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Abstract

Large-scale agent-based simulations require higher computing resources than are usually available. Consequently, many applica-
tions rely on downscaling, i.e., simulating with smaller population samples. Existing studies have shown a need to investigate the
impact of downscaling on the output statistics of such simulations. In this study, we investigate the impacts of population downscal-
ing on a ride-sharing service with a focus on vehicle occupancy and wait time, travel time and detour time. Our findings reveal that
if transport modelers want to model on-demand services with ride sharing, it is strongly recommended to use a 100% population,
or when using a smaller population sample, to estimate the relative biases of their desired metrics compared to the results of a
100% population in order for their results to be applicable for real-world situations.
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1. Introduction

Agent-based modelling has gained traction as a suitable method for solving today’s dynamic and complex trans-
port problems. This is because present transport problems in our cities require models that can properly capture the
complex interactions that exist at a microscopic level among travellers and the transport system. However, large-scale
applications of agent-based simulations pose challenges to today’s computing capabilities especially as these trans-
port models introduce more complexity to be able to produce models that are as close to the real world scenario as
possible. For example, a MATSim transport model of a demand responsive transit system in Wayne County, Michigan
with a travel demand of 9 million trips takes approximately 43 hours to simulate 30 iterations on a high performance
computing cluster with 12 cores and 144G memory [6].

The computational tractability issues encountered with agent-based simulation are currently being approached
through a variety of ways such as the use of approximation algorithms, parallelization, integration robust programming
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techniques, and increase in number of hardware introducing parallelization [9]. As these methods still have their limits,
one method that has gained the most popularity is downscaling — an approach of simulating these large-scale agent-
based systems with smaller population samples in which their results are then scaled.

While downscaling has become a common practice, not many studies have looked at its consequences on var-
ious transport simulation results, with a few studies looking at the effect on travel times, link volumes, boardings
or demand.[1, 7, 11]. As transport studies look at emerging on-demand services and the potential of ridepooling to
reduce congestion and environmental impact of car drivers [10], these services introduce new dynamics to transport
simulations, and hence, it becomes difficult to interpret their downscaled results. For example, a pertinent question
that arises is, how should one compare a single passenger in a 10% sample versus a 100% population? To answer
such a question, it is the aim of this study to investigate the effects of downscaling on vehicle occupancy and other
simulation results of on-demand services. The study focuses on a common vehicle occupancy scenario; that of ride-
sharing services in an urban area. Selecting the city of Zurich as a case study, and using MATSim, a multi agent-based
simulation framework [4], we look at the variance and bias of the results of the downscaled population and examine
the tradeoffs between the sample sizes and the computation time.

This paper is structured as follows, section 2 gives an overview of the state of the art in regards to the impact of
downscaling, section 3 describes the methodology applied to this study and in section 4 the results are presented.
Conclusions are then highlighted in the final section.

2. Background

Large-scale agent-based systems that are designed for transport simulation of various cities require higher comput-
ing resources than is usually available. This is because these large-scale transport simulations demand many simulation
runs with different varying parameter sets, which leads to higher computation times with increasing number of sim-
ulated agents and the complexity of agent interactions. As such, to perform a robust study with available computing
power, many large-scale agent-based transport simulation studies use a smaller sample of the population and a cor-
responding downscaled transport environment. Therefore, it is essential to ensure that the dynamics and evolution of
the sampled model are the same as those of the total population.

MATSim, one of the most widely used agent-based simulation frameworks for large-scale scenarios has been used
in studies covering large urban areas, with the modelled scenario (the population and transport system) downscaled
to smaller sample sizes ranging between 1% and 25% in order to reduce computing time or just to follow general
trends [1]. Only a few studies exist that have investigated the downscaling effects. These studies explore the impacts
on various output statistics with varied results.

