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Abstract. This paper proposes a multi-objective memetic algorithm based on 

NSGA-II and Simulated Annealing (SA), NSGA-II-SA, for calibration of mi-

croscopic vehicular traffic flow simulation models. The NSGA-II algorithm 

performs a scan in the search space and obtains the Pareto front which is opti-

mized locally with SA. The best solution of the obtained front is selected. Two 

CORSIM models were calibrated with the proposed NSGA-II-SA whose per-

formance is compared with two alternative state-of-the-art algorithms, a single-

objective genetic algorithm which uses simulated annealing (GASA) and a sim-

ultaneous perturbation stochastic approximation algorithm (SPSA). The results 

illustrate the superiority of the NSGA-II-SA algorithm in terms of both runtime 

and convergence. 

Keywords: multi-objective optimization, NSGA-II, memetic algorithm, Pareto 

front, simulated annealing. 

1 Introduction 

Parameter identification is still a difficult task for microscopic vehicular traffic flow 

simulations [1] for reasons including: the parameters are not directly observable from 

common traffic data, data are not transferable to other situations (e.g. different places 

and times of day), and there are significant nonlinear and stochastic interdependencies 

among parameters and across model inputs. Hence, optimization models have been 

proposed for decades to determine adequate model parameters to represent the actual 

system as realistic as possible [2]. A significant challenge is to determine the combi-

nation of values, for selected parameters, that enables convergence and stability of the 

solution. Hence, simultaneous search for the values of all the selected parameters has 

been proposed by multiple authors. In addition, each parameter can have different 

ranges, which makes the calibration process very complicated and time-consuming. 

Optimization algorithms enable this simultaneous search and allow to define con-

straints to stablish boundary or any other type of conditions required by the problem 

[3]. In [4], traditional optimization techniques including Tabu search and Simulated 
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Annealing algorithms were used. In general, the goal of these techniques is to find a 

good enough solution efficiently with the characteristics of the problem. However, 

they do not guarantee that such a solution is a global optimum. Recently, memetic 

algorithms have begun to be used to solve various optimization problems, showing 

that the strategy of combining exploration, exploitation and specific knowledge of the 

problem can achieve better solutions in a shorter time [5]. Thus, in [6] a memetic 

algorithm, GASA (Genetic algorithm with simulating annealing), was able to perform 

better than a Simultaneous Perturbation Stochastic Approximation (SPSA) algorithm. 

However, GASA has not shown adequate results for complex networks. 

Most of complex real-world optimization problems require a multi objective ap-

proach. The optimal sought in these problems is a set of solutions rather than a single 

one [7]. In [8], the authors argue that it is preferable for decision makers to be able to 

explore and visualize different solutions among several conflicting objectives because 

this helps to consider a range of the potential solutions that are available. 

Multi-objective algorithms continue to grow in popularity in many fields of engi-

neering because of their ability to handle problems with different types of decision 

variables [8]. NSGA-II [9] is considered one of the most widely used and most com-

petitive multi-objective optimization algorithms [7]. NSGA-II is known in the litera-

ture for its great performance and easy implementation [10]. Multi-objective algo-

rithms are known to better enable the use of knowledge of the problem to define the 

problem objectives compared with single-objective algorithms that use a weighting 

function. 

Considering the advantages of both multi-objective and memetic algorithms, the 

algorithm proposed in this paper for the calibration of microsimulation traffic flow 

models, NSGA-II-SA, uses NSGA-II to perform a comprehensive search of the best 

areas in the solution space (exploration) and simulated annealing to perform a more 

detailed local search in areas with potentially superior solutions (exploitation). Previ-

ous experience using memetic algorithms for the same problem context suggest that 

mutation be applied to more than one gene because minor mutations are unlikely to 

provide reasonable changes to the solution. 

The rest of this paper is structured as follows. Section 2 depicts the proposed 

NSGA-II-SA algorithm. Section 3 includes experiments and analyzes of results. Fi-

nally, section 4 provides conclusion and outlines future work. 

2 Proposal 

2.1 Formulation of the calibration problem 

Two objectives are proposed in this study for the calibration of microscopic vehicular 

traffic flow simulation models: 1) the minimization of the difference between actual 

and simulated volumes (formally expressed by Eq. (1)), and 2) the minimization of 

the difference between actual and simulated speeds (formally expressed by Eq. (2)) as 

suggested in [11]. The formulas proposed for each objective are an adaptation of the 

function of error proposed in [6] called Root Mean Squared Normalized Error 

(RMSNE) where the two functions are grouped into a single function. 
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Where 𝑉𝑖,𝑡 is the count of actual links for link i in time t, �̃�(𝜃)𝑖,𝑡 is the count of simulated links 

for link i in time t, N is the total number of links in the model and 𝑇 is the total number of 
periods of time t. 

