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Abstract: This paper presents a modelling approach for the simulation of supply
chains including last mile delivery by using approximations. A brief introduction to
the most common approximation metrics for distance calculations and their
applications within the context of simulation is given. A practical example for the
calculation of distances is presented using a discrete-event simulation model. By
comparing different distance metrics with the real distances on an exemplary supply
chain, it can be determined whether a satisfactory distance metric exists for calculating
distances in urban areas, without the integration of an external route planning web
service.

1

Introduction

Logistics is the basis for globalization and competitiveness. Without logistics, a
successful economy or modern life cannot be shaped. A considerable amount of
research has been carried out, aiming to optimize the organizational and operational
practices of logistics. However, such attention has been mainly paid to inter-urban
transportation, while the last mile is one of the most expensive, least efficient and
most polluting sections of the entire logistics chain (Gevaers 2014). The transport
volume in urban areas will continue to increase in the coming 25 years. The largest
driver of this growth is e-commerce, which has shifted its focus from the B2B to the
B2C segment (Joerss et al. 2016). Boyer et al. (2004) state that many e-commerce
companies failed, because they could not figure out how to extend the supply chain
directly to customers.
Therefore, we have conducted research to extend a supply chain simulation tool with
further specific enhancements for the last mile delivery. In this context, a particular
challenge is the detailed calculation of routes. If long distances across a variety of
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countries have to be covered along the supply chain, a rough approximation of the
distance is sufficient outside of urban areas. It can be assumed that errors will be
compensated during the long journeys. As the road distances are longer than the linear
distance, due to the course of the road, a correction factor is used to approximate the
linear distance to the road kilometres (Krarup and Pruzan 1980). This factor is
between 1.1 and 1.5 and depends on the area. However, it is not evident whether this
approximation can also be applied for last mile delivery or whether the error would
become very large in this case.
The aim of this paper is to analyze whether a satisfactory distance metric exists for
calculating distances in urban areas using a supply chain simulation tool, without the
integration of an external route planning web service. There are multiple reasons for
this: License issues with respect to the web services, a limited number of free-ofcharge queries per day, or the necessity for a stable internet connection and a stable
web service. Besides, the communication occurs directly over the Internet which leads
to a poor performance. Due to performance reasons, a route planner in offline mode
during the simulation is not an option either.
In this paper, we analyze the most common distance metrics and compare them to the
real distances in an exemplary urban area, in order to verify whether a suitable
distance metric exists. This is one of the main elements to ensure an integrated view
of the whole supply chain network including last mile deliveries.

