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Abstract

Agent-based transport models simulate the travel demand of individuals at a fine resolution. However, when
large road networks and numerous agents are simulated, they require long runtimes. In order to achieve reasonable
runtimes, a common strategy is to randomly subsample the entire population. The capacity of the road network is
scaled down proportionally. Previous studies have found that scaling affects the simulated agents’ travel time and
distance, although the reasons behind that and the size of the impact remain unclear for the scientific community. In
this paper, we present a systematic analysis of the consequences of scaling down the synthetic population. With this
goal, we simulate a scenario with different scale factors between 1 and 100% using the multi-agent simulator
MATSim. Different numbers of model iterations and two road network resolutions are compared. The output of the
simulations shows how the scaling process modifies the model runtime, the travel times or the link volumes.
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1. Introduction

Agent-based (AB) transport models simulate the travel demand at the scale of individuals. In general, this level of
detail requires higher computational capacity and longer runtimes, compared to aggregated models that simulate
traffic flows. To reduce runtimes, most AB applications in transportation use a random subsample drawn from the
entire population or simplify the level of detail of the network by removing the links of the lowest road hierarchy
levels. MATSim [1] is one of the most commonly used AB transport models. Like others, it is computationally
expensive when it simulates large scenarios with large populations (at the scale of entire cities or regions,
representing Millions of agents), requiring long runtimes and large amounts of memory. For instance, a large-scale
simulation in Florida applying MATSim with more than 1 Million agents reported a model runtime of 147 h [2].

To run large-scale AB scenarios in reasonable times, the use of small subsamples of the population is common
practice. This requires to proportionally scale down the capacity of the network. MATSim link capacity is controlled
by the flow capacity (how many vehicles can exit the link by time unit) and storage capacity (how many vehicles
can be stored at the same time in the link). Scaling down the population has been applied in most of the MATSim
implementations found in the literature: Berlin (1% and 10%) [3], Switzerland (1, 10%) [4], Zurich (10%) [5],
Munich (1% and 10%) [6], Baoding (20%) [7], Brussels (1%) [8], Dublin (25%) [9], Germany (8.5%) [10], Santiago
de Chile (0.65%) [11], etc. Some of the authors reported certain inconsistencies when analyzing the results, such as
unexpected too high average travel times or distances. Based on non-systematic tests, it has been recommended that
if the scenario is scaled down by the scaling factor fs.ue (between 0% and 100%), the flow capacity factor
(multiplies flow capacity) and the storage capacity factor (multiplies storage capacity) should be calculated using the
equations 1 and 2 [12]. The flow capacity factor increases the gap between consecutive vehicles and the storage
capacity factor increases the length of the vehicles.

_fCapacilyFlow :fS'cale (1)
_ﬁ?tarageCapacily :_f:?cale ~a (2)

The motivation of the transformation introduced in Equation 2 is to reduce less than proportionally the maximum
storage capacity of a link. If the size of the vehicles is increased too much, it is possible for short links that not even
one vehicle fits in the link [13]. The value proposed for the exponent a was 0.75 [12]. With this a value, the value of
[storageCapacity 18 59% for fscaie = 50%, or the value of fSwrageCapaciy 18 3% for fscare = 1%. Therefore, the ratio between
fcapaciFiow and fSoragecapaciy 18 higher for smaller scale factors but equal to one for the full-sample simulation. Not
having this transformation can produce network breakdowns because of excessively congested links [14].
Additionally, other authors recommended to adjust the flow capacity factor fscue as well. In an analysis in a Berlin
scenario [3], the population was scaled down to 1% but the flow capacity factor was set at 2% to obtain a correct
representation of the observed travel distance distribution.

The aim of this paper is to quantify the effects of scaling down the number of agents on the results of the
transport simulation. We systematically analyze the use of diverse scale factors, network resolutions and number of
iterations in a real-world implementation of MATSim.

