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ABSTRACT

In this paper we introduce and empirically validate a methodology to transform geolocation
observations of thousands of home delivery trips of an industrial partner into congestion data on
segments of a road network. We describe the geomatics steps and algorithms required to associate each
observation to the right road segment. From this data, we develop daily congestion index calendars as
a function of the time of the day. The sectorial congestion ratios are developed to guide the delivery
decisions of our partner. These data also make it possible to calculate the duration of a vehicle delivery
tour by considering the congestion of each segment at the moment when it will be crossed. Using
historical data of our partner, we demonstrate the accuracy of the developed procedures. Afterwards,
we analyze the best departure times for delivery tours taking into account congestion. We show that
by optimizing the tour departure times to avoid congestion enables a significant reduction of the tour
duration by 22% and savings on CO: equivalent emissions of up to 43 tons per year for our industrial

partner.
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1. Introduction

Congestion arises in most roads and highways in major cities around the world. It can cause a
significant variation in travel times, especially during peak hours, and thus have an impact on fuel
consumption and, consequently, on greenhouse gas (GHG) emissions. For companies offering home
delivery services, delays due to congestion directly affects the quality of the customer’s experience
and their costs. Companies offering home delivery and installation must therefore consider the risk of
congestion when creating delivery schedules to be proposed to drivers and customers. Poor scheduling
of visit times requiring customers to wait for the delivery of their product incurs a negative perception

on the quality of service.

In this paper, we investigate how the use of geospatial technology to derive congestion factors
throughout the day can improve delivery route planning for a major appliance and electronics retailer.
To do this, we describe a methodological approach to perform a massive data analysis on the
geolocation points (GPS) associated with the trips of the trucks of our partner. This allows us to derive
a personalized mapping of the traffic it faces in its delivery areas. Advanced geomatics analyses are
described to map GPS observations into the road network, deducing routes and the congestion rates on
the road. These analyses allow us to evaluate the congestion faced by our partner’s fleet and determine

the best possible departure times. Savings are estimated in terms of time, salary and GHG emissions.

The vehicle routing problem (VRP) and its generalizations are extensively studied in the literature
(Laporte 2009, Coelho et al., 2014, Kog et al., 2016, Ritzinger et al. 2016). Research on these practical
problems has been greatly influenced by computer and technological innovations. During the 1990s,
increased computing capacity led to the development of high-performance solution methods such as
tabu search, genetic algorithms, and advanced neighborhood search algorithms (Gendreau et al., 2002,
Cordeau et al., 2005, Potvin, 2009). Later, the availability of communication technology allowed the
interaction between the dispatchers and the drivers, which led to the development of dynamic vehicle
routing problems (DVRP) (Ichoua et al. 2006, Pillac et al., 2013). Today, the extensive use of electronic
devices, the democratization of smart phones enabling the acquisition of geolocation data and the big
data analysis make it possible to obtain real-time information on road congestion. The availability of

this information has pushed the development of research into new types of problems (Sperenza, 2018).



These include time-dependent vehicle routing problems (TDVRPs) (Kok et al., 2012, Gendreau et al.,
2015) and pollution routing problems (PRPs) that seek to optimize routing while considering GHG
emissions (Bektas & Laporte, 2011).

These recent developments are just beginning to appear in commercial software (ORMS Today, 2016).
In addition to technical difficulties involved in solving such problems, the lack of reliable and usable
data on road congestion still complicates the time-dependent routing. In this article we present a
complete and validated methodology that allows GPS data to be extracted and to deduce relevant
congestion information and to use them in order to plan departure times and study the delivery sectors

of our partner.

The remainder of this paper is organized as follows. In Section 2, we describe distribution problems
appearing in the furniture and electronics industry as is the case of our industrial partner. Section 3
describes the main methodological processes associated with converting raw GPS observations into
useful and insightful congestion information. The detailed analysis of a case study is presented in

Section 4, followed by our conclusions in Section 5.

2. Vehicle routing in the furniture and electronics delivery industry

This project was carried out in close collaboration with one of the largest retailers in the field of
electronics and appliances in Quebec. In order to offer a distinctive and high quality service, our partner
offers a personalized delivery service performed by its own fleet of vehicles, drivers and
assemblers/installers. The logistics process works as follows. When a customer makes a purchase, he
has the option of selecting a set of days when the delivery can be made. In some cases, the customer
may also require desired delivery time windows. Every evening, a computer system compiles the
deliveries to be made for the next day and optimizes the routes. When the planning is complete, the
system automatically generates a delivery confirmation for all customers, specifying whether their
delivery will take place in the morning or afternoon. Overnight, order assembly and loading operations
are performed at the distribution center and trucks are ready to start their trip by seven in the morning.
With the evolution of deliveries, an automated phone system informs the customer of the imminence

of the truck arrival.