Ben-Dor et al. [1], in a recent study, explore downscaling effects in MATSim, and they provide an in-depth inves-
tigation of these effects across various output statistics for a Sioux Falls car traffic simulation. They find that, with
sampled populations equal to or greater than 25%, one can preserve the majority of the urban traffic statistics. 10% or
lower population samples lead to significant deviations from the full-scale model, while population sizes between 10
and 25% may render some spatial/temporal statistics, such as trip duration and traffic volume, unstable. Their results
are different from previous works. For example, Llorca and Moeckel [7] examined the effects of downscaling on the
travel times and daily scores of agents and found that the travel time distribution of sample populations that are 5%
or above are similar to that of the full population. Zhuge et al. [11], in their simulation of the Baoding city in China,
carried out sensitivity analysis for various output statistics (travel speeds, travel distance, Volume-to-Capacity ratio
and agent scores) and found different results for the different output statistics for different population samples. They
suggest that 50% is the minimum sample size that would keep all four analysed outputs the same as those of the 100%
population.

The above studies show that the sample size matters, depending on the output statistic in which one is interested in
investigating. This means that, as various agent-based traffic simulations are expanded to capture more complex and
dynamic transport activities, the ensuing output statistics need to be investigated for downscaling effects. On-demand
services and related shared mobility services are one of the emerging transport alternatives that allow for flexibility
in the use of different mobility tools, i.e., vehicles adjust their service to the needs of a traveler. These modes allow
for ride-sharing or pooling of passengers. There are two recent studies [12, 5] where the the effects of downsampling
are highlighted, although this is not investigated in detail. Zwick et al. [12] investigate the potential of ride-sharing in
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six regions in Munich, Germany with varying population ranging between 16 000 and 1.5 million. Their results show
that, an increase in trip density brings about a logarithmic increase in the ride-sharing service parameters. Kaddoura
and Schlenther [5] found similar nonlinear results when they investigated the relationship between trip density and
fleet sizing using population samples ranging between 5% and 100% of two German regions. Both studies do not
investigate in detail the effects of population sampling on their results, especially for vehicle occupancy. They work
with dynamic fleets and compare across populations with different characteristics, making it difficult to understand
the downscaling effects holistically. Thus, in this study, we look at the effects of downscaling on vehicle occupancy
and other simulation results of on-demand services, working with one region and a fixed fleet size.

3. Methodology
3.1. Scenario and Simulation setup

This study is set up using an existing baseline scenario of the city of Zurich which has been extracted from the
MATSim Switzerland model [3]. The scenario consists of about 1.1 million synthetic persons who generate a travel
demand of about 4.7 million trips. This travel demand has been generated by running the “MATSim Loop”, which
consists of running a mobility simulation iteratively with modules that recalculate alternatives for each agent and allow
agents to perform mode and route choice before the next run of the mobility simulation. Eventually, an equilibrium
state is reached typically after 40 iterations. The resulting mode shares of the output population plans are roughly 32%
for car trips and 23% transit trips with the remaining shares for walk, bike, and car passenger trips.

In this study, which aims to quantify the effect of downscaling on modelling a demand responsive transit (DRT), we
extract all car trips that start and end within the study area and replace the mode of these trips with ride-sharing. This
leaves about 700000 trips that are represented as individual agents in the simulation. The ride-sharing service is
enabled by MATSim’s DRT extension [2], which is designed to allow MATSim to simulate a dynamic ride-sharing
service where vehicles can pick up and drop off agents in response to their requests. The MATSim version 13, with
its corresponding DRT version, has been used. The DRT service in this study, operates a door-to-door scheme for 24
hours. It is possible to set constraints for a maximum wait time and maximum detour time (the time an in-vehicle
passenger is willing to lose while the DRT vehicle picks up another passenger), whereby agents are rejected when
these constraints are not met. To avoid such rejections in this study, the on-demand service operator is required to serve
all requests, i.e., a no rejection criteria, unless the trip cannot be carried out within the simulation time. In a simulation
run with the full population, a DRT service with 12 000 4-passenger vehicles is offered to serve the demand. This fleet
size has been chosen to ensure an average wait time within 10 minutes. For sample populations, we downscale the
DRT fleet proportionally. The fleets are placed in a starting location based on population densities. In this study, we
run four iterations to achieve a stable state in the number of DRT trips served, average travel times and wait times.
This is because the DRT system operates a dynamic vehicle routing problem for its dispatching algorithm, in which,
the network freespeeds are used to compute the travel times in the first iteration, and then later updated until the times
are stable.

