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Dynamic trafc assignment (DTA) models are used in many transportation planning and trafc management scenario analyses
today. Te aim of the DTA model is to reproduce the pattern of vehicular movements. DTA models require inputs in terms of
demand and capacity of the road network and are very challenging to calibrate for large urban networks. In this paper, a new
network-wide calibration method for link capacities in urban networks is proposed. Te method takes link fow observations for
a subset of the links in the network to estimate the link capacities. Te proposed method relies on partial least squares (PLS)
regression and is demonstrated to be feasible and efcient in an urban road network (Stockholm, Sweden) compared to the
simultaneous perturbation stochastic approximation (SPSA) method. Performance analysis of the proposed method for diferent
amounts of link fow observations shows that it performs favorably for the cases in which only a small percentage of link fow
observations is given.
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1. Introduction

Dynamic trafc assignment (DTA) models are important
tools for planning andmanaging large-scale urban networks.
Calibration of DTAmodels of large urban networks includes
several challenges. Accurately replicating real-world trafc
conditions, especially in highly congested areas, requires
sophisticated models that can handle complex interactions.
Many characteristics of urban networks, such as complicated
intersections, short links, and route choice are challenging to
model, and are factors infuencing the calibration [1, 2].
Further, large urban networks involve numerous variables
and parameters, making the calibration process computa-
tionally demanding [3].

Te precision of congestion and delay estimates of DTA
models rely heavily on correctly estimated capacity

parameters. Link capacities, which describe the physical
property of links, are assumed fxed in this paper if we ignore
factors such as weather conditions. Link capacities in dy-
namic urban trafc networks are typically estimated locally
for each link or assigned based on general guidelines [4].
Local estimation of link capacities requires assumptions on
the fundamental diagram of each link as well as fow
measurements for several trafc regimes with densities both
higher and lower than the critical density. In this paper, we
aim to utilize the network structure in combination with link
fow measurements to perform network-wide calibration of
link capacities.

Most research regarding link capacity calibration focuses
on the local level instead of the network level. Local cali-
bration is done by calibrating fundamental diagrams for
individual links, or individual link types [5–7]. Other related
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research deals with calibration of demand, that is, origin-
destination (OD) calibration, and capacity calibration si-
multaneously. Here, the OD matrix acts as parameters and
fows are outputs. Capacities appear in the constraint part of
an optimization problem which minimizes the diference
between the predicted link fows obtained when the OD
matrix is assigned to the network and observed link fows
[8, 9]. Tere is very limited work focusing on quantitative
analysis of capacities in urban networks as well as pure
capacity calibration at the network-wide level [10].

Te capacity calibration problem is very challenging, not
only because of the large number of link capacities to be
calibrated, but also due to the complex relation between ca-
pacities and observed trafc fows. Tere are many acceptable
capacity values which will result in identical trafc fow output.
Te capacity of a given link cannot be smaller than any ob-
served fow on this link; however, the highest observed trafc
fows are likely not the real capacities of the links. One example
is a link acting as a bottleneck that will equivalently reduce the
fows on its downstream links within a certain time period,
which means we are unable to get useful information to cal-
ibrate the capacities of those downstream links.

In this paper, we aim to fnd an efcient capacity cali-
bration method which can be applied to large-scale urban
transportation networks. We investigate how network-wide
link capacities infuence the resulting fows by using a small
toy network, present a novel calibration method, and
evaluate the performance of the results from this method on
a large-scale network model of Stockholm, Sweden.

Te proposed method, based on partial least square (PLS)
regression, is evaluated for the case where MATSim, an open-
source framework for implementing large-scale agent-based
transport simulations, is used for assigning the travel demand
to the network. Te evaluation is made both with respect to
the quality of the resulting capacity estimates and the com-
putational efciency. It is evaluated by comparing the results
from the proposed method with those from the method of
simultaneous perturbation stochastic approximation (SPSA).

Te main contribution of this paper is a novel, network-
wide, calibration method for urban network link capacities.
Further, the relationship between fows and capacities in the
context of urban network capacity calibration is analyzed,
which could be helpful for future network-wide approaches
for capacity calibration.

In the next section, we go through previous work, put
forward relevant earlier published calibration methods and
introduce PLS regression. Section 3 presents the method
developed in this paper, which contains the following major
steps: trial points generation, simulation, PLS regression and
capacity updates. Section 4 describes the simulation setup
for evaluation of the method and the results are presented
and analyzed in Section 5. Te last section concludes the
paper and suggests directions for further research.

2. Literature Review

In the feld of trafc model calibration, most of the research
focuses on demand (OD) calibration or a combination of
demand and supply calibration (i.e., joint calibration).

Te joint calibration of DTA models can be categorized
into two groups: (1) iterative demand–supply calibration
approaches and (2) simultaneous demand-supply calibra-
tion approaches [11]. For iterative calibration methods, the
O-D fows and route choices are calibrated frst, and then the
driver behavior parameters are calibrated. Tese two steps
are iterated until a convergence criterion is satisfed [12–14].
For simultaneous demand-supply calibration, Balakrishna
[9] proposes a formulation of an optimization problem
which can jointly estimate both demand (OD fow and route
choice) and supply (speed–density diagram and segment
capacity) parameters. Even though capacities are included in
this work, they only appear in the constraint part in for-
mulating optimization, acting as upper bounds for fows.