Delivery planning is a complex process that must take into account the weight and volume of products,
the location of customers, the required installation times as well as constraints related to vehicle
characteristics. Depending on the level of quality or prestige associated with a specific product,
additional constraints may influence the choice of installers and vehicles (Gagliardi et al., 2013).
Finally, since drivers and installers are employees of the company, scheduling must consider lunch
breaks and other regulations, adding an extra level of complexity as demonstrated in Coelho et al.

(2016).

Our partner uses a home-based delivery planning software based on an evolved version of that
proposed by Gagliardi et al. (2013). This in-house development offers the advantage of complete
customization and full access to all data structure. This customization will make it possible to integrate
the processing of the geolocation data as well as the calculation of the hourly congestion. These

procedures are presented in the next section.

3. Geomatics data processing

In this section, we present the required steps to collect data, analyze them and extract useful
information about traffic congestion for different time intervals for each day of the week. The

methodology for calculating the travel time of a given route is also described.

3.1 Data acquisition

The first step is to perform the daily acquisition of GPS data from our partner. This data transfer is
done automatically every night using a Python command (script) file. On average, 45,000 GPS points
are transferred daily to a PostgreSQL/PostGIS geospatial database management system. Such a system
coupled with the Quantum GIS software can save, analyze and visualize geospatial data. Each
registered GPS point has several attributes, including: the route ID, the speed of the vehicle, the type
of recording equipment used, the exact date and time of recording points, and the latitude/longitude

coordinates. In our case, the average time between two consecutive recordings is 15 seconds.



3.2 Processing datasets

Once the raw data is imported, several treatments are performed to improve its quality. Initially, points
with aberrant speeds (negative or greater than 150 km/h) are eliminated, as are points whose distance
from the road network exceeds a certain limit (such as those recorded within buildings, parking lots,
badges traversing a river, etc.). This limit varies depending on the recording equipment used. In the
case of personal digital assistant (PDA-type) equipment, a point will be considered aberrant if it
deviates more than 25 meters from a road section. For electronic logging devices (ELDs), which are
much more accurate, the threshold is set to 15 meters. Subsequently, the aggregates of points recorded
during a long downtime are deleted (delivery to a customer, refueling at a service station, loading of
goods in a depot, etc.), in order to avoid affecting the calculation of average speeds and congestion. To
be considered as an aggregate, GPS points must have a speed of less than 20 km/h and we must observe

at least 12 observations within a 20-meter radius.

3.3 Assigning GPS points to road segments

Assigning the GPS points to their corresponding road segments is a process known as Map Matching
(MM) (Quddus et al., 2007). There are four groups of MM approaches, including topological (White
et al., 2000; Greenfeld, 2002; Quddus et al., 2003), probabilistic (Ochieng et al., 2004) advanced (Li
and Chen, 2005; Wang et al., 2006), and geometric (Bernstein and Kornhauser, 1996), and each has its

advantages and disadvantages.

The topological map-matching (tMM) algorithms consider information of heading, proximity, link
connectivity and turn-restriction weights. Weight-based tMM algorithms are most robust and widely
used (Greenfeld, 2002). Quddus et al. (2003 ) propose an enhancement of the topological map-matching
algorithm. The probabilistic algorithm was first introduced by Honey et al. (1989). It requires the
definition of an elliptical or rectangular confidence region around a position fix obtained from a

navigation sensor. Ochieng et al. (2004) developed an enhanced probabilistic map-matching algorithm.

Advanced map-matching algorithms consider more refined concepts such as a Kalmam Filter or an
Extended Kalman Filter (Li and Chen, 2005; Wang et al., 2006). It requires much more input data than
geometric and topological algorithms. Thereby, this result in slower matching times and higher

hardware workload.