3.2. Population Sampling

Downscaling in MATSim is usually done using a downscaling ratio, which represents a fraction of the total popu-
lation. This value, which we will refer to as k, is not only used to sample from the synthetic population but also used to
adjust the scenario’s network’s link flow and storage capacity factors in proportion to the value of k. For example, for a
10% sample scenario (k = 0.1), 10% of the agents from the synthetic population are randomly selected for simulation
and the link flow capacity factor is set to k and the storage capacity factor is set to k7> as proposed by [8] to avoid
the possibility of heavily congested links. For this study, we also downscale the DRT fleet size.

The analysis carried out in this study consists of two parts; an initial analysis that does not consider stochasticity,
and a subsequent analysis, where each sampling scenario is repeated 10 times with different random seeds.

Preliminary analysis: Here, the output of the random sampling for a range of 20 sample populations between 0.01
and 1 are analysed. We check to ensure that the spatial distribution of the DRT trips are consistent across all sample
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sizes. Subsequently, we examine the following output statistics: average travel time, average wait time, average detour
factor (the ratio of passenger experienced total travel time and direct travel time), and average vehicle occupancy.

Final analysis: Due to the stochastic nature of MATSim, it is necessary to run multiple simulations with different
random seeds and analyse the distributions of the output statistics [1]. This is essential when downscaling in order to
exclude the effects of a random sample fleet size and population selection and to estimate the variance of the simulation
results due to the stochastic nature of the simulation. From the results of the preliminary analysis, which are described
in detail below, a few sample sizes are selected, and the sample simulations are run repeatedly with different random
seeds. The selected k values for the final analyses are 0.25, 0.35, 0.5, 0.65 and 0.75.

The main output statistic investigated here is the vehicle occupancy, specifically, the share of vehicles in different
vehicle states (either idle, moving but with zero passenger, carrying one or up to four passengers) over the course of the
day. The coefficient of variation (CV) is computed for each simulated population sample size and the full population
as shown in Equation 1.

CV=s/m (n

where m and s is the mean and standard deviation of the output statistics of the repeated simulation runs.

Comparisons between full population and sampled populations are made by estimating the relative bias between the
output statistic ¢; of the sampled repeated runs and the average mean m of the output statistic of the full population.
This is shown in Equation 2.

rii = (cri —my)/my )

where ry; is the relative bias for each repeated simulation run and c¢y; is the output statistic of a k-sample random
seed simulation i, and m; is the average of the output statistic of all the random seed runs for the full population.

Furthermore, the relative bias computed is averaged over the number of runs and the standard deviation is com-
puted. The resulting values are checked; if the mean relative bias is close to zero and the standard deviation is close to
CVvy/ Vk, the output statistic is considered robust to downscaling.

The results of the 1% population sample are outliers, varying greatly from the results of the other sample sizes.
Consequently, they have not been included in Fig. 1. The average travel time and average wait time for this sample
size are 40 and 210 minutes, respectively, the average detour factor is 68 and the average occupancy is 1.23. One
reason for these high values is the sparseness of the demand. For this sample size, there are 120 vehicles to serve
about 6 500 agents in absolute numbers. This small number of agents is as widely distributed over the model region
as the full population, and since no trips are to be rejected, unless the trip cannot be carried out within the simulation
time, large wait times can be observed. This suggests that, linearly scaling the fleet size for such a small sample size
results in some artefacts in the system.

