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Abstract. Connected and autonomous vehicles (CAV) have recently attracted policymakers, manufacturers, and customers’ attention. Despite their numerous benefits, CAVs still have to overcome many challenges related to the implementation
and market penetration. When not dominated by financial constraints, the CAV
adoption heavily depends on how policymakers and the government address the
other challenges, including public perception, rules, and regulations. This study
aims at formulating recommendations to support decision-makers in choosing the
most appropriate and sustainable strategy to implement CAV technology. To do so,
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key barriers were first identified based on the literature review and discussions with
decision-makers. Moreover, long-term adoption of CAV technologies in alternative
future scenarios is developed. Multicriteria decision-making analysis was conducted
to weigh these barriers and rank different strategies of CAV implementation. The
transportation system of the Sultanate of Oman was used as a study case. It was
found that the lack of technical skills and policies/regulations are the main barriers
to the adoption of CAV technologies. To overcome these barriers, suggested strategies include establishing low-cost and short-term solutions, providing training to
transportation professionals, and investing in statewide radio communications/IoT
for emergency responses.
Keywords: Connected and autonomous vehicles, multicriteria decision making,
PROMETHEE, AHP

1 INTRODUCTION
Connected and automated vehicles (CAVs) technologies are fast developing and have
recently been introduced to develop and deploy fully connected transport systems.
Such systems may enhance road safety, mobility, and environmental wellness [1, 2].
The term “connected” refers to its wireless communication capability. This
communication ensures connectivity within the vehicle itself and with the external
environment, including other vehicles (vehicle-to-vehicle (V2V) communication) and
road infrastructure (vehicle-to-infrastructure (V2I) communication [3]. More specifically, Automated Vehicle (AV) is defined as a new generation of vehicles equipped
with advanced sensors such as radar, LIDAR (light detection and ranging), controllers, actuators, and communication technologies to accomplish driving tasks efficiently and safely instead of human drivers [4]. Combining vehicle connectivity and
automation helps get the most out of AVs and Connected Vehicles (CVs) [3, 5]. Such
vehicles can recognize potential threats and react accordingly while sharing valuable
data with other vehicles, drivers, and traffic management agencies [5, 6, 7, 8]. Several studies have discussed the benefits of CAVs [9, 10, 11, 12] and in particular the
decreased number of vehicle crashes [9, 13]. In addition, CAV usage may lead to
a more efficient parking system [14]. Other noticeable benefits include lower transportation cost [6], reduced traffic congestion [8, 9, 13, 15], reduced driving stress [16],
smoother traffic circulation [6, 15], and improved mobility for elderly and disabled
people and those who are under-served by public transportation [17, 18, 19]. Regarding environmental benefits, Wadud et al. [20] stated that automation might
reduce gas emissions by almost 50 %. According to the same research, even partial
automation may lead to energy consumption reduction [20]. Other research works
confirmed a lowered fuel consumption [9, 18, 20].
Despite all the benefits that CAVs may bring, experts are still uncertain about
the future of CAVs’ implementation [21], especially in undeveloped countries. In-
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deed, implementing this technology is still facing several barriers and challenges [12,
17, 22]. Cost, safety, security, privacy, liability, infrastructure requirements, and
sustainability have been the main challenges [12]. It is worth mentioning here that
the impact of these barriers is country-dependent. For instance, Kröger et al. [23]
predicted a higher CAV penetration in Germany than in the U.S. as German drivers
use more luxury cars and change vehicles more often [23]. A more recent study [2]
reviewed the rules and policies on safety and liability related to CAVs. It formulated
recommendations based on the best practices observed in some particular countries.
In general, the barriers that have been raised by different studies can be categorized into the seven main following groups [12, 17, 22, 23, 2]:
1. Cost of CAV platforms for large-scale market adoption. The technology needed
for a CAV includes new infrastructure such as sensors, communication and guidance technology, and software for each automobile.
2. CAV certification: safety standards for acceptance across different levels.
3. Litigation, liability, and perception: many new insurance and liability issues