The geometric MM method is based on the geometric relationship between GPS points and the road
network. It does not consider the way links are connected to each other. For example, the point-to-
curve technique (Bernstein and Kornhauser, 1996) assigns GPS points to the nearest road segment.
Thus, the distance between each GPS point and each road segment is calculated and the segment for
which the distance is minimal is selected. This method often produces incorrect results, especially on
a dense urban networks and/or when the quality of the GPS signal is weak (White et al., 2000). Indeed,
the nearest segment is not always the segment traveled. In Figure 1, the vehicle’s trip is represented by
the red line and points P' through P° have been recorded from a GPS device. The application of the
point-to-curve technique would incorrectly assign point P* to the road segment on the left. In order to
avoid these errors, we propose an algorithm that determines for each trip the segments actually traveled
by the vehicle by recreating its full path. We then assign the GPS points to the nearest segments of the
identified path. The steps of this algorithm are described next.

Legend
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Figure 1. Incorrect assignment of point P* under the point-to-curve technique

Identifying each route direction

As a first step, we need to find each route direction by using the date and time of the GPS points. For
a given trip all GPS points are connected from first to last. This step uses the time of each recorded
point to determine the direction of movement of each vehicle and therefore to identify the departure

and arrival points (Figure 2).
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Figure 2. Determining the direction of a route

Identification of the precise path of each trip

The second step is to identify which segment was actually traversed. To this end, we created a buffer
around each trip (Figure 3.a). This buffer is fixed according to the recording equipment used (25 meters
for PDA and 15 meters for ELDs). We then considered all the road segments belonging to the created
buffer zone. A sub-network is then defined for each trip (Figure 3.b). Subsequently, we projected the
first recorded GPS point as well as the last onto the closest road segments to the previously defined
sub-network. The closest junction nodes are then defined as the starting and ending points of the path
(Figure 3.c). Next, we identify the GPS points that touch a single road segment when considering its
buffer; these points are then assigned to their segment as no further decision needs to be made about
them (Figure 3.d). Subsequently, we computed the path between the start and end nodes passing
through the GPS points that are already assigned to their segments in the subnetwork (Figure 3.e). The
Dijkstra algorithm is used to determine the shortest path. Having accurately identified the route and
segments traveled, it is possible to make a final assignment of unassigned GPS points to their nearest

segment without error (Figure 3.f).
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Figure 3. Determining the precise path of each route



This step ends by determining the direction of movement on each segment. To do this, we use the
attributes fromnode (start node) and tonode (end node) of the road segments added when creating the
topology of the network. We identify the direction of the segments with respect to the directions of the
road segments as created in the topology. Figure 4 illustrates an example of a path from a to d composed
of three segments [a, b], [b, c] and [c, d]. According to the fromnode (F) and tonode (T) attributes of
each segment, the segments were crossed in the (TF) direction for the segment [a, b], in the (TF)
direction on the segment [b, c] and in the (FT) direction on the segment [c, d]. Thus, the GPS points

associated with each trip will be assigned to the right direction with respect to their segment.

Figure 4. Determining the direction of each road segment

3.4 Average speeds calculation by time slots

The objective of this step is to compute the average speed on each segment according to the desired
aggregation of time and days. We first sort each GPS observation by date, hour, and quarter of an hour.
We assigned values from 0 to 6 on all days of the week (0 for Sunday and 6 for Saturday), O to 23 for
hours, and 0 to 3 for a quarter-hour (0 for 0 to 15, minutes, 1 for 15 to 30 minutes, 2 for 30 to 45
minutes, 3 for 45 to 60 minutes). This allows one to filter the GPS points in increments of 15 minutes
and filter the related databases. Then, for a given segment, we calculated the average speed of all GPS
points recorded in the same time interval and having the same direction of movement. Note that these
GPS points can belong to several routes with different origins and destinations as long as they traverse
this segment. The relevant databases are then updated. Thus, the data treatment of a new Monday will

update the databases Monday as well as the database Week.

Various types of data aggregations can be performed, by week, by time interval, by month, by season,
and so on. Having the nominative information on each road segment (length, orientation, speed limit),
we can estimate a congestion coefficient as the ratio between the computed average speed and the

speed limit. For a given segment, we can obtain its congestion coefficient for each 15-minute interval,



from Monday to Sunday, and display this information in the form of a spreadsheet, an XML file or to
visualize it with the help of a road map by coloring the segments according to the observed congestion

coefficient.