(1) 

𝑆𝑝𝑒𝑒𝑑 =
1

√𝑁
∑ √∑ (

𝑆𝑖,𝑡−�̃�(𝜃)𝑖,𝑡

𝑆𝑖,𝑡
)2𝑁

𝑖=1
𝑇
𝑡=1   

Where 𝑆𝑖,𝑡 is the actual speeds for link i in time t, �̃�(𝜃)𝑖,𝑡 is the simulated link for link i in time 

t, N is the total number of links in model and 𝑇 is the total number of periods of time t. 

(2) 

The RMSNE is formally expressed by Eq. (3) and it was used in this study in order 

to make a comparison with other single-objective algorithms proposed in the state of 

the art. 
 

RMSNE =  (𝑊 ∗ Volume + (1 − 𝑊) ∗ Speed) 

Where W is a weight used to assign more or less value to counts (volume) and speeds. 

(3) 

Calibration criteria: The Federal Highway Administration (FHWA) guidelines 

for CORSIM models were used in this study. The difference between the count for 

real and simulated links ought to be less than 5% for all the links; to do this, statistical 

GEH [12] was used, which should be less than 5 in at least 85% of the links. The 

formula used to calculate the GEH statistic was the same as used in [6] and shown in 

Eq. (4). 
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Where 𝑉𝑖 is the count of actual links for link i and �̃�(𝜃)𝑖 is the count of simulated links for 

link i. 

(4) 

2.2 NSGA-II-SA algorithm for calibration 

NSGA-II is a multi-objective genetic algorithm based on sorting by non-dominance 

frontiers. This sorting consists of assigning a ranking to each solution, equal to the 

frontier number in which it is located. For example, a solution dominated by only one 

other solution is set in the second frontier of non-dominance and have a ranking of 1. 

This approach introduces the concept of elitism. Crowding distance is another concept 

used by NSGA-II to introduce diversity in solutions. Thus, when deciding between 

solutions that have the same non-dominance frontier ranking values, solutions that are 

less crowded in the solution space are preferred, that is, a solution that differs most 

from the others would allow a better exploration of the search space. 

In NSGA-II-SA, an individual represents a parameter vector containing a solution 

for the optimization problem (in this work, the calibration problem). Each individual 

has a measure of overall fitness as well as a fitness value for each objective. The algo-

rithm seeks to create a population through the generation and selection of appropriate 

individuals (exploration). The best individuals are used to generate new populations 

through iterative steps. Furthermore, after the best individuals are selected, the pro-

cess of exploitation based on simulated annealing refines the Pareto front solutions, in 



order to obtain improved solutions [13]. After the stop criteria is met, the Pareto front 

of the latest generation as well as the solution that is considered to be better are ex-

pected to be obtained. The proposed algorithm performs the following steps: 

Step 0: The first population of individuals 𝑃0  is randomly generated. The first 

population of descendants, denoted by 𝑄
0
 and size N, is generated from 𝑃0. The de-

scendants are achieved by the methods of selection, crossover, and mutation. In this 

study, selection based on elitism was used - according to front number (or Rank) and 

crowding distance - as well as uniform crossover and multi-gene mutation. 

Step 1: The populations of parents and offspring, 𝑃𝑡 and 𝑄𝑡 are grouped in a global 

population 𝑅𝑡. Using the concept of fronts or non-dominance ranking, the different 

individuals are grouped in the fronts: F1 for the individuals that form the Pareto front 

(rank = 0), F2 for those with rank = 1, etc. The fast sort method defined in [9] based 

on non-dominance and crowding distance are used to generate the fronts. 

Step 2 (exploitation with simulated annealing): For each of the individuals in the 

Pareto Front (Ranking = 0) do the following: 

 Step A: A neighbor is built around the individual. A parameter is mutated if a 

random number is less than one probability of mutation. If the parameter needs 

to be mutated, it is modified by a value generated randomly in a Mutation Ra-

dius of the current value (uniform mutation). The Mutation Radius is calculat-

ed according to the range of possible values for each parameter. 

