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ARTICLE INFO ABSTRACT

Keywords: Large-scale traffic simulation models are a crucial tool for simulating and evaluating.different
calibration transport solutions, especially now that our mobility ecosystems are evolving at an unprece-
traffic simulation dented pace. Due to the scale and complexity of these models, numerous parameters exist that
stochastic approximation can significantly influence their outputs. Thus, calibration of these models is a prerequisite for
Bayesian optimization a “realistic” assessment of new transport policies. Demand and supply are.the two components
traffic demand of the traffic simulation models. Origin-Destination (OD) based demand models are widely
transport supply adopted in the transport modeling community. Local gradient approXimation algorithms are a
large-scale optimization popular optimization choice for calibrating the OD matrices, usually reconstructed using socio-
ensembles demographic statistics and traffic data. However, the problem of reconstricting OD matrices is

highly under-determined, meaning that multiple plausible solutions exist in terms of data and
OD structure. Further, considerable time and manual effort afe spent fine-tuning the calibration
performance. In this work, we propose an end-to-end.methodology for sequential calibration of
demand and supply parameters that automates various components in the calibration workflow
and leverages new ensemble techniques to increase robustness. First, we propose a simple yet
effective heuristic to address the bias in the ifitial estimates. Then, we use Bayesian optimiza-
tion to automate fine-tuning of SPSA parameters, followed by Bagging and Stochastic Parameter
Averaging (SPA) techniques to reduce/the variance in the estimates. Finally, we use Bayesian
optimization to calibrate the mesoscopic supply parameters. We test our approach on analytical
and DTA simulation (SUMO)models with synthetic and real-world data on the network of Mu-
nich. The results show that our approach‘can provide reliable estimates even when data contain
substantial errors. Methodologically,we show that bagging and SPA can dramatically improve
the performance of state=of-the=art algorithms such as W-SPSA. This is important in two as-
pects. First, using parallel computing, bagging can improve performances while not increasing
the computationaltimes. Second, bagging and SPA can be used with any stochastic optimization
algorithm. Finally, we open-source the developed platform in the interest of open science. The
platform can(be used to calibrate any network in SUMO and can be extended by incorporating
new data, parameters, additional components, or libraries.

1. Introduction

A transportation system comprises,different parts and their interactions, which results in travel demand and supply
of transport services (Cascetta (2001)). Researchers and practitioners develop transport models to study the effects of
an ongoing or new phenenenen onrthe transport system, e.g., the effect of new technology or a policy change on - how,
when, from/ to where,people move, and their resultant social, economic, and environmental impacts. While analytical
or static transport models do exist, their outputs do not fully capture the complex dynamic interactions that occur
on a transport network (Chiu et al., 2011). Dynamic Traffic Assignment (DTA) simulation can represent the short-
term traffic.flow variations and behavioral choices in a large-scale network (Ben-Akiva et al., 2012). Therefore, traffic
simulation modelsyare increasingly preferred in modeling applications. Calibration of transport demand and supply
parameters i§ crucial before the models are applied for analysis and forecasting, as inaccurate parameters translate
into unreliable simulation outputs. Calibration is the process of finding the simulation model’s parameters so that the
difference between the simulated behavior (counts, travel time, speed) and observed behavior is minimized.

Calibration is formulated as an optimization problem to minimize the value of the objective function subject to
constraints (Antoniou et al., 2016). Thus, calibration of traffic simulation models depends on three main factors, namely

? This work was supported by the Deutsche Forschungsgemeinschaft (DFG) under Grant 415208373 for Project TraMPA-Transport Modelling
using Publicly Available Data. The codes developed in this work can be accessed at https://github.com/vishalmhjn/actrys
“Corresponding author
¥4 vishal .mahajan@tum.de (V. Mahajan); guica@dtu.dk (G. Cantelmo); c.antoniou@tum.de (C. Antoniou)
ORCID(S):

Mahajan et al. Page 1 of 31


https://github.com/vishalmhjn/actrys

Automating tra Cc_Simulation model calibration

calibration method [objective or fitness function and its formulation, calibration approach, optimization algorithms,
the goodness of fit (GOF) criteria], simulation model [assignment method, level of detail] and data [Measures of
Performance (MOP), data sources, aggregation, coverage]. The calibration of DTA models is an active field of research
with applications such as demand calibration and real-time traffic management. Demand calibration or estimation/
updating of the origin-to-destination (OD) demand matrices using traffic counts is a well-studied problem for transport
modelers. Origin-Destination (OD) demand estimation is a particular case of demand calibration where the link traffic
volumes/ flows/ counts are used to estimate the OD matrix (Cascetta et al., 1993). When multiple time-dependent
OD matrices are to be calibrated, the problem is also referred to as Dynamic Origin-destination Demand Estimation
(DODE) (Cantelmo et al., 2018). Researchers have proposed various methods exploiting the data, models, and problem
structure. On the algorithmic side, black-box optimization using approximated gradients is widely used to calibrate
OD matrices.

For a large-scale simulation scenario, calibration suffers from the “curse of dimensionality”’(Djuki¢et al., 2012;
Cascetta et al., 2013), because the size of the OD matrix is large and thus the number of parameters.) This means
parameter calibration becomes increasingly difficult with the increase in the number of parameters or.ODpairs. Further,
the higher the level of error (bias and noise) in a priori OD estimates, it will be challenging, tesobtain the desired
solution. For calibration and validation (Buisson et al., 2014) of the transport models, reseatrchersvand practitioners
need MOPs. Traffic flow data or link volumes are the commonly used MOP. It is well’knownrthat N independent
equations are needed to find the unique solution of the system of linear equations with‘N‘unknowns. The availability
of lesser equations as compared to the number of unknowns leads to an under-determined\system. In transport demand
calibration, the number of unknowns (OD demand pairs) greatly exceeds the number of equations (observed data). The
stochasticity, such as from the gradient approximation or optimization heuristics, vehicle routing in a simulation model
further compounds this. In fact, when the number of unknowns equals the number of equations, multiple solutions
can still occur due to the nonlinear nature of traffic, not always captured by conventional traffic data (Frederix et al.,
2013). The fact that there are multiple solutions might also make the algorithm prone to get trapped in undesired local
optima instead of converging to the desired local optima. To'reduce theichance of undesired local optima, extensive
analysis is needed to check the reliability and robustness of the solutions. All these practical challenges can lead to
increased time complexity and computational burden. Moreover, if the calibration approach is not carefully designed,
the calibrated OD parameters might be far from the desired solution. This motivates us to apply enhancements to the
current demand (OD estimation) and supply calibration framework and propose an end-to-end methodology to find
optimal calibrated estimates while keeping the computational burden in check.

This paper applies simple yet effective heuristicsand ensemble techniques (borrowed from the machine learning
field) to demand (OD estimation) and supply calibration. Specifically, we test two approaches: Bagging and Stochastic
Parameter Averaging (SPA). The latter is'a novel algorithm developed in this research and inspired by the Snapshot
ensembling (Huang et al., 2017) and Stochastic Weight Averaging (SWA) (Izmailov et al., 2018), used in the field of
computer science to find the weights of ‘Deep Neural Networks (DNNs) while avoiding local minima. Using multiple
experiments, we show that ensembling effectively reduces the variance in the final OD estimates. Further, the aver-
aged estimates are much closer to the true or desired estimates and thus, use the results of multiple local optimizers
to land closer to the desired solution. The fact that bagging can be executed on parallel nodes helps achieve these
improvements withoutincreasing time complexity. In addition, we propose automatic tuning of the calibration algo-
rithm and thus reduce the manual effort and time spent in doing so hitherto. The remainder of the paper is structured
as follows: section 2 concisely reviews the literature on this topic, section 3 introduces indirect OD estimation and
supply calibration, section 4 introduces the methodology of our study, section 5 provides details on experimental de-
sign and calibration platform description, followed by section 6 with results, followed by conclusion in section 7 with
discussion, implications, and limitations of our study.

2. Literature Review

Omrani and Kattan (2012) reviewed DTA model calibration, focusing on the calibration parameters and approach.
The traffic simulation parameters belong to two categories: demand model calibration and supply model calibration.
Demand model parameters pertain to trip generation, destination, departure time, mode, and pre-trip route choices. OD
estimation is a specific case of demand calibration where time-dependent OD matrices are calibrated. On the other
hand, supply model parameters pertain to during-trip route choice, link and junction performance functions, traffic
flow models, and driving behavior models such as lane-changing and car-following. The nature of these parameters

Mahajan et al. Page 2 of 31



Automating tra Cc_Simulation model calibration

can change depending on the granularity of the models, such as macroscopic, mesoscopic, and microscopic simulations.

