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Abstract

There is a need for collaborative urban freight planning and appropriate decision and planning support tools are lacking, resulting
in inadequate understanding of how urban freight agents should collaborate and what benefits can be gained from their coalitions.
This paper is therefore concerned with including receiver freight agents as autonomous agents into MATSim as a first step towards
providing an appropriate decision support system to enable decision makers to determine how a balance between receiver restric-
tions and urban freight delivery cost can be achieved. The simulation with integrated receiver behaviour is applied to a small case as
proof of concept. Results indicate that the newly included receiver agents changed their reordering behaviour autonomously whilst
trying to reduce their own cost, confirming that the extended MATSim platform with integrated autonomous carrier and receiver
agents demonstrates behavioural sensitivity in the tested scenarios.
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1. Introduction

Behavioural freight modelling is receiving increased attention and many researchers are starting to incorporate
elements of logistics behaviour and decision making into freight models. To date, a significant amount of notewor-
thy work have focused on incorporating logistics behaviour of shipper and carrier freight agents into freight models.
However, only a few studies are dedicated towards modelling receiver freight agent logistics behaviour, even though
the receiver agent is a powerful stakeholder whose reordering decisions generate demand for freight movements. Re-
ceivers often prescribe when and how shippers and carriers must deliver their orders [2], therefore carriers are required
to plan their deliveries according to the reordering decisions of receivers. Since these decisions could potentially have
a significant impact on the delivery cost, it is important to consider such receiver behaviour during freight planning [1].
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Agent-based modelling has the ability to model agents with individual and autonomous behaviour that interact
with one another in a transportation system under varying conditions. This paper focuses on including receivers
as autonomous agents into an existing agent-based urban transportation simulation (referred to as the Multi-Agent
Transport Simulation (MATSim) platform) as a first step to enable decision makers to evaluate the trade-off between
receiver restrictions and freight delivery cost. MATSim was chosen due to its ability to simulate large-scale scenarios.

2. Logistics behavioural modelling in MATSim

MATSim is an extendable, activity-based, multi-agent transport simulation platform implemented in Java. MAT-
Sim combines specific agent populations, with individual agent activity schedules and their activity locations on a
transportation network, on which they compete in time and space to perform their own scheduled activities as effi-
ciently as possible [3]. MATSim is based on a co-evolutionary principle, where all agents try to optimise their own
daily activity schedules, referred to as plans, whilst competing against other agents for space on a limited network.

MATSim, like other tools, was originally developed for passenger transportation. Recognising the need for the
inclusion of commercial vehicle movements into MATSim for more realistic simulations, many recent research and
developments were directed towards incorporating commercial vehicle movements into the platform [4-6].

Even though these studies prove that commercial vehicles can accurately be simulated with private vehicles in
MATSim, the logistics decision-making behaviour of freight agents in these studies are limited and commercial vehicle
movements are basically integrated into the MATSim platform as additional background load on the simulated network
[8]. Consequently, the modelling of agents with adaptable logistics behaviour in MATSim received increased attention
in the last few years.

Schroeder et al. [8] develop a multi-agent freight model that provides the ability to simulate logistics behaviour in
MATSim by introducing a new software layer of carrier agents into the simulation. Each carrier represents a business
with depots and a vehicle fleet that is responsible for the movement of freight from shippers to receivers. These goods
movements depend on contracts outlining the quantity and type of goods to be transported, its origin and destination
locations in the network, as well as delivery and pick-up time windows. The carrier operates from one or more depots
and uses its own vehicle fleet to perform the required pick-ups at shippers and deliveries to receivers. Based on the
orders from receivers, pick-up and delivery locations and time windows, as well as the carrier’s depot location(s) and
fleet composition; a carrier plan is created using the jsprit toolkit [7, 9], and injected into the mobility simulation.
The carrier plan outlines a schedule for each of the carrier’s delivery vehicles, that includes that vehicle’s planned
pick-up and delivery locations and times, arrival times at customers, as well as its route through the transportation
network, which begins and ends at a carrier depot [9].

After executing their plans, all agents score their plans’ performance and try to improve it by changing their plans
before the next mobility simulation (mobsim) iteration. This is achieved by rerouting vehicles, adding or removing a
vehicle from the schedule, or switching deliveries between vehicles.

As the carrier is responsible for the movement of freight between shippers and receivers, any reordering decisions
made by receivers will influence how and when a carriers deliver. To date, receivers were included statically in MAT-
Sim as a list of services a carrier must perform. Each service represents one receiver order and includes the receiver’s
location, order quantity, delivery time windows, and delivery unloading time. The carrier then develops its plan based
on its allocated services. The parameters specified by each service can have a notable impact on the behaviour and
delivery cost of a carrier, making it beneficial to include more receiver behaviour into MATSim. This will enable more
realistic modelling of the interactions between receivers and carriers, as well as the impact of these interactions on
the transportation system and delivery cost. Consequently, a new RECEIVER agent is introduced to the software layer
where Schroeder et al. [8] included the existing CARRIER.