2

Urban Goods Movements and Supply Chain
Simulation

Gonzalez-Feliu and Routhier (2012) analyze the different concepts for the
construction of models and their further developments in the context of urban goods
movement (UGM). In the course of this, a classification of the UGM models is
defined, which can be divided into four groups: Models that analyze the current
situation; models that simulate a current situation, optimization models, and discreteevent simulation models that create a reliable outcome forecast for the future. As a
result, the authors recommend a strategy for creating meta-models by combining the
existing models as this generates synergy effects. Kokkinogenis et al. (2011) consider
several traffic simulation tools, which they divide into the following four levels:
macroscopically, mesoscopically, microscopically, and nanoscopically. The
elaborated overview describes seven simulation tools with a focus on simulations and
functionalities that could be used to assess urban traffic. Friedrich (2010) stresses the
importance of a meso level, to be able to aggregate or disaggregate between the macro
and micro level. An example is the transition from transport demand of individual
companies in the form of commodity flows (micro level) to the vehicle flows on the
network (macro level), which is very complex. He also states that tours are often
modelled by urban commercial traffic models, which do not reflect the perspective of
a logistic decision maker. The simulation model SYNTRADE is introduced, which
first generates a realistic logistic environment within the food industry, in order to
determine warehouse structures using an optimization heuristic and to finally simulate
the distribution to end customers. However, it seems that the abstraction level is too
high to use route planning to end customers within the urban area.
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When looking at forecasting modelling efforts, different classes of models can be
detected, which highlight the urgent need for holistic approaches. In Fischer (2005)
and Chow et al. (2010), two classes of freight demand models exist: Logistics models
and vehicle touring models. Comi et al. (2012) state that the demand models have
been classified in four models: Truck, commodity, delivery and mixed, the last one
being the most promising model, as it enables a direct link between the interacting
behaviours of commodity consumers and suppliers/shippers/retailers. Nevertheless,
in the current urban freight demand modelling literature, the relation between these
actors is not sufficiently investigated. In recent years, the attention for freight
modelling has been growing, while in new research, logistics is integrated in freight
models (Tavasszy 2012). Russo (2013) presents an integrated modelling system that
enables a linkage between end customer choices and restocking decisions from
retailers.
An overview of simulation-based models that focus on urban freight tours can be
found in Holguín-Veras et al. (2013). Goyal et al. (2016) have shown the significant
advantages of hyperconnected furniture logistics through a simulation-based analysis.
Different scenarios have been created, e.g. to share distribution centres (DCs) or the
fleet, or to change the location of some DCs. However, the focus still lies on the last
mile delivery.
The field of supply chain simulation is very broad. For an initial overview, surveys on
supply chain simulation tools and techniques can be found in Kleijnen (2005) and
Terzi and Cavalieri (2004). There are many applications of supply chain simulation.
Hence, we are focusing on Discrete-Event Simulation (DES) and the food industry as
applied in this work. Hellström and Johnsson (2002) use DES for supply chain
planning. The authors van den Vorst et al. (2009) developed a simulation tool called
ALADINTM, which takes into account the quality deterioration of perishable goods in
the transport chain. The aim is to reduce product waste.
The study of the literature has shown that most publications focus either on the
simulation of UGM and tour planning or on the simulation of supply chains.
Nevertheless, the holistic view of the entire supply chain is still missing. To our best
knowledge, there is no published application that integrates supply chain simulation
in the food industry with route planning algorithms to the last mile, except
experimental individual case solutions. Quantitative assessments of supply chain
efficiency metrics are considered as a main focus and form the basis for objective
comparison of different scenarios. The simulation model specifically addresses the
objectives and processes of supply chains and urban freight as well as the analyses of
practical solutions for collaborative business behaviour, taking into account the
specific requirements of food logistics. A first approach for the work described below
has been made by Rabe et al. (2016).
In the area of network research, different methods of the graph theory are applied to
the simulation in a logistical context, e.g. the Dijkstra algorithm. The problem with
respect to simulation is that graph theory methods lead indeed to a fast calculation,
but have high storage requirements, or vice versa (Alanis 2014). Thus, it is worth
considering methods to estimate travelled distances.
Different approximation metrics for distance calculations are known and practically
applied in the area of health service research, as part of health system research in
general (Apparicio et al. 2008). Euclidean and Manhattan distances are often
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sufficiently accurate for research questions in this context. The considered nodes are
not merged to a real network, but have instead a link to a special characteristic of the
health system, known as star topology. Hence, the research subject cannot be
considered as a network comparable to a supply chain network in city logistics.
Topics in other research areas require a more accurate distance approximation for
simulation issues. For example, Cleophas and Ehmke (2014) use the weighted
Euclidean distance as part of the discrete-event simulation for distance approximation,
in order to explore the value-based demand fulfilment. The subject of their research
activities is linked to the last mile delivery in a supply chain network. Hoerstebrock
(2014) examines the electric mobility in the metropolitan area Bremen/Oldenburg
(Germany). He uses a multi-agent system for the simulation of distance travelling and
respectively the energy consumption. For distance calculations, the same method and
factor from Cleophas and Ehmke (2014) are applied. While Cleophas and Ehmke do
not offer an explanation for the choice of the weighting factor, Hoerstebrock (2014)
notes that the weighting factor is detected by best-fit through different experiments.
A more precise distance approximation method is the Minkowski distance. The
Minkowski distance can be seen as a generalization of the Euclidean and the
Manhattan distance. The following calculation method specifies the Minkowski
distance between two nodes a and b in :
|

|

,

(1)