In terms of pure supply calibration, most of the work
concentrates on speed-density relationship calibration for
individual links, or individual link types [5–7]. Te available
literature on network-level capacity calibration is very
limited. In Lin et al. [10]; a Dantzig-Wolfe decomposition-
based heuristic for capacity calibration is presented and it
has also been stressed that there are many acceptable ca-
pacity values which will result in identical trafc fow output,
which makes capacity calibration very challenging.

Tere is a lot of work concentrating on improving the
efciency and accuracy of methods applied to OD calibra-
tion problems. Tese problems are relevant for capacity
calibration since these two types of calibration problems
share many similarities.

A frequently encountered calibration method includes
numerical estimation of a full Jacobianmatrix [15], aiming at
fnding the local linear approximation between the input and
output variables. Te issue is that high dimensionality (e.g.,
number of links) in networks introduces great complexity.
Tis classical calibration method, consisting of series of
iterations in which estimation of local Jacobian matrix is
computed, often faces problems with computational
efciency.

One alternative to estimating the full Jacobian matrix is
the SPSAmethod, a method that has shown improvement in
computational efciency. It simplifes multivariate optimi-
zation problems by approximating the gradient with only
a small number of measurements per iteration in which all
variables vary randomly [16]. Although the SPSA method is
computationally efcient, the performance regarding con-
vergence rate and calibration accuracy deteriorates greatly
when the problem dimension increases. According to pre-
vious research, the calibration errors stop decreasing at
relatively high values [17]. In Lu et al. [18]; diferent values of
algorithm parameters are tested, and adaptive step sizes are
evaluated, but with limited efect in decreasing the cali-
bration error. Some researchers investigate modifcations
and variations of the SPSA method to achieve higher ef-
ciency and better robustness, such as weighted SPSA
[17, 19, 20] and cluster-wise SPSA [21], which have better
calibration performance compared to the traditional SPSA
method.

In Zhang et al. [22] and Chong and Osorio [23];
a simulation-based optimization algorithm is presented
which provides a fundamental structure of the calibration
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method in this paper. In this method, a simulator and
a sampling strategy for collecting trial points are used to
update a regression-based model constructing an approxi-
mation between inputs and outputs.Tis regressionmodel is
further utilized in an optimization problem minimizing the
diference between observed and predicted fows [22]. Tere
has been other work focuses on improving the efciency of
sensitivity analysis based on this method. In Osorio and
Bierlaire [24]; a simulation-based optimization (SO) method
which improves the efciency of complex stochastic urban
trafc simulators is presented: Trial points from previous
iterations are saved and a criterion is formulated to de-
termine the acceptance of these points in a later iteration.
Te weight for each trail point is formed on the inverse
distance weight function [25]. Tis trial points selection
strategy is similar to what we will use in this research.

Te method proposed in this paper implements a di-
mensionality reduction method (PLS regression) in capacity
calibration problems to reduce the computational cost. PLS
regression has been broadly used in chemometrics, for
example, Godoy et al. [26] and Geladi and Kowalski [27] but
has to the best of our knowledge not yet been used in the area
of trafc model calibration.

Compared to principal components regression (PCR),
which has been used in trafc calibration problems, PLS
regression has the following advantages:

1. Since loading vectors (which can approximately be
regarded as principal components) are considered in
a format of pairs, only the diagonal elements in the
regression matrix need to be calculated. Tis will be
illustrated in a more detailed way in the latter
chapters.

2. In order to achieve the same level of approximation,
fewer components are needed in PLS regression than
in PCR [28].

3. PLS regression can be the optimal compromise be-
tween ordinary least squares (OLS) and PCR for cases
with noise existence [29].

3. Capacity Calibration

Te hypothesis in this paper is that the network structure in
combination with multiple link fow observations can be used
to improve link capacity estimates. From the literature review,
the most popular methods for capacity estimation are based
on calibration of fundamental diagrams for individual links.
However, for large urban networks, it can be challenging to
collect enough data to support local calibration for all links.
Furthermore, due to network bottlenecks, many of the links
are always in an undersaturated state, which makes it hard to
estimate the link capacity locally.

3.1. Model Formulation. In this paper, we consider a math-
ematical model in whichm input variables (capacities), x1, . . .,
xm, andm output variables (fows),y1, . . ., ym, are considered.
Here, m denotes the total number of links in the network.Te
input vector and output vector are defned as

x � x1x2 . . . xm( 􏼁
T

, (1)

y � y1y2 . . . ym( 􏼁
T
, (2)

where T represents transpose.
In MATSim, which is the simulator used for loading the

demand to the network, a network fle contains information
on attributes of all links in the network, among which the
capacity parameter is one of the attributes. Te capacity
value of a given link determines the maximum number of
vehicles which can leave this link per unit of time (1 h). In
other words, the capacity we are investigating is the outfow
capacity.

It should be stressed that in a real situation, the in-
tersection capacity plays a major role for congestion.
However, inMATSim, intersection capacity does not exist as
a parameter. Instead, an intersection is a node connecting
the upstream and downstream links, deciding the vehicle
sequence from diferent competing upstream links to
a certain downstream link based on internal randomness
embedded in the MATSim simulator [30]. Tis formation of
vehicle sequence leaving a link is the main noise (ran-
domness) existing in theMATSim simulator. When it comes
to the intersection capacity, it is absorbed in the outfow
capacity which we are investigating. In short, when we
consider the outfow capacity in MATSim, we are exactly
investigating the essential intersection capacity in reality.

In the experimental scenarios, we investigate the fows of
the frst rush hour (from 6 to 7 a.m.) of a specifc day, before
which the demand is set to zero in the simulator. Within this
specifc hour, the simulator loads the demand, letting all
agents join the network as soon as possible, and each of the
agents will travel along its chosen route through the net-
work. A certain number of agents will travel through a given
link i in this one-hour period and this is the link fow output.