Two examples of the observed coefficients plotted over the map of Quebec City are shown in Figure 5.

e
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Figure 5. Two examples of the visualization of the congestion coefficients

3.5 Route duration according to road congestion

A given route can be considered as an ordered set | = {S1, Sz, ..., Sn} of n segments Si such that the head
of the segment S is the starting point of the route and the tail of segment sn is the destination of the
route. The tail of segment Si corresponds to the head of the segment Si+1 for i =1, ..., n-1. We define ai
and bi, 1 =1, ..., n, as the time of entry and exit of segment Si, respectively. Initially only ai is known,
that is, the departure time of the route. Although we can generalize the calculations for any trip |, we
will assume a route performed by a delivery truck, such that the route starts and ends at a depot. Hence,
the head of si and the tail of sn correspond to the depot. This route of n segments is used to serve m
customers, m < n. In order to simplify the notation, we will assume that each customer is located at the
end of a segment Sj and that its service time is i units. If the end of a segment does not correspond to

a customer, the service time associated with the segment is simply di= 0.

10



To each segment Si is associated a length li and a nominal speed Vi (set to the speed limit of this

segment). The nominal duration of route I, denoted D(l), is calculated as follows:

n

b= (")

i=1

The nominal duration of a route is the driving time if the vehicle is traveling at full speed and the
stopping times (service times and traffic lights) are neglected. The nominal duration is independent of

the starting time of the route, the day, and the congestion.

Using the information contained in the database, each segment Si has an observed speed ¥} when

entered in period t. Thus, if segment Si is entered at the time t = ai with a speed 7}, the travel time will

=t
be l‘/_t. The congestion coefficient of segment si during the time interval tis ef = Vi/, where ! is
Ul l

the average observed speed of segment Si during time interval t and vi is the nominal speed. We define
d(i) as the time required to traverse segment Si for a given start time and excluding the service time.
The calculation of the duration of a route begins with the first segment which is entered at time a1 and

left at time b.

(1) = ll/ﬁal

1

b, =a, +d(1) +6,.

Then, recursively from i =2 to n:

a; =b;_4

d(i) = ’i/ﬁai

i
bi = ai + CZ(l) + 6i'

Then D(I) = b,, denotes the time required to travel and serve the customers of route | when it starts at

time ai with the observed speed as a function of the time where each segment is crossed. The driving

time, without service times, is denoted D:
— _ n
D=0bu)- Z 5.
i=1
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This calculation method assumes that for a given time interval, only one speed is associated with each
segment. This assumption is not very restrictive considering that the road segments are relatively short
and that the time to travel them is significantly smaller than the considered time interval of 15 minutes.
With such a time interval, in practice, a segment could only have two different speeds if it overlapped

exactly two time slots. The preceding formulas could then be easily adapted.

Information propagation

When evaluating a route |, it is possible that some segments for a given time t do not have an observed
speed ¥} in the database. Using the speed limit to these segments would neglect information available
on neighboring segments. Thus, in the absence of an observed speed, we propagate the information
available on the adjacent segments of the route according to the time period t when the segment will
be traversed. Thus a congestion coefficient &f will be calculated as soon as a segment Si with no

observed speed is found between two incoming and outgoing segments s, and Ss; having congestion

information available. The congestion coefficient will be calculated by averaging the coefficients of

n t k t
Zj=13ej+ Zj=1 Es:

the incoming and outgoing adjacent segments as &f = ( 1) (see Figure 6). Only adjacent

n+k

segments with information are considered in the calculation.

t
S¢., & t
S$17¢8 ‘\ Si, &

<
-

t S
SSi’ gsl 4 /

t
SSk' SSk

Figure 6: Information propagation on segment S;

4. Case study

In this section we present different congestion analyses on the data collected from our industrial
partner. First, we show that the developed method allows us to analyze how the congestion impacts
the delivery sectors of the company. Subsequently, a set of routes will be analyzed in detail to validate
the method developed with the actual data. Finally, we show how information can be used to determine
the best start times to minimize the length of the delivery routes. This has important implications on

fuel consumption and GHG emissions, as demonstrated at the end of this section.
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4.1 Calculation of sectorial congestion

We use the data collected from our partner to determine the congestion that faces its vehicles in their
different delivery sectors. Figure 7 details the Quebec City region according to the nine distribution
sectors used by the company. For each sector, we analyzed all the road segments with traffic
information. For each 15-minute time slot and for each sector, we calculated the average congestion
ratio as the average of the segment congestion ratios for which we have an observation. Globally
27,945 road segments share 3,450,265 observations taken between March 06, 2015 and March 20,
2017.
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Figure 7. The nine distribution sectors in the Quebec City region

