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Abstract: Optimizing traffic signals to improve traffic progression relies on minimizing mobility
performance measures (e.g., delays and stops). However, delay and stop minimizations do not neces-
sarily lead to minimal sustainability measures (e.g., fuel consumption and emissions). For that reason,
researchers have focused, for decades, on integrating traffic models, signal optimization models, and
fuel consumption and emissions models to minimize sustainability metrics while keeping acceptable
levels of mobility metrics. Therefore, this paper reviews, classifies, and analyzes studies found in
the literature regarding optimizing sustainable traffic signals. This paper provides researchers with
a good starting point to further develop solutions which can address sustainable traffic control. To
achieve that, this study details the most notable sustainable signal timing optimization studies from
six perspectives: traffic models, fuel consumption and emissions models, optimization methods, ob-
jective functions, operating conditions, and reported sustainability savings. Outcomes of this research
show that the previous studies deployed many combinations of elements from the six-perspective
mentioned above, leading to a wide range of fuel consumption and emissions savings. The study
also concludes that the available fuel consumption and emissions models are relatively old. Hence,
future research is needed to develop new fuel consumption and emissions models based on recently
collected data.

Keywords: traffic signal optimization; fuel consumption; emissions; objective function; traffic simula-
tion; operating conditions; sustainability saving

1. Introduction

Traffic congestion in current large metropolitan cities has been substantially increasing
since the 1950s [1]. This can be primarily attributed to the enormous increase in vehicles’
private ownership due to rapid urbanization and economic growth. The primary issue
with congestion is that it causes various externalities, including incidents, delays, and
pollution. The increase in pollution affects human health, the globe, and the economy by
increasing harmful pollutants, GHGs, and transportation expenditures. Although increas-
ing transportation infrastructure capacity has been used to relieve congestion, researchers
and experts realized that such a solution is costly and must be accompanied by operating
existing capacity more efficiently.

Optimizing traffic signal timings is one of the critical strategies for addressing the
congestion problem [2]. The first adjustments to traffic signal timings were made to make
traveling safer, more reliable, and more convenient [3,4]. Later, other essential objectives
(beyond safety) were sought when adjusting traffic signals, namely reducing delays and
travel time by reducing the idling times and unnecessary stops [5]. The oil crisis of the
early 1970s raised concerns about the amount of fuel consumed in traffic. This concern
spread to all segments of traffic operations, and it eventually raised the question of how
signalized intersections can be accommodated to minimize fuel consumption. Hence,
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nowadays, proper signal timing optimization is not only essential to regulate traffic flow,
ease congestion, and improve mobility, but also acts as a valuable strategy to create a
sustainable traffic environment.

Many signal timing optimization methods have been studied in the literature. The
general theme of the previous studies encompasses deploying a traffic flow or simulation
model and an optimization algorithm to optimize an objective function. As discussed
later, the deployed traffic models can be microscopic, mesoscopic, and macroscopic in their
detailing level. Optimization algorithms utilized in the traffic control problem seek to find
the optimal values of one or more signal timing parameters (e.g., cycle length, offsets, splits,
and phase sequence). Such optimal values result in the minimum or maximum output of
the objective function. An objective function can include mobility (e.g., delay and stops)
and/or sustainability (e.g., fuel consumption and emissions) measure(s).

Traffic signal optimization studies in the literature can be broadly classified based on
their primary objective function into 1—mobility-based optimization, 2—sustainability-
based optimization, and 3—multi-objective optimization, which seek to produce a balance
between mobility and sustainability measures. What distinguishes the methodologies
of signal optimization studies that involve improving sustainability from those studies
seeking enhancing mobility is that the former includes fuel consumption and emissions
models, which are not needed in the latter. Recent years (2015–2022) have seen a drastic
increase in the studies concerning reducing sustainability measures by retiming traffic
signals, as shown in Figure 1, which presents the distribution of the relevant studies by the
publication year in the past two decades. However, the previous review articles focused
mainly on the optimization algorithms used in the relevant literature (e.g., [6,7]). Moreover,
there has not been a particular research effort to review the literature on signal optimization
to improve sustainability measures. Therefore, this paper aims to comprehensively review,
classify and analyze information found in the literature regarding sustainable traffic signals.
This research attempts to provide researchers with a starting point to contribute solutions
to the sustainable traffic signal problem.
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It should be noted that this study focuses on the literature that optimized sustainability
measures or those that evaluated sustainability metrics even if they used optimization of
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the mobility measures. Additionally, this research targets those studies with regular human-
driven vehicles considered in the optimization. Studies with connected and autonomous
vehicles are excluded because there is a large number of such studies in the literature, and
thus such a study would warrant a separate research effort. In summary, 61 relevant studies
are reviewed in this paper.

It should be also noted that long idling times in queues are one of the major causes
of extra fuel consumption at signalized intersections. Some of the solutions include the
estimation of the maximum queue size at the signal-controlled intersection approach
(so-called: maximum back-of-queue) [8] and optimize traffic signal control modeling
considering the number of vehicles in a queue [9].

In the past, studies usually focused on optimizing signal timings on isolated intersec-
tions. However, with the recent cutting-edge computational methods and high-fidelity
modeling, it is feasible to optimize signals on relatively large-scale corridors considering
various operating conditions (e.g., cruising speed and road gradient) that impact sustain-
ability measures, especially in urban arterials. Consequently, researchers have recently
started to focus more on exploring the impact of such operating conditions on the opti-
mization results. In light of this introduction, this review article details the most notable
sustainable signal timing optimization studies from six perspectives.

• The traffic model or simulation that was used to model traffic and obtain mobility
performance metrics.

• The fuel consumption and/or emissions models used to evaluate the performance of
the optimized signal plans from a sustainability point of view.

• The optimization algorithms are briefly reviewed and documented.
• The optimized objective functions.
• The reported fuel consumption and emissions saving (%) as representatives of sustainability.
• The included operating factors in the optimization problem. The review includes

vehicle type, percentage of heavy vehicles, road gradient, and cruising speed. Those
factors were specifically chosen because they profoundly impact the sustainability
metrics, as shown in previous studies [10,11].

The rest of the study is structured as follows: a recap of the early optimization efforts
is presented in Section 2. Section 3 reviews traffic models and simulation programs. That
section is followed by discussion of the fuel consumption and emissions models in Section 4.
The optimization algorithms and their objective functions are analyzed and classified in
Section 5. Relevant operating conditions and the reported savings are depicted in Section 6.
Finally, future research and conclusions are provided in Section 7.

