
























































follow a lognormal distribution, see Dessouky et al. (1999). In our particular case, we use a
transformation by shifting and scaling a lognormal distribution with mean g, = 0.0953 and
standard deviation o, = 0.25. The mean and the standard deviation of the actual sample
data are respectively about 4 and 7 minutes.

Lastly, we analyzed the probability distribution of the occurrence of all the potential cus-
tomers in general. In Figure 1, P2 is the actual discrete distribution and P4 is its continuous
approximation which is a shifted power function. Without loss of generality, customers are
represented by non-increasing IDs with respect to their probability of occurrence. Note that
there are customers with probability 1 (i.e. occurring in all of the scenarios). In addition, we
present two more discrete distributions, P1 and P3, which are generated by modifying P4.
In P1, the probabilities of occurrence are decreased with respect to original P2; and in P3,
they are increased. These three distributions, P1, P2 and P3, are used in our experiments

to sample scenarios.
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Figure 1: Actual and modified probability distributions of the occurrence of customers
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9.2 MADS versus Independent Daily Insertions

In this first set of experiments, we explore the effect of changing problem data on the two-
phase MADS algorithm and we compare the quality of the solutions with the independent
daily insertion (IDI) algorithm, leaving the effect of changing the parameters of our heuristic
to the next set of experiments. Therefore for the current experiments we need to fix the value
of these parameters of the MADS algorithm, the buffer capacity and the set of customers to be
scheduled in the master plan during phase one. For the latter, we refer to the distribution P2
in Figure 1 and we define a cut to select the customers with high probability of occurrence.
In order to keep the resulting number of total customers around the average number of
customer per day, 472, we fix the value of this cut to 0.25. That is, only the customers
which have a higher probability of occurrence than 0.25 are considered in scheduling the
master plan during phase one. This total number of customers turns out to be 422 for our
application. For the former problem parameter, we set the buffer capacity to 50%, meaning
that only half of the total allowed time for the couriers is considered during the first phase.
This way, we weight the cost driven first phase and priority driven second phase equally.

For the uncertainty in service time and probabilistic customers, we consider a base case
with respect to our fitted lognormal distribution and the probability distribution P2 in Figure
1. For each problem instance, we sample data of scenarios for the planning horizons with
respect to these two distributions. First, the occurrence data of each scenario is generated
by randomly selecting customers according to P2 until 472 customers are selected in each
scenario. Then each customer is assigned a random service time following the lognormal
distribution. Recall that the time windows and travel times are deterministic. Thus, all the
required data for a problem instance is generated by this process. Also, recall that for the
MADS algorithm, only the first half of the total data is used to generate the master plan for
a planning horizon and the remaining half is used to evaluate its performance; whereas for
the IDI algorithm, only the second half is used as future outcomes.

We generate additional cases by deviating from the base case in two ways. First, we

change the standard deviation o, of the lognormal distribution to see the effect of increased

21



service times, with o, = 0.500, and decreased service times, with oy = 0.125. Second, instead
of P2 we sample customers from P1 and P3 in Figure 1. The effect of sampling from P1 with
respect to P2 is the following: in each scenario most of the customers are selected among the
customers with high probability of occurrence since the others have a significantly less chance
to oceur. Note that since the customers considered in the master plan during the first phase
of the MADS algorithm also have high probability of occurrence, the similarity in routes of
this heuristic solution should improve on such instances. The effect of sampling from P3
is simply the reverse: this time the customers which have relatively smaller probability of
occurrence have in fact a higher chance to occur in each scenario with respect to P2. Thus,
in the solution of MADS, the similarity measure is expected to be low for such instances.

For each case, we generate 30 random problem instances and report the averages of the
solutions. When moving from one case to another we modify only one parameter at a time
keeping the rest of the problem instance the same, which allows observing the sole effect of
changing this particular parameter. Table 1 provides these experimental results. The left
part is the input parameters and the right part is the output measures. The headings are
as follows: “Alg” is the algorithm used in generating the solution; “Prob” is the probability
distribution in Figure 1 used to sample customers; “Std” is the value of the standard deviation
of lognormal distribution of service times, o,; “NS” is the total number of customers which
could not be served in the daily schedules, “Time” is the total time spent by the couriers in
daily schedules which is composed of travel, waiting, and service times; “Penalty” is the total
lateness penalty in daily schedules; and “Ares” is the total length of common arcs in daily
schedules which is the similarity measure. Since we compare the quality of the solutions
with the independent daily insertion algorithm which does not generate a master plan, we
slightly modify the similarity measure “Arcs” to make the solutions comparable. Instead of
calculating the similarity of a scenario with respect to the master plan, we re-calculate this
number based on the average similarity of scenarios with each other and report to total of
these averages.