Earlier, the demand models were calibrated considering other supply parameters as constant and vice-versa. These
approaches were followed by sequential (or iterative) calibration (Toledo et al., 2014), where supply calibration is
followed by demand calibration in a loop. These approaches, however, failed to capture the intrinsic interaction between
demand-supply (Toledo et al., 2014). In contrast, simultaneous calibration of all supply and demand parameters is
reported to provide the most efficient estimates (Toledo et al., 2014), although at the cost of additional complexity.
Another important distinction is between 0 [ind and online calibration procedures. The former calibrates the model
parameters given a set of historical observations. After this offline calibration, these parameters can be updated based
on the real-time or streaming data for prevailing traffic conditions in an online calibration(Balakrishna et al., 2007
Antoniou et al., 2005). As for the optimization algorithms, global search methods, EA (Evolutionary Algorithms) (Ma
and Abdulhai, 2002), are reported to give good quality solutions. On the one hand, global search methods arerelatively
less popular on large-scale networks, presumably because they are time-consuming and computationally €xpensiye for
large-scale problems. The success of global algorithms depends on the properties of the model and might not scale
very well on large networks. Only a few studies have used the algorithms’ distribution and parallelization to improve
the efficiency of these algorithms and demonstrated their application on medium-sized networks (@mrani and Kattan,
2018).

On the other hand, researchers use local search heuristics, such as Simultaneous Perturbation-Stochastic Approx-
imation (SPSA) (Spall, 1998a), which are efficient in terms of time and computation. ‘Large-scale calibration is a
highly under-deterministic or indeterminate problem with multiple possible solutions.\ Therefore, local search ap-
proaches need enhancements, domain knowledge, and sensitivity analysis to'obtain the desired solution. Researchers
have further tried to incorporate domain knowledge to improve the performance of SPSA. Some of the successful
applications of local heuristics are Weighted-SPSA (W-SPSA) (Antoniou.et'al., 2015; Lu et al., 2015), cluster-SPSA
(c-SPSA) (Tympakianaki et al., 2015), adaptive-SPSA (Cantelmo et al., 2014a). Djukic et al. (2012) applied Principal
Component Analysis (PCA) to tackle the high dimensionality of the calibrations to capture the input variation with
fewer parameters. Subsequently, the potential of dimensionality reduction'was demonstrated in PC-Generalized Least
Squares (GLS) (Prakash et al., 2017), and PC-SPSA (Qurashi‘et.al.," 2020, 2022). Another approach is to assume a
prior distribution (quasi-dynamic assumption) of the data to/reduce the number of variables artificially (Cascetta et al.,
2013) or to divide the problem into sub-tasks (Cantelmo etal., 2014b). Using meta-models to provide more domain
knowledge in black-box optimization helps converge.faster. For example, Osorio (2019) approximated the network
model using an analytical representation and embedded it as a meta-model within the Simulation Optimization (SO)
algorithm. This approach gave promising results for large-scale networks. In another recent study by Ho et al. (2023),
authors used modified gradients in SPSA and proposed a differentiable Meta-model assisted SPSA (MSPSA) to speed
up the convergence of the SPSA.

The first set of challenges pertains to_ tuning the parameters of calibration algorithms such as SPSA’s gain coeffi-
cient. In the case of gradient-based optimization, the learning rate decides the convergence rate. The algorithm can
be very slow if the learning rate<s,tooysmall. In contrast, if the learning rate is large, the algorithm can jump beyond
the optimum and oscillate or land in an unsuitable local optimum (too far from the starting iterate), leading to high
variance. Large learning fate, values can also lead to high values in the OD matrix, leading to simulation overload
and slow down and even more time to tune the parameters of the optimization algorithm. In the literature, SPSA gain
coefficients, i.e., step-size (&) and perturbation vector (C), are predominantly manually selected after some sensitiv-
ity analysis. Spall (1998a) suggested that if the parameters to be optimized vary significantly in magnitude, scaling
should be applied toithe gain coefficients. Such scaling was applied to step-size coefficients of SPSA by Tympakianaki
et al. (2018). However, even after scaling, finding the optimal value of gain coefficients requires conducting sensitivity
analysis and'expensive function evaluations. The set of parameters for a scenario may not be transferable to a new
scenario and ‘thus require a fresh and cumbersome sensitivity analysis. Thus, it costs a considerable time to select
the optimum parameters. The costly function evaluations limit the application of automatic parameter tuning methods
such as Bayesian optimization to OD demand estimation. Although Bayesian optimization works better than random
sampling, the former’s application will also be slowed due to time-consuming simulations. Thus, we conclude that
no existing systematic approach can help to automate the tuning of calibration algorithm parameter selection in the
context of OD demand estimation.

Traffic simulators are stochastic systems, implying that the simulation outputs and gradient approximations based
on these outputs are also stochastic. Thus, different types of averaging are used to address this stochasticity. For in-
stance, multiple simulations are averaged during each function evaluation to address the variance in the simulation
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outputs (e.g., due to randomness in ow propagation and route choice). Random search choice algorithms, such &
SPSA, leads to additional stochasticity because the random choice is made in a selection of perturbation vector du
ing the gradient approximation step, which induces randomness in the search process. To address the randomne
in gradient approximation, Spall (1998b) recommended that an average of a few gradient evaluations in every singl
iteration should be used for each gradient approximation. We term this technique as gradient replications to di er-
entiate it from gradient averaging wherein gradients across current and past iterations are averaged. On this note
Kostic et al. (2017) tested gradient replications and gradient averaging with the SPSA for demand calibration. They
found that gradient replications provide better convergence, whereas gradient averaging does not provide meaningf
bene t, which supposedly could be due to a highly uneven and complex loss surface. However, in a general, context
such averaging is bene cial when the curvature of the objective function starts to atten along a dimension, e.g., asin
the case of the canal or a valley. In such situations, gradient descent-based optimization methods can:be/very slow
convergence. In these cas&fmentuntan help to tackle the slow convergence (Ruder, 2016)./Momentum tweaks
the gradient descent by providing a short-term memory and taking the weighted average of the gradients from the pa
runs. References to gradient smoothing across iterations for SPSA can be found in Spall (2998b); Spall and Cristio
(1994).

Instead of gradients, averaging parameters or iterates (also called weights in machine learning) across iteratior
is another popular idea. Spall (2003) mentions that the innovation of the seminal work of Stochastic approximation
method by Robbins and Monro (1951) is to do a form of averaging acrossiiterations:.' This was followed by main-
taining the running average of the iterates in the case of stochastic optimization algorithms (Ruppert, 1988; Polyal
and Juditsky, 1992) for better convergence. For iterate averaging to perform better than individual estimates, mos
individual estimates must land within the local neighborhood of the true or desired estimate. Otherwise, averaging
will lead to poorer estimates (Spall, 2003). Di erent modi cations:of iterate averaging are also applied in the case of
Stochastic Gradient Descent (SGD) based algorithms in machine learning, where the running average of the weights ¢
the neural network helps to smooth the trajectory of the SGD4Forninstance, Izmailov et al. (2018) proposed Stochasti
Weight Averaging (SWA) where an average of the points/ iterates traversed by SGD with cyclical or constant learning
rate is used. SWA nds much atter solutions than SGD,leads te higher test accuracy, and improves the generalizatior
ability of the neural networks.

Another averaging-related method is based on‘the ensemble concept. An ensemble of models means combini
the decisions/ predictions of a set of individual models to provide a better prediction. Dietterich (2000) pointed out that
there can be many possible solutions to a problem'in:case of insu cient data, which is also the case in OD estimation.
An ensemble of models can help to average thevindividual model votes and help to obtain optimal predictions.
Further, in machine learning, many models userlocal search to optimize the objective function and can often get stuc
in local optima. Therefore, an ensemble made by running multiple models with di erent initialization can provide
better results. Bagging (short for Bootstrap Aggregating) is a common ensemble method. Bagging predictor (Breiman
1996) is a technique in machine learning where multiple models are trained on subsets of the training data (bootstrappe
datasets). Then the nal prediction isithe average of the predictions of these trained models. Bagging is helpful if the
individual models have high variance since the variance of the averaged model is reduced. Breiman (1996) found the
for unstable procedures, bagging works well and can push a good but unstable procedure a signi cant step toward:
optimality . There ar€ di‘erent techniques on how to obtain di erent models. For instance, in the case of Deep Neural
Networks (DNN),‘«cosine annealing or cyclic learning rate is used during the training process, and model snapshots ¢
the end of each learning cycle are used for averaging the predictions. This method is known as snapshot ensemblir
(Huang etal., 20%.7)¢

In this\work, we aim to address the above challenges in demand and supply calibration in a uni ed framework, and
our contributions are summarized as follows:

~ We develop a methodology to ne-tune the calibration algorithm parameters automatically. Substantial research
shows in fact that these hyperparameters play a crucial role, but to the best of the author's knowledge, no methoc
ology exists to estimate them. This is usually done manually, which is time-consuming and unreliable. This helps
to push the calibration process towards an automated approach.

We nd that applying Bagging and Stochastic Parameter Averaging (SPA) technigues can improve the robustnes:
of the results. This is important since, typically, solutions obtained by local search calibration algorithms have
high variance, and these ensemble techniques can help to reduce such variance in the estimates.
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Table 1
Symbols used in the paper
Symbol Description
T Number of time intervals
T Duration of each time interval

X Time-dependent demand parameters, e.g., time-dependent OD ows in our case= "X, At E
T. In this work, we use the terms dynamic OD matrix and demand parameters interchangeab
since they are identical.

