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Abstract: Characterizing the spatial variation of traffic-related air pollution has been and is
a long-standing challenge in quantitative environmental health impact assessment of urban
transportation planning. Advanced approaches are required for modeling complex relationships
among traffic, air pollution, and adverse health outcomes by considering uncertainties in the available
data. A new hybrid fuzzy model is developed and implemented through hierarchical fuzzy inference
system (HFIS). This model is integrated with a dispersion model in order to model the effect of
transportation system on the PM2.5 concentration. An improved health metric is developed as well
based on a HFIS to model the impact of traffic-related PM2.5 on health. Two solutions are applied to
improve the performance of both the models: the topologies of HFISs are selected according to the
problem and used variables, membership functions, and rule set are determined through learning
in a simultaneous manner. The capabilities of this proposed approach is examined by assessing
the impacts of three traffic scenarios involved in air pollution in the city of Isfahan, Iran, and the
model accuracy compared to the results of available models from literature. The advantages here are
modeling the spatial variation of PM2.5 with high resolution, appropriate processing requirements,
and considering the interaction between emissions and meteorological processes. These models
are capable of using the available qualitative and uncertain data. These models are of appropriate
accuracy, and can provide better understanding of the phenomena in addition to assess the impact of
each parameter for the planners.

Keywords: environmental health impact assessment; hierarchical fuzzy inference system; air
pollution modeling; transportation planning

1. Introduction

Over the last two decades, the use of health impact assessment for incorporating the issue of
health in planning and decision-making, has been and is on an increase [1]. According to WHO, health
impact assessment is a method to assess the health impacts of policies, plans, and projects in diverse
economic sectors, through quantitative and qualitative techniques. The policy, plan, or project is briefly
named a scenario hereafter, most of which affect the health through their effect on environmental health
indices. The impact assessment (IA) methods that evaluate the impact of a scenario on environmental
indices, followed by, the impact of changes in environmental indices on health, are known as the
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environmental health impact assessment (EHIA) [2]. Due to the widespread effects of transportation
on health, the major focus of EHIA is on transportation [3,4]. Most of these EHIA assess the air
quality impacts, mainly due to the availability of models, essential information, and the extent of air
quality impacts on health [5]. An efficient EHIA must be capable of compute the impacts of various
scenarios and prioritize them [6]. Development of such capabilities requires quantitative methods [7–9].
The quantitative methods typically determine the impact by estimating the number of occurred or
avoided cases as a result of change in pollutant concentration.

In general, quantitative EHIA for air quality consists of two stages: (1) determining the pollutant
concentration (e.g., PM2.5); and (2) computing the impact of human exposure to pollution. Ideally,
quantitative EHIA could be achieved by monitoring the population exposed to air population, which
in fact is impossible due to cost and time restrictions especially at urban scale [10]. The initial studies
concerning the effect of air pollution on health are run through urban monitoring stations to estimate
the concentration of pollutants [11]. These stations only estimate large-scale spatial variations. During
the past decade, some studies have proven significant and small-scale pollutants variability in urban
regions [12]. The differences of some pollutants concentrations (e.g., PM2.5) in intra city are similar to
that of the inter cities [13]. Consequently, quantitative assessment of exposure requires the modeling of
pollutant concentration with appropriate spatial resolution [14,15]. Dispersion and land use regression
(LUR) models are applied to improve the spatial resolution of pollutant concentration [10,16,17].

In general, to develop regression models, the data derived from air pollution monitoring stations
are applied. Due to inefficient number of monitoring stations, located in certain places in a given
city, occurrence of substantial errors in regression models in regions where the urban pattern is
different from the location of urban monitoring stations is inevitable [18,19]. The LUR models
fail to model small-scale pollutant variability due to interactions between emission sources and
meteorological processes [20,21]. These limitations make the regression models unable to determine
the true contribution of transportation on air pollution [22]. By comparing the dispersion models
to the regression models, the first has greater spatial and temporal resolutions. Dispersion models
make it possible to assess the impact of a particular source of pollution on air pollution, and health
thereof in an efficient manner. According to Brauer et al. (2008) and Michanowicz (2015), dispersion
models require numerous high-density data including temporally and spatially separated emissions
data and intensive computation, which has led to their rare adoption in epidemiological and impact
assessment studies [23,24]. Unlike dispersion models regression models, require fewer inputs and
computation [25], therefore, they are widely used in epidemiological and impact assessment studies.