The general observations based on Table 1 suggest that IDI covers customers with smaller
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Table 1: Comparison of MADS with IDI

Alg Prob | Std NS Time Penalty | Arcs
MADS P1 0.125 0.0 96817.1 65.7 | 461.8
MADS P1 0.250 0.0 99676.4 99.5 | 363.4
MADS P1 0.500 18.8 | 109592.6 646.2 | 267.4
MADS P2 0.125 0.0 96827.8 86.7 | 226.2
MADS P2 0.250 0.0 99798.9 109.7 | 2154
MADS P2 0.500 18.4 | 109593.5 638.7 | 160.4
MADS P3 0.125 0.0 O7168.8 147.1 46.1
MADS P3 0.250 0.0 99913.2 228.4 43.3
MADS P3 0.500 15.9 | 109288.0 5711 20.5

IDI Pl 0.125 0.0 93392.3 5159.4 17.0

1DI P1 0.250 0.0 98436.3 2019.4 17.5

IDI P1 0.500 2.9 | 107644.5 154.5 16.4

1D1 P2 0.125 0.0 93365.5 4228.0 12.6

1D1 P2 0.250 0.0 98335.7 2365.4 12.9

D1 P2 0.500 2.9 | 107621.9 189.0 11.5

ID1 P3 0.125 0.0 93381.5 2079.3 4.8

DI P3 0.250 0.0 97983.9 1247.0 5.7

IDI P3 0.500 3.0 | 107425.9 133.5 4.2

time spent but with an increased lateness penalty and decreased similarity of routes compared
to MADS. Therefore, generally speaking when MADS can cover all the customers, it improves
the similarity of routes and lateness penalty at the expense of increased time spent; the only
exceptions are the cases with o, = 0.500. The improvement on similarity is expected due
to the feedback process in MADS between the master plan and the scenarios. However,
the improvement on the lateness penalty is mainly due to the buffer capacity. During the
greedy insertion routine, most of the lateness penalty is incurred at the latest insertions in
the routes since the cheapest ones are performed in the beginning delaying the costly ones
whose penalty increases even more due to previous cheaper insertions. Reserving a buffer
capacity prevents the insertion routine from incurring these high penalties during phase one;
and during the iterative phase two since some of the insertions are done based on priorities,
again the greedy nature of the insertion routine is avoided up to some extend. Another

general comment is that high values of o, result in customers which could not be served in
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the solution. In such cases, IDI performs better in covering customers than MADS because
there is no effort done in creating commeon arcs in scenarios, which provides flexible schedules
to serve more customers.

When we analyze Table 1 in particular for MADS, we see that in general increasing the
probability of occurrence for a given standard deviation increases time spent and lateness
penalty, and decreases similarity, making all these measures worse. The result is intuitive and
expected since sampling from a wider likely range of customers results in diverse scenarios,
which increases the cost aspects and decreases the similarity. On the other hand, increasing
the standard deviation for a given probability of occurrence has also the same effect on
these measures as before with the addition that high values result in unserved customers.
This is also expected because increased and dispersed service times make the problem worse
with respect to all measures. As a general conclusion, for MADS it is desired to have a
combination of minimum values of o, and “Prob” in the problem data.