 Step B: If the neighbor has a value of RMSNE less than the current value, the 

neighbor becomes the best result and the algorithm moves on to step C. If the 

neighbor is not better, the temperature and evaluation of the objective function 

are used to calculate the probability of selecting or not the neighbor as a start-

ing point for the following iteration of simulated annealing. The temperature 

in the next iteration decreases according to the given cooling rate. The equa-

tion used to establish the probability of selecting the neighbor is the same used 

in [6]. 

 Step C: If the stopping criteria have been met (maximum number of optimiza-

tions), complete Step 2. If not, return to step A. 

Step 3: All fronts (ranking) are recalculated using the method defined in [9]. Then, 

the next population 𝑃𝑡+1  is created. In the new population individuals from 𝑅𝑡  are 

included, front by front, starting with the front with rank equal to 0, until the N ele-

ments in the new population are filled, or a number close to N (while | 𝑃𝑡+1 | +
| 𝐹𝑖 | ≤ 𝑁 , to give 𝑃𝑡+1 =  𝑃𝑡+1  ∪  𝐹𝑖  ; 𝑖 = 𝑖 + 1). 

Step 4: The population is completed. If it has not been possible to fully complete 

the new population 𝑃𝑡+1 with exact fronts, the 𝑁 − | 𝑃𝑡+1 |required individuals from 

𝐹𝑖 front. To do this, the front is sorted using the crowding operator and the most di-

verse are included. 

Step 5: The population of descendants 𝑄𝑡+1, is obtained by applying to the popula-

tion  𝑃𝑡+1  the operators of selection, crossover and mutation. A generation is ad-

vanced: t = t + 1. 

Step 6: If the stopping criterion is not met (maximum number of iterations), return 

to step 1. Otherwise, return the front 0 of the last population. If you want to get auto-

matically the best solution that is chosen by the value of RMSNE. 



3 Experiments and results 

NSGA-II-SA was tested using CORSIM, a tool that integrates FreSim (Freeway Sim-

ulation) and NetSim (Network Simulation) to represent the whole traffic environment. 

The calibration parameters used in this study were those outlined in [6]. 

Experimental configuration: The experimentation was performed on two 

CORSIM models, one of the Pyramid Highway in Reno, Nevada and another provid-

ed by McTrans. To implement the calibration algorithm, the tool developed in [6] was 

used. System specifications: The algorithm was run on a computer with the following 

operating system characteristics: Windows Server, Standard Edition, 2007, Service 

Pack 2 - 64 bits. System: Intel Xeon CPU E7450 2.4 GHz (2 processors). RAM 

memory: 32 GB. 

Algorithm parameters: Initial population (N) = 40, Percent Selection = 50, Prob-

ability of mutation = 40, Radius of mutation = 1%, Initial temperature = 0.045, Final 

temperature = 0, and Cooling rate = 0.92. 

Experiments: In the first experiment, the Reno model was calibrated by counting 

vehicles (volume) and speeds as field measurements. This model includes a total of 

126 arterial links and actual data are available for 45 of these. For the second experi-

ment, on the McTrans model, the default parameters were taken as field data. All 

calibration parameters were initialized randomly and used as a starting point for the 

calibration. This model includes a total of 20 arterial links. 

The initial value of RMSNE for the Reno model was 0.22. After 32 iterations the 

RMSNE value decreased to 0.08. This represents an improvement of 64%. The initial 

RMSNE value for McTrans model was 0.29. After 20 iterations, the RMSNE de-

creased to 0.015. This represents a 95% improvement. 

Fig.1 represents the vehicle count (volume) for the Reno and McTrans models be-

fore and after calibration. The 45° line represents the state in which the counts from 

the model and the field measurements match perfectly for each link. For Reno, the 

initial values were some distance from the 45 ° line, especially for the higher counts, 

but after calibration the counts improved for all the links and the model represented 

showed more accuracy. For McTrans it can be seen that after calibration it was close 

to meeting the calibration criteria. It can therefore be said that the proposed algorithm 

improves the results for all network links. 

Similarly, Fig.2 shows the values of speed before and after calibration process. The 

speed values in the Reno experiment improved only slightly particularly for the low-

est values, while in the McTrans experiment, speed values were improved considera-

bly. This improvement is due to the precision of the proposed algorithm. 
 



 

(a) Reno 

 

(b) McTrans 

Fig. 1. Vehicle count (volume) before and after calibration process, (A) Reno, (b) McTrans. 

 

(a) Reno 

 

(b) McTrans 

Fig. 2. Speed values before and after calibration process, (A) Reno, (b) McTrans. 