2. Early Efforts

In his seminal research, Webster [12] developed a method to optimize signal timings
by minimizing vehicular delay (as the primary objective function), which became a basis
for almost all subsequent similar studies. Robertson [13] was one of the first to computerize
signal timing optimization, in TRANSYT, by using a performance index (PI)—a composite
measure representing a linear function of delay and number of stops—to judge the quality
of a set of signal timings. The release of the National Environmental Policy Act (NEPA) and
the 1973 oil embargo attracted researchers to investigate the impact of traffic signals and
their timings on fuel consumption and emissions. For example, Claffey [14] showed that
traffic signals and several factors (such as cruising speed, pavement type, road gradient,
and vehicle type) significantly impact vehicle fuel consumption and emissions. On the re-
timing side, Bauer [15] integrated an incremental fuel consumption model with SIGOP [16]
and showed that the cycle length required to minimize fuel consumption at isolated inter-
sections is longer than the one needed to minimize delay. Similar results were reported
by Courage and Parapar [17], who also showed an apparent trade-off between travel
delay and fuel consumption in the signal optimization problem, which can be achieved
using TRANSYT model and its PI objective function. Cohen and Euler [18] used NETSIM
(formerly UTCS-1) [19] and Emission Modal Analysis Model (EMAM) database [20] to
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conclude that delay, fuel consumption, and emissions are all minimized at the same cycle
length. This conclusion disagreed with the results of others [15,17,21], which have found
that fuel consumption is reduced when cycle lengths are longer than the ones required to
minimize vehicular delay. Nevertheless, all of these research efforts were based on macro-
scopic kinematics and dynamics analysis and under inconsistent operating conditions
(e.g., grades and vehicle types), which might have resulted in different conclusions.

Robertson et al. [22] quantified that 3% extra fuel consumption saving can be gained
on coordinated signals through a trade-off between delay and stops using TRANSYT-7F’s
PI. Such a trade-off (balance) was achieved by assigning a penalty of 20 s of delay time
to each stop in the optimization problem. This influential work from Robertson et al. [22]
set the stage for the PI to become a standard performance measure to optimize signal
timings [11].

In summary, the early studies focused on using low-resolution analysis to achieve a
balance between mobility and sustainability measures. The next batch of relevant studies
focused on converting the signal control formulations into an optimization problem to
balance mobility and sustainability [23–26]. After the mid-1980s, research interest in the
impact of signal operations on fuel consumption and emissions has somewhat diminished.
The revival of such research efforts occurred around the start of the new millennium
(2000). Hence, the following sections review the most notable signal control optimization
studies conducted between 2000 and 2022, which aimed to reduce fuel consumption and
vehicular emissions.

3. Traffic Models or Simulation Software Programs

Traffic models are classified according to their level of detail into three categories:
macroscopic (also known as deterministic or analytical), mesoscopic, and microscopic
(also known as stochastic) [27]. Macroscopic models represent traffic as a flow defined by
deterministic interrelationships between flow, speed, and density [27]. The measures of
effectiveness (MOEs) from macroscopic models are aggregated based on the entire or part of
an extensive traffic network at a time step higher than second-by-second (usually ≥ 5-min).
Although macroscopic models require less computational load than mesoscopic and mi-
croscopic models, they have limited accuracy because they do not consider the variations
in individual driving behavior between vehicles. Microscopic models use car-following
and lane-changing models to simulate the travel trajectory of individual vehicles. MOEs
from microscopic models can be provided over high-resolution time increments (e.g., one
or a fraction of a second). One of the advantages of microscopic models is that they con-
sider the impact of various operating conditions (e.g., driving behavior) on the vehicle’s
kinematics (speed and acceleration). Mesoscopic models combine the two approaches of
the macroscopic and microscopic models. Specifically, Mesoscopic models are developed
in some respects similar to microscopic models (e.g., allow defining driving behavior) but
aggregate MOEs at a section-by-section level similar to a macroscopic model. In summary,
it is logical to conclude that macroscopic and mesoscopic models are more appropriate
for planning studies, whereas microscopic are superior for operation studies (e.g., signal
timing optimization).

Despite the above, researchers used two types of traffic modeling in the reviewed
studies, which are analytical and microscopic models. Almost 36% of the models were
analytical, and 64% were microscopic. Although the reviewed studies used many analytical
models, the most implemented analytical models are the Webster model [12], Akçelik and
Rouphail, 1993 [28], and the formulations of the Highway Capacity Manual (HCM) [29].
Such models are well-known in the literature for accurately representing traffic at a low
computational cost. On the microscopic side, VISSIM [30] and SUMO [31] are the most
deployed models, followed by AIMSUN [32], at a significantly lower rate. Other micro-
scopic models were also deployed, as shown in Figure 2. Utilizing such models provides a
much more accurate representation of traffic (compared to analytical models) by providing
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second-by-second vehicular trajectories that are immensely desirable when estimating fuel
consumption and emissions [33,34].
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Interestingly, most studies that focused on computerizing the traffic control optimiza-
tion problem used an analytical models or SUMO. In contrast, most studies that focused
on correctly modeling the traffic aspects of the problem have used microscopic models
(e.g., VISSIM and AIMSUN). That can be explained by the fact that SUMO is an open-source
model and has a friendly Application programming interface (API) for simulating traffic
and transportation facilities [31], whereas VISSIM and AIMSUN require a subscription.
Hence, if the study’s goal was to apply an optimization technique to a new problem, very
accurate traffic modeling is not the highest priority. In addition, SUMO has an integrated
fuel consumption and emissions model [35], which reduces the computation burden of
utilizing an external fuel consumption and emissions model to evaluate the optimized
signal timing plans compared to base case plans.