Figure 8 shows the evolution of congestion ratio on 52 intervals of 15 minutes ranging from 6:00 to
19:00. Sectors 1, 4, 5 and 6 are the most congested. Sector 4 shows the worst average congestion factor
(0.49) in the interval between 13h30 and 13h44. This sector is the downtown neighborhood of Quebec,
which includes the touristic areas as well as the parliament, and the main government departments of
Quebec. This information is sorted differently in Table 1, which breaks the 52-time slots into five
subsets: before morning traffic, morning traffic, midday, end-of-day traffic, and end of the day. The

most congested time slot is from 7:30 to 10:15 with an average ratio of 0.59. Between 10h15 and

13



13h44, sector 4 shows the worst congestion ratio with 0.51. The column Global Average reports the

results for each sector over the 52-time slots. The global speed observed for all the segments

corresponds to 65% of the speed limit.
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Figure 8. Evolution of congestion ratios
Table 1. Sectorial congestion factor
Sectors ~ 6h00 7h29  7h30 10h14  10h15 13h44  13h45 17h29  17h30 18h59 | Global
Average

1 0.74 0.57 0.59 0.59 0.65 0.61
2 0.73 0.59 0.63 0.62 0.68 0.64
3 0.85 0.61 0.63 0.64 0.75 0.67
4 0.84 0.53 0.51 0.52 0.68 0.57
5 0.79 0.53 0.54 0.55 0.70 0.59
6 0.88 0.59 0.61 0.64 0.76 0.67
7 0.77 0.61 0.63 0.65 0.74 0.66
8 0.81 0.65 0.66 0.69 0.80 0.70
9 0.88 0.66 0.67 0.70 0.83 0.72
Average 0.81 0.59 0.61 0.62 0.73 0.65
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4.2 Analysis of delivery routes

In this section we analyze in detail a representative set of 27 routes performed by our partner, three by
delivery sector. Our analyzes are based on the service time as well as the driving time. In Table 2, the
Planned Service Time column is the customer’s standard service and installation time as determined
by the company. The Observed Service Time is the actual time observed in the routes, obtained by
recalculating GSP data allowing us to know when a vehicle stops at a customer's coordinates and when
it departs this location. This first analysis shows a tendency of the company to overestimate installation
times as the planned time for the 27 routes is 162h01 and the real time was 146h17, an overestimation
of 944 minutes (on average 35 minutes per route). This shows that the software used by our partner
largely ignores traffic and compensates this discrepancy by increasing service time. As we will observe

later, this has negative effects on the creation of efficient vehicle routes.

In terms of driving time, the Planned Driving Time is the estimated time of the current routing software
that does not take into account traffic congestion. This is the time given to the drivers on their bill of
delivery. The Observed Driving Time was obtained by analyzing the GPS points of each route and
determining the actual driving time, which excludes service times, the length of the lunch break and
the associated movements. Finally, the Estimated Driving Time is our estimation for the timing of each
route by taking into account traffic conditions as presented in the previous sections. To this end, we
used exactly the same segments and determined the travel times according to the congestion ratio
associated with the time interval when this segment was traversed. In order to manage the time properly
we used the same installation and pause times to accurately reproduce the routes and determine their

duration according to the congestion information present in our traffic database.
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Table 2. Detailed analysis of the delivery routes

