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Commercial speed is often used to qualify the level of service of, e.g buses. For bus networks, it varies a lot because of exogenous factors like road infrastructure, traffic, ridership, etc. Until now, highlighting those factors has been a harsh task. In this paper, we use massive heterogeneous data to assess how known factors impact the bus commercial speed over a bus network. Using traffic, bicycles, ridership, weather and roads infrastructure data collected all over the bus network of the city of Rennes, France, we investigate links between this data and Automatic Vehicle Location (AVL) data. Furthermore, we make an in depth analysis of traffic and ridership impact on bus commercial speed using data of the lockdown period that was imposed in France in spring 2020. Through this paper, we assess that the use of massive data can help the bus network operator to understand and control bus commercial speed impacting factors. Finally, we raise hypotheses that might help Rennes bus networks operator to have a better control of bus commercial speed.

INTRODUCTION

Bus commercial speed, that can be summarized as the speed of the bus felt by the passengers while they travel, is among the major indicators used by operators to evaluate the efficiency of bus lines and assess the state of health and quality / attractiveness of a bus network. This measure is computed using the total travel time over any section on which the indicator has to be computed, including boarding and alighting time at bus stops, traffic perturbation, and any time related factors that impact the travel time, hence the speed of buses as stated by [START_REF] Cortés | Commercial bus speed diagnosis based on GPS-monitored data[END_REF][START_REF] Courtois | L'(in)efficacité des trams et bus à Bruxelles, une analyse désagrégée[END_REF][START_REF] Fernandez | A MODEL TO PREDICT BUS COMMERCIAL SPEED[END_REF][START_REF] Hofmann | The Impact of Adverse Weather Conditions on Urban Bus Performance Measures -an Analysis Using ITS Technology[END_REF][START_REF] Mazloumi | An Integrated Framework to Predict Bus Travel Time and Its Variability Using Traffic Flow Data[END_REF][START_REF]Factors Influencing Bus System Efficiency[END_REF]. Studies have been made on what to act on to both understand and control bus commercial speed fluctuations. It appears that time in day is a major factor (rush hour, etc.) but the list of factors is probably not exhaustive, especially since the bus commercial speed is measured from buses operating in a rich and complex environment, work of [START_REF] Jäppinen | Modelling the potential effect of shared bicycles on public transport travel times in Greater Helsinki: An open data approach[END_REF][START_REF] Raphael N Markellos | Evaluating public transport efficiency with neural network models[END_REF][START_REF]Factors Influencing Bus System Efficiency[END_REF][START_REF] Tirachini | Bus dwell time: the effect of different fare collection systems, bus floor level and age of passengers[END_REF][START_REF] Tirachini | Estimation of travel time and the benefits of upgrading the fare payment technology in urban bus services[END_REF][START_REF] Tirachini | Bus congestion, optimal infrastructure investment and the choice of a fare collection system in dedicated bus corridors[END_REF] attest that. However, different previous work have enligthened some other impacting factors. [START_REF] Hofmann | The Impact of Adverse Weather Conditions on Urban Bus Performance Measures -an Analysis Using ITS Technology[END_REF] observed the weather impact on buses performance, especially regarding rainy conditions over the whole bus network of an Irish city. They reported that the buses travel time seems to be globally higher under heavy rain conditions. Shared bicyles services impact on public transport travel times has been explored by [START_REF] Jäppinen | Modelling the potential effect of shared bicycles on public transport travel times in Greater Helsinki: An open data approach[END_REF]. They assessed this impact in the city of Helsinki, Finland. Traffic influence on buses travel time have also be reported to be prominent, as mentioned by [START_REF] Mazloumi | An Integrated Framework to Predict Bus Travel Time and Its Variability Using Traffic Flow Data[END_REF] and [START_REF] Cortés | Commercial bus speed diagnosis based on GPS-monitored data[END_REF]. However, the gathering of valuable traffic data seems to be a possible challenge. [START_REF] Tirachini | Bus dwell time: the effect of different fare collection systems, bus floor level and age of passengers[END_REF] did a survey on how the fare payment system, bus floor level and passengers age can impact buses dwell time, thereby bus commercial speed. Their work reported some correlations among those factors and buses dwell time. Finally, [START_REF] Fernandez | A MODEL TO PREDICT BUS COMMERCIAL SPEED[END_REF] and [START_REF] Valencia | A method to calculate commercial speed on bus corridors[END_REF] built some analytical models that leverage bus network infrastructure variables such as traffic lights, bus stop spacing in and out of bus corridors, vehicles hardware, etc, thanks to which they could build accurate (when properly tweaked) predictive analytical models. This previous work, scattered and mostly focused on data sample led us to raise the following research question: Is it possible to use massive data to evaluate the impact of several known exogenous factors on bus commercial speed, hence help bus operators gain control on what to act to enhance bus commercial speed all over the network ?