Figure 3 visualizes the traffic models or simulation programs with each study’s fuel
consumption and emission models (discussed next) to provide readers with more specific
information on the tools deployed by the reviewed studies. The traffic simulation or models
(the first column from the left) is connected with the studies (the second column from the
left) and the fuel consumption and/or emission model (the third column from the left),
which have been used in the optimization process to assess the performance of the optimal
signal timing plans. In summary, reviewed studies have deployed a large number of
combinations of traffic and fuel consumption and emissions models. That might have led
to various results and conclusions as discussed in Section 6.
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Akçelik and Rouphail, 1993 [28], VISSIM [30], SUMO [31], AIMSUN [32], SATURN [36], Osorio
and Bierlaire, 2009 [37], Chen et al., 2019b [38], Dong, 2016 [39], Treiber and Kesting, 2014 [40],
OVM [41,42], SIMTraffic [43], PARAMICS [44], INTEGRATION [45], Cellular automata system [46],
Wu and Li, 2009 [47], Yang, 2003 [48], HCM [29], MATSim [49], IDM [50], LWR [51], SIMLO [52],
TRANSYT-7F [53,54], DynaTAIWAN [55], Webster, 1958 [12], CTM [56,57], TRANSIMS [58], TSIS [59],
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UTMSM [60], Akcelik, 1982 [61], CORSIM [62], Akçelik and Besley, 1984 [63], AVENUE [64], HUT-
SIM [65], Kovari et al., 2022 [66], Li et al., 2022 [67], Zhang et al., 2022 [68], Jovanović et al., 2022 [69],
Ounoughi et al., 2022 [70], Abudayyeh et al., 2021 [71], Chen and Jia, 2021 [72], Lin et al., 2022 [73],
Feng et al., 2020 [74], Bai et al., 2020 [75], Chen and Yuan, 2020 [76], Elidrissi et al., 2020 [77], Paul
and Mitra, 2020 [78], Song et al., 2020 [79], Al-Turki et al., 2020 [80], Wu et al., 2020 [81], Calle-
Laguna et al., 2019 [82], Chen et al., 2019a [83], Jia et al., 2019 [84], Li and Sun, 2019 [85], Wang et al.,
2019 [86], Zheng et al., 2019 [87], Balta and Ozcelik, 2018 [88], Yao et al., 2018 [89], Kou et al., 2018 [90],
Peres et al., 2018 [91], Shen, 2018 [92], Abdelghaffar et al., 2017 [93], Armas et al., 2017 [94], Ji et al.,
2016 [95], Yu et al., 2016 [96], Haberl et al., 2016 [97], Han et al., 2016 [98], Tanaka, 2016 [99], Kha-
lighi and Christofa, 2015 [100], Lin et al., 2015 [101], Olivera et al., 2015 [102], Osorio and Nanduri,
2015a [103], Osorio and Nanduri, 2015b [104], Li et al., 2015 [105], Stevanovic et al., 2015 [106],
Dias et al., 2014 [107], Garcia-Nieto et al., 2014 [108], Ma et al., 2014 [109], Almasri, 2014 [110], Zhou
and Cai, 2014 [111], Liao, 2013 [112], Lv et al., 2013 [113], Qian et al., 2013 [114], Zhang et al., 2013 [115],
Kwak et al., 2012 [116], Zhang et al., 2012 [117], Li et al., 2011 [118], Zhang and Shang, 2010 [119], Ma
and Nakamura, 2010 [120], Park et al., 2009 [121], Stevanovic et al., 2009 [122] Murat and Kikuchi,
2007 [123], Li et al., 2004 [124], Oda et al., 2004 [125], Niittyrnaki, 2001 [126], HBEFA in SUMO [35],
VISSIM FC [30], Surrogate measure (Eco-PI) [127], SATURN FC [36], Panis, et al., 2006 [128], Jun and
Pei, 2012 [129], Xiong et al., 2012 [130], Mayeres et al., 1996 [131], Liu, 2013 [132], Tang, 2013 [133],
AIMSUN FC [32], Liao and Machemehl, 1998 [134], PARAMICS FC [44], VT-Micro [34], Li, 2001 [135],
Elemental model [136], Sha, 2017 [137], Guo et al., 2012 [138], MOVES [139], Guo, 2014 [140], Tao,
2011 [141], CMEM [33], PHEM [142], Post et al., 1984 [143], Shabihkhani and Gonzales, 2013 [144],
Xunan, 2014 [145], TRANSYT-7F FC [54], Elemental model [146], Wang et al., 2002 [147], Frey et al.,
2001 [148], Frey et al., 2002 [149], TSIS FC [59], IVE [150], Zhang et al., 2009 [151], Oneyama et al.,
2001 [152], SIDRA (Elemental model) [136,146,153], Li et al., 2003 [154], Oguchi et al., 2002 [155],
HUTEMCA [65].

4. Fuel Consumption and Emissions Models

Like traffic models, the current state of practice of fuel consumption and emissions
models can also be divided into three categories according to their level of details. First,
macroscopic (also known as elemental) models use averaged network or link-based inputs,
mainly speed, to estimate network-wide or link-based fuel consumption and emission rates
per unit distance (e.g., L/km). The major disadvantage of using macroscopic models is that
they do not consider the instant changes in an individual vehicle’s speed and acceleration,
which introduce an error in fuel consumption and emissions estimates. Such an error might
be significant in urban arterials because of the stop-and-go events caused by signals. Second,
mesoscopic models deal with smaller sections of the network than those of macroscopic
models. However, they still ignore instantaneous variations in the vehicle’s kinematics.
Third, microscopic models estimate second-by-second fuel consumption and emissions (in
grams) based on second-by-second kinematic input variables (e.g., speed, acceleration, and
road gradient). There are two types of microscopic models:

• Analytical models that are represented by one equation as a function of speed and
acceleration (sometimes grade) for each sustainability measure (e.g., CO and HC). Such
analytical models usually are developed based on a small number of vehicles; hence
they group vehicles into 2–3 types (e.g., light-duty vehicles, Heavy-duty-vehicles, and
sometimes buses or public transit). Although most analytical models are regression-
based models, some of them are power-demand models. The main difference is that
the former models are developed based on speed and acceleration data. In contrast,
the latter models are developed based on the power required to increase a vehicle’s
speed under a desired acceleration.

• Computerized models that share most of the analytical modes’ features except that
they group vehicles with more details based on their fuel consumption and emissions
characteristics. Such models usually have more than three vehicle types under each of
the LDVs and HDVs categories.
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Generally, it seems that evaluating an optimal set of signal timings would be most
accurate if it was carried out by using microscopic models. That is because such models
capture the enormous number of changes in speed and acceleration caused by the large
number of deceleration-acceleration events entailed in the signal operation. For that reason,
many of the reviewed studies (~76%) have employed microscopic models, as shown in
Figure 4, to evaluate the results of their optimized signal plans. However, more than
half of those studies (~56%) used analytical models that do not provide a wide range of
vehicle types. Hence, their results can be considered less reliable than those studies that
used computerized models and took advantage of the various vehicle types available in
such studies. It is crucial to note that using a computerized model does not differ from
using an analytical model unless a realistic vehicular fleet distribution is implemented.
Unfortunately, few studies only integrated various vehicle types and fleet distributions in
their analysis, as discussed later (Section 6).

Energies 2022, 15, x FOR PEER REVIEW 10 of 26 
 

 

 
Figure 4. Distribution of the fuel consumption and emissions models in percentage. 