Lastly, when we analyze Table 1 in particular for IDI, the results are more obscure and
there is no overall general trend. However, increasing the probability of océurrence for a
given standard deviation decreases lateness penalty; and increasing the standard deviation
for a given probability of occurrence increases time spent and decreases lateness penalty
with the addition that high values result in unserved customers. This decrease in lateness
penalty with respect to increased standard deviation is mainly due to the load of customers
in the vehicles. High standard deviation results in high service times yielding more balanced
routes because of the tie-breaking and the nature of the cheapest insertion during the 1DI
algorithm. However, the effect of low standard deviation is just the opposite. This is intuitive
since under high standard deviation, inserting several customers with high service times in
one vehicle is not feasible and therefore these customers are evenly distributed to all the
vehicles. On the other hand, in case of low standard deviation, several customers with small
service times can be fit in a single vehicle leaving only few other customers with small service
times to be inserted into the other vehicles. As a result, when the vehicles are balanced in

case of high standard deviation, it is easier to meet the deadlines (and hence to incur smaller
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lateness penalty) at the expense of increased time spent compared to the case of low standard

deviation having an uneven balance of customers in the vehicles.

9.3 MADS versus Real-life Solution

In this second set of experiments, we both explore the effect of changing parameters of the
MADS algorithm and compare the quality of its solution with the current practice. For the
percent buffer capacity, we explore the following range: 0, 20, 40, 60, 80, 100. Note that 0%
buffer capacity bypasses the first phase of the heuristic by making insertions in the master
plan only based on priorities; and 100% is the reverse making all the insertions based on
costs. For the cut of the probability distribution P2 in Figure 1, we use 0.25 as the base
case resulting in 480 customers and consider the following deviations: 0.20 resulting in 563
customers and 0.30 resulting in 384 customers. As before, the first half of the real-life data is
treated as past realizations for the MADS algorithm and the second half as future outcomes
to evaluate and compare the solutions.

Table 2 shows the solutions on the real-life data instance for different parameter settings
of our heuristic. The new headings are “Cut” for the cut of the probability distribution
and “BF” for the percent buffer capacity. Also, “NA” stands for not applicable. In this
particular real-life data instance all the customers could be feasibly served in each day of
the planning horizon. In addition, we provide the solution obtained by the IDI algorithm
and the real-life solution, as well as average results of each cut over the 6 buffer capacity
values for the MADS algorithm indicated by “Avg” under the “BF” column. Also we use as
before the slightly modified version of the similarity measure “Arcs” to make the solutions
comparable.

When we look at the individual solutions, we see that both the real-life solution and
MADS are able to improve similarity at the expense of increased time spent and lateness
penalty with respect to IDI. When we compare the quality of the solution by MADS with the
current practice, we see that in general MADS provides a better improvement in similarity

and time spent with a possibly higher lateness penalty. However, we observe that in a total
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Table 2: Comparison of MADS with Real-life solution

Alg Cut | BF || NS Time Penalty | Arcs
Reallife | NA | NA 109009.8 | 5091.8 | 334.2

IDI | NA | NA 98749.0 905.2 | 376
MADS | 0.20 0 101687.8 | 3279.1 | 352.3
MADS | 0.20 | 20 101895.6 | 73338 | 3610
MADS | 0:20 | 40 1016408 | 49274 | 3713
MADS | 0.20 | 60 102106.4 | 3887.1 | 9115
MADS | 0.20 | 80 1024467 | 51346 | 965.4
MADS | 0.20 | 100 102373.7 | 82188 | 1093.0
MADS | 020 | Avg 102025.2 | 54635 | 6758
MADS | 0.25 0 1018949 | 45307 | 485.7
MADS | 025 | 20 102022.5 | 13208.1 | 7493
MADS | 0.25 | 40 1020450 | 5377.5 | 7200
MADS | 0.25 | 60 1018726 | 29205 | 870.6
MADS | 025 | 80 101828.7 | 47050 | 634.2
MADS | 0.25 | 100 102373.7 |  8218.8 | 1093.0
MADS | 0.25 | Avg 1020062 | 64934 | 758.8
MADS | 0.30 0 101779.4 | 24149 | 6751
MADS | 030 | 20 102075.3 | 61974 | 600.7
MADS | 0.30 | 40 102208.8 | 5039.8 | 694.8
MADS (1,30 60 101882.4 3357.0 872.3
MADS | 0.30 | 80 102014.0 | 36045 | 905.5
MADS | 0.30 | 100 102373.7 | 82188 | 1003.0
MADS | 0.30 | Avg 102055.6 | 48054 | 806.9
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of 10 cases out of 18, MADS outperforms the real-life solution in all of the measures. This
suggest that our heuristic can be tuned to provide improvements over the current practice.