In this paper, we propose to evaluate a set of known factors in the city of Rennes, France, for which we gathered massive data either at the bus network scale, or a distributed sample over the bus network, from various and heterogeneous data sources. In particular, we will observe data of the lockdown that occurred in france between the 17th of march 2020 and may 12th 2020 during which the bus network was in degraded mode and the traffic, ridership and global mobility were drastically diminished, and if these changes are visible on the bus commercial speed. We had access to the internal data of the bus network of the city of Rennes, a medium sized european city (∼210'000 inhabitants in the main city, ∼450'000 inhabitants at metropolis scale as of 2018) This network, named STAR 1 , is a star-shaped urban transportation network based on a central subway line, and a wide bus network that serves both the city of Rennes and all its suburban areas. In total, the bus network covers more than 550𝑘𝑚 2 The transportation network is managed by the Keolis Rennes company that is responsible for the main subway, a transportation service dedicated to disabled people, bikes (rent and sharing), and a total of 116 bus lines over which more than 600 buses can be traveling during rush hours.

The remaining of this paper is organized as follows: In section 2 We expose our datasets, their properties, qualities and default, along with our methods. In 3, we analyze the impact of the factors for which we collected data on bus commercial speed using correlation tests and visual analyses, including a closer look at the data from the first COVID19 lockdown. In section 4 We discuss our results and findings, and we conclude in 5.

DATA SOURCES

Automatic Vehicle Location data

The bus network information system is made of several independent subsystems including (among others) fuel manager, smart card data and an Automatic Vehicle Location (AVL) systems. The latter yields large amount of stop to stop fine-grained data (inter-station) both in real and delayed time. This data contains metadata to identify bus line, direction, vehicles, etc. and timestamped and located information such as buses speed, travel time, dwell time, start time, etc. A year of data typically weighs around 20GB, in total, we had access to data spanning from january 2019 to may 2021.

One should know that real world data is dirty as stated by [START_REF] Ndez | Real-world Data is Dirty: Data Cleansing and The Merge/Purge Problem[END_REF]. In our case, we gathered data on a 6 months period between early July 2018 and late January 2019. The data collected is based on the bus network AVL system which contains 116 bus lines. We made some data quality analysis of this data in order to build data-cleaning processes if needed. The outliers in the dataset are quite preposterous: -996 km/h and 130 km/h are impossible speeds for buses. Moreover, readings for which bus speed was lower than 1 km/h or higher than the legal speed limit of 70 km/h, which respectively are low speed limit we defined and legal maximum speed for buses in France, can represent up to 5.4% of the dataset, which is non-negligible.

The main dataset came along with a twin that contains more reliable data, nonetheless at a coarser time grain (20 seconds instead of 1 second accuracy) Hence, we corrected the data errors by using both filtering (removing outliers) and ad-hoc merge-join techniques. We managed to reduce the error rate to 0% while getting rid of every outlier. [START_REF] Gauthier Lyan | Impact of Data Cleansing for Urban Bus Commercial Speed Prediction[END_REF] (we) published a report detailing this work, available here.

Ridership

We gathered ridership data using the smart card data system of the bus network. This system gathers timestamped boarding only information at each bus stop. The boarding information discriminates smart card boardings from ticket boardings (the onboard hardware centralizes tickets and smart cards validation). Hence it is possible to make different measures of the impact of each of those fare payment systems. In Rennes, tickets can be bought either in affiliated shops or directly onboard, by asking the driver who then sells them, implying a trade of cash. On the other hand, the only interaction with smartcards in buses is NFC validation when boarding, the payment being made in agencies or vending machines. The data we collected has around 20'240'000 readings and covers a seventeen months period from 2019-01-01 to 2020-05-12, over 2293 commercial inter-stations (i.e deadheads are not represented in this data).