arise, including persuading insurance providers that the technology will work
correctly in all driving environments. Even with near-perfect autonomous driving, there may be instances where a crash is unavoidable.
4. Security: Transportation policymakers, auto manufacturers, and future AV
drivers often worry about electronic security. Computer hackers, disgruntled
employees, terrorist organizations, and/or hostile nations may more generally
target AVs and intelligent transportation systems, causing collisions and traffic disruptions. As one of the worst-case scenarios, a two-stage computer virus
could be programmed to first disseminate a dormant program across vehicles
over a week-long period, for example.
5. Privacy: AVs are likely to store a large amount of personal data (such as trip
patterns and users). This gives rise to five data-related questions: Who should
own or control the vehicle’s data? What types of data will be stored? With
whom will these data sets be shared? In what ways will such data be made
available? And, for what ends will they be used?
6. Lack of research: this is due to the uncertainty inherent in new contexts. It is
useful to identify the critical gaps in existing investigations to better prepare
for AVs’ arrival. One of the most pressing needs is a comprehensive market
penetration evaluation.
7. Lack of technical skills: the technology is complicated and lacks skilled and
trained staff to manage it.
Considerable work is actually needed to provide decision-makers with the required knowledge to support their decisions regarding which scenario to deploy and
how to sequence the implementation process so that everything would work best to
fulfill their own local transportation system requirements.
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The present study aims to formulate recommendations that may support decision-makers to select the most appropriate CAV technology implementation scenario
depending on the local context. This is achieved through identifying and ranking
key barriers to CAV adoption and evaluating different potential strategies. When
isolated measures are taking in a complex system such as the transportation system,
the chances that unexpected side-effects occur are relatively high [24, 25]. Experts
employ decision-making approaches to prioritize the essential criteria or parameters,
reduce uncertainty, and enhance the quality of their decisions. The Multi Criteria
Decision Analysis (MCDA) has been successfully used to evaluate transportation
policies as it can deal with complex parameters and involve the stakeholders in
making better decisions [24, 25, 26, 27].
For our research, we use a combination of two MCDA methods, namely, Analytic Hierarchy Process (AHP) and Preference Ranking Organization Method for
Enrichment Evaluations (PROMETHEE).
The contribution of this study is threefold. First, it identifies the key barriers to
CAV adoption and suggests a method to rank them. Second, it proposes different
CAV deployment scenarios while considering all the barriers in different time domains (short-term and long-term). Third, it recommends and ranks strategies to
overcome these barriers when implementing CAV plan.
1.1 Multiple Criteria Decision-Making Techniques
Decision-makers utilize different decision-making approaches to reduce risk, improve the quality of their decisions, and address different criteria or parameters
according to their importance. Multiple Criteria Decision-Making (MCDM) is one
of the most popular decision-making techniques. Indeed, MCDM is extensively
used by many governments, experts, and researchers to evaluate transportation systems [25, 26, 27, 28, 29]. MCDM methods use an analytical or numerical model
to find the alternative that best fits a large set of criteria by transforming quantitative and qualitative measures into a single objective value [30]. Several MCDM
techniques and approaches have been proposed which take into account the different requirements of the stakeholders. They include AHP, TOPSIS, ELECTRE,
PROMETHEE, and their variations [25, 30].
Velasquez and Hester reviewed 11 standard Multi-Criteria Decision-Making methods that combine different techniques. They concluded that combining different
methods can minimize deficiencies that may be seen in certain methods. Such
a combination has become a common approach in MCDA [25, 31].
For the purpose of our study, we combine AHP and PROMETHEE. AHP is
used to structure the decision problem and to attribute weights to the evaluation
criteria. In contrast, PROMETHEE is used to obtain a final ranking of the proposed
alternative scenarios and perform sensitivity analysis.
AHP, which was developed by Saaty (1982, 1988, 1995) [32], is probably the
most widely applied MCMA for the evaluation of various transport projects related
to organizational, technological, environmental, and infrastructural decision sub-