Te fow of a given link is theoretically determined by
capacities of all links, which implies the following re-
lationship in the simulator:

yi � 􏽥fi(x), ∀ i � 1, . . . , m, (3)

where 􏽥fi represents the capacity-to-fow mapping for link i.
In the investigated scenarios, travel demand and route
choice are predetermined and kept fxed. Tis is an over-
ideal assumption, but it can be expected that future large
scale mobility data enabling route choice observations (e.g.,
from GPS probe data) and OD observations (e.g., from
mobile network data) can potentially be used to make good
estimates of demand and route choice, which makes our
assumptions acceptable.

Since we do not know the explicit form of 􏽥fi, the cal-
ibration problem is a black-box inverse problem.We need to
fnd an analytical (in our case, linear) approximation of
􏽥fi(x), which can be denoted as 􏽢fi(x), at the current esti-
mate. Local linear approximation implies that the method
requires multiple iterations where the current capacity es-
timate is updated in each iteration.

Journal of Advanced Transportation 3
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Tere are diferent objective functions used in calibra-
tion problems found in the literature, such as the least square
error (LSE) [31], maximum likelihood [32] and entropy
maximization and information minimization [33]. One of
the most intuitive choices is LSE, in which the mean squared
error between observed values of the output (link fow)
variables and predicted values of the output variables are
minimized:

min
x

􏽘

m′

i�1

􏽥yi − 􏽥fi(x)􏼒 􏼓
2
, (4)

where 􏽥yi is the observed fow value on link i in a specifc hour
range in a day and m′ is the number of links on which we
have fow observations. In most realistic situations, we have
m′ ≪m.

In short, the capacity calibration problem is solved
through a minimization problem in which the squared
Euclidean distance between the observed output vector and
the predicted one obtained from the estimated capacities is
minimized.

3.2. Calibration Procedure. Figure 1 outlines the four main
steps of the proposed calibration method: trial points
generation, MATSim simulation, PLS regression and ca-
pacity update. Te method is iterative, with each iteration
comprising the four steps illustrated in the fgure. Table 1
lists the most important symbols used in this paper and their
meaning.

3.3. Generation and Evaluation of Trial Points. A network
with m links and a current best capacity estimate vector are
given. A trial capacity vector is obtained by uniformly
varying each capacity value in a range of 1 ± δ multiplied by
its current value. Each element in this trial vector is obtained
independently. Tis procedure is repeated until n trial ca-
pacity vectors are generated.

3.4. MATSim Simulation. Each capacity vector is evaluated
in the road trafc simulator MATSim and the corresponding
network fows are obtained.

Omitting an iteration index, the resulting n (capacity,
fow) vector tuples are denoted by (xr, yr), with r as the
replication index within one algorithm iteration. Both ca-
pacity and fow vectors are mean-centered as immediate
postprocessing [27]. Te mean-centering operation prevents
the capacity estimate from moving far away from the initial
capacities if no new information on the relationship between
capacities and fows is found.

3.5. Joint Linear Approximation and Dimensionality
Reduction. From the previous step, assume a set of mean-
centered input/output (capacity/fow) data tuples
(xr, yr), r � 1, . . . , n, to be given, with both input and output
being m-dimensional vectors. We are interested in esti-
mating a linear model relationship between independent
(input) variables x and dependent (output) variables y. We

further assume that n, the number of trial points used in PLS
regression, is relatively small compared to m, the di-
mensionality of the model’s in- and output space.

To arrive at an identifable model, we reduce the di-
mensionality of both input and output spaces from di-
mension m to dimension a. Te low-dimensional
representation of the input space is spanned by loading
vectors pi, i � 1, . . . , a, and every input vector xr is repre-
sented as a linear combination of these loading vectors:

xr � 􏽘
a

i�1
tripi + f r, (5)

where the scoretri represents the contribution of the i-th
loading vector to xr and f r absorbs the approximation error
in input space. Symmetrically, the output space is spanned
by loading vectors qi, i � 1, . . . , a:

yr � 􏽘
a

i�1
uriqi + gr, (6)

with uri and gr being specifed symmetrically to tri and f r.
Given the loading vectors, the input and output vectors are
hence encoded by the score vectors

ti � t1i . . . tni( 􏼁
T
, (7)

ui � u1i . . . uni( 􏼁
T
, (8)

with i � 1, . . . , a. Instead of estimating a regression model
coupling x and y, we estimate one regression model for each
i � 1, . . . , a by OLS. For the i-th model, its single regression
coefcient bi is given by

bi � argmin
b∈R

ui − bti

����
����
2
. (9)

For given loading vectors, this model is used for pre-
diction by (i) representing an input vector xn+1 in terms of its
input scores t(n+1)i, i � 1, . . . , a, (ii) using the a regression
coefcients of (9) to compute the corresponding output
scores u(n+1)i � bit(n+1)i, i � 1, . . . , a, and (iii) approximating
the output signal from (6) with a zero residual vector g .

Te PLS algorithm estimates simultaneously the loading
vectors pi, qi, the corresponding score representation of a set
of data tuples (xr, yr), r � 1, . . . , n, and the low-dimensional
regression models (9). To simplify notation, in- and output
vectors are stacked in the following matrices:

X � x1 . . . xn( 􏼁
T
, (10)

Y � y1 . . . yn( 􏼁
T
. (11)

Based on this, the PLS regression algorithm from Geladi
and Kowalski [27], can be given in Algorithm 1, see also Wei
et al., [34].