When we look at the average results for MADS, we see that as the cut increases the
similarity measure is improved whereas the effect on time spent and lateness penalty is
not clear. The reason in the increase of similarity is due to the fact that the customers
with relatively less probability of occurrence are eliminated by increasing the cut, resulting
in more common arcs in the master plan with the scenarios. When it comes to the buffer
capacity, there is no clear trend on time spent and lateness penalty. However for a given value
of cut, increasing buffer capacity clearly increases similarity of routes since this would put
more emphasize on the priority driven second phase of the heuristic improving the similarity
measure. Lastly note that for a given value of cut, 0% buffer capacity behaves just like IDI
resulting in the smallest time spent and lateness penalty with the worst similarity of routes
in general; on the other hand, 100% is just the opposite, resulting in the highest similarity
of routes with the worst time spent and lateness penalty in general. Also for the latter, the
solution is independent from the value of cut since the first phase of the MADS algorithimn is

bypassed.

10 Conclusions and Recommendations

In this study, we considered a real-life Courier Delivery Problem (CDP), a variant of VRPTW,
for which we proposed a recourse model for the robust counterpart of the problem formu-
lation and we developed an efficient two-phase heuristic based on insertion. We addressed
the uncertainty in service times by using robust optimization and the probabilistic nature
of the customers by using scenario-based stochastic optimization with recourse. Thus, we
benefited from the simplicity of the robust model and the flexibility of recourse actions.
We first adapted a nominal VRPTW model for the CDP. We then defined a problem spe-
cific recourse action of partial rescheduling of routes which is a hybrid of two known recourse

actions in the literature: omitting non-occurring customers and complete rescheduling of
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routes. We showed how to develop a recourse model to provide a master plan for the plan-
ning horizon as well as daily schedules for scenarios which are modified versions of the master
plan based on the recourse action. We also showed how to incorporate robust optimization
for the service time uncertainty in the master plan. For each scenario, our overall CDP
formulation maximizes the number of customer served while minimizing time spent by the
couriers and total penalty by increasing similarity of routes with the robust routes of the
master plan. For this model with hybrid recourse action of partial rescheduling of routes, we
eventually developed a two-phase heuristic, MADS, using insertion as a subroutine to solve
efficiently the large scale real-life problem.

We explored experimentally the sensitivity of our heuristic to uncertain problem param-
eters as well as to some control parameters. We also compared the quality of the solution
with an independent daily insertion algorithm which does not make efforts in providing a
master plan and thus in increasing similarity of routes. We observed that the MADS heuris-
tic improves in general the similarity measure at the expense of increased time spent and
the lateness penalty. We also compared the solution of our heuristic with a real-life prob-
lem solution. We showed that by tuning the parameters of our heuristic, it is possible to
outperform the current practice in all of the measures.

In this study, we showed how to generate a robust master plan which would increase the
similarity of daily schedules. However using different approaches in generating the master
plan is still an open research direction. For instance, using an expected value approach for
the uncertainty in master plan may not be a viable option in terms of similarity but other
probabilistic approaches can be used such as deviating from the expected value by a fraction
of the standard deviation of the uncertain parameter instead of considering the worst case
value of robust optimization. Similarly, the selection of customers to be served by the master

plan is subject to different methods than picking the most likely ones.
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11 Implementation

The model and algorithm proposed here work on real-world data obtained from a courier
industry company. Therefore the findings of this research can be applied immediately to
study different routing strategies for problems in the courier industry. This will require
collecting data and extracting input parameters from this data for the model and MADS
algorithm. Then, the solution of the algorithm will provide a routing strategy which takes
into account customer coverage, total time spent, lateness penalty, and similarity among
daily routes.

As part of this project we presented this report to the courier company that supplied the
real world data to help the process of implementing this research. Although impressed with
the results, the company personnel suggested additional issues that have not yet been taken
into account. For instance, the routing solutions should also consider the fuel consumption
in deciding the routes; and although familiarity with the routes is key, the order in which
these are traversed is also important as this will influence service time and provide the basis
of how the truck should be loaded. This research should take into account these additional

features before it can be implemented by this courier delivery company.
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