Routes Service time Difference Driving time Difference
Planned Observed | (minutes) | Planned Observed Estimated | (minutes)
1 5h59 6 h 46 47 0h59 1 h44 1 h35 -9
2 5h18 4h11 -67 Oh12 1 h03 1 h05 2
3 5h39 5h07 -29 0h47 lhll 1 h27 16
4 5h42 5hil3 -29 0h36 0h58 1h10 12
5 5h19 4 h 44 -35 0h 56 1h14 1h21 7
6 6 h 23 7h 54 91 0h42 lhll 1h15 4
7 7h 02 6 h 03 -59 0h41 1hl15 1h18 3
8 7h02 5h48 -74 0h49 1hll 1h10 -1
9 6h 09 6h 09 0 1 h24 1 h37 1 h39 2
10 6h13 6 h 34 20 0h 56 1 h43 1 h42 -1
11 7h 19 6h 07 =72 0h42 1h14 1h13 -1
12 6h17 7h 57 100 0hS51 2h01 1 h42 -19
13 6 h 08 8h 20 132 0h36 1 h46 1h29 -17
14 5h09 5h30 21 0h45 1 h43 1 h49 6
15 6h22 5ho01 -81 0h58 1 h42 1 h39 -3
16 4h 58 5h13 15 0h 56 1 h26 1hl5 -11
17 7h45 5h03 -162 1 h08 2h12 2h11 -1
18 5h19 3h39 100 1h16 1 h23 1h30 7
19 7h48 5h18 -150 0h35 2h37 2h37 0
20 4h55 4h15 -40 1 h42 1 h51 1 h42 -9
21 4 h 37 3h36 -61 1 h37 1 h57 2h 07 10
22 4h32 3h 50 -42 0h 54 1h34 1h39 5
23 5h57 4h13 -104 1h19 2h29 2h 19 -10
24 5hl4 4h26 -48 1h22 1 h28 1 h30 2
25 6h 59 6 h24 -35 0h42 1h32 1h17 -15
26 4 h 54 4h1l -43 1h17 2h15 2h27 12
27 7h 05 4 h 46 -139 1h35 2h 00 2h 14 14
Total 162h01 146h17 -944 26h17 44h30 44h32 5
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The results in Table 2 show that the observed driving times are consistently higher than the planned
times with an observed time of 44:30 compared to a planned time of 26:17. Our estimated driving
times are much closer to the observed times with an estimated total of 44:32 which is a 5 minute
difference from the total actual driving time for the 27 routes. This result confirms that the developed
method provides an excellent estimate of actual travel times, which is much more accurate than the

software currently in place at the company.

4.3 Determining the best departure times

Since the length of a delivery route depends on the congestion, it is influenced by the departure time.
For each route, we recalculated the driving times for the departure time that was chosen by the company
as well as for potential departures between 6:00 and 13:00, for time intervals of 15 minutes. Table 3
presents for each route its current departure time, the optimal and the worst departure times. Thus, for
Route 1, the best departure time would be to leave the depot at 12:00 with a route length estimated at
1h12 which is 22 minutes quicker than starting at 7:35. The worst departure time of Route 1 is at 8:00
with an estimated duration of 1:35, one minute longer than the time associated with the current time of
departure at 7:35. Table 3 shows that for the routes studied, using the optimal departure time for each
route would reduce the total delivery duration from 44:32 to 32:27, i.e., a reduction in driving time of

12 hours and 5 minutes, which corresponds to 27%.

Unfortunately, because of the associated return times, some of these routes are not acceptable to
customers nor to the company. Indeed, the return of Route 1 at 21:12 is not applicable due to customer
service restrictions. Table 4 then reproduces the same analysis, but imposing departure times after
07:00 and return times to the depot before 19:00. This time interval is realistic and minimizes the
impact on customer service. Even if the time savings are lower, a reduction in travel time of 9:50 is
observed, or 22%. Considering two installers per vehicle, each costing the company about 21 $/h, this
reduction corresponds to a saving of 413 § (9.83 x 21 x 2). If this 27-routes saving is considered to an

average of 40 routes per day, this totals to savings of 612 $ per day.
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Table 3. Departure time analysis

Routes Departure time Optimal departure time Worst departure time
Current Improvement