Although VSP-based models can consider driving behavior and hence various emit-
ting rates of emissions, such models still suffer from the fact that they use VSP modes 
that are based on VSP ranges (bins) to determine the fuel consumption and emissions 
factors (coefficient). For example, mode 4 of a VSP-based model has a range (bin) of 1 < = 
VSP < 4. Hence, a VSP of 1.1 W/kg has the same VSP mode as a VSP of 3.9, which results 
in the same fuel consumption and emissions factors for both VSP values. This apparent-
ly could introduce a significant margin of error that might impact the results and con-
clusions of a particular study. 

A very small percentage of studies claim to use VISSIM to estimate fuel consump-
tion and emissions in US gallons per distance. To the authors’ knowledge, however, 
VISSIM does not have its (integrated) fuel consumption and emissions model. Instead, 
VISSIM provides emission modeling with an External Model DLL. The original External 
Model DLL provided by VISSIM includes dummy fuel consumption and emissions 
models to be replaced with real models [30], as presented by Nouri and Morency, 2015 
[157]. Hence, an inexperienced user of VISSIM might mistakenly believe that such 
dummy models can be used reliably. It is important to note that VISSIM has recently 
added a new Add-On module to compute emissions based on BOCSH models [158]. 
BOCSH models estimate emissions only and in grams per unit distance, not in US gal-
lons per distance. However, the studies referred to earlier in this paragraph do not men-
tion use of the BOCSH model. Hence, it seems that the results of those studies are less 
reliable than others. 

Another issue found in the literature is unreferenced fuel consumption and emis-
sions factors. A small percentage of studies report using what they call “commonly ac-
cepted fuel consumption and emissions factors” without proper references. Although 
the deployed factors might be common as claimed, such lack of referencing does not 
help enrich the literature and might mislead other researchers who are interested to fol-
low such studies. 

It should also be noted that despite all of the advancements in modeling fuel con-
sumption models, a relatively significant percentage of studies still deployed elemental 

Figure 4. Distribution of the fuel consumption and emissions models in percentage.

Reviewing the fuel consumption and emissions models in the relevant literature
revealed that all the studies (except one) that used SUMO as a traffic model have also used
its integrated fuel consumption and emissions model (Handbook Emission Factors for
Road Transport (HBEFA)) [35]. Like CMEM and VT-Micro, the HBEFA model considers
the three primary modes of travel (acceleration, deceleration, and idling) to estimate fuel
consumption and various emission types in grams per unit distance. Thus, HBEFA is the
most implemented model in the reviewed studies, followed by CMEM and VT-Micro, at
almost half the rate of the SUMO.

A handful of the reviewed studies used (Vehicle Specific Power) VSP-based fuel con-
sumption and emissions models (e.g., MOVES [138] and fuel consumption and emissions
model integrated with PARAMICS [44]). The concept of VSP was first introduced by
Jimenez-Palacios [156] to overcome the inaccuracy of estimating fuel consumption and
emission using elemental models. The idea of VSP-based models is to use fundamental
physics to calculate the power per mass (e.g., W/kg) required for a specific speed, accel-
eration, and grade. The next step is to place each computed VSP value in a predefined
VSP mode based on a predefined range of VSP values. For instance, if the VSP value is
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between 0 and 1, it belongs to mode 2. Finally, users can use another table to find the fuel
consumption and emissions factors corresponding to the VSP mode.

Although VSP-based models can consider driving behavior and hence various emitting
rates of emissions, such models still suffer from the fact that they use VSP modes that
are based on VSP ranges (bins) to determine the fuel consumption and emissions factors
(coefficient). For example, mode 4 of a VSP-based model has a range (bin) of 1 < = VSP < 4.
Hence, a VSP of 1.1 W/kg has the same VSP mode as a VSP of 3.9, which results in the
same fuel consumption and emissions factors for both VSP values. This apparently could
introduce a significant margin of error that might impact the results and conclusions of a
particular study.

A very small percentage of studies claim to use VISSIM to estimate fuel consumption
and emissions in US gallons per distance. To the authors’ knowledge, however, VISSIM
does not have its (integrated) fuel consumption and emissions model. Instead, VISSIM
provides emission modeling with an External Model DLL. The original External Model
DLL provided by VISSIM includes dummy fuel consumption and emissions models to
be replaced with real models [30], as presented by Nouri and Morency, 2015 [157]. Hence,
an inexperienced user of VISSIM might mistakenly believe that such dummy models can
be used reliably. It is important to note that VISSIM has recently added a new Add-On
module to compute emissions based on BOCSH models [158]. BOCSH models estimate
emissions only and in grams per unit distance, not in US gallons per distance. However,
the studies referred to earlier in this paragraph do not mention use of the BOCSH model.
Hence, it seems that the results of those studies are less reliable than others.

Another issue found in the literature is unreferenced fuel consumption and emissions
factors. A small percentage of studies report using what they call “commonly accepted fuel
consumption and emissions factors” without proper references. Although the deployed
factors might be common as claimed, such lack of referencing does not help enrich the
literature and might mislead other researchers who are interested to follow such studies.

It should also be noted that despite all of the advancements in modeling fuel con-
sumption models, a relatively significant percentage of studies still deployed elemental fuel
consumption models, as shown in Figure 3. Although such models were state-of-the-art in
modeling fuel consumption from the early 1980s until the mid-1990s, such models were
repeatedly proven in the literature to have significantly less accurate estimates than mi-
croscopic models [159–164]. Therefore, the authors recommend that future studies should
cease using elemental models to estimate fuel consumption and emissions.

In summary, the fuel consumption and emission models used in the reviewed studies
are not maintained and are relatively old. Hence, there is a need to develop new models
based on modern vehicular fleets to reflect the current fuel and energy consumption state
followed by vehicle manufacturers. Such newly developed models are anticipated to
provide an accurate estimation of the current impact of vehicles on environmental and
health issues induced by vehicular emissions.

5. Optimization Techniques and Objective Functions

The reviewed studies in this research applied a large number of optimization tech-
niques. The general theme of applied optimizations is to optimize an objective function(s)
to improve sustainability and/or mobility measures (discussed next). The word ‘optimize’
in the reviewed studies often refers to minimizing or maximizing unwanted (e.g., delay
and fuel consumption) or wanted (e.g., throughput of vehicles in the network, speed, and
capacity) Measure of Effectiveness (MOEs), respectively. However, sometimes ‘optimize’
meant achieving a balance between mobility and sustainability measures. The optimization
methods applied by studies presented in this research can be broadly classified into four
techniques: 1—calculus-based using the first and second derivations, 2—guided random
search (e.g., genetic algorithm (GA)) approach, 3—the enumerative technique as a com-
mon way to solve mixed-integer mathematical programs, and 4—machine learning-based
optimization. Considering that reviewing optimization techniques requires a standalone
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effort, this effort is outside of this study’s scope. For the readers’ convenience, however,
Figure 5 summarizes the optimization techniques (the first column from the left) applied in
the reviewed studies (the second column from the left). Readers are referred to the relevant
literature [6,7] for detailed information. Figure 5 (the third column from the left) also shows
that reviewed studies have proposed and optimized many objective functions, which can
be grouped as follows:

1. Optimizing one or more mobility measures, mainly delay and number of stops. Such
measures were usually computed and exported directly from the deployed traffic
model for each potential optimal solution (signal plan) to evaluate its performance
compared to the previous potential solution (or the base case).