Multicriteria Decision Making Approach to Support Adoption of CAV

507

jects [33]. AHP is especially advantageous due to its ability to decompose a complex problem into parts and its usability [25, 30, 31, 32, 33]. AHP is “a theory
of measurement through pair-wise comparisons and relies on experts’ judgments to
derive priority scales” [34]. Its use of pair-wise comparisons allows decision-makers
to weight coefficients and easily compare alternatives [29, 30, 31]. AHP is scalable
thanks to its hierarchical structure. In order to perform pair-wise comparisons, AHP
obviously needs some data. However, it is not as data-intensive as other methods
such as Multiple Attribute Utility Theory [35].
The AHP method is performed over three steps [34]:
1. Calculating the Vector of Criteria Weights;
2. Calculating the Alternatives Scores matrix;
3. Ranking the Alternatives.
The AHP method is performed over three steps [34], as described below.
Step 1: Calculating the Vector of Criteria Weights.
First, a pair-wise comparison matrix A(m ∗ m) is created where m is the number of evaluation criteria. The value of each element aij of A corresponds to
the ith criterion’s importance compared to the j th criterion. In other words, if
aij > 1 then criterion i is more important than criterion j. In this case, values
range between 1 to 9. However, when the second criterion is more important,
the reciprocals values (1/2, 1/3, . . . , 1/8, 1/9) are used. Once matrix A created,
a normalized pair-wise matrix is generated such as each element of the matrix
is calculated according to Equation (1).
ai.j
ai.j = Pm
i=1

aij

.

(1)

Equation (2) is then used to calculate each criterion’s weight wj by taking the
average of the elements of each row of the normalized matrix.
Pm
aij
wj = i=1 .
(2)
m
Step 2: Calculating the Alternatives Scores matrix.
The score matrix S is a n ∗ m matrix where m is the number of criteria and
n is the number of alternatives. To calculate the matrix S, a pair-wise matrix
B (i) has to be generated for each of the m criterion (i = 1, . . . , m). Matrix B (i)
is a n ∗ n matrix where each element ak hi indicates the importance of the k th
alternative in comparison to the hth alternative concerning the ith criterion. If
ak hi > 1 then k th alternative is better than hth alternative with respect to the
ith criterion. The same procedure which was applied to matrix A is then applied
to each matrix B (i) . Each element of the matrix is divided by the sum of entries
in the same column and then the average of the elements belonging to the same
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row is processed to calculate the score vectors S (1) , i = 1, . . . , m. In other words,
S (1) represents the costs of the scores of different alternatives with respect to
the ith criterion as in Equation (3).
S = [S (1) , . . . , S (m) ].

(3)

Step 3: Ranking the Alternatives.
In this final step, the global score v for each alternative is calculated by simple
multiplication, as shown by Equation (4).
v = s.w.

(4)

In order to make sure that the rankings given by different decision-makers and
used as inputs to the AHP application are consistent, a consistency ratio (CR)
is calculated using Equation (5).
CR =

CI
RI

(5)

where CI is Consistency Index (Equation (6)) and RI is the Random Index.
CI =

λ−n
max
.
n−1

(6)

PROMETHEE was first developed by Brans (1982) and belongs to the outranking methods family. The weights expressed as a ratio scale represent tradeoffs between the criteria. The method is also relatively easy to apply in practice.
PROMETHEE method is conducted over 3 steps [36, 37] as described below.
Step 1: A preference index Pj (ai , aj ) is constructed for each criterion (gi ) and for
each pair of actions (ai , aj ) separately.
Step 2: An appropriate preference functions shape is selected for the decisionmaker. Brans and Vincke [36] have proposed six shapes of preference functions
based on the type of the data in use, namely, usual shape, U-shape, V-shape,
level, linear, and Gaussian.
Step 3: The overall preference index, (ai .aj ), is calculated for each pair of actions
(ai .aj ) while taking into account all criteria. The outgoing flow φ+ (ai ) measures
the outranking character of alternative ai and indicates the degree to which ai
dominates the other alternatives. While the incoming flow φ−(ai ) measures the
weakness of (ai ) with regards to the other action (aj ). The difference of these
measured flows is called the net flow, φ(a), which is to be understood as a value
function. The higher the net flow is, the better will be the studied action (ai ).
In cases there are group-level decisions (different stakeholders), these flows can
also be calculated for each stakeholder k(k = 1, . . . , K) separately as follows:
π K (ai , bj ), φ+K (ai ), φ−K (ai ), and φK (ai ).
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The global net flow φG (ai ) is calculated as a weighted average of the individual
net flows, as shown in Equation (7).
φG (ai ) =