Te PLS regression can be seen as a method that reduces
the problem dimensionality by enforcing an OLS solution
that is located in a low-dimensional subspace that is con-
structed along directions of large variability in the explan-
atory variables [35].
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Trial points
generation

Input
data

matrix

Output
data

matrixSystem
simulator

PLS
regression

Input data matrix

Input
update

Low-dimensional
linear

approximation

Newly-estimated inputs

An a priori guess
of inputs

Observed outputs

Figure 1: Flowchart of the proposed method.

Table 1: Main symbols used in the proposed calibration method.

Symbol Meaning

m
Dimension of input variables (capacities) and output variables (fows), i.e., number

of links
m′ Number of links for which we have synthetic fow observations
m″ Number of links which have a non-zero true fow value
n Number of trial points used in the PLS regression
δ Variation coefcient in the step Generation and evaluation of trial points
pi i-th loading vector in input space, size: m × 1
ti i-th score vector in input space, size: n × 1
qi i-th loading vector in output space, size: m × 1
ui i-th score vector in output space, size: n × 1

a
Te number of loading vector pairs used, i.e., dimension after dimensionality

reduction operation
bi Te regression coefcient for i-th loading vector pair (of ui on ti) in PLS regression
s Low dimensional representation of the estimated capacity vector, size: a × 1

Notation: “←” means a variable assignment from right to left
1. Initialize:
a. X1←X,

b. Y1←Y.
2. For i � 1, . . . , a:
a. Set ui to an arbitrary column of Y i.
b. “X block”:
i. wi←Xiui/‖ui‖

2,

ii. wi←wi/‖wi‖,

iii. ti←Xiwi.

c. “Y block”:
i. qi←Y iti/‖ti‖

2,

ii. qi← qi/‖qi‖,

iii. ui←Y iqi.

d. Update of loadings and scores:
i. pi←Xiti/‖ti‖

2,

ii. ti← ti/‖pi‖,

iii. pi← pi‖pi‖.

e. Regression: bi � uT
i ti/‖ti‖

2.

f. Calculation of residuals:
i. Xi+1 � Xi − tipT

i ,

ii. Y i+1 � Y i − bitiqT
i .

ALGORITHM 1: PLS regression.

Journal of Advanced Transportation 5
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Since the original m input variables are reduced to a new
variables through PLS regression, the method does not
require all the m output variables to have an observed value
to get a unique solution in the optimization problem.

3.6. Capacity Update. Denote the mean-centered true net-
work fows as 􏽥yc � (􏽥yj). Te updated mean-centered ca-
pacities 􏽢xc are then obtained in two steps. First, the following
optimization problem is solved:

min
s� si( )

􏽘

m′

j�1
􏽥yj − 􏽘

a

i�1
bisiqij

⎛⎝ ⎞⎠

2

, (12)

where qij is the j-th element in the loading vector qi. Te
solution s � (s1s2 . . . sa)T of this optimization problem
contains the scores for all the loading vectors pi, i � 1, . . . , a,
and s has a dimension of a.

Next, the corresponding mean-centered capacity vector
is constructed according to

􏽢xc � 􏽘
a

i�1
sipi. (13)

Ten, the estimate 􏽢x, without mean-centering, can be
recovered from 􏽢xc based on the average value for each input
variable from trial point data. To avoid oscillations, the
currently best capacity estimate is updated by computing
a convex combination of the previous estimate and 􏽢x, with
the weight on 􏽢x being specifed further below.

It should be emphasized that in Section 3.1, Model
formulation, and optimization expression, we use variables
m and m′ for fow dimension, respectively. Te reason is
when we deal with dimensionality reduction, we consider all
the link fows, which could be obtained through MATSim in
simulation. While in the Capacity update, we assume
a scenario that we only have a limited number of links on
which we know the fow, which is more realistic. Since this
paper aims to provide a very frst idea on capacity cali-
bration, we make m′ � m in most numerical experiments.

3.7. Weight Settings. In step Capacity update, a weight αk

(where k refers to the current iteration number) on 􏽢x needs to
be set to guarantee that the optimal solution can be reached,
and oscillations are avoided. Moreover, when trial points are
generated, there also exists a weight βk, whichmakes the range
coefcient of variation δ change after each iteration (i.e.,
δ � δ0βk, where δ0 is the fxed initial variation coefcient). αk

and βk need to satisfy a series of conditions [16]. Tese
conditions guarantee that the optimal can be reached (or be
sufciently close to) after a certain number of iterations.

αk > 0, βk > 0, ∀ k, (14)

αk⟶ 0, βk⟶ 0, as k⟶∞, (15)

􏽘

∞

k�1
αk �∞, (16)

􏽘

∞

k�1

αk

βk

􏼠 􏼡

2

<∞. (17)

Based on these conditions, αk � 1/k and βk � (1/k)(1/3)

are set in this work. Tey remain unchanged in all the
following experiments. Eventually, the fnal estimated ca-
pacities 􏽢x in k-th iteration is set according to

􏽢x⟵ 􏽢xp +
1
k

􏽢x − 􏽢xp􏼐 􏼑, (18)

where 􏽢xp is the fnal estimated capacities in the previous
iteration and “⟵ ” means a variable assignment from right
to left.