To overcome the drawbacks and take advantage of different modeling methods, especially
for environmental health impact assessments, the integration of these models has become more
common [24,26,27]. Most of the available studies apply dispersion model output as dependent variable
in order to develop the landuse regression model [28–30]. Adopting dispersion models for generating
regression models can improve the spatial and temporal resolutions and increase the accuracy by
incorporating source-meteorology interaction information [12,20,26]. Despite the advances made
in modeling pollutants concentrations, a limited use of these models is reported for quantitative
EHIA. Most of the applied practical EHIAs (75%) for air pollution are qualitative [31], indicating that
conventional models are not capable to meet EHIAs requirements.

Numerous parameters are required to determine the PM2.5 concentration and to estimate the
exposure impact in quantitative EHIA in transportation scenarios. These parameters are the results
of various studies, modeling, and computation and consist of: traffic parameters, especially after the
implementation of a scenario, are merely a result of traffic modeling; the parameters of meteorological
data, which are associated with uncertainty; and the parameters of concentration-response coefficient
and total adverse health outcome the derived from analysis of limited population. Accordingly, the
abovementioned parameters are generally uncertain, diverse, descriptive, and heterogeneous [9,32–34].
Thus, a significant part of academic research focus on modeling uncertainty in IA [35,36].
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Neither conventional dispersion models nor LUR are capable of considering the uncertainty of
the parameters applied in EHIA. These models are not flexible to apply heterogeneous, descriptive,
and uncertain data. The amount of required data together with considering their uncertainty and their
computational mass are the major contributors to the practicality of air pollution prediction model
and health metric [2,33,37,38]. Applying fuzzy inference systems in EHIA provide the possibility of
establishing an appropriate model from the available heterogeneous, descriptive, and uncertain data.
Moreover, the flexibility of such models in applying qualitative and quantitative data contributes to
their practical state in different stages of planning and decision-making, like informing the decision
makers, developing, assessing, and selecting the scenarios [39].

In this paper, a hybrid fuzzy model is proposed to quantitatively assess the environmental health
impacts of transportation scenarios. In this model, the data from an air dispersion model are applied
in establishing a hierarchical fuzzy inference system in order to determine the suspended particles
concentration (i.e., PM2.5). In addition, another hierarchical fuzzy inference system is developed based
on epidemiological evidence, applied in estimating the health outcome caused by PM2.5 concentration.
Due to the nature of the EHIA, flexibility and performance constitute the core of developing such
models. Linguistic modeling is applied to create the essential flexibility and hierarchical structure,
and NSGA2 multi-objective optimization algorithm is applied to enhance the models’ performance.
To evaluate these proposed models, three traffic scenarios are examined in the city of Isfahan, Iran.

2. Transportation and Air Pollution in the City of Isfahan

The city of Isfahan, located in the center of Iran with population of about two million and an
urban area of 200 km2, is one of the most polluted metropolises. The adverse environmental and
health outcomes caused by air pollution have experienced a growing trend. However, there exist
few studies on assessing the cause–effect relationship of involved parameters in air pollution in this
city [40]. According to these studies, transportation systems are responsible for about 70% of total
emissions in Isfahan [41,42]. Similar to many other developing cities, PM2.5 is generated mainly
through transportation systems [43,44] which contribute to an increase in permissible level of Air
Quality Index [45–47]. Recent studies reveal that even normal concentration of PM2.5 is far more
harmful than the commonly known pollutants, such as SO2 and CO [48]. Studies and epidemiological
evidence concerning the effect of PM2.5 on health are more extensive than studies made on other
pollutants [49,50]. Selecting suspended particle as pollution predictor prevents recounting pollutants.
Accordingly, WHO has advised using PM2.5 for quantitative assessment of air pollution [51].

The following three traffic scenarios are examined and their effects on PM2.5 and health outcome
are quantified:

1. Current condition is considered as the baseline scenario. Dispersion model and hierarchical fuzzy
inference system are developed and tested based on this scenario. The classification of current
transport fleet according to the emission standard is tabulated in Table 1.