2. Optimizing a mobility performance index encompassing more than one mobility
measure where each measure can be given a certain weight in the optimization. Such
a performance index provides a balance between the conflicting mobility measures,
namely delay and stops, as documented in several studies since the 1970s. Computing
a performance index requires an extra step in addition to the computation done for the
previous optimization above. This extra step is to multiply the weight of each mobility
measure by its value as calculated by the traffic model. Hence, the primary criteria to
determine the performance of the potential optimal solution is the performance index,
not the mobility measure itself. At the end of the optimization, however, most studies
evaluate the performance of the mobility measures values for the optimal solution
compared to the base-case scenario (e.g., implemented in the field or optimized by a
well-known optimization tool like Synchro).

3. Optimizing one or more sustainability measures as the objective function. The focus
in such an objective was often given to fuel consumption and carbon dioxide (CO2).
This objective function requires deploying a fuel consumption and emission model
to estimate their values for every potential solution based on the mobility measures
provided by the traffic model. Thus, optimizing sustainability measures is more com-
putationally demanding than the first two forms of objective functions. A drawback
of using fuel consumption and emissions directly in the objective function is that
applying such a function in the field is challenging. Another issue with this type of
functions is that it might reduce sustainability metrics at the expense of worsening
mobility metrics.

4. Optimizing a performance index that consists of a combination of mobility and sus-
tainability measures. Similar to optimization 2 above, weights can be given to various
measures. This form of objective functions came to light when researchers recog-
nized that minimizing mobility measures does not necessarily minimize sustainability
measures. This type of functions has the same disadvantages mentioned above for
optimization 3; mainly, it is time-consuming as it requires estimating sustainability
measures for every potential solution.

5. To reduce the computation burden in optimizations 3 and 4 above, the final form of
objective functions is a performance index that consists of mobility measures only with
sustainability-based weights given to one or more of those measures. This optimiza-
tion requires computing sustainability measures twice instead of for every potential
solution. The first time is when determining the sustainability-based weight(s) to be
used in the optimization. The second time is when evaluating the optimal signal plan
and comparing it with the base case scenario.

In summary, the reviewed studies have proposed and optimized many different forms
of objective functions to improve sustainability. However, a few of those are actually
implemented including the Performance Index (PI), which is the primary objective function
in Synchro and Vistro. Hence, using such a PI with sustainability-based weight(s) might
be beneficial.
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2022 [66], Li et al., 2022 [67], Zhang et al., 2022 [68], Jovanović et al., 2022 [69], Ounoughi et al.,
2022 [70], Abudayyeh et al., 2021 [71], Chen and Jia, 2021 [72], Lin et al., 2022 [73], Feng et al.,
2020 [74], Bai et al., 2020 [75], Chen and Yuan, 2020 [76], Elidrissi et al., 2020 [77], Paul and Mitra,
2020 [78], Song et al., 2020 [79], Al-Turki et al., 2020 [80], Wu et al., 2020 [81], Calle-Laguna et al.,
2019 [82], Chen et al., 2019a [83], Jia et al., 2019 [84], Li and Sun, 2019 [85], Wang et al., 2019 [86],
Zheng et al., 2019 [87], Balta and Ozcelik, 2018 [88], Yao et al., 2018 [89], Kou et al., 2018 [90], Peres et al.,
2018 [91], Shen, 2018 [92], Abdelghaffar et al., 2017 [93], Armas et al., 2017 [94], Ji et al., 2016 [95],
Yu et al., 2016 [96], Haberl et al., 2016 [97], Han et al., 2016 [98], Tanaka, 2016 [99], Khalighi and
Christofa, 2015 [100], Lin et al., 2015 [101], Olivera et al., 2015 [102], Osorio and Nanduri, 2015a [103],
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Osorio and Nanduri, 2015b [104], Li et al., 2015 [105], Stevanovic et al., 2015 [106], Dias et al.,
2014 [107], Garcia-Nieto et al., 2014 [108], Ma et al., 2014 [109], Almasri, 2014 [110], Zhou and Cai,
2014 [111], Liao, 2013 [112], Lv et al., 2013 [113], Qian et al., 2013 [114], Zhang et al., 2013 [115],
Kwak et al., 2012 [116], Zhang et al., 2012 [117], Li et al., 2011 [118], Zhang and Shang, 2010 [119], Ma
and Nakamura, 2010 [120], Park et al., 2009 [121], Stevanovic et al., 2009 [122] Murat and Kikuchi,
2007 [123], Li et al., 2004 [124], Oda et al., 2004 [125], Niittyrnaki, 2001 [126].

6. Operating Conditions and Sustainability Savings

Traffic operating conditions affect vehicular fuel consumption and emissions [11].
Traffic operating conditions can be defined as the set of conditions under which vehicles
operate individually and as a group. Such conditions include vehicle type, distribution of
each vehicle type in the traffic fleet, cruising speed, road gradient, driving behavior, and
ambient temperature, among others. Because of the significant impact of those operating
conditions on sustainability, transportation engineers strive to reduce their sustainability
costs by providing environmental solutions in transportation operations. Thus, it is vital
to include the impact of various operating conditions when designing sustainable traffic
signal control as one of the primary solutions to reduce fuel consumption and emissions
footprints in urban areas.

For this reason, this section analyzes the reviewed studies based on the operating
conditions considered in their optimizations, as presented in Table 1. Four operating condi-
tions, which are vehicle type, fleet distribution, cruising speed, and grade, were included in
the analyses. Those conditions were specifically chosen because of their substantial impact
on fuel consumption and emissions, as documented by other studies [10,11]. Moreover,
Table 1 in this section also indicates if a particular study took advantage of the emerging
high-resolution (second-by-second) technology in their deployed fuel consumption and
emissions computation. Finally, the reported savings in various sustainability measures
are summarized and discussed in Table 2. Those measures are fuel consumption (FC),
carbon monoxide (CO), carbon dioxide (CO2), and ‘volatile’ hydrocarbons (‘VOC’ and HC),
nitrogen oxides (NOx), and particulate matters (PMs). It is worth noting that although
there is a slight difference between VOC and HC, they are treated as a single emission type
in this study because none of the reviewed studies distinguished between two of them.