4. Simulation Setup

Te calibration method developed in Section 3 is evaluated
in aMATSim simulation environment [36] for a toy network
with two links and a large-scale urban network for Stock-
holm, Sweden. (Another 5-link toy model which illustrates
loading vectors can be found inWei [37]). For each network,
demand and route choice are fxed. Te route choice is
generated from the simulation with the initial capacity guess.
MATSim was chosen since we believe it provides a rea-
sonable compromise between modelling complexity, fexi-
bility, and computational efciency for large networks.

Before starting a calibration method run, a synthetic true
capacity vector is given. For the toy network, the synthetic
true capacities are set manually to help us understand the
mechanism of capacities in infuencing network fows better.
For the Stockholm network, a synthetic true capacity vector
is generated by randomly varying each given link capacity in
the range [0.85, 1.15] and then multiplying it by the initial
guess of this link capacity in MATSim. For example, if
a given link has an initial guess of capacity value of 1000,
then its synthetic true capacity is generated between 850 and
1150, with a uniform distribution probability. It should be
emphasized that the synthetic true capacity vector will not be
used in the calibration method. It is only used in the
evaluation of the performance of the method after cali-
bration is done.

Te MATSim network assignment package is used to
assign the fows to routes and to compute network link fows.
Te simulation runs are made with a demand for the 6-7 a.m.
period on a specifc day.

For both networks, the method is run for 20 iterations
(see Figure 1), this number is selected since the calibration
result becomes stable after 20 iterations inmost experiments,
which can be regarded as a compromise between efciency
and accuracy. In step generation and evaluation of trial
points, the initial variation parameter δ0 � 0.1.

In addition, in step Joint linear approximation and di-
mensionality reduction, a sampling strategy is implemented
intending for further improving the efciency of the pro-
posed calibration method: One does not only create a new
set of trial points in every iteration, but also recycles all trial
points from earlier iterations since introducing new trial
points requires rerunning of the simulator to get the

6 Journal of Advanced Transportation

 1409, 2025, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/atr/8854907 by L

inkoping U
niversitet, W

iley O
nline L

ibrary on [07/10/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



corresponding link fows, which signifcantly increases the
overall computational time. In the frst iteration, n � 101
trial points are generated in the simulator and used in the
PLS regression. From the second iteration, 11 trial points are
generated, and these newly generated trial points are added
to the complete pool of trial points from all the previous
iterations. Correspondingly, in the PLS regression from 2-nd
iteration, the 101 trial points (out of 112) that are closest to
the current capacity estimate are used. Tese values are
picked after multiple trials, and it leads to satisfying ef-
ciency and accuracy (which is shown in the result section).
In terms of the initial experiments, the loading vector pair
number a is set to 2 and 20 for the toy network and the
Stockholm network, respectively. It is also assumed that the
link fows are measured for all links, that is, m′ � m, for the
initial experiments.

4.1. Toy Network. Te topology of the investigated toy
network is shown in Figure 2. Each link has the same length
of 1 km.

In this network, the true capacities of the two links are
manually set to be 􏽥x � (1000, 500) and the initial capacity
guess is x(0) � (800, 800). Te purpose is to illustrate the
results of the method for a small network with one bot-
tleneck link (link 2) and a nonbottleneck link (link 1). Te
travel demand is 758 at 6 a.m., from the origin (O) to the
destination (D) shown in Figure 2.

4.2. StockholmNetwork. Te Stockholm network has 22 547
links, with the topological network graph visualized in
Figure 3.

In the Stockholm network, initial capacity values and
travel demand are taken from a model developed by the
Swedish Transport Administration. Te route choice fle is
obtained by running the simulator with initial capacity
values and the route choice remains unchanged during the
calibration process. Tis range parameter is diferent and
picked independently for each link.

4.3. PerformanceMetrics. Te following metrics are used for
evaluation of the calibration methods:

1. Te performance of diferent confgurations of the
proposed method can be evaluated in terms of the
squared error between true (to the calibration method
unknown) capacities 􏽥x and their estimated counter-
part 􏽢x:

ecapacity �
1
m

‖􏽥x − 􏽢x‖
2
, (19)

where ‖·‖ represents the Euclidean norm.
2. To map the estimated capacities to link fows through

the simulator and then compute the diference be-
tween these predicted link fows and the true ones:

eflow �
1

m′
‖􏽥y − 􏽥f (􏽢x)‖

2
. (20)

Moreover, errors based on coefcient of determination
(R2) is defned as

R
2
capacity � 1 −

‖􏽥x − 􏽢x‖
2

􏽐
m
i�1 􏽥xi − x􏼒 􏼓

2 , (21)

R
2
flow � 1 −

‖􏽥y − 􏽥f (􏽢x)‖
2

􏽐
m′
i�1 􏽥yi − y􏼒 􏼓

2 , (22)

where x and y denote the mean values of synthetic true
capacities and fows, respectively:

x �
1
m

􏽘

m

i�1
􏽥xi, (23)

y �
1

m′
􏽘

m

i�1
􏽥yi. (24)

Equations (19) and (20) are based onmean squared error
(MSE). Error metrics derived from mean absolute per-
centage error (MAPE) are defned as:

O D
1 2

Figure 2: Topology of the 2-link toy network.

Figure 3: Topology of Stockholm network.
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e
MAPE
capacity �

1
m

􏽘

m

i�1

􏽥xi − 􏽢xi

􏽥xi

􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌
, (25)

e
MAPE
flow �

1
m″

􏽘

m″

i�1

􏽥yi − 􏽥fi(􏽢x)

􏽥yi

􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌􏼌
, ∀ 􏽥yi ≠ 0, (26)

where m″ is the total number of links which have a non-zero
synthetic true link fow.