X2 A priori or initial or given time-dependent parameter values{® =X

p Number of OD pairs

Y Selected supply parameters

Y2 A priori or initial of selected supply parameters

q Number of supply parameters

G Road network and other xed supply parameters; =G’

f Tra ¢ simulation model

Mo Observed time-dependent sensor measurements® = "M °°, e.g., MP = "C°;Vl°‘ for count C
and speedV measurements

M s Simulated time-dependent measurementdfl S = *M ", e.g., M§ =¢ACS\,* for count C and
speedV measurements

m Number of link measurements

21,2524 Goodness of tness function between simulated and observed measurements, simulated and |
OD estimates, simulated and prior supply parameters,feéspectively

W Wy Wy Decision weights for error function& ;;Z,; Z 5, respectively inithe multi-objective optimization

L Weighted overall objective function

B* Bias factor for OD matricesX

R* Randomness factor for OD matriceX

u Acquisition function for Bayesian optimization

A OD ow-Link counts assignment matrix

w Weight-matrix for W-SPSA, W = J.A/, whereJ is a non-linear function

Weye off threshold value below which the Correlation is set as zero

W ound off boolean variable, if True, then the non-zero correlation between the parameter and the senso
setto 1

a;c SPSA gain coe cients

A; other SPSA parameters

K,S,B, E Number of iterations for'W-SPSA, sequential calibration, Bayesian optimization, and ensemble
respectively
Error level, which is acceptable and hence de nes successful convergence

y

prior

ris

S,

" We also provide,two additional contributions, which from a methodological standpoint, are minor, but have
substantial impacts,on the calibration output in practice. First, we develop a one-shot heuristic system that
reduces intrinsicibias, reducing computational time. Second, we apply a Bayesian optimization framework that
e ectively estimates the supply parameters.

research in tra ¢ simulation calibration.

3. Indirect OD estimation

3.1. Problem formulation
The o ine calibration problem can be formulated using the notation in Table 1, inspired by Antoniou et al. (2015):
Indirect Dynamic Origin-destination Demand Estimation (DODE) is a speci ¢ case of transport demand calibration

where values of time-dependent OD matrices are the demand calibration parameters. This can be formulated as tl

minimization of loss or objective function:

mir)l(i_r;mize L MOMS:X:Y;XaYya (

The above approaches are developed using open-source tools and software and made available to advance

1
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which can be operationalized as follows:

E
mir)1(i_r\r(1ize WiZ1 MP2MP +WoZy X X3 +waZg Yy Y2 )
’ t=1
subject to:
MP=f X8 ;X;Y;8 ;Y6 ©))
I, f X f uy Iy fYfu 4)

andZ measures the discrepancy between the two quantities and is called Goodness-of-Fit (GoF) function or dis:
tance metric. In the case of measurements, the two quantities are the simulated and observed measurements, wher:
in the case of parameters, they are the parameter's current value and the parameter's prior yvalue. Equation 2 is a ty,
of multi-objective optimization, and/{, w,, andw 5 are the assigned weights for these objectives. Equation 3 captures
the dependence between simulated outputs and the input parameters, which is directly obtained from the DTA tra c
simulator.

Z, contributes discrepancy of the current estimates from the initial or historical demand estimates, so the opti-
mization algorithm is penalized for exploring far from the initial OD demand values. Furthermore, if the initial values
are biased, dependence on initial values in the objective function can prevent the optimization algorithm from reachinc
the desired optimum. In other words, a misleading speci cation of OD priorwill restrict the algorithm from recovering
the desired values. The same is true for prior values of supply parameters. Thus, when prior parameters are heavi
biased or unreliable, , andZ 5 should be set to a small value. But stillysthe prior demand matrix has certain structural
information, such as the relative magnitude of the demand ows among the zones. Prior information about parameter
needs to be provided to narrow down the possible solutions.

Since calibration is a constrained optimization problem (equation 4), we must specify the domain of the decision
variables, i.e., values in the OD matrices. The eguation 4 speci es the domain of the demand and supply parameters;
the domain for the demand variables is wide, the local'search algorithm has more exibility to nd solutions, leading
to a higher variance in the results. On the otherhand, narrow domain speci cation restricts the search space. Thes
constraints help provide additional information,to the optimization algorithm regarding the search space of parameters

3.2. Stochastic search and approximation with SPSA
3.2.1. Stochastic Approximation

Equation 2 is a form of amsiterative optimization problem where the analytical form of the objective function
is unknown. To handle this, we'move to Stochastic approximation (SA), which is a family of iterative stochastic
optimization algorithmsstsed for-the minimization of objective functions without an analytical form. Such objective
functions can only be estimated from noisy observations or noisy function evaluations, such as in black box systems
In black box systems; only.inputs and outputs can be viewed but not the inner mechanism of the system (Bunge, 1963
A general form of SA is:

el =0k T Ak o/ (5)

where -, is the decision vector for the™ iteration andy,. :,/ is the estimate of gradient a}. a, is the step
size or gain sequence. There are di erent approaches to estimating the gradient of the objective function from limited
observations or function evaluations. The naive gradient estimation can be done using nite di erences; the gradient is
estimated by perturbing the parameters in the decision vector sequentially, i.e., one at a time, evaluating the objectiv
function as many times as there is the number of parameters, and estimating the gradient. Sequential perturbation
the elements of decision vector and function evaluation at those points has a high time complexity due to the higt
run-time of large-scale tra ¢ simulators.
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3.2.2. Simultaneous Perturbation Stochastic Approximation (SPSA)

SPSA algorithm, by Spall (1998b,a), is a gradient approximation based optimization algorithm for stochastic op-
timization. In SPSA, the gradient is approximated by perturbing all the parameters simultaneously. This leads to only
two function evaluations of the objective function per gradient evaluation. Due to this advantage, SPSA is favored
for use in simulation-based OD estimation since function evaluation is expensive and the number of OD parameter
is large (of the order of thousands). Furthermore, SPSA reduces the computation time by gdeherfep is the
number of dimensions or, in our case, the number of OD parameters. The gradient vector in SPSA is approximated &
follows:

L1+ *Ly* Li *Ly
g = kKt G «k k Ckk: K K ®)
26 « 26 «

where,; = 0t G o and,; = . * G k- Gainsequences are givendpy= c_.k+1/ anda, = a {A+k+1/ ,
wherec, ,a, andA are the SPSA parameters. The magnitude of gain sequences reducks wjtis a random
perturbation vector sampled from the Bernoulli distribution with valueslodnd*1 withdequal probabilities.

3.2.3. Weighted - SPSA (W-SPSA)

SPSA does not account for any domain information and parameter correlations while propagating gradients from
objective function to parameters. Thus, various extensions of SPSA for DODE are proposed in the literature, as dis
cussed in the previous section. Of the proposed extensions, the Weighted-Simultaneous Perturbation Stochastic A
proximation (W-SPSA) exploits the simulator knowledge to map the correlations of the gradients with the parameters
W-SPSA (Lu et al., 2015; Antoniou et al., 2015) uses instead a weight matrix to account for the correlation of the errors
in MOP with the parameters (OD ows) during gradient approximation=This enables the use of information from the
tra ¢ simulator to discard the gradient signal from uncorrelated measurements. W-SPSA can also be seen as splitting
the original problem into multiple smaller SPSA problems (Antoniou et al., 2015). To show how W-SPSA works, we
re-write the loss function (2) by omitting the constants (observed measurements and prior values of the parameters
using to denote the demand and supply parameters, and setjimrgws, Z, = Z 5, andP = p+ qfor the sake of
verbosity:

E
L. /= lel'f' //+W222. / (7)
t=1

Now, the additive elements &fican be arranged in.an+ P/T arrayZ:

Z= wizyy 4 B N\WiZimT [ WoZymrea- /8 WoZp mepyre / 8

Wherez corresponds to the element-wise error function for each parameter or measurement. The gradient es
timation in W-SPSA makes use of the correlation between parameters and measurements based on the followir
(PTe.m+ P/T)dimensional matrix :

P Wip Wi 8wy 8 wynr 8 Wympr C
f War o W2 § wom 8 Womr & Womepr 8
_f 4 4 4 4 4

W = g
f Wpqg Wpy 8 Wpm § Wp.mT § Wp:mpP/T 0
f 4 4 4 4 4 g
! d
d WPT,’.I. WPTZ 8 WPT;m 8 WPT;mT § WPT;.YTH-P/T

wherew;; is the correlation oft" parameter with) " measurement or parameter. Note that these wevghtare

di erent from the weights of multi-objective optimization (as in the equation 2), which are denoted by bold symbol
The gradient calculation steps for th& parameter can be written as follows:
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3

=1 Wi 1

¢ i T2

.m+P/T Zj+* Z]* )
wi z*txz" (9)

9w 'k =

whereW ; is theit" row of the weight matrix, and

z* WizZpg. 18 Wazgr Y1 WoZymegs /8 Wz upre T/ (10)

Z" = wyzgy 18 WaZgr T WoZpreg. /8 WoZpupre T/ (11

It can be seen that the gradient for each parameter is computed di erently (equation 9) in W-SPSA instead of a
single gradient value for all parameters as in the case of SPSA (equation 6). The gradient matrix for/all the parameter
can be written as follows:

1 o *
G, =—W" z**Z7" & 12
k™ 20, k 12)
whered is the operator for element-wise division of matrices. For further details on W-SPSA, we refer the reader
to Lu etal. (2015); Antoniou et al. (2015). Finally, momentum can be used with W-SPSA to obtain the running average
of the gradients across iterations for e cient convergence. Thus, the update,step (equation 5) can be replaced with thi
following:

K+l = K
VT = VT agy

k+1l — k+1 (13)

Kyy

Where is the momentum factor with a value between0 and 1.