Table 1. Data fidelity and factors used in the reviewed studies.

Study High-Resolution
Data

Impactful Factors on Fuel Consumption and Emissions

Vehicle Type Fleet Distribution Grade Cruising Speed

Kovari et al., 2022 [66] 4 8 8 8 4
Li et al., 2022 [67] 4 8 8 8 4

Zhang et al., 2022 [68] 8 8 8 8 4
Jovanović et al., 2022 [69] 4 4 4 8 4
Ounoughi et al., 2022 [70] 4 8 8 8 4

Abudayyeh et al., 2021 [71] 8 8 8 8 4
Chen and Jia, 2021 [72] 4 8 8 8 4

Lin et al., 2021 [73] 4 8 8 8 4
Feng et al., 2020 [74] 4 8 8 8 4
Bai et al., 2020 [75] 8 8 8 8 4

Chen and Yuan, 2020 [76] 4 8 8 8 4
Elidrissi et al., 2020 [77] 4 8 8 8 4

Paul and Mitra, 2020 [78] 4 8 8 8 4
Song et al., 2020 [79] 8 8 8 8 4

Al-Turki et al., 2020 [80] 8 8 8 8 4
Wu et al., 2020 [81] 4 8 8 8 4

Calle-Laguna et al., 2019 [82] 4 8 8 8 4
Chen et al., 2019a [83] 4 8 8 8 4

Jia et al., 2019 [84] 8 8 8 8 4
Li and Sun, 2019 [85] 8 8 8 8 4
Wang et al., 2019 [86] 8 8 8 8 4
Zheng et al., 2019 [87] 4 8 8 8 4

Balta and Ozcelik, 2018 [88] 4 8 8 8 4
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Table 1. Cont.

Study High-Resolution
Data

Impactful Factors on Fuel Consumption and Emissions

Vehicle Type Fleet Distribution Grade Cruising Speed

Yao et al., 2018 [89] 4 8 8 8 4
Kou et al., 2018 [90] 8 8 8 8 4
Peres et al., 2018 [91] 4 8 8 8 4

Shen, 2018 [92] 8 4 8 8 4
Abdelghaffar et al., 2017 [93] 4 8 8 8 4

Armas et al., 2017 [94] 4 4 4 8 4
Ji et al., 2016 [95] 4 4 4 8 4

Yu et al., 2016 [96] 4 4 8 8 4
Haberl et al., 2016 [97] 8 8 8 8 4

Han et al., 2016 [98] 8 8 8 8 4
Tanaka., 2016 [99] 4 8 8 8 4

Khalighi and Christofa, 2015 [100] 8 4 4 8 4
Lin et al., 2015 [101] 4 8 8 8 4

Olivera et al., 2015 [102] 4 8 8 8 4
Osorio and Nanduri, 2015a [103] 4 4 8 8 4
Osorio and Nanduri, 2015b [104] 4 8 8 8 4

Li et al., 2015 [105] 4 8 8 8 4
Stevanovic et al., 2015 [106] 4 4 8 8 4

Dias et al., 2014 [107] 4 8 8 8 4
Garcia-Nieto et al., 2014 [108] 4 8 8 8 4

Ma et al., 2014 [109] 4 4 4 8 4
Almasri, 2014 [110] 8 8 8 8 4

Zhou and Cai, 2014 [111] 4 8 8 8 4
Liao, 2013 [112] 8 8 8 8 4

Lv et al., 2013 [113] 8 8 8 8 4
Qian et al., 2013 [114] 8 8 8 8 4

Zhang et al., 2013 [115] 8 8 8 8 4
Kwak et al., 2012 [116] 4 8 8 8 4
Zhang et al., 2012 [117] 4 8 8 8 4

Li et al., 2011 [118] 8 8 8 8 4
Zhang and Shang, 2010 [119] 4 8 8 8 4

Ma and Nakamura, 2010 [120] 8 4 4 8 4
Park et al., 2009 [121] 4 8 8 8 4

Stevanovic et al., 2009 [122] 4 4 8 8 4
Murat and Kikuchi, 2007 [123] 8 8 8 8 4

Li et al., 2004 [124] 8 8 8 8 4
Oda et al., 2004 [125] 8 8 8 8 4

Niittyrnaki, 2001 [126] 4 8 8 8 4

Table 2. Saving (%) in sustainability metrics as documented by various studies.

Study Saving in Fuel Consumption and Vehicular Emissions

FC CO CO2 VOC (HC) NOx PM

Kovari et al., 2022 [66] - - 1.8 - - -

Li et al., 2022 [67] <18 <18 - <18 <18 -

Zhang et al., 2022 [68] - 24.5–31.9 - - - -

Jovanović et al., 2022 [69] - - - - - -

Ounoughi et al., 2022 [70] - - 30 - - -

Abudayyeh et al., 2021 [71] - - 8 - - -

Chen and Jia, 2021 [72] 8–9.8 - 1.9–2.9 - 4–5.6 -

Lin et al., 2021 [73] - - - - - -

Feng et al., 2020 [74] - - - - - -

Bai et al., 2020 [75] 26–29 - - - - -

Chen and Yuan, 2020 [76] - - <12 16–28 <12 12.2

Elidrissi et al., 2020 [77] - 40–51.4 16.6–30.7 37–48.3 13.5–33.7 -

Paul and Mitra, 2020 [78] 2.9–9.8 - 2.9–9.8 - - -

Ze-Rui et al., 2020 [79] - - - - - -
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Table 2. Cont.