2. Odd/Even scenario is one of the most important plans proposed to cope with air pollution in
Isfahan. This plan, however, is not successful in practice. Lack of supervision in Odd/Even zone,
lack of police and citizen acceptability and cooperation, and the nature of the plan are the main
reasons of failure [52]. Modeling by Transport and Traffic Department of Isfahan Municipality has
determined what the traverse of transport fleet would be if the plan fully implemented (Figure 1).

3. Low emission zone [53] plan is widely applied in many countries to reduce air pollution. The
studies run on the main parameters affecting air pollution in Isfahan, have presented three
preliminary proposals with the objective of establishing LEZ: (1) restriction for old diesel vehicles;
(2) restriction on motorcycle traffic in downtown; and (3) traffic ban for passenger cars and vans
with respect to their emission levels in different zones (Figure 2). Modeling by the Transport and
Traffic Department of Isfahan Municipality has determined the changes of traffic if LEZ scenario
will be fully implemented.
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Table 1. Classification of vehicles based on emission standard.

Vehicle Types Emission Standard Percentage

Personal car

None 7%
Euro 1 13%
Euro 2 55%
Euro 3 2%
Euro 4 23%

Bus
Euro 1 45%
Euro 2 29%
Euro 3 25%

Truck
Euro 1 39%
Euro 2 41%
Euro 3 20%

Motorcycle None 15%
Euro 2 85%
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3. An Approach for Environmental Health Impact Assessment of Urban Transportation Planning

The proposed approach consists of two main parts, which are responsible for modeling the
suspended particle concentrations (PM2.5) caused by transportation system and estimation of health
outcomes caused by the suspended particle concentrations (PM2.5), respectively. Hierarchical fuzzy
inference systems are applied for modeling both parts. Regarding the problem under consideration,
the mentioned parts are separately developed to calculate the accuracy and quality of model.

3.1. Hybrid Hierarchical Fuzzy Inference System (HIFS)

Fuzzy inference systems must be developed based on the necessities and special properties of the
problem under consideration [54]. Considering the complexity of the relationship among air pollution
and both the traffic parameters and the health, it is quite difficult to create knowledgebase based
on expert’s knowledge. Moreover, due to high dimensionality in the EHIA, using traditional fuzzy
inference systems leads to exponential increase of the number of rules and system errors. Two solutions
are presented in this section to generate an accurate compact fuzzy inference system, conforming to
the studied EHIA issue aspects.

The first solution is adopting the topology of the hierarchical fuzzy inference systems according
to the problem [55]. Having transformed a fuzzy inference system to a number of more simple systems
related to each other hierarchically, these systems reduce the number of rules. Through this approach,
by considering the physical nature of the problem, a system will be developed with desirable aspects,
which has increased the accuracy [56].

The second solution is to determine the number of partitions for each linguistic variable,
membership function parameters and the rule sets through learning in a simultaneous manner. To this
aim, after choosing a conforming topology to the problem, the NSGA2 algorithm is applied to define
and tune the fuzzy inference system. Thus, the knowledgebase will be created automatically and the
system accuracy and complexity will be optimized.

In the following, the components of the Heuristic algorithm with two minimization objectives are
described, including the number of rules and the root mean square error (RMSE).

F1 : Minimize

(
ns

∑
i=1

vi

∏
j=1

mj

)
(1)

where ns is the number of fuzzy subsystems, vi is the number of variables related to each subsystem,
and mj is the number of membership functions.

F2 : Minimize


√√√√ 1

nc − 1

nc

∑
i=1

(F(xi)− yi)
2

 (2)

where nc is the number of instances, F(xi) is the output from fuzzy inference system, and yi is the
desired output based on the instances.

A triploid scheme is used to encode the chromosome (Equation (3)). CL is used to determine
the number of membership functions related to each variable, CT is used to tune the membership
functions, and CC is used for the rules consequence parts.

C = CL + CT + CC (3)

A vector of integer numbers with size n + ns − 1 is used to encode CL part (Equation (4)). n is
the number of input variables and ns − 1 is the number of linking variables made to link different
subsystems. Each gene (Cl(i)) takes values in the set {1, . . . , 7}. These numbers indicate the number of



Sustainability 2017, 9, 134 6 of 21

fuzzy membership functions used by each variable. Variables taking a value equal to 1 do not remain
in the system.