K X
m
X

πjK (ai )wj wk

(7)

K=1 j=1

i = 1, 2, . . . , n
where wK is a weight representing the relative importance of the stakeholder K. For
each decision-maker has a decision power given by a non-negative weight w and wr ,
r = (1, 2, . . . , R) in Equation (8).
R
X

wr = 1

(8)

r=1

1.2 Materials and Methods
Although Connected and Automation has been considered as an emerging technology, the adoption rate of Connected and Autonomous Vehicles (CAV) will depend on
how policymakers and governments are addressing various challenges such as infrastructure development, public acceptance, and rules and regulations. Our study
intends to identify the barriers to implementing CAV and assess the strategies that
can be used to overcome these challenges from different perspectives. We further
intend to rank the most appropriate scenarios for a future plan of implementing
CAV while considering a specific time domain (e.g., 2020–2030). To do so, we propose to conduct the MCDA following a three-stage approach. Figure 1 depicts an
activity diagram that shows the various steps of the approach. In the remainder of
this section, the various stages are explained. Although the approach is generic and
can be applied to different countries, we use the context of the Sultanate of Oman
to illustrate how our approach can be applied.
1.3 Study Case: Sultanate of Oman
The sultanate of Oman is a Gulf country and a member of the Gulf Cooperative
Council (GCC) along with UAE, Bahrain, Kuwait, Saudi Arabia, and Qatar. With
the discovery of oil reserves, Oman has become a high-income nation and has seen
a rapid development of its infrastructure [38]. All GCC countries, including Oman,
have common characteristics regarding the transport sector, such as low age of the
national vehicle fleet, similar modes of traffic management, limited public awareness
of appropriate traffic procedures, and limited penetration of public transport [39].
Besides, the most frequently used mode of transport in the GCC countries are private
cars. Technical standards for imported vehicles, whether new or used, are high [39].
GCC countries have agreed on a joint initiative that aims at enhancing the
efficiency of transport services through smart and sustainable transportation [40].
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Figure 1. Schematic flow-chart of the research framework
This has raised the need to build an intelligent transportation system that can cope
with the growing needs. With regards to Oman, we interviewed experts from Muscat
Municipality, the Directorate General of Traffic (DGT), and Royal Oman Police
(ROP) (DGT and ROP are the two organizations that are responsible for traffic
management in Oman). These experts confirmed that they are seeking to develop
the transportation system by implementing an intelligent transport network and
a better integration of ITS’s different technology in the main cities.
1.4 Data Collection Stage
The first stage aims to identify the potential causes for the slow diffusion of CAVs
and the various strategies that can be used to overcome these barriers. At least
two sources of data may be used, namely, literature review and stakeholder interviews. As barriers and strategies are highly influenced by the context of the country
in which CAV technology is to be implemented, a context-related literature review
is needed in addition to the general overview. In particular, if the targeted country is A, reviewed studies should focus on countries similar to A. In this regard,
countries similar to A are countries that have similar road infrastructure, similar
financial resources, similar social culture, and/or similar administration and politics.
A second and valuable data source is the stakeholders of the targeted country’s
transportation system (or region). Indeed, they are the most familiar with the local
context and may thus highly contribute to understanding the situation. In particular, they can help to set up the framework for the faced barriers, the strategies
which may work, and the best scenarios which can be implemented. Moreover,
when stakeholders are involved at an early stage, it may push discussions deeper,
help decision-makers understand all aspects of the problem better, and increase
acceptance of the final solution [41, 42]. Stakeholders should include representatives from both policy decision-makers and transportation experts/academics. In
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our case, the following stakeholders have been involved: six policymakers, two experts from academia, and four traffic experts from governmental and private agencies. Stakeholders’ opinions can be gauged via questionnaires and/or interviews.
Our research jointly developed a detailed questionnaire with a few local traffic experts to ensure that the questions are more targeted and focus on the local context.
The questionnaire is composed of three parts: the first part performs a pair-wise
comparison of the barriers using the symmetrical structure of a 9-point scale [34, 43]
to weigh the various potential barriers. The second and third parts perform a 5-point
qualitative assessment with a scale ranging from 1 (very low impact) to 5 (very high
impact) [44] to rank the strategies and scenarios. These last two parts aim at
selecting the most suitable scenario to implement CAV technologies. This selection
should be based on the reference years of implementation (e.g., 2030–2050) and
the priority level of the factors/strategies that may help overcome the identified
barriers.
The literature review outcome is combined with stakeholders’ input and synthesized to identify barriers and strategies for the targeted context and potential
scenarios. For our study case, four main barriers were identified: Financial Feasibility, Policies and Regulation, Technical Feasibility, and Social Perception. In
order to evaluate the impact of these barriers, it is necessary to describe them with
measurable criteria. For this reason, each barrier has been thus refined with criteria
that can be used to measure the impact of the barrier on the implementation of
CAV. These criteria are depicted as follows:
1. Financial Feasibility defined by
(a) Infrastructure Cost (e.g., sensors, detectors, signs, communication system),
which is required to make CAV viable on the road;
(b) Operation Cost including maintenance, administrative work, and technology
cost.
2. Policies and Regulation is defined by
(a) Security and Privacy Concerns which may include issues related to the responsibilities of stored personal data of road users;
(b) Regulation and Certification related to safety standard.
3. Technical Feasibility defined by
(a) Lack of Research;
(b) Lack of Technical Skills.
4. Social Perception defined by
(a) Social inequity;
(b) Social acceptance.
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Regarding the potential strategies, the followings were identified:
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Providing ongoing training to transportation professionals;
Improving public awareness for connected and autonomous vehicles;
Improving public transportation system by making it a connected system;
Developing initiatives in cooperation with local academic institutions and private
sector to develop researches in CAV field;
Investing in statewide radio communications/IoT for emergency response;
Establishing a central traffic management organization to ensure the implementation of new technologies;
Prioritizing short-term and low-cost solutions when large-scale solutions are not
feasible in the short-term;
Developing a strategy towards increasing the number of electric cars;
Investing in capital mobility improvements and traffic management technologies;
Encouraging public sector to invest in connected infrastructure to encourage
CAV adoption.