Algorithm 1 W-SPSA, source: Lu et al. (2015); Antoniou et al. (2015)

Input: SPSA gain coe cients®a;c and.other parameters, , A", number of iteration& or error tolerance,
Initial parameter ¢

Output: £
1: Lo} L 0 3
2: fork} 1,2,8 ,Kdo . mi_r}ign\;ze thl WiZy MOEME +wWoZy X XE +wgZ, Yo YE
3: a } a_ .k+A/
4: ¢} c_.k/
5: W} Wk
1 A * o
6: Gk} awn Z+ 4 Z a k
7: k+1}3 k 'aka. k/
8 L} oy WiZy fooal v WoZo
9: if ka Lk*l then
10: £}
11: end if
12: if L, < then break
13: end if
14: end for
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4. Methodology

4.1. Overview

The complete methodological framework for o -line calibration is summarized in Figure 1. The gure shows the
application of the bias-correction heuristic on the initialized parameters. This is followed by automatic SPSA parameter
tuning and, nally, ensembling of W-SPSA with sequential demand calibration and supply calibration (only in case of
real data scenario). The following sub-sections provide the details on these aspects.

Figure 1: Proposed demand-supply o ine calibration framework
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4.2. Sequential calibration

Equation 2 implies simultaneous calibration of demand and supply parameters since both sets of parameters a
optimized simultaneously in a single objective function. Even though simultaneous calibration of demand and supply
parameters provides e cient estimates (Toledo et al., 2014) (since at every iteration, both sets of parameters are consi
tent), it comes with additional computational complexity and more degrees of freedom. On the contrary, in sequentia
calibration, demand, and supply parameters are calibrated sequentially. It means the demand parameters are initia
calibrated while keeping supply parameters xed, followed by calibrating supply parameters while keeping.the de-
mand parameters xed. Although this helps to reduce the complexity, this could be time-consuming sincedthe proces:
is repeated till estimates of both sets of parameters are consistent. Therefore, in sequential calibrationssEquation 2 c:
be decomposed into two parts: demand (line 2 in algorithm 2) and supply (line 4) calibration.

Algorithm 2 Sequential demand and supply calibration

Input: weights for sensor counts and prior OD matrisgsandw,, prior parameterX 2 andY 2, number of sequential
iterationsS

Output: X,Y

1 fors} 1,2,8 ,Sdp

2 XEy mm;(mlze tTl WiZ3 MM +wWyoZ, X XE . Demand calibration

t} X;E 3
4 Y5} minimize L WiZy MEMS +waZg Yo YR . Supply calibration

55 Y} Yo
6: end for

w

Sequential calibration provides the advantages of computational simpli cation of a large optimization problem
into two smaller problems. Also, optimization can be exibly adapted for the demand and supply parameters. This is
important because demand and supply have distinct properties, such as a number of parameters, their range of possi
values, and parameter sensitivity (Ciu o et al., 2014) toward simulation outputs. This reason motivates the selection
of suitable optimization techniques for each class of parameters. For instance, optimization algorithms scalable f
high dimensions, such as SPSA, make sense for.demand parameters that are large in number. On the other hand
the number of supply parameters to be tuned is fewer, other state-of-the-art optimization techniques, such as Bayesi
optimization, can be applied.

4.3. Bias-variance decomposition

DODE can be seen as determining the optimal demand and supply parameters based on the given initial conditior
(starting parameters), and search process. Due to the estimation process, an error will occur between the estimat
demand (or supply) parameters and optimal demand parameters. Now, we de ne:
Let h.x/ represent'the, (family of) estimators to be learned from sequential minimization in algorithm 2, where
x ="X;Y" aresthe possible solutions.
Let h=.x/ be.the\bestiestimator i.e., which provides the best values of parameters.
U representsithe stochasticity of the search process which a ects the outcome. This stochasticity can arise du
to the characteristics of the optimization algorithm and simulator.
Then,biasis the error between the average estimator (averaged.byend the best estimatbF. x/
Randomness due td will give rise tovariance of a single estimatahn.x/
Finally, we have th@oiseor irreducible error, which is the di erence between the unobserved true estifator
and the best estimator. x/
Using the Bias-Variance decomposition, the error can be written as:

expected error= . biag? + variance+ noise (24)
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where

.bias2= o Ey[hxUN* hexi/ 2 p.xldx

variance = e Ey hxU/* Eylh.x;U/ 2 p.x/dx

noise = = ~“.x/* H"?p.x; H/dxdH
Initial values or the given parameter values can be seen as belonging to the sub-optimal estimator that.needs in
provement. Thus, DODE aims to correct initial parameter values to recover the true or desired vakiéss the
best estimate (correspondinghtd.x/) andX 2 is the initial/ current or given estimate, then:

Xa=X<.1* BX/+ R*/ (15)

where,B* andR* & control the systematic bias and randomness, respectively, in each parameter vali®* Here
is the contribution due to the estimator variance and noise. Thus, the selected estimator should be the one that lea
to minimum error. In the following subsection, we provide a step-wise approachito addressing the bias and varianc
of the estimators:

4.4. One-shot bias correction heuristic

As the true estimatad is unknown, it is impossible to compute the expected error. Therefore, this sub-section
introduces an alternative approach for bias correction (algorithm®3) .applicable when the count data from links is
available. The functional relationship between the OD ows and sensor counts can be then represented using th
following equation (ignoring measurement errors):

C = AfX (16)

where,C is the.mT ¢ 1/ dimensional columnymatrix for the sensor couxsis the.pT ¢ 1/ dimensional OD
demand demand column matrix, afds the.pT *,»mT/.dimensional assignment matrix of demand onto the sensors.
In uncongested networks, link ows depend,.linearly on the demand because the link costs or assignment matrix ir
uncongested networks do not depend on the demand. Now we can write the above equation for both the simulatio
and real scenarios:

Co:Arﬁxr Cs:Asﬁxs 17)

Under the assumptions,of the‘uncongested network and similar demand-link assignment in real-world and simula
tion, combining the above two equations gives us the following:

X, = BX% (18)

WhereB s the factor based on the sensor counts in simulation and measurements. Under assumptions of a
uncongested network, we only use a single run of the simulation to upscale or downscale the OD demand matrix fo
a given time'interval. Therefore, it is called a one-shot. We approxiniaia two ways, as shown in algorithm 3.

In rst case, we simulate the initial demant® and calculate the ratio of the cumulative simulated counts with the
cumulative measured counts (Line 5 in algorithm 3) wh@ﬁgn andC{;’m are the simulated counts and observed counts

during periodt for them" sensor, respectively, amd,, is the number of sensors in the network. This scalar value is
termed the Naive bias factor, which is used to upscale or downscale the initial values and estimate the intermediat
bias-corrected OD matrix*X; .

The above factor has limitations as it assumes that demand for the current interval only in uences the link incidence
of the same interval and ignores the correlation of count sensors with the demand. However, in practice, this is no
true. To address this, we can also use the simulator knowledge, i.e., the assignment matrix, to obtain an accurate Bi
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Algorithm 3 Bias correction heuristic

Input: Initial OD parameterX @, Other parameters including supply parametyfRoad network and other xed
supply parameterS, Observed sensor cour®$

Output: X2

cMPY fOXEY;G

:CSY MP

if method=Naivethen
fort} 1;2;8 ;ST do

[

RN

tm

81} N

a

6 X} =%
7 end for

8: end if

9: if method=weightedthen
10. BX} csaco wh
1: X3} X23a B”

12: end if

factor. The idea is to estimate the bias factor for the demand ows based on the count sensors which fall along the
routes or paths during speci ¢ periods for the given demand ows: Thus, the contribution of the uncorrelated count
sensors and periods can be omitted. We use the weight matrix (same,as the weight matrix in W-SPSA) in line 10 o
algorithm 3.

Due to the simplicity of the above heuristic, there is no'guaranteextatill lead to a better t of sensor counts.

The proposed method can be applied to the demand corresponding to the o -peak hours before calibrating the demar
for the peak hours due to the possibility of congestion. If most of the network during peak hours is uncongested, ther
the above relationship can be expected to approximate the upscaling or downscaling factor. Therefore, the accuracy
the correction depends on the actual state of the network and how the congestion a ects the demand-link assignmel
within the calibration intervals. Nevertheless, this step is only an intermediate step and provides a principle for initial
adjustment in the given estimates. Further ne-tuning is performed by calibration algorithms, which are discussed in
the following sections.