OpenStreetMaps data

Bus networks are particularly intricated within the cities infrastructure they are part of. Unless dedicated equipment such as traffic signal priority or bus lanes are built, most of the time the buses are running within the traffic like any other vehicle. Hence things such as travel time (speed), delay, or even fuel consumption are dependent of the road infrastructure, as told by [START_REF] Zanjirani | A review of urban transportation network design problems[END_REF][START_REF] Ibarra-Rojas | Planning, operation, and control of bus transport systems: A literature review[END_REF]. A problem with road infrastructure is that it is quite complicated to get a satisfying and global view of it because of its richness and complexity. As an example, one could try to gather information about traffic lights all over a given city, but there is little chance that this will be achievable in a reasonable time (hundreds to thousands of traffic lights to identify and map to infrastructure used by buses). A solution to this problem is to mine online databases that are reliable, up to date, and open sourced OpenStreetMaps (OSM), is the most known database that contains road infrastructure, and that lets anyone download free dumps of the database or query its knowledge base, which is groingly qualitative as explained by [START_REF] Barron | A Comprehensive Framework for Intrinsic OpenStreetMap Quality Analysis: A Comprehensive Framework for Intrinsic OpenStreetMap Quality Analysis[END_REF][START_REF] Girres | Quality Assessment of the French OpenStreetMap Dataset: Quality Assessment of the French OpenStreetMap Dataset[END_REF]. Moreover, its representation system is quite complete since it allows, among other things, to represent public transport networks by linking them directly to the existing road representations 2 . Thus, we developed a tool that thereby extracts road information directly from the OSM dumps, using this built-in linking system. We could gather the following data for 1400 inter-stations :

• Number of traffic lights, stops, giveways, roundabouts, crossings • Proportion of road for which buses share it with bikes, are in a bus lane, are in one-way road

• The legal speed all along the ways • the length of the ways This software however has limitations:

• The path finding is returning the smallest path. In some cases it might return an incomplete path (when the bus takes a one way loop for exemple)

• There might be data redundancy as long as two different trips that travels through the same roads will yield similar/identical data.

• When a non-terminal bus stop is located somewhere along a road, we arbitrarily split the road's length in two for the current and its neighbouring inter-station. However, we do keep all the traffic signals, crossing, etc bound to this road in both of the inter points 3

Traffic

Traffic is told to be one of the most important disturbance generator for bus networks if we rely on [START_REF] Courtois | L'(in)efficacité des trams et bus à Bruxelles, une analyse désagrégée[END_REF][START_REF] Fernandez | A MODEL TO PREDICT BUS COMMERCIAL SPEED[END_REF]. Thus, gathering traffic data that is compatible with bus network data is mandatory to actually measure the impact of the traffic on bus speed. In the city of Rennes, there are plenty of sensors managed by the metropolis. However, the data yielded by this sensors fleet is not freely accessible. Fortunately, there is an open-data platform hosted by public services, that proposes a traffic Floating Cellular Data traffic status database with a 3 minutes time granularity 4 The data available on this service represents the status of the traffic every 3 minutes, with the following information in each row:

• predefined location reference: the identifier of the road section.

• date time: the timestamp at which the measures were taken.

• travel time the estimated travel time to cross the road section.

• travel time reliability: the reliability of the travel time estimation from 0.0 to 1.0.

• average vehicle speed: The average vehicles speed on the road section • traffic status: the status of the traffic that can be free, heavy, congested or impossible.

One major concern with this dataset is that the sections represented in the data have to be manually identified and bound to the AVL data. Finally, we could match data for a total of 140 inter-stations, totalizing 1'362'000 readings over the period 2019-01-17 to 2020-04-22.

Bicycles

Bicycles and other means of soft mobility such as electric scooters will be more and more present in our cities due to the ecological transition that humanity is trying to make. Furthermore, bicycles sharing systems have been shown to have an impact on buses performance, cf. [START_REF] Jäppinen | Modelling the potential effect of shared bicycles on public transport travel times in Greater Helsinki: An open data approach[END_REF].