In order to assess the barriers, it is essential to set up their evaluation criteria. For
our study case, we identify eight criteria related to the barriers previously identified.
Finally, and in terms of scenarios, a framework composed of two scenarios was
proposed for future CAV implementation planning, as shown in Table 1. The first
scenario, named Advancing Technology, is a slow and incremental implementation of
CAV. In contrast, named Connected Infrastructure, the second one is an optimistic
scenario where a fleet of automated vehicles operates in a more connected infrastructure. Each of these proposed scenarios assumes varied levels of automation,
connectivity, and electrification.
1.4.1 Multiple Criteria Decision Making (MCDM) Stage
This second stage aims to weigh the criteria we identified in the previous stage and
to rank the strategies and scenarios according to their suitability in overcoming
the identified barriers. Two MCDM techniques were used to increase the analysis’s
effectiveness and increase the accuracy of evaluation by collecting the advantages
of different approaches and avoiding one single technique’s limitation. In particular, we combine the outranking method PROMETHEE with the AHP method.
PROMETHEE method is better suited to perform exhaustive sensitivity analyses and avoid inconstancies between scores on criteria, which is likely to happen
in AHP. On the other hand, PROMETHEE cannot construct the required decision tree or the guidelines to determine the weights. Therefore, AHP is used to
structure the decision-making problem and to determine the weights of the criteria.
In contrast, PROMETHEE is used to perform the criteria’ aggregation, the
ranking of the alternatives, and the sensitivity analyses. The conduction of each of
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Scenario 1:
Advancing
Technology