Using initial demand i.e X @ for domain speci cation can be ine ective since initial values are disturbed due to
bias and noise, as shown in equation’15. Instead, wXéder specifying the domain since they have been partially
adjusted for the bias. Further=we specify a domain exibly depending on each of the values of the parameter, using
thexal, f X f X?2u,, wherel, andu, are the multiplicative factors for specifying the lower bound and upper bound
on the parameters. Thus;at least two parametgiandu,) are needed to specify the domain for the complete set of
demand parameters. By using tké, we take into account the (corrected) prior knowledge about the magnitude of
the parameters. The,domain speci cation leads to a fan-shaped domain speci cation, where the domain is narrow fo
the smaller values of the/parameters, and vice-versa.

4.5. Automatic tuning of SPSA parameters using analytical model

We use an analytical assignment method approximated from the initial simulation run to automatically ne-tune
the calibration or optimization algorithm's (such as SPSA) parameters. In this way, we avoid iterating over the com-
putationally ‘expensive simulation-based dynamic assignment. Thus we call it a simulator out of the loop, i.e., the
calibration algorithm does not use DTA or simulation assignment but uses an alternate analytical assignment methot
Therefore, we do away with the need to ne-tune the algorithm's parameters with the simulator in the loop, and thus
reduce the computational burden and save time. After tuning the calibration algorithm's parameters, we run the cali
bration with the simulator and similarly call ita simulatorin the loop, i.e., The calibration algorithm involves iteration
or looping over the DTA simulator for tra ¢ assignment.

To develop the analytical model, we only use an initial simulation-based assignment to derive the assignmen
matrix. An assignment matrix is endogenous to the simulator based on the time-dependent OD ows and route choic
model and is derived from the incidence of the OD ows on the edges with count sensors. The functional relationship
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between the OD ows and link counts can be then represented using the following equation:

GS=ATX (19)

where,C are the sensor counts from the analytical assignndeistthe assignment matrix derived from the simu-
lator. We use equation 19, as an approximation of the simulator to ne-tune the algorithm's parameters. This analytical
assignment is way faster than running the simulator. This equation can also be seen as a meta-model of the simulatic
model. This method does not use the sensor or link speeds, since the complex relationship between the link'speeds &
OD ows is non-linear and cannot be analytically approximated using just the assignment matrix. Thus, to use this
approach, sensor counts must be used as MOP in the GoF function. The paramieteing can be formulated as an
optimization problem (equation 20), keeping demand and supply parameters xed, GRésejiven by equation 19.

L g M

£} minimize minimize  w;Z; C%GS +wyZ, X X@ (20)
Xt t=1

Overall, the automatic parameters tuning module can be viewed as a hierarchical optimization framework consisting
of the following:

1. First-level or inner optimization using calibration algorithm with.an analytical model to calibrate the pseudo
demand parameter¥X{) with a given set of parameters. This is shown by the inner part of the equation 20.
We cannot ensure the consistency between the demand and assignment matrix during optimization by usin
the analytical model (equation 19) instead of the simulator. “This is because when there is a change in the
demand parameterX {j, the assignment matri}d() is considered xed during the inner minimization in equation
20. Thus, the calibrated demand parameters here are referred to as pseudo-demand paxgintetetbe
algorithm's parameter tuning. Still, they help decide theappropriate gain coe cient values for optimization
based on the magnitude of the parameters.

2. Second-level or outer optimization with Bayesian/learning to ne-tune the algorithm's paransgtess based
on the rst-level optimization. The reasonfor using Bayesian optimization is that it is a powerful optimization
technique when the objective functioniis naot'observed, function evaluations are expensive, and the number o
parameters is limited. In this case, thesobjective function is shown by the outside part of the equation 20. A sim-
ple Bayesian optimization algorithm adapted from (Brochu et al., 2010) is presented in Algorithm 4. Bayesian
optimization uses an acquisition functiorto sample the next data point, deciding between exploration and
exploitation (Brochu et al., 2010). By specifying a smooth prior belief, such as Gaussian Process (GP), we car
calculate the posterior distribution of the GP by sampling the new data points iteratively. The posterior distribu-
tion is the surrogatesmodel of our unobserved objective function (equation 20). The acquisition function samples
the points by evaluating the expected value of a surrogate function and selecting the point which maximizes it.
We refer the reader:to the tutorial on Bayesian Optimization for further details (Brochu et al., 2010).

Algorithm'4, Bayesian optimization adapted from (Brochu et al., 2010)

1: for b} 12,8 ;B do
2: Let'x represent the gain coe cient8a; ¢, then nd x,, by optimizing the acquisition function over the GP:
Xp = argmaxu.xdq. e /
X

T, WiZy C%GP +wyZ, X X2

3
3 Sample the objective function;, = L.x,/ .L } minimize |
x[

4: Augment the dat® 1., = *D1. g1 5 -Xps Yo/~
5: end for

Subsequently, the sequential optimization of demand (and supply) parameters (algorithm 2) is done using the
optimal calibration algorithm's parameters obtained by the above hierarchical optimization module.
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4.6. Ensembling for variance reduction

Due to the under-determined nature of OD estimation, there can be multiple solutions for a given optimization
formulation (Equation at line 2 in algorithm 2) and local-search algorithms, such as SPSA, can result in the distinct local
minima resulting in parameters with considerable variance. Due to variance in the spatiotemporal demand pattern:
variance in sampling distribution or measurement errors, and simulation behavior stochasticity, some of these solution
can be hypothesized as a manifestation of the desired or true solution. Parameter averaging, such as in the baggir
technique and SWA, can help to cancel out some of the variance in the individual solution so that the averaged.solutio
is closer to the desired solution.

Algorithm 5 W-SPSA with Bagging

Input: Bias-corrected dynamic OD matricis' , number of bagging ensemblgs exploration parameter?

Output: X% . Averaged or bagged, estimate
1: fore} 1,2,8 , Einparalleldo . Bagging cycles
2: } N.O; %

3: Xa} Xa+

4: xEy min;(mize thl WiZ; MM +woZ, X X2 . Demand calibration using W-SPSA
5. end for ,

6 XE} 2 X¢

4.6.1. Bagging (ensembling with cold restart)

Here we run multiple estimators, such as W-SPSA (in parallel or serial order), and record the nal estimates of each
run or cycle. Since SPSA is stochastic due to the nature of its search process (see equation 6, vgreerandom
vector). Thus, di erent runs of SPSA with di erent seeds canilead.to di erent local optima, even if SPSA parameters
are kept the same. In all the cycles, the same initial eStimateiis used, which is why this can be referred to as colc
restart (algorithm 5), since knowledge from the previous cygcle is not used to in uence the current cycle. However,
we add a small exploratory noise in the initial @D yecter to promote the optimization algorithm to nd new solutions.
With the cold restart, the algorithm has more freedom to explore other possible solutions which are scattered aroun
the desired solution. The nal bagged estimateiis the simple average of all the nal estimates from all the W-SPSA
cycles. Further, speci cally in bagging, individual models can be trained in parallel, thus o setting the time cost of
multiple optimization cycles. For further details on bagging, we refer the reader to Dietterich (2000); Breiman (1996).

4.6.2. Stochastic Parameter Averaging (ensembling with warm restart)

We propose ensembling with ‘warm restart and refer to this approach as SPA (Stochastic Parameter Averaging
inspired by SWA (Izmailov et al:;,2018), snapshot ensembling (Huang et al., 2017), and SGD with warm restarts
(Loshchilov and Hutter, 2016), for W-SPSA. We use the term parameter instead of weight since the former term is
more common in tra c.calibration literature. In SPA, the gain coe cients are reset after xed iterations or when the
objective function tness's not changing much. The next optimization cycle uses the iterate from the previous cycle as
the initial parameters (algorithm 6); hence, it is referred to as warm restart . The resetting of SPSA gain coe cients
resembles theleyclic learning rate. The idea is after initial convergence around a probable solution, W-SPSA is furthe
pushed to'explore,the other solutions for improvement, but in the vicinity of the estimate from the previous cycle.
Finally, we take the simple average of cycle estimates to obtain the nal SPA estimate.