CL = {cl(1), ... , cl(n + ns − 1)} (4)

The lateral displacement [57] is applied to tune the membership functions. This method allows
for the lateral displacement of each membership function partition only by using one parameter.
Hence, the search area becomes smaller and more fuzzy inference systems can be analyzed to obtain
a desirable answer. A vector of real numbers is used for encoding in CT part (Equation (5)). These
numbers may displace in a predetermined range.

CT = {ct(1, 1), . . . , ct(1, cl(1)), . . . , ct(n + ns − 1, cl(n + ns − 1))} (5)

where the number of variables equals n + ns − 1 and each is described through Cl(i) fuzzy membership
function. A vector of real numbers is used for encoding in CC part (Equation (6)). With this encoding,
the output of each rule is defined by a [0 1] number.

CC = {cc(1, 1), . . . , cc(1, m1
v1), . . . , cc(ns, mns vns )} (6)

The initial population is generated randomly. To generate the CL part, random values from
{1, . . . , 7} are assigned to the related genes. Upon the generation of the CL part for each chromosome,
two different versions are generated in the CT part. Random real numbers in an interval of
((ct(i, j + 1)− ct(i, j))/2) are assigned in both positive and negative directions from the partition
center in these versions. Ct(i, j) indicates the center of the jth partition of the ith variable. A random
number from [0 1] is assigned to each gene in the CC part of each chromosome.

The crossover and mutation operators are applied to examine different configurations and
optimize the solutions. The crossover operators are selected separately for each chromosome part.
The BLX method is applied for the CT and CC parts, where real numbers are used for encoding [58].
This crossover method is widely used in genetic encoding of real numbers. The standard two-point
crossover method is used in the CL part. The mutation operator is applied to all produced offspring.
Finally, after both operators were applied, the two more accurate offspring are considered as the
new generation.

3.2. Hierarchical Fuzzy Inference Model for Modeling Traffic Related PM2.5

Using the suggested system in Section 3.1, a hierarchical fuzzy inference system is proposed here
to estimate the traffic-related suspended particles concentration (PM2.5). This system is developed
applying AERMOD dispersion model receptors as the dependent variable, and the transportation
parameters including traffic volume, emission factor, and road network as independent variables
(Figure 3).

AERMOD is the dispersion model recommended by the United States Environmental Protection
Agency (EPA). This dispersion model was used in numerous EHIAs for modeling the pollution caused
by a specific source of emission [59–65].

Utilizing the dispersion model receptors not only models the causal relationship between
transportation and PM2.5 concentration, but also compensates the drawback of low spatial density of
samples that are used to develop the model [30]. Due to the number and coverage of these receptors in
comparison with air pollution monitoring stations, the proposed approach provide more robust model.
Moreover, employing these receptors in developing the HFIS will improve the model accuracy by
modeling the interactions between emission sources and meteorological processes [12,20,26]. On the
other hand, the independent variables include parameters that are affected by different transportation
scenarios, considering the uncertainties in modeling the causal relationship will provide the required
flexibility in the proposed model to be used in impact assessments.
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3.3. Hierarchical Fuzzy Inference System for Modeling Health Impacts

3.3.1. Health Impact Metrics for Air Pollution Scenario Assessment

A variety of HIA metrics have been developed to estimate the impact of PM2.5 on health [31].
The log-linear model (Equations (7) and (8)) is the most common metric in recent quantitative HIAs
which endorsed by WHO. This model links PM2.5 concentration and health outcomes [9,66–68].

RR = eβ×PMexposure (7)

∆y = y0 × (RR− 1)
RR

= y0 × (eβ×PMexposure − 1)
eβ×PMexposure

= y0 × (1− e−β×PMexposure) (8)

where β is the concentration-response coefficient that determines the impact of PM2.5 concentration
on health outcome. RR is the relative risk of that health outcome. y0 is the observed total instances of
the health outcome due to all factors among the same population and in the same location. ∆y is the
number of cases of adverse health event attributed to PM2.5 due to the studied scenario.

3.3.2. Converting Health Impact Metric to the Hierarchical Fuzzy Inference System

Despite the importance of providing detailed information about health outcomes for planning
and management, only some developed countries possess such information. Concentration-response
coefficients (β) and baseline health outcome is obtained from limited studies performed in the study
area or from similar studies in other regions, especially in developing countries. Fuzzy logic is the
best tool for describing such parameters. Regarding the uncertainty in the parameters and the metric
itself, a hierarchical fuzzy inference system was developed in this study to estimate health outcomes of
traffic related PM2.5.