Scenario 2:
Connected
Infrastructure

Connectivity1
Medium Connectivity Less than
25 % of vehicles communicate with
other vehicles, infrastructure, and
other devices (smartphones). 25–
50 % of public transportation communicates with other vehicles and
the infrastructure.
High Connectivity 50–75 % of vehicles communicate with other vehicles, infrastructure, and other devices. All public transportation can
communicate with other vehicles,
roadside infrastructure.
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Automation2
Low Automation Less than
25 % of vehicles
will be partially
automated

Electrification3
Low Electrification 25 % of
the vehicle are
electric

Medium
Automation
25–50 %
of
vehicles
will
be
partially
automated

Medium Electrification 25–
50 % of the vehicle are electric

1

Degree of communication with other vehicles (V2V), infrastructure (V2I), and other
devices (V2X).
2 Degree to which vehicles are automated. The range between Level 0 (no automation)
and Level 5 (full automation). Partially automation: include simple driver assistance
functions such as cruise control, ABS, auto emergency braking, automated parking, and
lane-keeping.
3 The growth of electric vehicles.

Table 1. Overview of the policy packages
these two methods constitutes a separate step in our approach. These two steps are
detailed in what follows.
AHP Step. Based on the data collection data (first stage), a hierarchical decision
tree (Figure 2) is generated. This tree highlights the multiple criteria and subcriteria on which each identified scenario will be evaluated. In our case, we aim at
evaluating two scenarios: Advancing Technology and Connected Infrastructure.

Figure 2. The hierarchical decision tree
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In the previous stage, a 9-point qualitative scale questionnaire was used to weigh
the various potential barriers. AHP method is applied at this second stage to
calculate the weight of each criterion and sub-criteria. These weights will be
used in the next step to rank the barriers/strategies using PROMETHEE. Our
study case used the software Expert Choice [45] to accomplish this task.
PROMETHEE Step. In this step the identified potential scenarios are evaluated in terms of their weights by constructing the evaluation matrix. In our
study case, we used PROMETHEE Visual as a PROMETHEE decision-making
software. In the previous stage, the stakeholders evaluated each criterion with
a 5-point qualitative scale ranging from 1 to 5, which represent “very low impact” and “very high impact”, respectively. To calculate the degree of preference
associated with the best alternative in the pair-wise comparison process, specific
preference functions for each criterion and parameter values (min./max.) were
identified [37].
To achieve a quantitative assessment, the Usual Shape or the Level Type Preference function can be used (according to PROMETHEE guidelines [45]). In our
study case, the Usual Shape Preference function was applied. Indeed, according
to the PROMETHEE guidelines, this function is preferred for a small number
of levels on the criteria scale, which is the case for our studied example.
The stakeholders who are involved in the decision process may have different
priorities and objectives. They may even evaluate differently according to subjective criteria. Since these criteria are measured qualitatively, it is essential to
consider this parameter while applying PROMOTHEE method. This can be
achieved by defining several scenarios which all share the same lists of actions
and criteria, but everything else (evaluations, preference functions, and criteria
weights) is different. In our study case, we use Group Decision Support System
(GDSS) extension.
Once the evaluation matrix and each stakeholder’s preference functions are performed, the scenarios are evaluated and ranked using multi-scenario preference
flows. The positive flow (Φ+) and negative flow (Φ−) for Partial Ranking
(PROMETHEE I) and the net flow (Φ) values for complete ranking (PROMETHEE II) were calculated.
Additionally, the decision problem is visualized in the GAIA (Geometrical Analysis for Interactive Aid) plane where points and criteria represent scenarios by
vectors. The length of the criterion vector is a measure of its power [46]. A scenario that scores high on a particular criterion is drawn, in the graph, in the
direction of the corresponding criterion axis [26]. The weights vector’s projection corresponds to the decision stick (red line in Figure 3), which indicates the
direction of the best [44].
Other tools such as Action Profile (see Figure 4) can be used for a graphical
representation of the uni-criterion net flow scores relative to each scenario. According to our proposed approach, a final stage is needed to analyze the results