The proportion of road shared with bicycles that we extracted from OSM is an interesting source to demonstrate the impact of bikes on bus speed at a large scale. To assess that, we deployed a traffic counter and proceeded to a series of measures of the number of bikes per 5 minutes on a portion of shared lanes for a 2 months period, yielding 9100 readings (including outliers).

Weather

We gathered weather data for a 14 months period. This data comes from a single weather station located at the St-Jacques de la Lande airport, Rennes. Its data granularity is one hour based and is mainly useful to measure the amount of rain during the last hour. It is worth mentioning that the region in which Rennes is situated is hardly affected by snowfall.

The local weather can be rainy, with low amount of rain often falling. In other words significant rainfall, flooding or storms can occur at different times of the year, but they are rare events.

Bus hardware

The bus fleet is made out of different type of buses with different sizes: from standard to articulated, powered by electicity or fuel. Keolis Rennes has the direct responsibility for a bus fleet of 282 different buses from different manufacturers. This data comes from specific reference files, and is acurate enough to enlighten how bus hardware can yield bus commercial speed discriminations.

Lockdown period

We could gather all the previous data during the lockdown period that occured in France between 2020 march 17th and 2020 may 12th. This actually was a chance for us because the lockdown resulted in a massive drop in traffic, ridership and urban mobility due to the lockdown policy. This drop in several factors somehow simulates the disappearing of some factors in the bus network. Hence, making it easier to understand to what extent those factors are (resp are not) impacting the bus commercial speed.

Methods

The data we gathered has been collected, enriched and analyzed using Apache SPARK 3.1.1 and R. The data contains crucial information for Keolis Rennes, consequently it is not publicly available. All exogenous factors datasets were joined with our enriched AVL dataset in order to produce homogeneous datasets usable for correlation matrix building, computed using Apache SPARK embedded statistics functionalities. Note that the Spearman correlation coefficient p-values have all been verified to be under 0.05. In addition, it is worth mentioning that because bus networks are complex models, involving multiple relations and entities, the Spearman correlation coefficients of speed impacting factors are expected to be quite low (under +/-0.4).

FACTORS IMPACT ANALYSIS

Weather

We made some correlation tests between our weather data and our AVL data, over a total of 8'535'000 readings. The results we obtained enlightened an absence of correlation between the amount of rain and the bus commercial speed (coeff. = 0). The fact that the average amount of non-null rainfall is around 2mm per hour5 can explain why there is no relation between those data. On the other hand, when we focus on the 2122 readings of heavy rainfall (>= 8.0 mm per hour), we observe a very weak -0.1 negative correlation coefficient between heavy rainfall and bus commercial speed.

We have to note that the few amount of readings let us think that a survey involving more data is needed to assess that heavy rainfall has an actual impact on bus commercial speed in Rennes, as weak as it is.

Infrastructure

Fig. 1 shows the correlation matrix of the road infrastructure and bus commercial speed. The data we used to build this matrix is composed of AVL data and OSM data. It spans over fourteen months from january 2019 to march 2020, for a total of around 29'800'000 readings all over the bus network, including urban, sub urban and metropolitan areas. Table 1 details the matrix rows and columns names, and the input characteristics. If we take a look at the row dedicated to bus speed, name speed, we can see that there are weak negative correlations between bus commercial speed and the growth of (in order of importance):

(1) The number of traffic lights (-0.33).

(2) The proportion of bus lane (-0.13).

(3) The amount of pedestrian crossings (-0.1).

According to this, traffic lights are, by far, the the first trigger of a lower bus speed, followed by the proportion of bus lane and number of pedestrian crossings. Some very low negative correlation coefficient are also visible for: (1) The proportion of one way roads (-0.06).

(2) The number of stops signs (-0.01).