Fig. 3 shows the GEH statistic for the two models, before and after the calibration 

process. The red line represents the initial condition of the model (before). For the 

Reno model, the initial GEH value was less than 5 for approximately 40% of the 

links. For the McTrans model, the initial GEH value was less than 5 for approximate-

ly 50% of the links. The blue line represents the condition of the model after calibra-

tion. GEH improved considerably for both experiments, since the GEH value fell to a 

value less than 5 for 100% of the links (all links). 

Table 1 provides a summary of results using NSGA-II-SA. RMSNE and GEH val-

ues were improved considerably. The average value and standard deviation of the 

RMSNE after 30 independent executions are also provided. The results show con-

sistency even though the initial values were different. 
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Fig. 3. GEH statistics for the two models, before and after calibration 

Table 1. Summary of results of the first experiment. 

Experiments 

/Criteria 
Reno McTrans 

Before After Before After 

RMSNE 0.22 0.08 0.29 0.015 

GEH < 5 for 40% 

of cases 

< 5 for 100% of 

cases 

< 5 for 50% of 

cases 

< 5 for 100% of 

cases 

Average  0.089037013  0.026759498 

Standard Devia-

tion 
 0.006254651  0.005414801 

3.1 Comparison between NSGA-II-SA and the SPSA and GASA algorithms 

In order to show the advantages of the proposed algorithm, a comparison of results is 

provided below using SPSA and GASA algorithms. The comparison was made based 

on runtime and the best result obtained by the three algorithms in the two models 

previously presented, using the best results from each of these. Fig.4 shows the con-

vergence curve for each algorithm and each model. When comparing the values 

achieved by RMSNE in runtime, it is observed that NSGA-II-SA in the two experi-

ments converges faster to the best solution, that is, the NSGA-II-SA curve falls faster 

and at no time is it bettered by the other algorithms.  

Table 2 provides a summary of runtime, RMSNE and GEH values achieved by the 

three algorithms. The NSGA-II-SA algorithm required 49 minutes less (36.5% less) 

than SPSA and 55 minutes less (39.28% less) than GASA to calibrate the Reno mod-

el. In the McTrans model, NSGA-II-SA required 4 and 8 minutes less than SPSA 

(26.6% less) and GASA (42.1% less) respectively. The RMSNE were better for 

NSGA-II-SA in all cases. The GEH obtained with NSGA-II-SA were equal or superi-

or. 
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Fig. 4. Convergence curve based on execution time (hh:mm:ss). 

Table 2. Comparison of the NSGA-II, GASA, and SPSA algorithms. 

Experi-

ments/Criteria 

Reno McTrans 

NSGA-II-SA GASA SPSA NSGA-II-SA GASA SPSA 

Run time 
1 hour 25 

min 

2 hours 20 

min 

2 hours 

14 min 

11 min 19 min 15 min 

RMSNE 0.08 0.092 0.10 0.015 0.03 0.04 

GEH < 5 for 100% 

of cases 

< 5 for 

100% of 

cases 

< 5 for 

93% of 

cases 

< 5 for 100% 

of cases 

< 5 for 

100% of 

cases 

< 5 for 

100% of 

cases 

4 Conclusions 

A multi-objective memetic algorithm based on NSGA-II and simulated annealing, 

NSGA-II-SA, was proposed for the calibration of microscopic vehicular traffic flow 

simulation models. Two CORSIM vehicular traffic models were calibrated. After 

calibration, all parameters were within allow values (below the limit value suggested 

by the GEH statistic). The proposed algorithm has the ability to calibrate all parame-

ters of the model, along with multiple performance measures and time periods, simul-

taneously. NSGA-II-SA was compared with two state-of-the-art algorithms, SPSA 

and GASA, obtaining promising results. The runtime of NSGA-II-SA and the results 

in terms of RMSNE were better for both experiments, with substantial improvements 

over SPSA and GASA. NSGA-II-SA quickly converges to the best solution for both 

experiments. NSGA-II-SA takes between 26.6% and 42.1% less time to converge 

than SPSA and GASA. 

Future research includes a detailed comparison of various multi-objective algo-

rithms for the calibration of microscopic vehicular traffic flow simulation models. 

Some of these algorithms include SPEA2, ε-NSGA-II, MOEA/D (Multi-objective 

Evolutionary Algorithm with Decomposition) OMOPSO (Multi-objective Particle 



Swarm Optimization), and MOGBHS (Multi-objective Global Best Harmony Search). 

The comparison will include more complex and larger models. 
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