Multicriteria Decision Making Approach to Support Adoption of CAV

515

and draw decision-makers’ recommendations. This phase is illustrated using our
study case (Oman) and presented in the next section.
2 RESULTS AND DISCUSSION
This final phase may help authorities and other stakeholders improve the way they
plan to implement CAV in the transportation system.
In the previous stage, and based on the AHP procedure, the weight of each
criterion and sub-criteria of the barriers was calculated. These results are related to
our study case (Oman) and may differ for other countries. Nevertheless, the same
approach can be applied to different countries.

Table 2. PROMETHEE I/II scores
Overall, the Technical Feasibility criteria, which includes Lack of Technical Skills
and Lack of Research, get the highest preference rate (39.7 %), followed by Polices
and Regulation (38 %), Social Perception (21.1 %), and finally the Financial Feasibility (11.4 %). These results may be explained by the fact that the implementation
or development in Oman’s transportation system is considered high-level decisionmaking and that the economic factor does not dominate the decision-making process, as may be the case in other countries. The suggested scenarios were evaluated
using Visual PROMETHEE software. Using PROMETHEE II ranking (Table 2),
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and based on the net preference flow of the analyzed alternatives for both reference
years (2020–2030 and 2030–2050). The studied barriers would highly affect the second scenario’s implementation (Connected Infrastructure) in 2020–2030, followed
by the first scenario (Advancing Technology) within the same period 2020–2030. In
contrast, these same barriers would have a low impact if the second scenario (Connected Infrastructure) has to be implemented in 2030–2050 and even lower impact
if scenario 1 (Advancing Technology) has to be implemented in 2030–2050.
The decision problem and alternative scenarios are visualized in the GAIA plane,
as shown in Figure 3. In this plane, each studied scenario is represented by a small
square (e.g., scenario 1 within 2020–2030 is represented in the upper right quarter),
and a vector represents each criterion. The square representing each scenario is
placed on the graph depending on its net flow score pointed by the criteria that
impact this scenario [37].

Figure 3. GAIA plane for reference years 2020–2030 and 2030–2050
The length (or size) of a vector reflects the impact power of its corresponding
criterion [46]. The weights vector projection in the GAIA plane corresponds to
another axis, i.e., the decision stick (red line), which indicates the best scenario’s
direction, given the weights allocated to the considered criteria [44]. According to
Figure 3, the identified barriers affect the implementation of both studied scenar-
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ios in the early plan (2020–2030). Criterion Security and Privacy has the highest
differentiating power and represents indifferent preferences compared to the other
criteria influencing the implementation of scenario 1 in 2020–2030. Moreover, criterion Social Inequity has the highest impact of implementing the second scenario
over the short-term timeline (2020–2030). The decision axis reveals that for 2030,
scenario 1 (Advancing Technology) is clearly the best compromise. While, for the
long-term timeline (reference years 2030–2050), scenario 2 may be a more viable
option.

a) Scenario 1 (2020–2030)

b) Scenario 1 (2030–2050)
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c) Scenario 2 (2000–2030)

d) Scenario 2 (2030–2050)

Figure 4. The action profiles of scenarios
Figure 4 shows a graphical representation of the uni-criterion net flow scores for
each given scenario and displays a specific action profile. Positive scores (upward
bars) correspond to criteria that impact the studied scenario, while negative scores
(downward bars) correspond to those that have no impact. The size of the bars refers
to the weight of the criteria. For instance, in scenario 1 (2020–2030) (Figure 4 a)),
the criterion Security and Privacy has a positive score, and the bar has the most
significant size. This means that Security and Privacy would have the highest impact
if the scenario has to be implemented in 2020–2030.
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For scenario 1 (2020–2030), all barriers, except Social Inequity, have a positive
score (Figure 4 a)), which indicates a positive impact on the implemented of this
scenario in reference years (2020–2030), while these barriers show a negative impact
on the implantation of this same scenario in 2030–2050 (Figure 4 b)).
Figure 4 c) shows that the studied barriers highly affect the implementation of
scenario 2 in reference years 2020–2030, while Figure 4 d) shows that for reference
years 2030–2050, most barriers would not impact the implementation of the scenario.
This can be explained by the fact that by 2030–2050 most of these barriers are
expected to be mitigated or even resolved.
As discussed in the previous phase, and to rank strategies, the net flows have to
be calculated. The positive flow (Φ+), negative flow(Φ−) (PROMETHEE I), and
the net flow (Φ) values (PROMETHEE II) were obtained using the PROMETHEE
Diamond which, is an alternative two-dimensional joint representation of both PROMETHEE I and II rankings (see Figure 5).