2. Method

The study is based on a real implementation of MATSim. It is carried out for the Munich metropolitan area,
which includes the five core cities Munich, Augsburg, Ingolstadt, Landshut and Rosenheim and their respective
hinterland. The study area is delineated to ensure that every municipality is included from which the share of
commuters to at least one of the five core cities is 25% or higher. A synthetic population for the entire study area
was generated, including the socio-demographic characteristics and geolocation of households and jobs [15]. A
travel demand model predicts the trips made by the synthetic population using the household travel survey Mobilitét
in Deutschland [16]. Trips not made by car or as a car passengers are discarded. This model has not been calibrated
but has been used only for the purpose of this paper. The analysis described here requires reasonably congested
conditions, but precise link volumes are not crucial for the purpose of this paper. The total number of trip legs made
by car is 2.9 Million per day. The road network is downloaded from the OpenStreetMaps (OSM) service. Two
different network resolutions are compared in this paper. The fine network contains all the roads (except of roads
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tagged as service in OSM), while the coarse network also discards roads tagged as residential. The fine network has
three times more links than the coarse.

MATSim replanning functionality is limited to changes of route; thus the agents cannot change the transportation
mode. We define different simulation setups. The simulation setups differ combine two networks (fine and coarse),
with six scale factors (1, 5, 10, 20, 50, 100%), with three storage factor exponents (0.75, 0.85, 1.00) and with five
number of iterations (50, 100, 200, 300, 500).

3. Results
The analysis is focused on runtime, average travel time, travel time distribution and MATSim scoring.
3.1. Runtime

Firstly, the runtime of each simulation is recorded. The runtimes are obtained on a 64GB RAM, Intel® Xeon®
E5-2640v @2.60GHz desktop computer. The runtimes shown in Figure 1 include only the MATSim runtime
(discarding demand generation). Figure la shows that the model runtime increases linearly with the number of
simulated agents (scale, in x-axis) and with the number of iterations (line width). The size of the network (if
described by the number of links) is proportional to the runtime as well, as seen in Figure 1b. As identified by most
of previous research on AB models, the observed high runtime motivates the use of scaled scenarios.

3.2. Average travel time

The average travel time is defined as the average of the travel time of all trips made by every agent for every
purpose. Figure 2 shows the average travel time for different scales (horizontal axis) by varying the network
resolution (2a), the number of iterations (2b) and the exponent of the storage capacity factor (2c¢). As seen in the
three sub-plots, the average travel time depends strongly on the scaling factor of the scenario. In general, a U-shaped
curve is found, where the minimum travel time is found for scale factors around 10% to 20%. Scale factors of 1%
are significantly different from the general trend, with higher average travel times in all simulations.

As seen in Figure 2a, the network resolution is a relevant factor, too. Using the finer network resulted in lower
average travel times, and a lower variation of them across different scales (fewer differences in average travel time
obtained from different scale factors). The higher average times of the coarse network may be related to an
excessive load (same agents on a smaller network). Moreover, very short trips may be routed on major roads of the
coarse network, although they would use only minor roads if they were routed on the fine network. Previous
research [17] suggested to scale down short-distance trips for coarser zone systems. The same might be true for
coarser networks, where short-distance trips should be deleted if they reached such network.

The increase in the number of iterations (Figure 2b) produces lower average travel times, less influenced by
scale, although the minimum average travel times is always found at 10% or 20% sampling rates. At 10% or 20%
sampling rates, an increase of iterations has limited impact, while at full sample simulation the reduction of travel
times is still significant when iterations increase. This might be caused by random variations of the travel demand,
which can quickly saturate certain links of the network. For instance, if a network has two different routes of equal
capacity, it is much more likely to randomly assign two vehicles to only one of the routes (scale equal to 1%) than to
randomly assign 200 vehicles to only one of the routes (scale equal to 100%).

Lastly, the impact of the exponent a (Equation 2) is less relevant compared to the other variables (Figure 2c).