∈

For the two-dimensional Euclidean space, the complex calculation method can be
simplified to the following calculation scheme:
(2)
For p = 2, it is the Euclidean distance; for p = 1, it is the Manhattan distance. Finally,
for the values between 1 and 2, the Minkowski metric results in a wide range of
distances.
Besides the Euclidean and Manhattan distance, the weighted Euclidean distance and
the Minkowski distance, the exponential Euclidean distance is proposed for distance
approximation in road distance calculation (Morris and Love 1972).
In the following, the conventional approximation methods like Manhattan or
Euclidean distance are compared with more exact approximation methods like
Minkowski distance as well as the weighted and exponential Euclidean distance.
Figure 1 illustrates the different approximations.
In order to measure the quality of the different methods, two common comparison
criteria in statistical geographic research (referred to as AD and SD) are applied. In
this application case, AD sums up the absolute failures between real and approximated
distance. SD represents the weighted sum of squared absolute failures between real
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and approximated distance (Morris and Love 1972). The criterion AD is useful,
because long distances have to be approximated more precisely than short distances.
The criterion SD does not focus on the difference between long and short distances
like AD, but measures the goodness of fit of all considered distances. Additionally,
some statistical key figures are applied for the comparison of the approximation
metrics.

Figure 1: Example of a delivery route in the metropolitan area of Athens

3

Solution Approach

When looking at delivery practices, the cause-effect relationships within the whole
supply chain should be considered. Therefore, we are using the simulation tool
SimChain (Gutenschwager and Alicke 2004). It is a discrete-event supply chain
simulation tool, which has been developed as a class library for the simulation tool
Plant Simulation. SimChain consists of three major parts: A graphical user interface
used for model configuration, a database in which all configuration data and
simulation results are stored, and a DES Supply Chain Simulation Framework based
on Plant Simulation. While the toolset offers features for order policy, stock and
volume logistics or different means of transport, it lacks specific details in the
consideration of city logistics and food transportation. Regarding the distance
calculation, the simulation tool has no interface to a web service, but calculates the
distances from the geo coordinates.
Our work deals with supply chain simulation including last mile deliveries for fresh
food products in a historical European city and analyses the distance calculation of
final deliveries to supermarkets in the urban area. The metropolitan area of Athens,
Greece, has been selected for our case study, because it is the most populous and
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largest city in Greece and because there is immense road traffic in the narrowly
developed centre of Athens. The area can be specified by the ZIP codes from 10xxx
to 19xxx. Both the area with ZIP codes beginning with 18xxx and the islands of the
Attica are excluded for further exploration, because we are focusing on city logistics.
This led to a sample size of 6,779 routes. Figure 2 illustrates the area under
investigation.

Figure 2: Representation of the area under investigation
At first, different approximation metrics (conventional and more newly reported) for
distance calculations are selected from literature. The approximation metrics are
applied to Attica as the area of this study. The results are explained through statistical
key figures, in order to be able to compare distance approximation metrics, as shown
in Table 1. Special attention is given to the weighted Euclidean distance with g = 1.3
as this is the approximation which is currently used for the simulation. Here, the
distance for each trip is calculated as the Euclidean distance between origin and
destination, multiplied with the factor 1.3.
The overall conclusion is that the different distance metrics achieve surprisingly good
results according to the real distances.
At first, the maximum and minimum of each metric spread out a range similar to the
one of the real distance with small differences, only. Furthermore, the standard
deviation indicates whether the mean is representative for the whole distribution. The
standard deviation of the approximation methods and the distribution of the real
distances are very high and consequently not representative for the distribution itself.
But, in this case, it is not necessary that the mean is representative for the whole
distribution. It is more important that the approximation metrics generate standard
deviations and means that are alike to the values of the distribution of real distances.
The optimized approximation metrics are generating values in mean and standard
deviation that are similar to the distribution of real distances. Only the Euclidean
distance generates a lower range, a lower mean and a lower standard deviation in
contrast to the real distances.
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Table 1: Key figures of different distance metrics (R = Range; σ = Standard
Deviation; wg. = weighted; euc. = Euclidean; ex. = exponentiated).
Metric

Min

Max

R

Mean

σ

AD

SD

Real distance

0.4

78.3

77.9

8.9

9.1

Euclidean distance

0.2

59.4

59.2

7.1

7.3

1,1980.9

2,735.6

Manhattan

0.2

83.9

83.7

9.0

9.3

7,137.8

1,241.6

Minkowski distance
(p = 1.15)