It appears that the impacts of the proportion of one way roads and the number of stop signs on the bus commercial speed are negligible. However we observe one unforeseen and counter-intuitive result that is the negative correlation between the bus commercial speed and the proportion of inter-station that benefits of a bus lane. We should expect dedicated bus lane to enhance bus speed as long as it helps to get rid of the influence of many disturbances like, e.g, traffic, pedestrians or complex crossroads. Thus a positive correlation is expected here. One way to get a clue of what yields this is to take a closer look at the row dedicated to bus lane and traffic lights in Fig. 1. One should see that there is a weak positive correlation between the proportion of bus lane and the amount of traffic lights (+0.21). That is to say that, in Rennes, the creation of bus lane seems to come along with the building of traffic lights. Considering that traffic lights are the major reasons of lower bus speed in our data, this thereby can give a hint of the reason why bus lanes seem to yield a lower bus speed. Moreover, there is a very weak negative correlation (-0.07) between the proportion of bus lane and a lower maximum legal speed. This can be explained by the fact that bus corridors are often built in downtown areas in which very low speed policy (30 km/h) is applied. Finally pedestrian crossings seem to be very lowly correlated to the lowering of bus commercial speed (-0.17), hence the use of pedestrian crossings should also be reduced on dedicated bus lanes if this came to be a valid hypothesis.

In the contrary, we observe weak positive correlations between bus commercial speed and the growth of (in order of importance):

(1) The inter-stations length (+0.32).

(2) The inter-stations maximum legal speed (+0.2).

(3) The number of roundabouts (+0.18).

(4) The number of giveway signs (+0.12).

The positive correlation between inter-stations lengths (also known as bus stops spacing) confirms what the literature already tells, cf. [START_REF] Fernandez | A MODEL TO PREDICT BUS COMMERCIAL SPEED[END_REF]. In the same manner, the rise of the maximum legal speed seems to positively impact the commercial speed of buses. The existence of what seems to be a very weak correlation between roundabouts (that often come along with giveway signs) enlightens the hypothesis that roundabouts should be favored instead of traffic lights when creating a crossroad that involves the passing of buses.

3.2.1 Bus hardware. We used 22'512'158 readings from our AVL data enriched with the buses hardware metadata, covering january 2019 to late may 2020. We were able to build classes in data using buses manufacturer/power source, and size (13 meters long standard vs 18 meters, articulated). Our observations show that if we create groups of readings from the data using buses hardware, variations in commercial speed appear. However, this is yet erroneous to say that the buses hardware is actually responsible of the variations without further observations including:

(1) The distribution of buses on the network, for buses that are reserved for downtown areas vs buses that are reserved for express / suburbans areas will thereby yield a constant bias in the data.

(2) Specificities of the driving of some buses like, e.g, electrical buses, that benefit from regenerative braking as explained by [START_REF] Odd | A battery electric bus energy consumption model for strategic purposes: Validation of a proposed model structure with data from bus fleets in China and Norway[END_REF], inciting the drivers to be more proactive.

Bicycles.

Bicycles tend to be more used during spring and summer days, when the weather is warmer and less rainy. Thus, we targeted a portion of data for the period that goes from june 2019 to october 2019 from our dataset built upon AVL and OSM data, on urban areas only. This represents a total of 4'526'000 readings. We observed a very weak correlation (-0.06) between the portion of inter-stations that are common to bicycles and buses and the bus commercial speed. This correlation is computed using all the data available, including normal roads, bus lanes and bicycles lanes. Hence a better indicator would be to know if bicycles should be avoided on dedicated bus lanes or not.

We led a survey as described in section 2.5 for which the results are visible in Fig. 2 It is a mixed boxplot-line chart, with boxes width variating with the size of the data sample they represent. The correlation coefficient is of -0.26 and is way more important in this survey than over the whole network. This suggests that there is a chance that the presence of bicycles in bus lane is deleterious for the bus commercial speed. Once again, surveys on other areas have to be done in order to make this claim valid on other areas than the place the survey was led on.

Traffic

3.

3.1 Nominal. We call nominal period the time period out of lockdown, when the bus network was in its nominal state, with all the day to day activities of the city. Using the 1'246'000 readings made over 140 inter-stations we collected for the nominal period between may 2019 to march 2020, we could build the following results. Fig 3 shows the correlation matrix of bus commercial speed and the traffic load and average speed of vehicles. As we can see, there is a weak negative correlation (-0.25) between the bus commercial speed and the traffic load. On the other hand, there is a weak positive correlation (+0.29) between the bus commercial speed and the average speed of the vehicles. This totally makes sense as long as when the buses are inserted in the traffic flow, their speed varies with the average traffic speed, thereby, when the traffic gets heavy, the vehicles speed gets lower along with the bus commercial speed, and vice-versa. Table 3 represents summarizes the points of interest in the data we collected for the nominal period. As we can see, the average bus commercial speed in data is of 20.4 km/h and the average traffic load is quite important with a 33% average load.