3.3. Travel time distribution

Thirdly, Figure 3 analyzes the agents’ travel time distribution for different numbers of iterations and different
scale factors. Regarding the 100% simulations (gray series), the plots indicate a significant proportion of trips longer
than 1 h, which is not the case for the rest of scales, suggesting that some agents may not yet have found the best
route possible. The percentage of trips longer than 1 h at full-sample simulations decreased from 11% with 50
iterations until less than 1% with 500. Regarding the 5% scaling factor (pink series), the travel time density function
does not change when iterations increase. The density function of the 100% sample gets progressively closer to the
5% distribution when iterations increase.
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Figure 3. Travel time distribution vs. number of iterations and scale factor.
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3.4. Scoring

We analyze the evolution of scoring along iterations as well. In MATSim, the scoring represents how good the
plans selected by agents (routes) are. The evolution of scoring along iterations may be used as an indicator whether
more iterations are required or not. Figure 4 shows the average executed plan scores for the same two scale factors
5% and 100%, by number of iterations. For each run, the last 30% of iterations is almost flat since the generation of
new plans is deactivated in MATSim, and only changes between already existing plans are possible. Figure 4
reveals that the evolution of scoring is clearly different for different scale factors. When the full sample (100%, in
gray) is simulated, the required number of iterations is higher. This is not only due to an overall lower score but also
because the slope is still positive, showing that there is still room for improvement. In general, the results of
simulations with even 500 iterations suggest that more iterations are needed. Such large sample do not reach stable
average agents’ score. However, the 5% simulations (pink lines) show almost horizontal score lines from the
beginning, and especially from 100 iterations. This suggests that the lower scale factor simulations need fewer
iterations than the full samples. As MATSim is based on an evolutionary algorithm that depends on randomly
generated plans, random choices and scoring of selected and non-selected plans, a higher number of agents in the
simulation might cause the need of more random replications until an optimum solution is found. Following the
previous example with a network with two different routes of capacity equal to 100 vehicles, it requires fewer
iterations for one agent to be assigned to each route at least once (1% simulation) than exactly 100 agents to be
assigned to each one the two routes (100% simulation).
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Figure 4. Scoring by number of iterations (note that MATSim deactivate the generation of new routes in the last 30% of the iterations).

4. Conclusions

Taking into account the analyses of this paper, the first result is that scaling down large populations is required
because of long runtimes, both in model development and model application phases. However, the use of very small
sampling rates (1%) may produce undesired effects, such as a proportion of agents with too high travel times.

Different scaling factors require different number of iterations to achieve equivalent results (from the travel time
perspective). As small scaling factors need fewer iterations, runtimes may be reduced additionally. In relation with
the network resolution, the results indicate that the finer networks produce lower deviations with respect of the full-
sample simulations, though they increase the runtime proportionally to the number of links or nodes. If coarser
networks are used, further analysis is needed to determine whether some trips have to be removed because they
would never use the roads of the coarse network.

In the example for the Munich metropolitan area, 5% of agents and 50 iterations produced similar travel time
distributions than 100% of agents and 500 iterations (but 50 times faster). Accordingly, scale factors around 5%
seem reasonable. The requirements of the policy scenarios may affect, however, the most suitable scale factor and
network density for each application. Testing a scenario where results are analyzed only at a highly aggregate level,
smaller scaling factors may be acceptable. The analyses of traffic flows for a single corridor, however, likely require
a 100% sample. For detailed analysis of small areas, the random effects across simulation runs should be also taken
into account [18]. Ultimately, the correct sampling rate can only be derived through iterative testing of variations
between the 100% (with e.g. 500 iterations) and smaller samples for a given application of the model. Other
approaches for scaling the capacities, such as using different passenger-car-equivalents or modifying the road
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network are not tested in this paper. Similarly, the effects of scaling on public transport trips require further
attention, since vehicle capacities cannot be scaled down in the same proportion. Although the study area is large
and contains both dense urban and sparse rural zones, the results might be different for different networks or with a
different travel demand. Therefore, these recommendations should be extrapolated with caution.
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