4.7. Calibration of supply parameters

We use Bayesian optimization (Algorithm 4) for calibrating the selected supply parameters (line 4 in algorithm 2).
Di erent data sources, such as point-based, edge-based, and network-based, can be used to calibrate the paramet
The type of supply parameters can vary based on the speci ¢ simulator. However, Bayesian optimization is a kind of
black-box optimization and thus accesses only the inputs (parameters) and outputs of the objective function. Therefort
supply parameters to be calibrated are selected based on their sensitivity to the output data or corresponding MoPs.
certain parameters are not much sensitive to the outputs, it is not possible to calibrate them with the given data.
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Algorithm 6 W-SPSA with Stochastic Parameter Averaging (based on SWA (Izmailov et al., 2018))

Input: bias corrected dynamic OD matricks, number of SPA cyclek
Output: Xgp 5 {Averaged SPA estimate}
1: fore} 1,2,8 ,Edo

2:

3:
4:
5:
6:

x£y minimize LLWiZy MEMS +woZ, XiX2
X _ .1 XgpatXe
SPA g—e
xa=xE
end for ,
£ 1 £
Xt} 2 Xg

5. Experiment design and set-up
5.1. Overview

In this research, the demand parameters are the time-dependent OD matrices. Supply-parameters control the tra

propagation and route choice behavior. The details of scenarios with di erent simulation and data combinations for
varying levels of simulation complexity and data are as follows:

1. Scenario I Analytical assignment with synthetic sensor counts: A randomly generated demand-link assign-

ment matrix is used for mapping OD ows (randomly sampled using a distribution function) to sensor counts
using equation 19). In the case of synthetic experiments, wheretrue OD parameters are generated/ known, tt
algorithm is also validated by the error between the calibrated OD parameters and true OD parameters. Thi
method's performance is evaluated on the tness of sensor.counts and OD matrices. This scenario focuses o
obtaining accurate demand estimates (line 2 of algorithm,2), which is why supply parameters are considerec
xed. Hence, this scenario is just restricted to demand calibration.

2. Scenario 2 SUMO and Munich network, withesynthetic sensor counts data: Given OD ows are simulated

(Moeckel et al., 2020) and corresponding:sensor counts are recorded as desired counts. In this case, supf
parameters are kept constant and thus not part of the calibration. The method's performance is evaluated o
both the tness to measurements (counts, speeds) and OD matrices.

3. Scenario 3 SUMO and Munich networkwith real-world sensor counts: Given OD ows (Moeckel et al., 2020)

are used with sensor counts from real-world data sources (BAST: Bundesanstalt fur Strayenwesen, 2023). W
use the best-performing approaches in the above scenarios and apply them here. In this case, true OD matric
are not known, and thesperformance of the algorithm is only evaluated on sensor count tness. To achieve the
best tness, we calibrate the demand and the supply parameters sequentially (algorithm 2).

5.2. Initialization

Algorithm 7 Initialization

Input: Initial OD, parameter; (real case) or distributioDy (synthetic case), Other parameters including supply

parameter¥, Road network and other xed supply paramet&Observed sensor measurememis (real case)

Output: X'CP; SP

1:
2:

if scenario =synthetichen . Synthetic data scenario
X$i Dy . Generate true OD matrix parameters
MZ} f X5Y:G . Generate true sensor measurements
X&} X<.1* BX+R*/ . Perturb original parameters
CoSPY M¢P . Assign observed measurements

else . Real data scenario
X2} X4 . Assign seed matrix
C%hSP M

end if

Mahajan et al. Page 15 of 31



Automating tra ¢ simulation model calibration

A true OD is sampled from an underlying distribution for the experiments with synthetic data. Based on the
empirical ndings, we select a right-skewed distribution for sampling the OD demand, so a few OD pairs have many
trips mirroring large and dominating zones (such as external zones) within the study area. On the other hand, mo:s
zones have a relatively smaller number of trips. The sampled demand matrix (in case of synthetic experiments) or initia
OD demand matrix (in case of real scenarios) is given as input to a tra ¢ simulator (Algorithm 7), and corresponding
simulation outputs (link counts and link speeds) are recorded.

Subsequently, bias and randomness, proportional to the OD parameter's magnitude, are added to the true dema
values according to equation 15. In this way, a true or desired OD matrix is corrupted or disturbed by adding articial
bias and noise. This disturbed OD matrix is used as the initial or given OD mAtfjx $imilar to practical situations
where the actual or true OD matrix is unknown. However, instead, an error-prone prior estimatesis available. Due to
errors in the prior demand matrix, we do not use it in the calibration objective function, i.e., we=@andwz=0
in all the above scenarios (algorithm 2). Thus, optimization is guided by the tness of counts orSpeedsimeasurement
(w4=1), but the search is restricted within the domain or structure speci ed using bias-correctedprior estimates.

5.3. Gradient and performance evaluation

We use primarily Weighted Average Percentage Error (WAPE) (equation 21) as our.evaluation criteria for OD t-
ness and count tness. WAPE weights the percentage errors based on their magnitude since the scale of the paramet
can vary across a wide range. WAPE, also called MAD/ mean ratio, is a preferred-alternative over MAPE (Kolassa
and Schutz, 2007). This is crucial since the costs of inaccurate estimation of large OD demand ows can be more ad
verse and thus need to be minimized. Apart from WAPE, we use Root Mean Squared Error (RMSE) for performance
evaluation.

3
X xd
WAPE = —3X— (21)
In W-SPSA gradient calculation steps, we scale the estimatpesifiz,) relative to each other using the following
method (He et al., 2021):

max‘z;”
max‘z,

2,=2, zZ, (22)
where , is the scaling factor. Alternatively, the measurements or parameters can be normalized or standardize
before evaluating the estimator. Similar scaling is used for speed measurements if included in the objective function.

5.4. Experiments

We conduct the grid-based evaluation of the e ect of the paramBteasdN * on the e ectiveness of our proposed
approach. Since we_expect ensembling to be bene cial when the individual estimates are in the neighborhood of eac
other, by averaging some ofithe variance can be canceled, and the mean of the estimates is closer to optimal value
as compared to theindividual estimates. We hypothesize that with the increase in the magnitude of bias and noise |
the initial OD values X&), the resulting calibrated estimates can be far from each other, which can lead to reduced
e ectiveness ofithe ensembling. This grid-based evaluation helps to de ne the vallfefof the following scenarios
2 and 3. Wesalsoadd randomness to the sensor count measurements and check the impact on the calibrated estima
The noise is.added to mimic random data errors accordi®fte C°.1 + R® /. We incrementally add the proposed
methodological components to the baseline W-SPSA method and evaluate the improvement. The possibilities ar
enumerated as follows:

1. W: Baseline, using only W-SPSA and manual speci cation of SPSA parameters.
2. BC: Bias correction heuristic

3. A-W: W-SPSA withAutomatic SPSA's parameter Tuning (AST).

4. W-B: W-SPSA with Bagging (B).

5. W-SPA: W-SPSA with Stochastic Parameter Averaging (SPA).
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6. A-W-B: W-SPSA with Automatic SPSA Tuning, followed by Bagging.
7. BC-A-W: Bias correction heuristic, followed by W-SPSA with Automatic SPSA Tuning.
8. BC-A-W-B: Bias correction heuristic, followed by Automatic SPSA Tuning for W-SPSA, with bagging

5.5. Computation burden

The computation requirement for convergence of the algorithm depends on many factors. We quantifysthe com-
putation requirement of our approach in terms of the number of objective function evaluations or tra ¢ assignment
instances. Depending on the type of scenario, the type of tra ¢ assignment (analytically or simulation-based),and its
time burden can be di erent. If all the methods are used, then the minimum number of times function evaluation is
done can be expressedls S..3 E K/+ B/. This is because we need one evaluation of BC and three evaluations
for each W-SPSA (ignoring gradient and simulation replications). We used a desktop PC (8 i7-11700F @ 2.50GHz
physical cores and 50 GB RAM) and a workstation (36 Intel Xeon @ 2.60 GHz physical cores and 156 GB RAM). A
single analytical tra c assignment requires less than 5 seconds due to its simplicity, whereas a;single simulation-basec
tra c assignment takes around 31 minutes.

5.6. Calibration platform description

Figure 2: Calibration platform and SUMO simulator coupling in Python

We developed a Python-based platform for the sequential calibration of the demand and supply parameters of th
large-scale mesoscopictra ¢ simulation in Simulation of Urban Mobility (SUMO) (Lopez et al., 2018). Figure 2 shows
a schematic representation of the platform. Given the simulation inputs (simulation network, tra ¢ analysis zones,
detector locations) and parameters' priors, the platform calibrates the demand according to the proposed methodolog
Other parameters that are xed are, therefore, not part of calibration or outside of the scope of calibration. An initial
OD matrix.is used to generate trips between edges in di erent Tra ¢ Analysis Zones (TAZs). The routing algorithm
in SUMO assigns routes to these trips. We select a few supply parameters which in uence tra ¢ ow, junction delays,
and route choice behavior. These parameters are de ned below:

1. Automatic or online routing is used for the tra ¢ assignment. According to SUMO (2023a), this routing ap-
proach works by giving some or all vehicles the capability to re-compute their route periodically based on the
tra ¢ conditions in the network. This kind of routing is also referred to as a exible one-shot assignment
(Castiglione et al., 2014). The parameters in uencing the routing of vehicles are

(a) re-routing probability The probability for a vehicle to have a routing device
(b) re-routing period The period with which the vehicle shall be rerouted

(c) re-routing adaptation stepsThe number of adaptation steps for averaging

Mahajan et al. Page 17 of 31



Automating tra ¢ simulation model calibration

Table 2
Enumeration of calibration parameters
Simulator ™ Analytical Black box
Data ™ 1. Synthetic 2. Synthetic 3. Real
Network parameters
p 2500 5256 5256
T 3 5 5
T 1 hour 1 hour 1 hour
m 500 1166 450
SPSA parameters
0.01 0.101 0.101
0.7 0.602 0.602
Range forc .0:01; 10/ .0:.01, 1/ .0:01; 1/
Range fora .1x10%;1x10%/ .1x10%;1x10%/ .1x107;1x102/
K 100 50 50
W-SPSA weight parameters
W oundt off True True True
Wy off 0.01 0.01 0.02
Other parameters
S upto 5
B upto 100
E upte»20

2. To in uence the routing decision, the travel time of di erent types of edges can be scaled depending on their
priority, using the parametadge priority factor(SUMO, 2023c). As a consequence, low-priority edges will
receive a penalty and have increased travel times, whereas high-priority edges receive little or no penalty.