The topology of the proposed hierarchical system is developed based on Equations (7) and (8)
(Figure 4). Evidence from previous researches, including the study by the authors, have proven that
the conformity between the hierarchical structure and the studied issue considerably improve the
performance [55,56].
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4. Practical Evaluation

To determine the efficiency of this proposed approach, it is implemented in assessing the
environmental health outcomes caused by transportation scenarios.

4.1. Data Preparation and Experimental Setup

The AERMOD code (v.15181) is applied to generate the dependent variable of hierarchical fuzzy
inference system in modeling the PM2.5 concentration (HFISPM). Adopting the AERMOD dispersion
model requires meteorological data, landuse, land cover, and traffic data. The data preparation is made
according to the quantitative analysis guidance of traffic related PM [69].

The meteorological data include temperature, humidity, dew-point temperature, wind speed,
wind direction, pressure (from the sea level), pressure (local), and cloud coverage. These data are
obtained on an hourly basis from a synoptic station at Isfahan, Iran, for a five-year period. The land
use and land cover data are extracted from the 1:2000 maps of the Isfahan municipality. The traffic
data consist of emission factors and traffic volume. The emission factors were obtained from studies
that take place about transportation fleet in Iran [70,71] (Table 2).

Table 2. Emission factor for vehicles fleet [71].

Emission Factor (gr/km)
Road Type

Residential Arterial Highway

Passenger car 0.1 0.1 0.1
Bus 6.4 4.9 2.8

Truck 2.9 2 1.1
Motorcycle 0.3 0.25 0.2

The traffic volume is produced through modeling the traffic demand with a four-step model
and provides by the Traffic and Transportation Department of Isfahan municipality. This four-step
model determines the demand on roadways. The four steps consist of trip generation, trip distribution,
mode choice, and trip assignment. In the first step, the socioeconomic data are used to determine
trip frequency. The trip ends, trip productions and trip attractions are determined in a separate
manner. In the second step, the produced trips are distributed based on several parameters including
the number of trip productions, the number of trip attractions, and travel time and/or cost. In the
third step, the modes of trips are determined. Finally, the trips from mode choice are assigned
to mode-specific networks [72]. These four steps represent the basic building blocks of Isfahan
municipality transportation model which is implemented in Emme 4 environment. The outputs
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of this model consist of the traffic volume and speed of each vehicle type for main road networks.
The emission level caused by each road link is computed through Equation (9).

ERi =
EFij·Nij·Li

Ai·Ti
(9)

where ERi is the emission rate from link i, EFij is the emission factor for vehicle class j passed through
the link i, Nij is the number of vehicle trips for vehicle class j passed in Ti time through link i, Li is the
length of link i, and Ai is the area of link i. The road network is divided into 1 km2 grid and each cell is
used as emission source in an individual model run.

In dispersion model, the 163 receptors are defined according to the district center coincidence.
In this manner, the receptors located in various urban contexts coincide with the population centers;
moreover, such a distribution can lead to robustness of the fuzzy model. Regarding the objective of
this study, i.e., quantitative EHIA of traffic scenarios, the annual mean concentration from dispersion
model is applied (Figure 5).
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Figure 5. Distribution of dispersion model receptors and suspended particles concentration caused by
transportation system.

A buffer analysis is applied around all dispersion model receptors to generate the independent
variables related to traffic volume and road network area. The radii of the buffers are 500 m. The buffer
distance is selected according to evidence, indicating extension of gradients from road network [73–75],
and LUR studies [10,16,56]. Domain of the independent variables for HFISPM model is tabulated in
Table 3.

Table 3. Domain of independent variables of model HFISPM.