From Fig. 1a-c, a non-linear relationship can be observed between the output statistics and the sample sizes. Larger
deviations from the result of the 100% population can be seen in sample sizes less than 20%, with a decrease in
the deviation, the higher the sample size. For the average travel time, the absolute difference between the sample
populations and full population ranges between 0.1% and 15%. From a sample size of 20% upwards, the percentage
change is less than or about 1%. Similarly, for the average wait time, there is a decrease in percentage change with
increasing sample size. However, it is only from sample sizes of 40% and above that one can observe a percentage
change of less than 10%; and from 75% sample sizes upwards, the percentage change is close to 1%. For the detour
factor, the percentage change is lower than 10% for sample sizes of 35% upward, and about 1% for sample sizes from
75% and above.

In contrast, vehicle occupancy (see also Fig. 1d) increases with increasing sample size without reaching a stable
value. From 50% sample size and above, the percentage change is less than 10%, and only at 95% sample size, the
percentage change is less than 1%.

Depending on the output statistics, the deviation in the results of the downscaled population from the full population
differs for different sample sizes, with decrease in the marginal error with increasing sample size, as can be especially
seen from Fig. 1d fitted log function f(k) = 0.55 +0.12log¢(k). However, it is important to note that the above results
do not take into consideration the stochasticity of the simulation.
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Fig. 1. (a) shows average travel time per population size, (b) shows average wait time per population size, (c) shows the average detour factor (ratio
of passenger total travel time to direct travel time) per population size and (d) shows the average vehicle occupancy per population size with a fitted
log function f(k) = 0.55 + 0.12log o (k)

3.3. Final analysis

Since average occupancy is the most important measure that we consider in this study, for the next analysis, we
dive deeper into observing the impact of population sampling on vehicle occupancy looking at the different states of
the vehicle over the whole day. We check for variability in the results, while determining the measure of the similarity
of the downscaled and the full population for selected k samples. The results of the population samples are also scaled
up for this comparison. In the figures presented below, the full population statistic is highlighted in gold colour, while
other k samples correspond to the plot legend. Fig. 2 shows the average values of the repeated runs for the sample
sizes distributed over the whole day. One can immediately observe that sample sizes from 65% have closer results to
the 100% population, although this varies with the different states of the vehicle.

Next, the variability in the results is examined. While the coefficient of variation (CV, refer to Eqn. 1) is very low
for no passenger and 1 passenger states, Fig. 3 (note that the scales vary on the y-axis) shows that the CV increases for
higher vehicle occupancy. Further, very high values can be observed for early and late hours of the day, with higher
values for the smaller sample sizes. The peak in the early and late hours is likely due to a low number of observations
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g. 3. Coefficient of variation of different random seeds for share of vehicles operating in different vehicle states for different population sizes

during this time period. A larger number of repeated simulation runs would need to be tested, especially for sample
sizes below 65%.

Finally, the relative bias of the observed distributions for the different sample population sizes in respect to the full
population is explored. Fig. 4 shows the relative bias for the different vehicle states for different periods of the day.
The results which are in 5-minute time bins have been grouped into morning peak (5 AM - 8:59 AM), afternoon peak
(11 AM - 1:59 PM), evening peak (4 PM - 7:59 PM), and off-peak representing all the hours in between.