3. The parameters which a ect other.delays (SUMO, 2023b) are

(a) tls_travel-time_penaltyThis is a headway penalty to reduce the maximum ow across a signalized inter-
section.

(b) meso_minor_penaltylhis,is a xed time penalty when passing a prioritized link.

We implement the W-SPSA by extending the Python SPSA implementation by Mayer (2017). All inputs pertaining
to the network speci cation, count detectors, demand zones, SPSA parameters, etc, for three scenarios, are shown
Table 2. Values of SPSA parameterg&ind are xed based on initial sensitivity analysis. We select SPSA gain
coe cient aand perturbatior parameter for the automatic tuning module and thus”a; ¢ . Their search space is
speci ed in Table 2. The complete platform is implemented using Python and is available on GitHub (see footnote on
the front'page).

6. Results

6.1. Automatic SPSA parameter Tuning (AST)

As discussed in Section 4.5, the automatic tuning procedure is solved as a hierarchical optimization process. Th
rst step deploys W-SPSA to calibrate the pseudo demand parameters, while the second step uses Bayesian learning
ne-tune the SPSA parameterg( ). For the Bayesian learning model, we use Matérn kernel as the Gaussian prior,
and Upper Con dence Bound (UCB) as the acquisition function (Brochu et al., 2010). In all scenarios, we speci ed

the parameter space foas (1e-2, 1el). The space fis set to (1e-6, 1e0) for scenario 1, whereas it is set to (le-7,
lel) for scenarios 2 and 3. The points are randomly sampled on the logarithmic scale for initial probing, followed by
Bayesian optimization. The number of iterations for initial probing/ exploration and number of iterations for Bayesian
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Figure 3: Automatic tuning of SPSA gain coe cients using Bayesian optimization for (left) scenario 1: synthetic simulator
and (right) scenario 3: SUMO with real data

optimization was set t650; 100" for scenario 1, anti100, 200" for scenarios 2 and 3. In Figure 3, we show the results

of automatic SPSA parameter tuning for scenario 1 and scenario 3. The WAPE is lower for scenario 1 (scale of the
color bar in Figure 3), compared to scenario 3 since the former involves synthetic.data and the analytical simulator ha
a simpler loss surface without stochasticity. The approximated assignment matrix, in this case, is the same as the trt
assignment matrix, which is static. In scenario 1, we see that the pointsare initially probed randomly over the speci ed
space of parameters during exploration, followed by a focused,séarch based on the acquisition function. For scenar
1, we nd that values ot andain the ranges of (1e-2, 1e0) and (1e-6, 1e-4) are e ective.

For scenario 3, the loss region is noisy due to errors from real data and analytical approximation of the assignmen
matrix in place of the actual simulator. This is why parameter.combinations do not have a clear boundary of lower
error and errors are also high. This stochasticity cantbe addressed by increasing the number of output averaging al
SPSA replications at the cost of additional computation:, Still, a fuzzy pattern is evidenafata in the range of
(1e0, 1el) and (1e-5, 1e-4), where small errors are predominant. Thus, we conclude that automatic tuning of the SPS
parameters using an analytical approximation ef the-simulator is e ective since these values reduce the most errol
With these insights, the following scenariosi2 andi3 are instrumented with the above settings of the automatic tuning
module.

6.2. Scenario 1. Synthetic data with analytical assignment

We show the results of the grid-based evaluation for bagging e ectiveness in Figure 4. At lower levels of ran-
domnessR* in 30-40%), initial erroriin deman®) and sensor count$/A ©) are about the same. At higher levels
of RX, the initial error inX 2 (OD parameters) increases. During the initial incread@*idor R* < 30~, there is a
rapid increase in the erfor for higher valuesBdf, whereas the error increase is gradual for smaller valuBg ofrhe
gradual error increase continues for higher valueR’oin the case of loweB*, but the error is stable for high&*.

For the sensor counts, the'initial error stabilizes or even drops with an increB3e This is because counts are the
weighted sum.of the.demand ows between respective OD zones. Thus, additional randomness in the ODs ows is
canceledidue to'weighted summation. There is no strong correlation between the initial error in OD demand ows anc
corresponding‘counts in this range. Secondly, an increase in randomness cancels out the initial bias in some of tf
parameters‘and thus results in a small drop in the initial count WAPE.

We notice that W-SPSA can minimize the objective function in all cases of bias and randomness. This is becaus
the sensor counts are used as MOP in the objective function and it is evident that the nal count error is lower than the
initial count error. Further, the total error computed by equally weighing the error in sensor counts and OD parameter:
is also lower. For low values of randomne$¥], the error is dominated by the factB¥. Results indicate that
algorithm manages to correct even high bias values in OD parameRtdssfsmall. This is why the initial and nal
total error gap is highest for low values BF.

The box plots in the middle column (Figure 4) show the WAPE of each individual estimate. The tness of bagged
OD estimates is consistently lower than the individual estimates in all cases, which supports the e ectiveness of the
bagging. However, the calibrated estimates are only better than the desired estimates for smaller RaI(@20%6)
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in all the ranges oB*. This observation implies that the algorithm can only move closer to the desiredXODs

for lower values of thdR*. This is because, rstly, increased randomness in the initial estimates will deteriorate the
structure of the initial demand speci cation and the quality of the domain speci cation of the demand parameters. At
high randomness values, the initial point and domain misguide the calibration algorithm to a local optimum which is
even far from the starting point resulting in higher error. Secondly, Rigts not translating to a higher error in sensor
counts due to the cancellation of the random errors. Thus, gradients relying on the sensor counts cannot e ectivel
guide the reach of the desired demand parameters. The conclusion is that desired OD parameters are only recovera
whenR* is small since, at higher values, the essential structure oKthan X 2 starts to disappear. However, the
Bagging approach e ectively improves the weighted tness of both the demand and count parameters. Based.on thes
ndings, in the black box simulation experiments i.e., scenario 2 and scenario 3, we set the randomness values a
R*=20%. This randomness value is similar to those used in the existing literature (Antoniou et al.,"2016).

Figure 4: Scenario 1:<Error at varying levels dB* and R*, for a Synthetic scenario with 50 OD zones. Thé&inal error
includes equally weighted.sensor counts and OD demand estimates.

In Figure 53 we show the OD tness error contours for single W-SPSA, SPA, and bagged estimates. Due to high
dimensional optimization, tness error is in uenced by thousands of demand parameters. The plot shows the condi-
tional errar (because it depends on multiple parameters) region with the values of the pair of zones on X and Y-axes
The columns in this gure correspond to two levelsif: 30% and 90%, both 8*=0.6. Fitness error increases with
the increase'iiR*. The single estimates are scattered in the region. However, the averaged estimates from SPA anc
bagging lie with the region of lower errors than the single W-SPSA estimates. Thus, bagging and SPA help reduce th
variance in the estimates from single W-SPSA estimates.

We compare the performance of bagging and Stochastic Parameter Averaging (SPA) in Figure ®&*«bee
and R*=30%. Here we report bagged estimates from 20 W-SPSA runs, each for 100 iterations. Further, we also
show the results of multiple SPA runs, each running for 2000 iterations. It is pointed out that function evaluations in
bagging (with 20 di erent W-SPSA cold restarts, each running for 100 iterations) are equivalent to those in a single
SPA run of 2000 iterations with warm restarts. Thus, the comparison between them is fair. The nal count WAPE for
individual W-SPSA estimates (column 1 in Figure 6) stops to reduce at 0.05 after a few iterations. On the other hand
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Figure 5: Contour plets showing the parameter values for selected pair of the zones wik=0.6, at di erent values of
the R*. It can be seen that baggedd) or SPA (¢ ) estimates lie in the lower error region as compared to the single SPSA
iterate (s). The right column is the zoomed-in version of the plots in the left column. The plot shows the conditional error
region with the selected two OD zone pairs on X and Y-axes

count tness WAPE for SPA continues to reduce up to a value of more than 0.025. In the SPA loss curve, we see tha
each warm restart of the cyclic learning rate pushes the loss curve down faster than before the restart of the learnir
rate. Individual estimates achieve an OD tness WAPE of 0.70, whereas individual SPA achieves a WAPE of about
0.55. We nd that averaging helps improve the nal W-SPSA solution, compared to the single solutions from each.
Both bagging and SPA provide better OD estimates than the individual estimate from each W-SPSA run. However
the averaged estimates from bagging show superior performance with a WAPE of 0.38 compared to the averaged SF
estimates with a WAPE of 0.49. This implies that even though individual SPA estimates are more e ective in tting
the counts and ODs than individual W-SPSA estimates, the averaged estimates of bagging are better than those
SPA. This could be because SPA prioritizes exploration around the initial local optima. If the initial local optimal is
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Figure 6: Scenario 1: OD and count tness curves for bagging and stochastic parameter averaging wWa&f=0.6 and
R*=30%.

insu cient, SPA does not exploresu ciently due to over- tting, and SPA averaging fails to reduce the variance. In
the case of bagging, each.estimate is obtained from exploration in a broader region. Thus, averaging the estimates h
a superior result. Theresults of averaged estimates from bagging are not too sensitive to the momentum parameter
as compared to thase from the SPA. In bagging, ve individual estimates reduce a signi cant part of the OD tness
error, whereas, for. SPA, the error reduction is gradual. This implies that a small number of cold restarts as in bagging
can give majorbene ts. Due to these reasons, we only used bagging or ensembling with cold restarts for the following
experimentation.