Predictor Variables Universe of Discourse

Passenger car traffic volume [2 × 102–60 × 105]
Passenger car emission factor [0–0.1]

Bus traffic volume [0–6 × 105]
Bus emission factor [2.8–6.4]
Truck traffic volume [0–4.2 × 105]

Truck emission factor [1.1–2.9]
Motorcycle traffic volume [0–10.8 × 105]

Motorcycle emission factor [0–0.3]
Residential [4 × 104–14 × 104]

Arterial [3 × 104–9 × 104]
Highway [0.6 × 104–3 × 104]
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Concentration-response coefficients and baseline health outcome rates applied in modeling are
tabulated in Table 4. In this article, the coefficients are obtained from meta-analysis studies instead
of local studies as recommended by WHO. The level of exposure is evaluated by overlaying the
concentration map and census block map. This method has been used in most prior studies to
assess health outcomes as an accepted method [9,64]; because, on the one hand, the required data for
modeling the exposure of total population are only available in this form, and, on the other hand,
this method does not have considerable influence on exposure estimates, at the city scale [76].

Table 4. Baseline health outcome and concentration-response coefficient used in the case study.

Health Outcome Disease Category Baseline Incidence a Dose Response Coefficient b

Mortality Total 543.5 0.00602 (0.00392–0.00797)
Cardiovascular 231 0.01397 (0.00392–0.02390)

Respiratory 48.4 0.00295 (−0.00618–0.01222)
a B.I. is per 100,000; b Adopted from the study of [77].

A five-fold cross-validation technique is applied in all evaluations; hence, the instances are divided
into five classes: four for training and one for testing the system, repeated for five times.

The algorithm parameters for all evaluations are as follows: The maximum number of iterations
equal 1000, initial population equal 200, crossover rate equal 0.8, and the mutation rate equal 0.2.
Since analyzing the sensitivity of these parameters is beyond the scope of this study, they are selected
based on usual standards applied in heuristic studies.

4.2. Results and Discussion

4.2.1. Implementation and Evaluation of Hierarchical Fuzzy Inference Systems

The following models are developed based on this proposed approach: one for modeling the
PM2.5 concentration (HFISPM) and three for estimating the health outcomes due to PM2.5, including
the total mortality (HFISTM), cardiovascular mortality (HFISCM) and respiratory mortality (HFISRM).

The Pareto fronts produced by a single run of this proposed algorithm for each model is shown
in Figure 6. This algorithm covers the Pareto fronts in all four models in an appropriate manner.
The number of rule’s range and accuracy (RMSE) differ with respect to the studied issue in this article.
As observed in Figure 6, the numbers of rule’s range are not significantly different in the three models
estimating health outcomes. In general, the more the number of input parameter, the more the rules
produced to describe the system.

In this study, the most accurate solution (hierarchical fuzzy inference system) from each Pareto
front is applied for assessments. It is necessary to note that although the number of rules, as the
index of model complexity, and RMSE as the index of model accuracy make a multi-objective problem,
the simultaneous optimization of these indexes leads to a better cooperation among the produced
rules, thus improving the model accuracy [56].

The average RMSE for training (RMSETra) and test (RMSETst) datasets and the average number of
rules (R) for each model are tabulated in Table 5. Because the five-fold cross-validation technique is
applied in all experiments here, the result for each model is considered as the average of the five runs.

Table 5. Average RMSE and the number of rules for four models.

Model RMSE for Training
Dataset (RMSETra)

RMSE for Test
Dataset (RMSETst)

Number of
Rules (R)

HFIS for modeling PM2.5 (HFISPM) 1.12 2.36 201.8
HFIS for modeling total mortality (HFISTM) 0.32 0.71 56.2

HFIS for modeling cardiovascular mortality (HFISCM) 0.29 0.67 54.8
HFIS for modeling respiratory mortality (HFISRM) 0.02 0.05 58.9
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Considering the 11 inputs for the HFISPM model and four inputs for the health models, and
assuming five membership functions for each input are required, in conventional fuzzy inference
systems, 511 = 48,828,125 and 54 = 625 rules are necessary, while this newly proposed model achieved
a high accuracy with significantly fewer rules.

RMSE can be applied to compare this proposed model with conventional LUR models. The range
and variation of the data must be considered for this intended purpose. Based on the reviews performed
on the LUR domain [10,16], the RMSEs range for the PM2.5 is within 0.8 to 3.3, which is about 50% of
the standard deviation of respective data. In this study, the measured standard deviation for PM2.5

from the dispersion model is 6 µg/m3. Therefore, the accuracy here is appropriate for measuring the
PM2.5 concentration.