 . Results

5.1. Results for Toy Network. For the toy network, we in-
vestigate fows and capacities on link 1 and link 2. Again,
the synthetic true capacity values are (􏽥x1, 􏽥x2) �

(1000, 500), for which MATSim produces corresponding
synthetic observed fow (􏽥y1, 􏽥y2). Te fow error function is
here defned as

ftoy x1, x2( 􏼁 �
1
2

􏽥y1 − 􏽥f1 x1, x2( 􏼁􏼒 􏼓
2

+
1
2

􏽥y2 − 􏽥f2 x1, x2( 􏼁􏼒 􏼓
2
,

(27)

which has the same form as equation (20). Figure 4 shows
the contour plot of ftoy values with respect to diferent x1
and x2 values. Further, the fgure shows the iterative path of
estimation of capacities (􏽢x1, 􏽢x2) through 20 iterations.

From the contour graph, we can see that we have a region
of low ftoy values in a rectangular area
650< x1 < 1500, 470<x2 < 550. It indicates that in order to
get a small ftoy value, x2 is limited to a small range, while the
range for x1 is signifcantly larger, caused by link 2 being the
bottleneck link. Te iterative estimation of (􏽢x1, 􏽢x2), starting
from (800, 800), is illustrated as the red curve in the contour
graph. Te bottleneck link (link 2) achieves a better cali-
bration result than the upstream link (link 1). Te fnal
estimated capacities are (􏽢x1, 􏽢x2) � (736, 474), which can be
compared with the true capacities (􏽥x1, 􏽥x2) � (1000, 500).
Te worse calibration result for 􏽢x1 is caused by the objective
function being fat in the x1 dimension for x2 values around
the bottleneck capacity. Tis is an inherent characteristic of
the network-wide capacity calibration problem.

It should be noted that the method is applied when
the demand starts to be loaded into the network. Under
this circumstance, the newly joined agents can travel
through each link until the number of agents leaving the
link reaches its capacity. In other words, the fow of each
link is only determined by its own capacity, not the
capacity of other links, and the travel demand on this link
under this phase. Tese link fows provide information
on where the bottlenecks are located. However, if the
bottleneck is saturated, other links are experiencing ei-
ther congestion or low fow due to bottlenecks. Te fows
of these links are bounded above by capacity of the
bottleneck, and it is not possible to deduce which links
are bottleneck links.

5.2. Results for Stockholm network

5.2.1. Experiment 1—Default Parameter Settings. Based on
the method and experimental scenario introduced before,
we construct Experiment 1 with the parameter settings given
in Section 4 for the Stockholm network.

Figure 5 shows the MSE capacity error ecapacity and MSE
fow error eflow versus iteration numbers, where the error at
iteration number 0 represents the error between initial guess
and true values of capacities and fows, respectively. From
Figure 5, both errors decrease as the iteration number in-
creases. Te fact that neither ecapacity nor eflow goes to 0 is due
to that for capacities, there exists many-to-one functional
relationship when they are mapped onto fows, and for the
fows, randomness exists in modeling of intersections.

Figures 6 and 7 show the initial capacities and estimated
capacities for all links in Experiment 1, respectively, and they
are compared to the synthetic true capacities, (for initial
values of capacities, there is a certain number of discrete
values for all links, which comes from a very generalized
classifcation of links from the data provider). It is visible
that the estimated capacities are closer to the true ones when
compared to the distance between initial capacities and true
capacities. Similarly, Figures 8 and 9 show the initial fows
and predicted fows for all links in Experiment 1, re-
spectively, and they are compared to the observed fows.
Tere is a clear improvement in reducing the diference
between simulated fows and observed fows after
calibration.

We also test the performance of an SPSA based cali-
bration method [38] with 700 iterations, in which the step
size parameters are selected through trial and error. Te
calibration result through iterations is shown in Figure 10.

Table 2 gives the initial error and the error after cali-
bration for three error metrics presented in Section 4, where
initial means the error before calibration, proposed repre-
sents our proposed method in this paper and SPSA repre-
sents the SPSA method. Te results indicate that the
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500
500

2,000

2000 2,000

12,000

12,000
12,000

12,000

12,000

20,000

20,000
20,000

20,000

20,000

45,00045,000

45,000
45,000

45,000

45,000

70
,0

00

70,000

70,000

70,000

95
,0

00

95,000 95,000

95,000

1,20,000

1,
20

,0
00

1,
20

,0
00

1,20,000

1,
45

,0
00

1,70,000

× 104

300
400
500
600
700
800
900

1000
1100
1200

x 2 (v
eh

ic
le

s/
ho

ur
)

400 600 800
x1 (vehicles/hour)

1000 1200 1400200
0

2

4

6

8

10

12

14

16

500

12,000

Figure 4: Flow error function ftoy contour plot for diferent ca-
pacities of each link, with estimation of capacities through itera-
tions, for the toy network.
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proposed method performs better than the SPSA method in
terms of calibration accuracy. Te R2 metric value does not
changemuch after calibration since it is very close to 1 before
capacities are calibrated. For the result from the SPSA
method, even though the fow error decreases, we observe an
increase in capacity error for metrics after calibration. Due
to the many-to-one mapping from capacities to fows, it is
possible that estimated capacities move further away from
the true synthetic capacities when compared with initial
capacities. It should be stressed that the proposed method
requires about 8 h of running time on a PC with a RAM of
16GB, while the time for running the counterpart SPSA
method is roughly twice as long.