We compareithe performance of di erent components of our methodology for OD parameter tness and sensor
count tness in Figure 7. In this case, we &t = 0:8, test the performance for values N ranging from 10%
to 200%, and show WAPE and RMSE. The approaches compar&iasreorrection (BC) using naive methdsiC
with weighted methqdC with W-SPSAN-SPSA with baggingndBC with W-SPSA and bagginglthough a high
randomness factor leads to higher corresponding errors, the problem becomes more challenging since the structure
the desired estimate is not identi able from the initial matrix.

We nd that the performance of the approaches depends oRth&ll approaches with bias correction perform
equally well at low randomness values. This is an interesting nding since it implies a simple and computationally
inexpensive heuristic can achieve similar or better error performance as the W-SPSA optimization process for sma
randomness in the initial OD matrix. &*>40%, bagging performs better than the other approaches, speci cally as
seen fromW-SPSA with baggingThis implies that for OD tness, the bias-correction heuristic dominates at small
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Figure 7: Scenario 1: OD and count tness (RMSE and WAPE) sensitivity with.the.change in the randomness parameter,
with di erent approaches using an analytical simulator §*=0.8)

randomness, whereas bagging dominates at high randomness. For high randomness, initial estimates are unreliak
thus, averaging multiple estimates helps provide better results. In the case of WAPE, OD tB&svith W-SPSA
without baggingshow high errors than just usigC. Intuitively, the SPSA model works better when the objective
function has a clear descent direction. This is often the,case when the objective function has a lower/ higher deman
with respect to the true demand (Cantelmo etal/;, 2015)."However, &Cleuristic removes bias related to, e.g.,
overestimation or underestimation, the performance of W-SPSA may be a ected.

Looking atthe tness for sensor counts, we ndthat W-SPSA outperforms simple heuristics in matching the sensor
counts regarding both WAPE and RMSE=»This is understandable Bi@deuristics only adjust the OD parameters
without ensuring consistency with the true"sensor counts. Simple heuristics work equally well if the randomness in
initial estimates is small20~ < R* < 30~),,meaning that initial estimates su ciently capture the structure of the
true estimates. The normalizediotal tness shows that W-SPSA and bagging approaches achieve lower errors tha
the BC heuristics even in highrandomness. Thus approaches using W-SPSA and bagging are best when ensuring tl
overall tness of the counts and OD demand parameters. To speed up the conveBfgneae, be used to adjust the
initial values of the @D parameters, followed by W-SPSA with bagging to ensure consistency with the MOPs, such as
counts.

6.3. Scenario 2:"Munich scenario with SUMO simulator and synthetic data

We show the results of the calibration for the Munich scenario using the SUMO platform with synthetic counts
and speeds'in,Table 3. The rst set of results correspon@s‘te 0:6 and a relatively smaller factor for randomness
(R* = 20~).and uses only sensor counts or both sensor counts and link speeds in the objective function. We also ad
arti cial randomness to the sensor counts to mirror data errors. We perform an ablation study by using one or more
of the components of our methodology, namely W-SPSA (W), Bias Correction (BC), Automatic SPSA Tuning (A),
and Bagging (B). The initial WAPE errors in count, speed, and OD are 0.42, 0.03, and 0.45, respectively. Similarly,
the initial RMSE errors in count, speed, and OD are 288, 1.71, and 10.80, respectively. Webdseaimeas the
scenario using sensor counts as MOP, with only W-SPSA, where count tness WAPE is 0.14. The corresponding
nal speed and OD WAPE are 0.02 and 0.72, respectively. In this case, although counts and speeds t better, the
estimated OD is worse than the initial OD values. This is because in the objective function minimization, W-SPSA
can converge to t better to counts, but it lands in undesired local optima for the OD estimates, which is still away
from the desired optima. Thus, individual estimates from W-SPSA have worse OD tness due to induced randomnes:
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Approach ~ Which MOPs  Count sensor Final error value
in objective? noise WAPE / RMSE
Count Speed Count Speed oD

Low noise B* = 0.6 & N* = 20)
0.42/288.12 0.03/1.71 0.45/10.80

Initial estimate - -

W(baseline) Yes No 0 0.14/89.34 0.02/0.85 0.72/19.75
BC Yes No 0 0.10/71.15 0.02/0.97 0.28/08.55

A-W-B Yes No 0 0.10/58.34 0.02/0.70 0.42/11.95
BC-A-W  Yes No 0 0.11/7296 0.02/1.00 0.63/18.81
BC-A-W-B Yes No 0 0.07/44.03 0.02/0.75 0.35/09.44
BC-A-W-B  Yes Yes 0 0.11/81.75 0.02/0.89 0.41/11.35
BC-A-W-B Yes Yes 15 0.16 /12496 0.02/0.61 0.41/1131

BC-A-W-B Yes Yes 30 0.28/230.30 0.02/0.72 0.46 /1441

BC-A-W-B  Yes Yes 45 0.39/340.48 0.02/0.91 0.45/13.90

High noise B* = 0.6 & N* = 200)

BC Yes No 0 0.17/123.12 0.02/0.82 "\ 1.0%/ 27.10
A-W-B Yes No 0 0.16 /123.75 0.02 / 0.9, 0.97 / 27.55
BC-A-W-B Yes No 0 0.14/95.15 0.02/1.06 1.03/30.26

1 W: W-SPSA; BC: Bias-Correction; A: Automatic SPSA tuning; B:xBagging

Table 3
Scenario 2: Results (WAPE and RMSE) of the Munich scenario with syntheticzdata

in the parameters during the optimization path. When using only' BC, the OD tness, count tness, and speed WAPE
are 0.28, 0.10, and 0.02, respectively. When using W-SPSA with baggig-B, we obtain OD tness of 0.42,
whereas count and speed tness are 0.10 and 0.02:, Thus, we nd that bagging helps to provide improved count an
OD estimates over initial values as well as Baseline scenarios. In this case, we nd speed and count tness comparabl
to theBC approach. Usin@C-A-W provides better results than the baseline in terms of improvement over count and
OD tness, but still, the estimated ODs are‘worse than the initial estimates in terms of WMAPE and RMSE. Adding
Bagging helps to address this variancesin theiestimated OD parameters since the appradleBesid BC-A-W-B

have superior OD tness than the baseline scenario. Only the latter approach outperfoB@sapproach in terms

of count tness. This means that at smalldevels of randomness in the initial estimates, a simple heuristicBch as
can provide equal or better OD estimates than other approaches. However, we cannot simultaneously minimize tnes
with respect to MOPs. This is' why the combination of BC, W-SPSA, and Bagging helps to obtain the estimates while
ensuring optimal tness with respect to counts and speeds. For the given scenario, speed errors are low in all the cas
and are not sensitive to'theicount errors/ approach used. This is possible because most of the network is uncongest
Therefore, they adddittle value to the calibration process.

When we addsandomness to the sensor counts, we expect a reductionin tness to the OD counts since the signal-t
noise ratio of the gradients from MOPs reduces. Therefore, for di erent sensor noise levels, we see a gradual reductio
of OD tness. Thus, the quality of sensor counts has important implications for the tness of the OD parameters.
Another ‘ndinguis. that in our experiments, using speeds in MOPs leads to higher errors in estimates as comparec
to using only counts in the MOPs. Since speed error is already low, they do not provide additional signals to the
calibration process. W-SPSA essentially decomposes the original problem into multiple smaller sub-SPSA problems
By inclusion of speeds in the objective function, the number of MOPs increase, and due to the non-linear dependenc
between speeds and OD ows, the complexity of sub-SPSA problems also increase, leading to a drop in the accurac
of the estimates. However, speeds can provide additional context for better convergence in cases where the netwo
is signi cantly congested. We suppose that the trade-o between additional context from speed data and complexity
depends on the level and spread of congestion/ spill-back in the network and could be a matter of future research.

Then we set the OD randomness value to a high vaili& € 200~) to simulate situations where the initial
demand estimates are of poor quality and, thus, the essential structure of the demand is lost. In the existing literatur
such extreme scenarios are not considered and tested in OD estimation. We observe the adverse e ect of using tl
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