The PM2.5 concentration obtained from the dispersion model receptors compared with the
predicted concentration in the training and test datasets are shown in Figure 7 where coefficients of
determination (R2) are 0.81 and 0.75 for these two datasets, respectively. As observed in this figure,
the proposed model has a significant predictive power for the whole range of PM2.5 concentration.

The histogram of the difference between PM2.5 concentrations obtained from this proposed model
and the dispersion model is shown in Figure 8. Where, the distribution of this difference is near normal.
This difference is random and independent from station location. Here, there exists no systematic error
in estimating the concentrations. By applying more receptors placed in various urban contexts in this
model, it is less sensitive to inputs and yields more certain predetermined accuracy.
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This proposed model is applied at the same locations to estimate the traffic related PM2.5

concentration. These two datasets have statistically significant correlation (r = 0.76) (Figure 10).
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The only source apportionment dataset in the study area is obtained from comprehensive fugitive
dust and particulate matter control plan in the central Isfahan province [78]. In this plan, positive
matrix factorization (PMF), [79] is applied to apportion the sources on the basis of observations at
three sampling stations. PMF is a widely used multivariate factor analysis tool, because it does not
require detailed data [80] and there are various software platforms that can perform this analysis [81].
According to the PMF analysis, the primary PM emissions from vehicle exhaust constitute about 49%
of the PM2.5. The contribution of traffic related PM2.5 from HFIS model is about 55% of the monitoring
station concentration. The results indicate that HFIS model has an accuracy of about 12% compared
with the source apportionment method.

After optimization, nine input variables remain in HFISPM model. The initial and final partitions
for each input, linking, and output variables as the results of a single run of HFISPM model are shown
in Figure 11. The variables related to traffic volume are described with more partitions than that
of the related to emission factors. This indicates the influence of variables’ range on the number of
required fuzzy partitions. The highways and arterials are described with more fuzzy partitions than
the residential roads. Regarding the similar range of these variables, different number of partitions
indicates the higher influence of highways and arterials on PM2 production.

The control surface plots for census block versus baseline health outcome rate, PM2.5 concentration
versus concentration response coefficient, and total adverse health outcome versus relative risk are
shown in Figure 12. These plots are derived from the generated rules of the respective FISs, which they
depict the dependency of the outputs as a function of the inputs. Moreover, these plots indicate the
consistency of the rules in HFISTM model.

4.2.2. Scenarios Evaluations

A grid of HFISPM model receptors located 100 meters apart is used in assessing the scenarios.
With this spatial resolution, small-scale variation of the pollution will be modeled as well. The PM2.5

concentration map for the first scenario (the current condition) is shown in Figure 13a. As expected,
the PM2.5 concentration is higher along the roads and at interchanges. However, there is exist PM2.5

concentration all over the study area. In the first scenario, the mean, minimum, and maximum of
traffic related PM2.5 concentrations are 19 µg/m3, 11 µg/m3, and 58 µg/m3, respectively. Although the
traffic is responsible for 70% of PM2.5 emission over the city, the annual mean of PM2.5 concentration
measured by the air pollution monitoring stations is about 70 µg/m3. This difference is caused by both
the dust haze phenomenon in the study region and the background pollution.

In the second scenario, the mean, minimum, and maximum of traffic related PM2.5 concentrations
are 20 µg/m3, 11 µg/m3, and 59 µg/m3, respectively (Figure 13b). In this scenario, the concentration is
increased about 7% in the Odd/Even zone with a mean of about 1%. This scenario leads to a decrease
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in traffic volume during the traffic restrictions hours in the aforementioned zone; while due to constant
travel demands, the traffic of other vehicles including buses, motorcycles and taxies has increased in
this area. On the other hand, the traffic volume out of the restriction hours is increased.
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In the third scenario, the mean, minimum, and maximum of traffic related PM2.5 concentrations
are 12 µg/m3, 6 µg/m3, and 36 µg/m3, respectively (Figure 13c). In this scenario, a considerable
decrease in PM2.5 concentration is observed. The main reason here is the low emission standard
of the current fleet in the study area and the prohibition of their traffic based on the low emission
zone scenario.
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Using this proposed HFIS model for modeling the PM2.5 concentration has many advantages in
comparison with the dispersion model or the conventional LURs. Estimating concentration over the
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study area in applied resolution with dispersion model, by considering 18,759 receptors, 756 roads,
8760 h per year, and a five-year period necessitated for impact assessment (IA), requires 621 billion
source-receptor computations. These intensive computations require many years to be completed with
a standard workstation. Moreover, using dispersion model needs intensive inputs, like meteorological
data, which do not exist. especially for the future scenarios. These problems lead to lesser use of
the dispersion models in the health impact assessment studies compared to the LUR models [23].
On the contrary, the conventional LUR models are encountering problems in modeling the PM2.5