Moreover, the amount of data for which readings shows that traffic is starting to get heavy (>= 50%) represent more than 20% of the data we get. Finally 2.6% of the data are corresponding to jam readings.

Manuscript submitted to ACM 3. Traffic data summary for nominal period.

Lockdown.

Using the 116'532 readings made over 135 inter-stations we collected for the nominal period between april 22nd 2019 to may 10th 2020, we could build the following results. We can see on Fig. 4 that the correlation we observed for the nominal period are still present, yet the coefficients are much lower. In the same way, if we take a look at Table 4 we can observe that not only the average bus commercial speed is more than 3km/h higher than in nominal condition, but also that the average traffic load as dropped by 39.4% while the average speed as increased by 5 km/h. In addition, we observe that the amount of readings for which the traffic load is at least 50% as been divided by more than 2 and that traffic jams have almost disappeared with a 73% drop. Our observations show that traffic has a real impact on bus commercial speed, not only by the existence of a correlation between traffic load, traffic average speed and bus commercial speed, but by showing that when there is nearly no traffic (during lockdown), the bus commercial speed tends to increase.

3.4 Ridership and fare-payment system 3.4.1 Nominal. We collected 20'042'000 readings for the nominal period starting from 2019-01-01 to 2020-03-16. Fig. 5 is the correlation matrix of the bus commercial speed and amount of smart card or ticket boardings for the nominal period. One can see that there are two very weak negative correlation (resp 0.18 for smart cards and -0.1 for tickets) for both smart card and ticket boardings. Table 5 shows that there are around 4 times more smart card boardings per stops in average than ticket boardings. We would expect ticket boardings to be more impactant because of ticket being sold onboard from time to time, yet smart card boardings impact on bus commercial speed looks higher here.

avg bus commercial speed avg smart card at stop avg ticket at stop 18.6 km/h 2.9 0.6 Table 5. Ridership data summary for nominal period.

3.4.2 Lockdown. We collected 196'000 readings for the lockdown period starting from 2020-03-17 to 2020-04-30. Fig. 6 is the correlation matrix of the bus commercial speed and amount of smart card or ticket boardings for the lockdown Manuscript submitted to ACM period. It appears that the impact of smart card boardingss is still visible with a smaller correlation coefficient (-0.12), accompanied with a 2 times decay in smart card boardings, as shown by Table 6. On the other hand the ticket boardings impact has totally disappeared, while ticket boardings have not totally disappeared as confirmed by Table 6. An hypothesis to explain this is that the onboard selling of tickets have been completely stopped during the lockdown, hence the tickets wearers would have necessarily bought their transport title outside of the buses. Our observations show that ridership has a real impact on bus commercial speed, not only there seem to be correlations between smart card boardings, ticket boardings and bus commercial speed, but moreover, when the ridership is reduced, the commercial speed rises.

DISCUSSION

The previous section showed that the use of massive data can help to understand and rank factors that impact bus commercial speed. Also, we suggest that we can yield a few learnings from that. First, understanding and mastering Manuscript submitted to ACM the roads infrastructure is probably a good way to know how to act on the equipment, hence which of them should be avoided or favored if one wants a high bus commercial speed, for road infrastructure is usually managed by cities themselves. A broader study, over other cities using the tool we developed 6 to gather infrastructure data would be a good way to confirm that the use of this massive data can help any city to control its impact on bus commercial speed.

Second, there are possibilities that some factors are not relevant depending on the metropolis the study is led on. As a proper example, the weather is probably an important factor in cities that are subject to snowfall or heavy rainfall.

However, what we obtained from our data was showing that, in the particular case of Rennes, the weather impact on bus commercial speed is most of the time negligible. Hence, the endeavour one furnishes to gather data should depend on the formal identification of factors that are expected to be paramount for the case study.

Third, data gathered during exceptional events that generate either a significant drop or raise of one or several factors can be used to highlight the importance of those factors.