Study Saving in Fuel Consumption and Vehicular Emissions

FC CO CO2 VOC (HC) NOx PM

Turki et al., 2020 [80] 11.7–24.8 11.9–22.6 - - 11.2–16.9 -

Wu et al., 2020 [81] - 21.2–55.2 - 20–22.2 21.1–23.6 -

Calle-Laguna et al., 2019 [82] - - - - - -

Chen et al., 2019a [83] - - 31.3 - - -

Jia et al., 2019 [84] - 3.2 - - - -

Li and Sun, 2019 [85] 4–26.6 - - - - -

Wang et al., 2019 [86] - <28 - <28 - -

Zheng et al., 2019 [87] 1–32 1–32 1–32 1–32 1–32 1–32

Balta and Ozcelik, 2018 [88] 15–21 - 14–18 - - -

Yao et al., 2018 [89] - 1.5–6.65 - 0.5–8.2 1–7.22 -

Kou et al., 2018 [90] - <1 3.4–6 3.2–5.8 5.5–9.3 2.2–4.4

Peres et al., 2018 [91] - 3.9–17.5 5.2–19.7 1–17.3 1.5–30.8 4.4–20.3

Shen, 2018 [92] - 9.5–19.5 - 8.1–11.5 5.7–29.2 -

Abdelghaffar et al., 2017 [93] 6–13 - 6–13 - - -

Armas et al., 2017 [94] 6.1 <1 7.5 - 2.9 <1

Ji et al., 2016 [95] 4.4–27.6 3.6–25.1 1.6–25.6 4.2–34.5 6.7–31 -

Yu et al., 2016 [96] - - - - - -

Haberl et al., 2016 [97] - 3.8–13.2 3.8–8.6 - 2.3–3.5 3.6–11.7

Han et al., 2016 [98] - - - 2–2.1 - -

Tanaka., 2016 [99] 9.4 1 10.3 3.4 +4 -

Khalighi and Christofa, 2015 [100] - - - 2.5–4.4 3.6–7.6 -

Lin et al., 2015 [101] - 13.4 - 13.4 13.4 -

Olivera et al., 2015 [102] 6–18.2 23.3 - - 29.3 -

Osorio and Nanduri, 2015a [103] - - 9.7 14.3 23.6 -

Osorio and Nanduri, 2015b [104] 1–30 - - - - -

Li et al., 2015 [105] 2 - - - - -

Stevanovic et al., 2015 [106] <4.5 - - - - -

Dias et al., 2014 [107] 1–49 - 1–49 - - -

Garcia-Nieto et al., 2014 [108] 12–43 - 12–43 - 12–43 -

Ma et al., 2014 [109] 2.4–5.34 14.6–15.6 - 13.5 7.4 -

Almasri, 2014 [110] 31 - - - - -

Zhou and Cai, 2014 [111] 5.8 - - - - -

Liao, 2013 [112] 2.2–40.9 - - - - -

Lv et al., 2013 [113] - 2–11 2–11 2–11 2–11 -

Qian et al., 2013 [114] - 5–30.5 - 5–30.7 5–30.6 -

Zhang et al., 2013 [115] - 8 - - - -

Kwak et al., 2012 [116] 20.3 7.8 20.5 15.3 20.6 -

Zhang et al., 2012 [117] 17 7 - - - -

Li et al., 2011 [118] - 7.3 26.4 27.8 12.3 -

Zhang and Shang, 2010 [119] - 3.5 - - - -

Ma and Nakamura, 2010 [120] - - - - 30.4 -

Park et al., 2009 [121] 5.5–8.7 3.5–17.5 5.8–8.3 3.7–14.1 4.9–16.3 -
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Table 2. Cont.

Study Saving in Fuel Consumption and Vehicular Emissions

FC CO CO2 VOC (HC) NOx PM

Stevanovic et al., 2009 [122] 1–1.5 - 1.4 - - -

Murat and Kikuchi, 2007 [123] 1–11.1 - - - - -

Li et al., 2004 [124] - 2.9 - 2.7 1.05 -

Oda et al., 2004 [125] - - 6.7 - - -

Niittyrnaki, 2001 [126] 26.6 - - - - -

Before commencing the discussion about vehicle type, it should be mentioned here
that there are two major vehicular classifications. First is a high-level classification that
groups vehicles into Light-duty vehicles (LDVs) and heavy-duty diesel vehicles (HDDVs).
The fleet distribution column in Table 1 reflects whether the study included both categories
in the high-level classification. The second is low-level (more detailed) classification, which
groups vehicles subordinate to the LDVs and HDDVs. The vehicle type column in Table 1
reflects whether the study used multiple types of LDVs and documented the specifications
of the utilized LDVs.

Although vehicle type is the most impactful factor on sustainability metrics [11], only
~18% of the reviewed studies documented using multiple LDVs, and the rest used one LDV
type. Moreover, many studies did not precisely report the vehicle type(s) specification in
their case studies. Such a lack of documentation of the tested vehicle types adds ambiguity
to the results, preventing a meaningful comparison between various studies.

On the fleet distribution side, specifically the percentage of heavy vehicles in the
fleet, only ~10% of the studies included heavy vehicles in their optimizations. It is worth
mentioning that most of those studies did not disclose the percentage of heavy vehicles
modeled in their case studies. Furthermore, none of the reviewed studies investigated the
impact of various percentages of heavy vehicles in the optimization process on the savings
and conclusions. That can be partially explained by the fact that such investigations are
tedious and costly as they require performing many optimization scenarios.

Regarding road gradient, none of the previous studies included the impact of the
road gradient, even though several studies documented significant implications for the
percentage of grade on the sustainability metrics [165,166]. This gap can have significant
adverse effects on the optimization results. For example, the optimizer might generate a ‘so-
called’ optimal signal plan for level-terrain conditions on all links in the optimized corridor
or network, whereas, in fact, many links in the optimized network have a particular slope.
In such cases, the generated ‘optimal’ signal plan is not truly optimal.

Cruising speed is the second most impactful factor on fuel consumption and emis-
sions [11]. Such an impact is most profound at signalized intersections because of the
frequent stop-and-go events. All reviewed studies considered speed when estimating fuel
consumption and emissions. However, such consideration was somehow forced by the
fact that all fuel consumption and emissions models are functions of speed as the main
parameters, among others. Hence, similar to the percentage of heavy vehicles, studies typi-
cally used a single cruising speed as the posted speed limit in the field without performing
several optimization scenarios to evaluate the impact of speed on the optimization.

The second column from the left in Table 1 shows the studies that utilized high-
resolution (second-by-second) sustainability estimates. The results uncovered that 62.3% of
the reviewed studies had used microscopic sustainability metrics estimates. Those studies
are considered more accurate than the rest because they captured the instantaneous change
in cruising speed, resulting in accurate fuel consumption and emissions estimates, as
discussed earlier in the paper. It is noteworthy that few studies that used microscopic traffic
models, hence could utilize high-resolution mobility metrics estimates, have aggregated
those estimates per 5 or 10 min and used them to compute average sustainability measures
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per timeframe per section of the road (aka link). Hence, using microscopic traffic models
does not necessarily mean high-resolution sustainability metrics.

Table 2 shows that various studies reported that savings in sustainability measures
could vary significantly. For example, such savings can be lower than 1% and reach up to
~50%. However, studies that have reported low savings (e.g., <10%) in the sustainability
metrics are thought to be more accurate and acceptable. That is because they compared
their optimized signal plan(s) with an optimized base case signal plan(s) instead of what
is running in the field yet might be outdated. Another logical reason for such reasonable
thinking is that more than 10% savings seem too high and difficult to accept when the
underlying methodology lacks the necessary fidelity and data resolution. In summary,
most studies were not tested in the field nor applied on multiple networks; thus, one should
be cautious in relying on their results and conclusion. Especially since most studies did not
consider the major operating conditions in the optimization, as discussed earlier.