Time Length| Time Length Return Length % Time Length Return
1 07:35 1h34| 12:00 1h12 21:12 O0h22 24 08:00 1h35 17:35
2 0734 1h05| 0630 O0h59 11:53 0h06 10 08:00 1h07 13:31
3 07:04 1h27| 12:00 1h08 18:24 O0h19 22 07:00 1h29 13:45
4 07:383 1h10| 12:00 O0h47 1837 O0h23 33 07:30 1h17 14:37
5 07:46 1h21| 06:00 Oh55 11:54 O0h25 32 07:46 1h21 14:06
6 07:38 1h15| 12:00 Oh52 21:39 O0h23 31 07:38 1h15 17:40
7 07:42 1h18 | 11:00 Oh56 19:21 Oh21 28 07:42 1h18 16:25
8 07:34 1h10| 12:00 Oh55 1943 O0h14 21 08:30 1hl1l 16:29
9 07:31 1h39| 11:00 1h10 19:16 O0h28 29 07:30 1h41 16:16
10 07:32 1h42| 12:00 1hO08 20:45 O0h33 33 07:32 1h42 16:52
11 07:51 1h13 | 06:00 O0h47 13:35 O0h25 35 07:51 1h13 15:52
12 07:03 1h42| 12:00 1h20 22:14 O0h21 21 09:00 1h50 19:44
13 07:383 1h29| 12:00 Oh50 22:02 O0h38 43 07:383 1h29 18:19
14 07:31 1h49| 11:00 1hO00 17:55 0h48 45 07:31 1h49 15:15
15 07:50 1h39| 11:30 1h18 19:19 O0h20 20 07:30 1h44 1545
16 0734 1h15| 11:00 Oh57 17:10 Oh17 23 07:34 1h15 14:02
17 07:10 2h11 12:00 1h39 20:40 O0h32 24 07:30 2h12 16:44
18 07:36 1h30| 12:00 1h03 16:45 O0h26 30 07:36  1h30 12:48
19 07:19 2h37| 11:30 1h42 20:13 OhS55 35 07:19 2h37 16:58
20 08:05 1h42| 12:00 1h25 1853 O0h17 17 07:00 1h34 14:18
21 07:42 2h07| 12:00 1h33 17:09 O0h33 27 07:42 2h07 13:25
22 0734 1h39| 11:30 1h13 16:45 O0h26 26 07:30 1h45 13:17
23 07:42 2h19| 06:00 1h43 13:00 Oh35 26 07:30 2h29 15:16
24 07:34 1h30| 11:00 1hO05 16:56 0h24 27 07:34 1h30 13:55
25 07:06 1h17 | 12:00 1h02 20:59 O0h14 19 08:00 1h28 17:25
26 07:44 2h27| 12:00 1h44 18:10 O0h42 29 07:44 2h27 14:37
27 07:32 2h14| 11:30 1h50 19:15 O0h23 17 07:30 2h15 15:39

Total 44h32 32h27 12h05 27 45h21
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Table 4. Routes length with departure times after 7:00 and return time before 19:00

Routes Actual departure Best feasible departure Improvement
Time Length Time Length Return Length %
1 07:35 1:34 09:00 1:22 18:22 0:22 24
2 07:34 1:05 09:00 1:00 14:24 0:05 8
3 07:04 1:27 12:00 1:08 18:24 0:19 22
4 07:38 1:10 12:00 0:47 18:37 0:23 33
5 07:46 1:21 10:30 1:00 16:29 0:21 26
6 07:38 1:15 09:00 1:03 18:50 0:12 17
7 07:42 1:18 07:30 1:03 15:58 0:21 28
8 07:34 1:10 11:00 0:59 18:47 0:14 21
9 07:31 1:39 10:30 1:15 18:50 0:28 29
10 07:32 1:42 09:30 1:13 18:20 0:33 33
11 07:51 1:13 11:00 0:48 18:35 0:25 34
12 07:03 1:42 07:03 1:42 17:38 0:00 0
13 07:38 1:29 07:00 1:07 17:19 0:25 29
14 07:31 1:49 11:00 1:00 17:55 0:48 45
15 07:50 1:39 10:30 1:30 18:31 0:20 20
16 07:34 1:15 11:00 0:57 17:10 0:17 23
17 07:10 2:11 10:00 1:46 18:47 0:26 20
18 07:36 1:30 12:00 1:03 16:45 0:26 30
19 07:19 2:37 09:30 1:52 18:23 0:51 32
20 08:05 1:42 12:00 1:25 18:53 0:17 17
21 07:42 2:07 12:00 1:33 17:09 0:33 27
22 07:34 1:39 11:30 1:13 16:45 0:26 26
23 07:42 2:19 11:00 1:49 18:06 0:35 25
24 07:34 1:30 11:00 1:05 16:56 0:24 27
25 07:06 1:17 09:30 1:10 18:37 0:06 9
26 07:44 2:27 12:00 1:44 18:10 0:42 29
27 07:32 2:14 11:00 1:56 18:50 0:23 17
Total 44:32 34:42 9:50 22
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4.4 Reduction of CO- equivalent emissions

In this section we evaluate GHG emission savings achieved by reducing the duration of delivery routes.
Since the distances traveled are exactly the same, only the 9:50 travel time reduction from Table 4 has
to be converted into CO2 equivalent emissions, denoted CO2 e. It is impossible to determine with
certainty how these 9:50 reduction was achieved (i.e., was the truck stuck in traffic, or driving slower
in some segments, or constantly accelerating and breaking). For this reason we used different methods
to quantify the reduction of emissions. The first one assumes that the vehicle engine is idle during the
time saved. This estimate is actually a lower bound on the emission reductions. According to Natural
Resources Canada (2017), light-duty vehicle consumption is estimated at 1.80 1/60 min. One liter of
diesel generates 2.60 kg of CO2 and other gases that correspond to, under a common measure, to 2.79
kg CO2e (MERN, 2014). It can be estimated that an engine running idle during for 590 minutes
generates 49.38 kg CO: e (590 minutes x 1.80 1/60min x 2.79 kg CO2 e/l). Hence, we estimate that the
minimum saving is that we avoided the engine to be idle for 9:50 which would reduce emissions in

49.38 kg CO2 €.