The findings reveal that there is a relative bias in all sample sizes, and this bias, based on the vehicle state, varies.
The results are similar for the peak periods. For the off-peak period, we observed a relative bias of more than 150%
for higher vehicle occupancy states. Consequently, for better clarity, the off-peak period is not shown in the figure.
For vehicles with no passengers or one passenger, one can see that the bias is relatively low, compared to the other
vehicle states. Any of the tested sample sizes in these two states seem reasonable, with a relative bias less than 20%
and even as low as 1% for 65% sample size and above. However, one can observe an almost u-shaped curve relatable
to interdependencies in the system and differences between random seeds such as trip density at different locations.
For vehicle states with more than one passenger, the nonlinear decrease in the relative bias with increasing sample
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size is as expected. However, one should note that the bias is very large and consistently underestimates the vehicle
occupancy, with the bias increasing with a higher vehicle occupancy value and as the sample size decreases. Even
with 75% sample size, the bias remains as high as 35%. This demonstrates two things. Firstly, the need to always look
at such relative biases when determining the appropriate sample size and the tradeoff with simulation run time which
would be discussed next. Secondly, that further investigation is needed to determine how to both measure, and reduce
these biases. This future work should include testing higher sample sizes and testing more than 10 repeated runs of
these population samples to better estimate the coefficient of variation.

3.4. Simulation runtime

The inclusion of a DRT Service in a MATSim scenario requires higher computational power due to the dispatching
algorithm used by the DRT service. Larger fleet sizes and demand increases the simulation time and memory needed.
In the full population where 12 000 vehicles are used to serve about 700 000 trips, the complete simulation run time
for the population samples [25%, 35%, 50%, 65%, 75% and 100%] are 3, 5, 8, 14, 17 and 35 hours, respectively. The
simulation has been run on the ETH high performance computing cluster (Euler) with 8 cores and 192 GB memory.
MATSim v13, as sourced from [www.https://github.com/matsim-org/matsim-libs/tree/13.x] with the corresponding
DRT extension version has been used in this study.

4. Conclusion

The effects of downscaling populations in large-scale agent-based transport simulation varies, depending on the
output statistic of interest and the transport scenario being modelled. Previous studies that have only examined these
effects for conventional modes have recommended sample values between 5% and 50%. The most recent among them
did a comprehensive analysis for the car mode and suggests a safe value of 25%. With the consideration of on-demand
shared mobility services, a critical question is how the vehicle occupancy should be scaled. This study has revealed
different results in the effects of downscaling for a ride-sharing scenario, wherein vehicle occupancy is a key output
statistic of interest.

Our findings show that a linear upscaling of the output statistics can produce an overestimation or underestimation
of the results. Particularly for vehicle occupancy, a logarithmic relationship was seen with the sample sizes underesti-
mating the average vehicle-occupancy of the full population. This is likely due to the effect of trip density, whereby, as
the sample size decreases, the trip density decreases, leading to loss of trip heterogeneity. That is, the more sparse an
area, the more difficult it is to pick up additional passengers under realistic wait time/detour time constraints as well as
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fleet size constraints. This is consistent with the results of Zwick et al. [12] who also found a logarithmic relationship
between trip density and pooling rate.

Furthermore, the findings suggest that when downscaling, especially in cases where you have the possibility for
vehicle pooling, it is necessary to check the tradeoffs between sample sizes and the computation time. For example,
for a 25% sample size which takes about 3 hours for four iterations, compared to 35 hours for a 100% population, the
relative bias was very high (potentially up to 80%). Therefore, it is necessary to consider a much higher sample size, at
least for producing robust results. For example, the 75% sample size have been shown to have a relative bias of about
35%, while its simulation time is about half of that of the full population. This begs the question of how much error
margin one is willing to consider in order to reduce the simulation time. Thus, it is highly recommended to continue
this line of research to determine a way to correct the sampling bias.

Lastly, the simulations used to produce the results presented in this paper are from a larger study that is still in
progress. One should keep in mind that the biases observed in this paper could be due to a number of reasons. Factors
such as network effects, differing trip densities from random sampling, study’s methodologies, or even scenario-
specific settings could influence the sign and magnitude of the biases discussed. A pertinent and specific example
is that the demand and fleet size used in this study’s scenario were held constant for this initial investigation. Subse-
quently, it could be possible that the results discussed are specific to the simulated study area and the assumed demand.
Future work should focus on how to reduce the relative bias while considering the aforementioned effects.
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