One can see from Table 2 that some studies reported savings only for fuel consumption
or emissions, whereas other studies reported savings for all sustainability metrics. More-
over, a few studies combined all emissions in the same savings percentage range. Such
results are not supported by studies that reported a unique saving percentage for each
sustainability metric. Hence, future research should contribute to confirming one of the
two types of results.

The analysis of the results in Table 2 revealed that ~46% of the reviewed studies
evaluated savings in fuel consumption, CO, and NOx. Slightly lower percentages with
~42.6% and 37.7% of the studies reported saving in CO2 and HC (VOC), respectively.
Although PMs are maybe the most dangerous emission type on humans’ health [164],
surprisingly, less than 10% of the studies evaluated the impact of the optimized plans on
PMs. That can be attributed to the lack of PMs models in the literature since most of the
available emissions models do not estimate PMs. Another reason can be that PMs are
produced profoundly by heavy vehicles, which were not of considerable concern in all
reviewed studies. Therefore, future research should address modeling PMs for all types of
vehicles. Another future investigation is needed to accurately estimate the impact of traffic
operation and optimization on PMs. Such efforts would be precious and appreciated in
areas with high PMs concentrations.

7. Future Research and Conclusions

The importance of incorporating sustainability in all aspects of transportation has
been increasing, which increases responsibility of transportation agencies to account for
their environmental targets. To this end, this research reviews the most notable sustainable
signal timing optimization studies. It is important to note that studies with connected and
autonomous vehicles are excluded because there is a large number of such studies in the
literature, and thus such a study would warrant a separate review effort. The studies were
reviewed from six aspects: traffic models, fuel consumption and emissions model, opti-
mization methods, objective functions, operating conditions, and reported sustainability
savings. A careful analysis of the reviewed studies unfolded several conclusions and gaps
in the existing literature. Hence, the following are the major conclusions and research areas
that should be considered for future investigation:

• Most studies reviewed in this research optimized signal timings under either un-
documented or under-saturated traffic conditions. Although a few studies covered
multiple optimization scenarios based on three traffic conditions (light, moderate,
and congested), those studies reached different conclusions. Specifically, one study
concluded that the highest saving in sustainability measures could be achieved during
congested conditions. In contrast, two other studies reported that moderate traffic
conditions have the highest savings. Hence, the research on the impact of various
traffic conditions on signal timing optimization to improve sustainability should be
done to fill this gap in the literature.



Energies 2022, 15, 8452 17 of 24

• Many reviewed studies used an isolated hypothetical intersection with a simple phas-
ing design to evaluate the proposed traffic signal optimization methods. The results
of such methods cannot be reliable since their testbeds do not necessarily represent
most of the signalized intersections in urban areas. In addition, most of the reviewed
studies optimized signals for a relatively small network (e.g., less than 10 signalized
intersections). For that reason, future endeavors should focus on microscopically
modeling and optimizing real large-scale networks to evaluate the performance of the
proposed optimization methods.

• Although online optimizations have proved their capability in several transportation
applications [167], less than 5% of the reviewed studies have proposed using such
optimizations for traffic signal control where focus is on the sustainability. Future
research directions should investigate the ability to simulate large networks with
real-time data to fill this void in the literature.

• The research on multi-sustainability-objectives optimizing traffic signals is not signifi-
cant. Thus, future research should study multi-sustainability objective that includes
more measures in addition to fuel consumption and emissions. For example, safety,
noise, and pedestrian and cyclists’ exposure to vehicle emissions using emissions
dispersion models. The idea here is not that all objectives act simultaneously, but
various times of day or year (e.g., seasons) can have different optimization strategies.
For example, optimizing noise can be the objective during the night.

• The majority of the optimization algorithms proposed in the reviewed papers have
performed well. However, they were time-consuming and required intensive compu-
tational loads. Although some optimization techniques were introduced to reduce
the computational load of other optimizations, they still consume more time and pro-
cessing loads than what might be practical to apply in the field. Thus, more efficient
computational techniques should be addressed in future studies.

• There is a tradition found in the reviewed literature, to optimize one or two signal
parameters (e.g., cycle length and offset). This finding can be partially explained by
the fact that transportation agencies do not prefer changing some signal parameters
(e.g., phase sequence from lead to lag or vice versa) in a particular area. A few studies
broke that tradition and showed that optimizing all four signal parameters can be
more beneficial than optimizing a single parameter. However, those studies did not
investigate the interrelationship between the different signal parameters. Hence, future
research should address the impact of optimizing signal parameters on each other’s
values. Such research can offer flexible signal control strategies in the future.

• The bulk of the signal optimization techniques, and their alternatives of reinforcement
learning approaches (e.g., [168–171]) introduced by the previous studies, are not
adopted by transportation agencies, partially because of their complexity. Moreover,
many recent studies proposed optimization models for mixed vehicular fleets (CAVs
and human-driven vehicles) and showed significant sustainable benefits obtained
by employing autonomous vehicles e.g., [172,173]. However, such studies need a
relatively long time to be implemented in the field. Therefore, there is an urgent need,
originated by the accelerating change in the climate, for more technologies based
on today’s average vehicles, traffic signals, and the optimization tools utilized by
transportation agencies.

• A great deal of fuel consumption and emissions models were deployed in the litera-
ture, and such deployment did not exceed the application limit. Specifically, reviewed
studies used the models without any calibration or validation efforts to their estima-
tions in the area of optimized signal(s). This practice can introduce a significant error,
especially when using a model for an area with very different characteristics than that
where the model was originally developed. Hence, future work should be centered
on calibrating and validating various fuel consumption and emissions models. Fur-
thermore, the available fuel consumption and emissions models are relatively old to
be applied in a modern vehicular fleet. A new model development effort should look
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into utilizing the enormous prediction capability of machine learning techniques to
develop modern fuel consumption and emissions models. That is especially needed
for the estimation of particulate matters produced by heavy vehicles.

• Although a few studies realized the importance of including the impact of various
operating conditions (e.g., vehicle type) in the optimization problem, a limited number
of studies considered multiple vehicle types. In addition, none of the reviewed studies
considered the impact of road gradients or other factors (e.g., driving behavior) influ-
encing sustainability measures. Therefore, the optimization results and conclusions
may differ when various vehicle types, fleet distributions, acceleration-deceleration
functions, and other impactful factors are involved. Therefore, future research should
investigate the individual and combined impacts of multiple operating conditions on
the optimization results.
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