Figure 5. The PROMETHEE Diamond for ranking the strategies
The square (in Figure 5) represents the (Φ+, Φ−) plane where a point indicates
each action. The plane makes a 45◦ angle. The vertical dimension gives then the
Φ net flow. Φ+ scores increase from the left to the top corner, while Φ− scores
increase from the left to the bottom corner. Based on the analyzed alternatives’
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net preference flow, the complete ranking of the strategies shows that strategy 7,
“Prioritizing short-term and low-cost solutions when large-scale solutions are not
feasible in the short-term,” has the highest impact. Followed by strategy 4, “Developing/supporting programs in cooperation with community colleges and private
sector to develop research in the CAV field,” and then strategy 1, “Provide ongoing training to transportation professionals.” On the opposite, strategy 3, “Improving public transportation system to be a connected system,” has the lowest
impact.
3 CONCLUSIONS AND RECOMMENDATIONS
Although there has been an increasing interest in connected and automated vehicles
(CAVs), this technology is still to be considered under development. The proper
deployment of CAVs requires that legal, financial feasibility, social, and technical
challenges are addressed. This paper aims to formulate recommendations that may
help decision-makers select the most appropriate policy package to implement CAV
technology. When the cost factor cannot dominate the decision-making outcomes,
one needs to study the other factors that may affect the CAV adoption. To address
this challenge, we propose a three-phase approach that takes as input the stakeholders’ opinions and expectations and comes up with recommendations on the best
strategy/scenario to implement CAV technology. The core of this approach is based
on Multi-Criteria Decision Analysis (MCDA) techniques. In particular, it combines
two popular methods, namely, AHP and PROMETHEE. This combination aims
to get the most of each method, which provides higher performance analysis and
increases the evaluation’s accuracy.
As a case study, we used the context of the Sultanate of Oman. We identified two potential policy scenarios. We identified the evaluation criteria and set
two-time domains (short-term and long-term) for implementing these scenarios. We
recommended the most appropriate scenario and strategy to implement CAV technology in Oman for various time references by applying our approach. Nevertheless,
our study has some limitations. Our data collection phase relies on only twelve
stakeholders’ opinions, although they are all experts in traffic systems and traffic
management. While a sensitivity analysis supports the robustness of the obtained
results, involving more experts would have revealed finer aspects and outcomes. Second, our approach has been only tested in the context of the Sultanate of Oman.
Conducting similar studies on other countries with different profiles and contexts
would contribute to improving the approach and the accuracy of its outcomes.
Nevertheless, based on the case study, we identified concrete actions to support
CAV adoption in the Gulf countries in general and in Oman. These actions were
validated by the experts as well as by MCDA analysis. They include:
1. Expanding the research funding for the autonomous vehicle;
2. Setting standards for liability, security, and data privacy, which is suitable for
the Gulf countries;
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3. Prioritizing short-term and low-cost solutions when large-scale solutions are not
feasible in the short-term;
4. Developing initiatives in cooperation with local academic institutions and the
private sector to develop researches in the CAV field;
5. Providing ongoing training to transportation professionals;
6. Establish a central traffic management organization to ensure the implementation of new technologies.
Finally, this study provides a framework for a strategic plan to adopt CAV
technology by transportation infrastructures. It may also support the Gulf Transportation Systems Strategic Plan to implement the best initiatives to improve safety,
mobility, economic competitiveness, and sustainability.
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