5.2.2. Experiment 2—Infuence on Initial Variation Co-
efcient δ0 in Trial Points Generation. In Experiment 2, we
investigate the infuence of initial variation coefcient δ0 in
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Figure 6: Initial capacities versus true capacities for all links in
Experiment 1 (MSE).
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Figure 7: Estimated capacities versus true capacities for all links in
Experiment 1 (MSE).
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Figure 8: Initial fows versus observed fows for all links in Ex-
periment 1 (MSE).
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trial points generation (δ0 � 0.05, 0.10, 0.15, 0.20, 0.25).
Figures 11 and 12 show the capacity error ecapacity and fow
error eflow (both are inMSEmetric) versus iteration numbers
in Experiment 2. From the graphs, it can be observed that
δ0 � 0.15 case has the best calibration result. It indicates that
the ideal δ0 value should be neither too large (approximation
will be inaccurate) nor too small (noise infuence would be
large).

5.2.3. Experiment 3—Infuence on Initial Variation Co-
efcient δ0 in Trial Points Generation. In Experiment 3, we
investigate the infuence of the number of loading vector
pairs a in PLS regression (a � 20, 30, 40, 50). Figures 13 and
14 show the errors for diferent numbers of loading vector
pairs used in PLS regression.More loading vector pairs being
implemented indicate better results, but it should be noted
that the introduction of more loading vectors leads to an
increase in the running time. In this experiment, the running
time for a � 50 is around 15 h.

Experiments 2 and 3 suggest that with the proper
combination of δ0 and a, for example, δ0 � 0.15 and a � 50,

calibration can achieve even higher accuracy without

signifcantly compromising computational efciency. Te
result is shown in Figures 15 and 16, with the blue and red
curves representing the best results for diferent δ0 and a

values in Experiment 2 and 3, respectively.

5.2.4. Experiment 4—Nonfully Known Flow Measurement
Case. In real urban networks, it is not likely that sensor-
based fow measurements are available on all links in the
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Figure 10: Capacity error and fow error versus iteration number
for SPSA counterpart (MSE).

Table 2: Capacity error and fow error before and after calibration,
for diferent methods and error metrics (Experiment 1).

ecapacity eflow

MSE
Initial 1.66 × 104 1640

Proposed 1.17 × 104 770
SPSA 1.93 × 104 1380

R2
capacity R2

flow

R2
Initial 0.9822 0.9901

Proposed 0.9875 0.9957
SPSA 0.9793 0.9923

eMAPE
capacity eMAPE

flow

MAPE
Initial 0.076 0.045

Proposed 0.061 0.034
SPSA 0.098 0.042

Capacity error (MSE, Experiment 2)
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Figure 11: ecapacity versus iteration number in Experiment 2
(diferent initial variation coefcients).
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Figure 12: eflow versus iteration number in Experiment 2 (diferent
initial variation coefcients).
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investigated network. In Experiment 4, the measured fows
are known only for a fxed percentage of all links and these
links are picked randomly. We investigate the efect of the
proportion of link fow observations in the network
(m′/m � 100%, 75%, 50%, 25%, 1%). It should be stressed
again that it only infuences the objective function part in
this method, and both MATSim and PLS regression still
treat the output as m-dimensional. Figures 17 and 18 show
the errors for diferent proportions.

One can notice that the method performs well in terms
of decreasing the fow error when m′/m< 100%. For
m′/m � 25%, which means we only have link fow

observations on 25% of the links, the performance is similar
to the case of 100%. Te 1% case performs worse compared
to the 100% case regarding fow error, but the error still
decreases compared to the initial one. In terms of capacity
error, the fnal error is also smaller than the initial one for all
percentage values in this Experiment 1. It is evident from this
experiment that the method does not seem sensitive to m′,
unless the fraction is very small. One interesting aspect of

Capacity error (MSE, Experiment 3)
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Figure 13: ecapacity versus iteration number in Experiment 3
(diferent numbers of loading vector pairs).
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Figure 14: eflow versus iteration number in Experiment 3 (diferent
numbers of loading vector pairs).
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Figure 15: ecapacity versus iteration number for combining best
parameter settings from Experiment 2 and 3.
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this experiment is that the 50% case has better calibration
result than 75% case, which is worth further investigation.

5.2.5. Experiment 5—Infuence of Diferent Random Seeds in
Generation of Trial Points. From Section 3, where we il-
lustrate the whole proposed method, the generated trial
points will infuence the result of calibration. To test re-
liability of the proposed method, we can do multiple ex-
periments to test the infuence of random seeds in trial
points generation. Te generated trial points will infuence

the result of calibration. If diferent random seed settings are
implemented, the calibration result will difer. In Experi-
ment 5, we redo the work in Experiment 1, but with multiple
diferent random seeds for generating trial points (10 seeds
in total).
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Figure 17: ecapacity versus iteration number in Experiment 4
(diferent subset sizes of known link fow observations).
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Figure 18: eflow versus iteration number in Experiment 4 (diferent
subset sizes of known link fow observations).

Capacity error (MSE, Experiment 5)

Seed 1
Seed 2
Seed 3
Seed 4
Seed 5

Seed 6
Seed 7
Seed 8
Seed 9
Seed 10

1

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

1.9

2

e ca
pa

ci
ty

5 10 15 200
Iteration number

× 104

Figure 19: ecapacity versus iteration number in Experiment 5
(diferent random seeds in generation of trial points).