3. Model
3.1. Initial demand

Before the simulation run is initiated, an initial demand is generated for all agents in the simulation. Figure 1
depicts a Unified Modelling Language (UML) class diagram of the methods and classes use to generate this initial
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Fig. 1: Class diagram of the receiver agent architecture in MATSim

demand. This diagram shows the classes related to the receiver’s demand, and details their names (included in the top
block of each class), their attributes (included in the middle block of each class) and their operations (included in the
bottom block of each class); as well as the relationships between these classes (depicted by connecting arrows). A
variety of different PRopucTTYPEs are defined for the set of receiver agents created. Each defined PropuctTYPE is given
a description and a required capacity per unit for transportation (in weight or volume, case-dependent). The different
PropucTTYPES are associated with REcEIVER agents through a RecervERProbpucT class, with its receiver-specific initial
stock on hand.

A reorder policy is defined for each RecerverPropucT to determine the replenishment order quantity. The infras-
tructure proposed is extendable and can accommodate many different reordering policies, depending on user/modeller
needs. Currently, a reorder policy roughly based on the (s,S) inventory policy is used by receivers in the simula-
tion. That is, an order quantity is determined as the difference between the maximum inventory level, S, and the
current inventory level below the minimum, s, of each RecerverPropuct. This weekly order quantity is divided by
the number of deliveries required per week to determine the daily order quantity. This collection of RECEIVERORDERS
and the preferred order delivery time windows are included in the final initial plan of each REcerver agent, and is
referred to as the REceivERPLAN. A new ORDER for each ReceiverProbuct is created for the daily reorder quantity.
Each Orper of each RecEIveRr is allocated to a specific carrier and included in a list, referred to as the RECEIVERORDER.
When a RecEiver requires delivery from multiple carriers a col-
lection of RECEIVERORDERS is created. The initial RECEIVERPLAN 7
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Fig. 2: The Recerver agent in the MATSim context.

function of the different carriers’ selected plan delivery costs. Even though the developed receiver scoring infrastruc-
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ture in MATSim can accommodate many different carrier cost allocation methods, currently all carriers’ delivery costs
are allocated proportionally to the different receivers. This is done by firstly calculating the total volume delivered by
each carrier, as the sum of the individual receiver order volumes. Thereafter, the proportional delivery cost charged by
each carrier to its allocated receivers, is calculated using the total delivery cost of each carrier during its selected plan
execution.

Finally, the total delivery cost of each receiver is calculated as a sum of the delivery costs charged by all its
allocated carriers. At the end of the allocation, the total delivery cost of each receiver becomes the score of that
receiver’s selected plan and represents that plan’s performance. The receiver then attempts to improve its plan’s score
during the replanning process.

3.3. Replanning

The carrier agent adapts and improves its own plan at the end of each iteration to satisfy receiver orders at the
lowest possible delivery cost. Since it generally takes the carrier a number of replanning iterations to achieve the
lowest possible delivery cost for a specific combination of receiver orders, changing receiver orders at the end of each
iteration is not desirable. To enable more realistic receiver replanning, a receiver replanning interval is introduced.
This interval stipulates after how many iterations receivers are allowed to change their selected plans. So if this interval
is set to 10 iterations, each receiver agent in the simulation, will only be allowed to change their selected plans at the
end of every 10 iteration, referred to as the replanning iteration. Whenever a replanning iteration ends, each receiver
agent decides which of the currently implemented replanning strategies to apply:

Select best plan from past plans As the name suggests, a receiver will go through its list of past plans and select the
plan with the best score as its new plan without changing it.

Adjust delivery time window This replanning strategy entails using the receiver’s current plan and moving start
times earlier or later, or moving end times earlier or later by a user-specified step size.

Adjust delivery unloading time With this strategy, a receiver uses its current plan and try to improve it by increasing
or decreasing the delivery unloading time of each ORrDER in the plan by a user-specified time period.

Adjust delivery frequency This replanning strategy focuses on receivers increasing or decreasing their required
number of weekly deliveries, and therefore changes their daily delivery quantities.

After the receiver agents adjust their orders, new CARRIERSERVICES are generated and jsprit is used to reroute and
reschedule these adjusted carrier services to develop updated plans for each carrier that are injected into the mobsim
for execution (Figure 2 where receiver flow is depicted by the dashed line).

After execution of these new carrier plans, new scores are calculated for each carrier and receiver’s selected plan,
and the plans stored in the relevant agents’ memory.

