45,54]).



The results of these analyses refer to the improvement of long-term travel time forecasting, but they can suggest new research opportunities for short-term forecasting, as also suggested by Cristobal et al. [8], who proposed short-term travel bus methods based on the similarity between historical ones.




4.3. Discussion


The comparison of the bus lines operating in two different (both in size and economic structure) cities pointed out a number of major findings. Bus lines in Lviv operate within the historical centre of the city, while in Rome, the study area merges suburbs with the inner-city area.



As regards spatial form, the inner area of Rome is surrounded by radially distributed roads. Lviv is an Eastern European city with a strong influence from Western cities in its urbanisation. Both the study areas are characterised by narrow streets and buses shares the lanes; therefore, their commercial speed is highly influenced by private traffic. In relation to bus travel time, there are no significant differences in patterns, with high values during morning and afternoon peak hours.



An in-depth comparison between Lviv and Rome showed that the travel time pattern is not strictly dependent on the size of the cities, but it is related to traffic jams (due mainly to lifestyle, e.g., starting of working day). Lviv presents a not-high perturbation during the morning, as indeed happens in Rome, where the high concentration of traffic dominates. Therefore, there is also a very similar pattern in relation to time distribution along the day, although Rome sees activity in the early morning and afternoon, and Lviv does not. The same is reflected in departures from the centre in the afternoon.



Finally, the differences between Rome and Lviv are primarily due to city morphology and lifestyle. The Rome study area has a road network with narrow streets, and it favours an increase of time during the morning peak hour due to high demand, with a high concentration of trip arrivals on time at the workplace or school. The buses share the lanes and necessarily require travel time to be longer. The second reason is lifestyle and the start of work time, in particular of offices and the opening time of shops and stores. While Rome has two main peak hours and more specific regulations (in Rome, a limited traffic zone has been implemented), in Lviv, the circulation of traffic is always allowed in the morning.



According to these first results, the proposed forecasting methods present high performance in covering variances. Of course, the transferability of results in terms of accuracy issues is not direct, and city-specific surveys are needed. Additionally, the general conclusion is that a more systemic approach could be used in forecasting travel time by trying to define more comprehensive methods that are able to capture the characteristics of traffic, taking into account that some features are city-specific. Results, such as those derived in this paper, can contribute to more effective and rational management of resources, offering to mobility agency technicians an easy-to-apply method for designing or revising timetables and scheduled services.



Further analyses are also in progress to improve these first results by developing other analyses through the inclusion of zonal and level-of-service attributes (e.g., traffic volumes, passive and active accessibility) and the characteristics of users that reach these areas for daily activity, as well as alighting and boarding flows. Currently, the travel time variable has been the only independent variable taken into consideration. It does not capture the influence of factors such as weather conditions, road pavement conditions, and pedestrian flows. A time series-based regression model that also includes more independent variables that capture the above effects is under development. Finally, the degree of transferability of the models and the obtainable accuracy is a work in progress.





5. Conclusions


An investigation of bus travel time variability was carried out, and the first results for developing an easy-to-apply methodology for the urban areas of Rome and Lviv are presented. The findings can be used by urban mobility agency technicians for designing transit service timetables and vehicle scheduling in the replanning of existing lines. The developed approach focuses on the systematic components of travel time. The results are mainly devoted to bus lines that share the road lanes with other traffic components (e.g., cars, freight vehicles, and so on). The analyses were performed through time-series methods, which allowed factors such as trends, seasonal variations, cycles, and irregular components to be pointed out. Time of the day as well as the day of the week (i.e., Wednesday vs. Thursday) were discovered to have significant effects on travel time variability, and, if rightly modelled, performing forecasts can be obtained. Moreover, the findings can be integrated into a short-term approach, which, traditionally, is not considered. In fact, the development of models for short-term travel time forecasts that consider the variety of different factors, such as demand, transport conditions, and weather conditions, is a research challenge. From the above statements, the further development of this study germinates the availability of further data on bus line operations and loads, data on other vehicles with whom lanes are shared (e.g., floating car data for revealing local traffic patterns), in-depth analysis of residuals coming from time-series decomposition, as well as an approach to incorporate covariates such as weather data to model travel time as this factor might impact bus line travel time significantly. Finally, bus travel time forecasts are based on profile similarities through the time-series and regression methods.
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Figure 1. Notation on bus travel time [28]. 
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Figure 2. Estimation and prediction notations on bus travel time [28]. 
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Figure 3. Analysed bus lines: hourly fluctuation of travel time during working days. 
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Figure 4. Travel time STL decomposition with weekly period (8 weeks): Rome. 
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Figure 5. Travel time STL decomposition with weekly period (8 weeks): Lviv. 
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Figure 6. Seasonal components of the analysed bus lines. 






Figure 6. Seasonal components of the analysed bus lines.



[image: Forecasting 02 00017 g006]







[image: Forecasting 02 00017 g007 550] 





Figure 7. Example of a comparison between observed and forecasted/modelled values. 
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Table 1. The investigated bus lines.






Table 1. The investigated bus lines.





	Line
	City
	ATT (*)

[minutes]
	ATT (#)

[minutes]
	TL

[km]
	Peak-Hour Headway

[minutes]
	Off-Peak Hour Headway

[minutes]
	N
	T

[weeks]





	A
	Rome
	39.5
	41.7
	11
	20
	30
	37
	8



	B
	Rome
	57.5
	58.4
	23
	15
	30
	60
	12



	C
	Lviv
	39.2
	41.5
	19
	-
	-
	17
	10







ATT: daily average travel time; TL: travel length; N: one-way number of stops; T: observation period. (*) to the city centre; (#) from the city centre.
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Table 2. Variance (σ2) and mean (µ) of the observed travel time (Y) and the remainder (E).
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Direction: To the City Centre

	
Direction: From the City Centre






	
Line A

	
σ2 [Y] = 297,754

	
σ2 [Y]= 198,696




	
µ [Y] = 2412 s

	
µ [Y] = 2357 s




	
σ2 [E] = 83,436

	
σ2 [E] = 58,329




	
µ [E] = 30 s

	
µ [E] = 23 s




	
Line B

	
σ2 [Y] = 405,878

	
σ2 [Y] = 248,132




	
µ [Y] = 3435 s

	
µ [Y] = 3366 s




	
σ2 [E] = 85,447

	
σ2 [E] = 52,089




	
µ [E] = 32 s

	
µ [E] = 2 s




	
Line C

	
σ2 [Y] = 126,295

	
σ2 [Y] = 73,113




	
µ [Y] = 2493 s

	
µ [Y] = 2352 s




	
σ2 [E] = 56,715

	
σ2 [E] = 57,240




	
µ [E] = 32 s

	
µ [E] = 35 s
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Table 3. Accuracy indicators of a route of Lines A, B and C.
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	Line A—Direction to City Centre
	Line B—Direction from City Centre
	Line C—Direction to City Centre





	average ei = −30.2 s
	average ei = 15.3 s
	average ei = 53.7 s



	standard deviation of ei = 288.7
	standard deviation of ei = 228.2
	standard deviation ofei = 254.9



	MAE = 187.4; RMSE = 290.3; MAPE = 7.4%
	MAE = 139.8; RMSE = 254.0; MAPE = 4.2%
	MAE = 191.7; RMSE = 260.2; MAPE = 7.9%
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