Flow error (MSE, Experiment 5)

700

800

900

1000

1100

1200

1300

1400

1500

1600

1700

e flo
w

5 10 15 200
Iteration number

Seed 1
Seed 2
Seed 3
Seed 4
Seed 5

Seed 6
Seed 7
Seed 8
Seed 9
Seed 10

Figure 20: eflow versus iteration number in Experiment 5 (diferent
random seeds in generation of trial points).
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Figures 19 and 20 show both capacity and fow errors for
diferent random seeds. Te method performs well in terms
of decreasing the fow error for all 10 seeds. However, for the
capacity error, results for some seeds are even worse when
compared to the initial error. It is because in the objective
function, we don’t constrain the capacities to be close to their

initial values. Moreover, it is known that the map between
capacities and fows are many to one, the solver aims at
fnding capacity values which make the simulated fows
similar to the observed ones without really taking care of the
estimated capacities values. Tis phenomenon leads to
Experiment 6.

5.2.6. Experiment 6—Infuence of Adding Capacity Closeness
Term in Optimization. In this experiment, we reformulate
the expression of the optimization, including the terms
making the capacity estimate be close to the initial guess.
Note that, for simple reading, the formulation is given in
a form without applying dimensionality reduction. In the
experiment, it is transformed to a corresponding low-
dimensional representation:

min
x

􏽘

m′

i�1

􏽥yi − 􏽥fi(x)􏼒 􏼓
2

+ w2 x − x(0)
�����

�����
2
, (28)

where x(0) � (x
(0)
1 . . . x(0)

m )T represents the initial values of
capacities of all links. For the previous fve experiments, it is
equivalent to this formulation with weight w2 � 0. Here, we
test the calibration result for diferent w2 values as well as for
two diferent seeds (seed 1 and seed 5 from Experiment 5,
which represent a ‘good’ and a ‘bad’ calibration results in
terms of capacity error, respectively). Te error graphs are
shown in Figures 21, 22, 23, 24.

Intuitively, and as can be seen from the graphs, larger w2
values give capacity estimations that is closer to the initial
capacity, which on the other hand reduces the error
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Figure 21: ecapacity versus iteration number in Experiment 6
(diferent w2 values, seed 1).
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Figure 22: eflow versus iteration number in Experiment 6 (diferent
w2 values, seed 1).
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Figure 23: ecapacity versus iteration number in Experiment 6
(diferent w2 values, seed 5).
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reduction in fow. For seed 1, this means w2 � 0 gives the
best result for both errors since the existence of capacity
error term in optimization will impede the calibration
performance. For seed 5, higher w2 values make the capacity
error more stable, while on the other hand, the improvement
on fow error is smaller.

6. Conclusion

Capacity calibration is a very challenging as well as an
important problem in trafc modeling and network-wide
approaches for capacity calibration are relatively unexplored
in the literature. In this paper, we have highlighted the
challenges in network-wide calibration.

Furthermore, we propose a novel method for network-
wide capacity calibration of DTA models by implementing
PLS regression to achieve dimensionality reduction. In our
approach, the modifed objective function can reduce the
efect of these challenges and give a more stable result in the
capacity dimension. We evaluate it by using simulation on
a toy network as well as a large-scale urban network with
promising results for the selected large-scale network in
terms of both accuracy and efciency when compared to the
widely used SPSA method.

Te assumption related to fxed and known OD demand
is a major simplifcation of the problem and needs to be
addressed in future work. However, new large-scale mobility
data, like GPS probe data and mobile network data, with
direct observations of route choice and OD demand, may
support these assumptions in the future and can also be
interesting to incorporate in the estimation method as
future work.

Due to the theoretical foundation of the proposed
method, one can expect it can be further implemented in OD
calibration problems, which share a very similar structure.

Future work includes analysis of the method across more
networks, incorporating speed data for bottleneck detection,
integrating network-wide and local approaches for capacity
calibration, and utilizing diferent simulators as well as real-
world data.
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thesis in Linköping University, 2022. (Link: https://liu.diva-
portal.org/smash/get/diva2:1689092/FULLTEXT02.pdf).

Conflicts of Interest

Te authors declare no conficts of interest.

Funding

Tis study was funded by the Trafkverket, 2018/134731
2021/22404.

Acknowledgments

Tis work was funded by the Swedish Transport Adminis-
tration (TRV 2018/134731 and TRV 2021/22404).

Software License Information: MATLAB R2024a:
663068.

References

[1] Z. Wei, “Critical Enhancements of a Dynamic Trafc As-
signment Model for Highly Congested, Complex Urban
Network,” (Massachusetts Institute of Technology, 2010),
Doctoral dissertation.

[2] M. E. Ben-Akiva, S. Gao, Z. Wei, and Y. Wen, “A Dynamic
Trafc Assignment Model for Highly Congested Urban
Networks,” Transportation Research Part C: Emerging Tech-
nologies 24 (2012): 62–82, https://doi.org/10.1016/
j.trc.2012.02.006.

[3] S. Shafei, Z. Gu, andM. Saberi, “Calibration and Validation of
a Simulation-Based Dynamic Trafc Assignment Model for
a Large-Scale Congested Network,” Simulation Modelling
Practice and Teory 86 (2018): 169–186, https://doi.org/
10.1016/j.simpat.2018.04.006.

[4] Transportation Research Board and National Academies of
Sciences Engineering and Medicine, in Highway Capacity
Manual 7th Edition: A Guide for Multimodal Mobility
Analysis (Te National Academies Press, 2022).

[5] S. Chiappone, O. Giufrè, A. Granà, R. Mauro, and
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