4. Proof of concept

To determine if the receiver agents behave as expected, various receiver replanning scenarios are tested for a small
number of receiver agents. To account for the simulation variability, 50 instances of 200 iterations are generated for
the different scenarios. Each instance has a single supplier with a fixed depot location that performs its transportation
function in-house and therefore serves as both the shipper and carrier in the simulation. The grid network used in Bean
and Joubert [1] is also used in these experiments and receiver facilities located randomly on the network per instance.

The carrier must satisfy the daily demand of all receivers in the simulation using heavy vehicles and light delivery
vehicles, or a combination of both. The same carrier vehicle cost parameters and missed time window penalty costs
as those defined in Bean and Joubert [1] are used in this paper’s experiments.

One product type is defined, with a weight of 1 kg per unit. In addition, all receivers in the simulation have a weekly
demand for this product type and require daily deliveries spread equally throughout the five day work week (i.e. five
deliveries per week). This weekly demand is determined based on an (s,S) inventory policy, where all receivers
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prescribe a minimum level of s = 1000 units and a maximum level of S = 5000 units for the product. The stock on
hand of all receivers is set to 0 units, resulting in a total weekly demand of 5 000 units.

Receivers are allowed to either select their best plan from past plans at the end of every iteration, or to change
their existing plans in an attempt to lower their cost. The carrier then reroutes and reschedules its deliveries, with
these adjusted receiver plans, before executing and scoring its new plan. The specific receiver replanning scenarios
investigated are as follows:

Delivery time window To evaluate this strategy five receiver agents are used. The receiver’s initial time window
durations are set to two and 12 hours and their delivery time window start times are set to 06:00. The unloading
time at each receiver’s facility is set to two hours, in addition a small cost is allocated to receivers for each hour
that they are willing to accept deliveries. Receivers are allowed to move their prescribed delivery time window
end earlier or later by two hours.

Delivery unloading time This strategy is evaluated by using only one receiver and setting that receivers initial de-
livery unloading times to one hour and then to four hours. The delivery time window duration of the receiver
is set to six hours and the time window start time selected randomly between 06:00 and 12:00. The receiver is
allowed to change its existing plan by either increasing or decreasing delivery unloading time with one hour
during replanning.

Delivery frequency To evaluate this replanning strategy five receivers are used and the initial delivery frequencies
of these receivers set to one delivery per week and then to five deliveries per week. All receivers are given
unloading times of two hours. These receivers prescribe a six hour delivery time window that are scattered
randomly throughout the day. Receivers are allowed to change their selected plans by either increasing or
decreasing its current preferred number of weekly deliveries by one day. Since only one day is simulated, as
the number of weekly deliveries changes, the delivery volume per day will change. This implies that a receiver
(that selects less than five deliveries per week), might not get a delivery on a particular day. To avoid allocating
zero cost to a receiver if he does not receive a delivery on a day, a weekly delivery cost per receiver is estimated
using the fixed carrier vehicle costs, the carriers’ time cost, and each receiver’s number of weekly deliveries.
This is then translated into a daily delivery cost and allocated to receivers on days when they do not receive a
delivery.
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Consequently, when considering the effect of the receivers’ position in the carrier’s activity chain on the receiver’s
selected time window duration, it was found that those receivers who are served earlier in the carrier’s activity chain
selected shorter time window durations. Conversely, receivers served later in the carrier’s activity chain had to select
longer time window durations due to their position in the activity chain.

Results of the unloading time duration experiment indicate that all receivers moved towards shorter unloading
times, regardless of their initial unloading time durations. This observation is in line with the results of [1] and
confirms that receiver replanned and reduced its prescribed unloading time in an attempt to minimise its own cost.
This indicates that the simulation captures some of the dynamics of receiver reordering decisions and their influence
on other agents.

Results of the delivery frequency scenario indicated that the receivers converge to more frequent deliveries. In
our experiments the majority of receivers converge to five deliveries per week. This is plausible, since more frequent
deliveries result in smaller loads per delivery, which in turn require smaller vehicles with lower cost. These results
again confirm that receivers changed their delivery frequencies autonomously whilst trying to reduce their own cost,
confirming that MATSim with integrated autonomous receiver agents is behaviourally sensitive.

5. Conclusion

This paper focused on the introducing a behaviourally rich receivers as an autonomous agent type into MATSim.
The simulation with integrated receiver behaviour was applied to a simple problem as proof of concept. Results
indicate that receiver agents changed their reordering behaviour autonomously during the simulation whilst trying to
reduce their own cost by changing delivery unloading times, time window durations, and delivery frequencies. This
confirms that MATSim with integrated autonomous agents is behaviourally sensitive for the investigated scenarios.

Now that a workable simulation with integrated autonomous carrier and receiver agents is available, collaboration
(and cost or benefit sharing) between freight carriers and receivers can be modelled in MATSim in the future. There-
fore, future research will focus on understanding and quantifying the potential benefits that can be realised through
carrier and receiver collaboration, and to determine how a balance between receiver restrictions and urban freight
delivery cost can be achieved.
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