Fourth, the observations we made using massive data helped us to raise the following hypotheses about the understanding of the impacting factors of bus commercial speed for the city of Rennes :

• H1: Road infrastructure have a major impact on bus commercial speed, both negative (traffic lights, pedestrian crossings) and positive (bus stop spacing, speed limit, roundabouts).

• H2: The combination of bus lane and traffic lights can result in the lowering of bus commercial speed.

• H3: Bicycles can have an impact on bus commercial speed when authorized on bus lanes. • H4: Ridership have an impact on bus commercial speed.

• H5: The impacts of smartcard boardings and tickets boardings on bus commercial speed are alike if tickets are sold offboard.

• H6: Heavy rain can have an impact on bus commercial speed.

• H7: Electrical buses driving specificities can yield a lower bus commercial speed.

Finally, the fact that all our analysis were made at inter-station level generates the possibility that some observations that are not visible at this scale, would be pregnant if the same analysis were led at e.g, bus line scale.

CONCLUSION

In this paper we used massive heterogeneous datasets to analyze the impacts of factors that are supposed to vary the commercial speed of buses. We led our survey on the bus network of the city of Rennes, France. We were able to test the impacts of road infrastructure, ridership, road traffic, bicycles, and weather. Our results demonstrated the value for bus networks operators to use massive data to understand and potentially control bus commercial speed variations by identifying and ranking impacting factors. Moreover, the 2020 containment was an opportunity to collect data that allowed us to compare the impact of traffic and ridership when the bus network is in a nominal state, or in a degraded state with almost no traffic and ridership. Those results reinforced the assumptions that traffic and ridership have a negative impact on bus commercial speed in the city of Rennes. Finally, we formulate a series of hypotheses that could help Rennes bus network operator to better understand and control bus commercial speed.
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	Bus brand/power/length	avg bus commercial speed	% of data
	A (fuel)	21.0 km/h	9.5%
	B (fuel)	19.0 km/h	75.5%
	C (fuel)	19.2 km/h	12.3%
	D (electric)	16.8 km/h	2.7%
	13 meters	20.6 km/h	37.8%
	18 meters	18.3 km/h	62.2%
	Fuel	19.2 km/h	97.3%
	Electricity	16.8 km/h	2.7%

summarizes the speed variation and data distribution between each manufacturer, bus size and power source.

Table 2 .

 2 Bus hardware data summaryWe can see that bus built by manufacturers B and C represent the majority of the buses that are used on the network (87.8% of readings) and have an average commercial speed of around 19 km/h. on the other hand, buses from Manuscript submitted to ACM manufacturer A yield the highest commercial speed in the sample (21.0 km/h). Electrical buses built by manufacturer D yield the lowest commercial speed, reaching only 16.8 km/h in average. If we take a look at the length of the buses, we can see that most of the readings are generated by 18 meters long, articulated buses (62.2% of readings) while smaller buses are less used in the network (37.8% of readings). The articulated buses apparently have a lower commercial speed

	(18.3 km/h) than standard buses (20.6 km/h). Finally, we can observe a gap of commercial speed between fuel powered
	buses (19.2 km/h) and electrical buses (16.8 km/h).

Table 4 .

 4 Traffic data summary for lockdown period.

	avg bus commercial	avg traffic load	avg speed on road	traffic load > 50%	traffic load = 100%
	speed				
	23.7 km/h	20%	42 km/h	10% of data	0.7% of data

Table 6

 6 also shows that the average commercial speed of the buses have slightly improved during the lockdown with an enhancement of

	around 2 km/h		
	avg bus commercial speed	avg smart card at stop	avg ticket at stop
	20.7 km/h	1.4	0.1

Table 6 .

 6 Ridership data summary for lockdown period.
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To reduce this unwanted noise, an evolution would be to split the roads according to the actual bus stop's position and try to keep the infrastructure elements that are matching the split. Please see https://gitlab.inria.fr/glyan/osm_bus_extractor for more details

https://data.rennesmetropole.fr/explore/dataset/etat-du-trafic-en-temps-reel/information/ Manuscript submitted to ACM

(considered as low by Meteo France: http://pluiesextremes.meteo.fr/france-metropole/Intensite-de-precipitations.html) Manuscript submitted to ACM
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