0.2

76.7

76.5

8.4

8.6

6,017.5

995.0

wg. euc. distance
(g = 1.225)

0.2

72.4

72.2

8.7

8.9

4,334.0

540.8

wg. euc. distance
(g = 1.25)

0.2

74.2

74.0

8.9

9.1

4,413.1

539.6

wg. euc. distance
(g= 1.3 )

0.3

77.2

76.9

9.2

9.5

5,184.8

682.7

ex. euc. distance
(z = 1.07)

0.2

79.0

78.8

8.4

9.3

5,532.9

910.5

ex. euc. distance
(z = 1.08)

0.2

82.3

82.1

8.6

9.6

5,589.5

896.3

Based on the criteria AD and SD, the conventional approximation methods result in
weaker outcomes compared to the optimized forms of the newer approximation
methods. The outcomes for AD and SD for the Euclidean distance are often twice as
high as the outcomes for the newer approximation methods. Remarkable is the fact
that the values for the criteria AD and SD for the Manhattan distance are higher than
the other approximation metrics, but generate a surprisingly good distribution towards
the real distances. Summing up the observations of AD and SD, the Euclidean and
Manhattan distances are really weak for distance approximation. The focus should be
on the newer approximation methods.
Even for the newer approximation metrics, large differences exist between the
Minkowski distance and the weighted as well as the exponentiated Euclidean distance,
taking into consideration the criteria AD and SD. As can be seen in Figure 1, in respect
of the good results of the weighted Euclidean distance (g = 1.25), the real route is
illustrated well. In relation to the criteria AD and SD, the weighted and exponentiated
Euclidean distances generate better results than the optimized Minkowski distances
(Tab. 1). The Euclidean distance weighted with (g = 1.3) produces the largest
arithmetic mean and the second largest standard deviation.
The optimized p values regarding a specific distance metric are very near for both
criteria AD and SD. Hence, it is not possible to approximate long distances better than
short distances. This might be an indicator for a very dispersive structure of the road
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network in the considered research area. Therefore, the weighted or exponentiated
Euclidean distances are more applicable than the Minkowski distance.
The above impressions are supported by the view on the boxplot diagram (Fig. 3). It
visualizes the location and dispersion of failures between the real distance and the
approximation of it. The mean of the weighted Euclidean distance (g = 1.25) is 0,
which at the same time matches the median. Thus, the mean is not influenced by
strong outliers in contrast to the weighted Euclidean distance (g = 1.3) and the
Minkowski distance (p = 1.15). The mean of the weighted Euclidean distance
(g = 1.3) is distorted downwards and for the Minkowski distance (p = 1.15) upwards.

Figure 3: Boxplot of several distance metrics
Overall, it can be summarized that the distance approximation based on the weighted
Euclidean distance with g = 1.25 is producing the best results compared to the other
optimized distance metrics and the weighted Euclidean distance with g = 1.3 taken
from the literature review. We can conclude that general parameters from the literature
review do not necessarily fit properly to approximate the distance. Therefore, it is
advisable to investigate the parameters for every approximation metric taking the
specific properties of the network into consideration. With regard to the problem of
expensive and least efficient delivery on the last mile in urban areas, it seems
important to simulate the network and distances in order to ensure precise results.

4

Conclusion and Outlook

In this paper, we presented a possibility to integrate last mile deliveries to end
customers in urban areas in supply chain simulation. For this purpose, we analysed
whether a satisfactory distance metric exists for the calculation of distances, without
the integration of an external route planning web service. We can conclude that the
common approximations achieve excellent results compared to the real distances.
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As a next step, we will test our concept for another city with a different road network.
For example, the cityscape of an American city is very homogeneous and uniform,
especially due to the chessboard layout. This is the exact opposite of medieval cities
with their labyrinth of many small streets and alleys.
If it is not possible to find a good approximation, we have to manually calculate the
real distances within the framework of data pre-processing, before running the
simulation experiments. This means that we then need to find a way to provide this
information, when generating the data model for the simulation.
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