The second method is based on the average speed of the routes. First, we calculate the precise distance
of the route (in meters). From this distance and the driving time of the route (relative to its departure
time), we deduce its average speed (Vi). We proceed in the same way to calculate the average speed
associated with the optimal departure time from Table 4 (V2). We then use the Comprehensive Modal
Emissions Model (CMEM, 3.01) to calculate fuel consumption and CO: e emissions for these two
routes (Barth and Boriboonsomsin, 2008, 2009). The difference in the amount of COz e emitted by the
routes for two departure times (the actual departure time and the optimal one) represents the reduction

of CO2 e emissions associated with the time saved.

Route 1 will be used as an example. The road distance is 45.588 km and it was traveled in 94.5 minutes
(Table 4) for an average speed of 28.9 km/h. For these parameters, the CMEM provides a consumption
of 11.14 liters (24.4 1/100 km) and emissions of 31.12 kg COz e. A departure at 9:00 provides an 82-
minute route, which corresponds to an average driving speed of 33.4 km/h. The CMEM provides a fuel
consumption of 10.10 liters (22.15 1/100 km) and emissions of 28.18 kg CO: e. The reduction in

emissions for Route 1 only is therefore 2.94 kg CO: e.
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Overall, the 27 routes have a length of 1 717 km and the application of the CMEM with the actual
departure times leads to an average consumption of 20.60 /100 km for a total consumption of 353.7 L.
The application of CMEM on these routes with their optimal departure times leads to an average
consumption of 18.76 1/100 km. This difference of 1.84 1/100 km yields, for all the routes, a total
reduction of 31.59 liters and of 88.13 kg COz e. This corresponds to an average reduction of 9.6%.

Hence, this realistic estimation shows savings that are almost double those of the idle engine method.

For the roads analyzed, the CMEM reports consumptions between 18.76 and 20.60 1/100 km, for an
average consumption of 19.68 1/100 km. It is good to put these numbers in perspective with other
sources. In comparison, HinoCanada, which manufactures the HINO D195 vehicles used by our
partner, advertises a consumption of 22 1/100 km. The transportation managers of our partner base their
estimates on a consumption of 25 1/100 km. The last two rows of Table 5 therefore project the emission
reductions proportionally according to these consumption rates. Considering that our partner performs
an average of 10 500 delivery routes per year, we can estimate that a better management of departure

times could save between 12,285 and 15,606 liters of diesel per year, i.e., between 38 and 43 tons of

COz e per year.
Table S. Reduction in fuel consumption and GHG emissions
Calculation Consumption in Reduction for 27 Projected reduction for
method liters per 100 km routes 10 500 routes
liters CO2 e(kg) liters COz2e (1)
Idle 1.80 17.70 49.38 6 833 19.20
CMEM [18.76; 20.60] 31.59 88.13 12 285 34.27
HinoCanada 22.0 13 733 38.31
Partner estimates 25.0 15 606 43.53
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5. Conclusions

Most vehicle routing algorithms consider constant speed. In practice, speed is affected by several
variables including, among others, the state of road traffic at different times of the day. The time-
dependent vehicle routing problem (TDVRP) allows us to consider some congestion issues.
Nevertheless, the TDVRP is mostly based on simulated congestion data. In this article we have
described and validated a detailed methodology that allows to establish precise maps of traffic
congestion as a function of time from GPS observations. We have demonstrated the precision of the
methodology developed by comparing our estimates with the routes performed by our industrial
partner. This information can be used to optimize the departure time of vehicles according to
congestion and thus reduce driving times of drivers. This dynamic management of departure times
allows reductions in the order of 22% of travel times. These reductions translate into savings of

between 12,285 and 15,606 liters of diesel per year, or between 38 and 43 tons of CO:z e per year.
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