concentration with high resolutions due to not considering the interaction between emissions and
meteorological processes. In addition to solving the problem of intensive data and processing caused
by dispersion models, this proposed model possesses the benefits of LUR models including flexibility
in the required inputs. Through making application of uncertain data possible, this approach provides
the requirements of the environmental health impact assessments, and can be integrated into the
planning and decision-making processes. It should be mentioned that one of the limitations of this
study is the propagation of the intrinsic error of the dispersion model in the HFIS model. This limitation
is common in nearly all studies which integrate the dispersion and regression models to overcome
their drawbacks [26,28–30,65]. However, these studies reveal that, despite this limitation, especially
when a specific source of pollution is to be modeled, applying the dispersion models in generating the
regression model contributes to model accuracy improvement.

The mortality due to each scenario is shown in Table 6. As indicated, the best and worse scenarios
are the third and the second, respectively, regarding their outcomes on health.

Table 6. Health outcome caused from transportation scenarios.

Health Outcome Disease Category Scenario 1 Scenario 2 Scenario 3

Mortality Total 1195 1215 756
Cardiovascular 1112 1129 724

Respiratory 55 56 34

This proposed model is an appropriate alternative for Equations (7) and (8) applied in most
studies to estimate health outcomes, whereas the relationship among their parameters, like the
concentration-response coefficient β, baseline health outcome, and adverse attributable health outcome
is not exactly known. The ability of learning and tuning in this proposed model provides the
opportunity to model the uncertainty in the relationship among model parameters. This proposed
model is an interpretable model developed based on existing epidemiologic evidences, and it
can consider the parameter uncertainties; therefore, it has several advantages in comparison with
conventional deterministic metrics [31].

5. Conclusions

A new quantitative modeling approach for environmental health impact assessment of
transportation scenarios was proposed in this study, where optimized hierarchical fuzzy inference
systems was employed for modeling the impacts of traffic on PM2.5 concentrations and the effects of
traffic related PM2.5 on health.

AERMOD dispersion receptors were used as dependent variables, and transportation parameters
were used as independent variables to develop the hierarchical fuzzy inference system for modeling
PM2.5 concentration (HFISPM). Integration of HFIS and dispersion model is one of the main
contributions of this article. Compared to conventional models, the HFIS has several advantages, like
appropriate processing requirements, selectable inputs, consideration of interaction between emissions
and meteorological processes, and modeling the casual relationship among transportation parameters
and air pollution. Due to the capability of applying qualitative and quantitative data, this proposed
model could be adopted in environmental health impact assessment. High spatial resolution of derived
PM2.5 map can provide essential information to assess the impacts of various scenarios on health.



Sustainability 2017, 9, 134 17 of 21

This proposed hierarchical fuzzy inference system for modeling health outcome was developed
based on the epidemiological equations. Although these relations are frequently applied in
health impact assessment, they are subject of debate in many related studies. The capability
of learning and tuning of relationships in this proposed approach enables the modeling of the
uncertainty of relationships among parameters and the uncertainty associated with parameter values
in a simultaneous manner.

In order to design the fuzzy inference systems according to the problem requirements, to be able
to overcome the exponential increase of rules, and to increase accuracy, two solutions were applied.
The first solution is to select the topology of the hierarchical fuzzy inference system according to the
problem. The second solution is the concurrent determination of the membership functions and rule
set through learning. These two solutions have led to a better cooperation between the generated rules
in knowledge base of models, maximization of accuracy, and minimization of system complexity.

Three traffic scenarios, the current condition, Odd/Even, and LEZ, were assessed here.
The modeling results indicate that LEZ has the most advantages associated with air pollution and
health. Applying hierarchical fuzzy inference system in EHIA can provide better understanding of the
issue for planners and decision makers. Moreover, decision makers can assess the impact of changes
in each parameter better.
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