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Abstract 
Managing and owning a diverse fleet of vehicles encompass several essential 
factors including vehicle selection (make, model, fuel type, etc.), maintenance, 
refueling, capital cost, and sustainability. However, many organizations lack a 
systematic approach to evaluate and transition to a cost-efficient and low-
emission fleet composition under varying operational conditions. As one of 
the major contributors to emissions, the transportation sector aims to reduce 
tailpipe emissions through various strategies. A comprehensive plan for pro-
curing, salvaging, storing, and strategically managing the fleet can result in a 
sustainable and cost-efficient fleet. Because of their lower maintenance, fuel, 
emissions, and operations costs, alternative fuel vehicles (AFVs) could pave 
the way toward a sustainable fleet. This study aims to develop an optimization 
framework that identifies the most cost- and emission-efficient fleet composi-
tion strategy under real-world operational and environmental conditions. In 
this study, the emissions of the vehicles, estimated by the EPA’s MOVES sim-
ulation tools, and the real-world dataset from the Michigan State University 
(MSU) fleet are employed to calibrate emission regression models embedded 
within the proposed optimization framework. The proposed integer linear 
mathematical optimization model suggests the optimal fleet composition and 
operations plan while the total fleet cost (including the monetary and societal 
cost of emissions) is minimized. Various operational and environmental con-
ditions, such as the vehicles’ seasonal VMT, speed, idle time, age, and temper-
ature are considered in the framework. The results of deploying the proposed 
optimization framework express a rapid transition toward AFVs, besides a re-
duction of 38% to 74% in emissions, 40% to 78% in fossil fuels consumption, 
and up to 15% in total fleet cost depending on the emission and fuel types and 

How to cite this paper: Mozafari, H., Sol- 
tanpour, A., Jazlan, F., Vosoughinia, S., Gha-
mami, M. and Zockaie, A. (2025) Leveraging 
Alternative Fuel Vehicles in Operation and 
Asset Management Strategies to Reduce Fleet 
Economic and Societal Impacts. Journal of 
Transportation Technologies, 15, 335-373. 
https://doi.org/10.4236/jtts.2025.153016 
 
Received: April 27, 2025 
Accepted: June 27, 2025 
Published: June 30, 2025 
 
Copyright © 2025 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/   

  
Open Access

https://www.scirp.org/journal/jtts
https://doi.org/10.4236/jtts.2025.153016
http://www.scirp.org
https://www.scirp.org/
https://orcid.org/0000-0001-8491-9193
https://doi.org/10.4236/jtts.2025.153016
http://creativecommons.org/licenses/by/4.0/


H. Mozafari et al. 
 

 

DOI: 10.4236/jtts.2025.153016 336 Journal of Transportation Technologies 
 

the fleet operating scenario. 
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1. Introduction 

In recent years, the transportation sector has faced increasing pressure to address 
the economic and societal impacts of conventional fuel vehicles [1]. Rising fuel 
prices, depletion of fossil fuel resources, increasing emissions, especially green-
house gas emissions (GHGs), and the considerable tear and wear costs of tradi-
tional vehicles have prompted a shift towards alternative fuel vehicles (AFVs) in 
fleet management [1] [2]. This paper investigates the optimal integration of AFVs 
into operation and asset management strategies of fleet vehicles to mitigate envi-
ronmental impacts, reduce monetary costs, and improve overall fleet efficiency. 
This study seeks to provide insights into how organizations can effectively lever-
age AFVs to achieve sustainable transportation solutions. 

The increasing emissions, air pollution, and the associated consequences (e.g., 
adverse health effects) have been a worldwide concern in recent decades [3] [4]. 
Transportation is responsible for nearly 28% of US GHG emissions in 2022, mak-
ing this sector the most significant contributor to US GHG emissions [3]. Among 
all transportation modes, light, medium, and heavy-duty vehicles contribute to 
80% of the tailpipe emitted GHGs [3] [5]. The 2007 Energy Independence and 
Security Act mandates federal agencies to acquire low greenhouse gas-emitting 
vehicles [6]. Thus, actions are required to control transportation-related emis-
sions, primarily by the entities operating large fleets [7]. 

Organizations are encouraged to prioritize sustainable, clean, and carbon-
friendly transportation equipment as a central element of their operational strat-
egies besides their cost priorities. Adopting an efficient strategy in asset manage-
ment saves fuel, cuts emissions, reduces maintenance costs, promotes a cleaner 
environment, and boosts economic sustainability [8]. AFVs could help fleet own-
ers cut their entities’ environmental side effects (which benefit the entity and so-
ciety) and reduce some other fleet management costs [9]. They have a dual ad-
vantage: not only do they contribute significantly to emissions reduction, but they 
also enhance the cost-effectiveness of managing a fleet of vehicles. The most 
prominent costs discussed extensively in the literature that significantly affect fleet 
management are the vehicles’ operations and management (O&M), fuel, storage, 
purchase, and societal emissions costs. The O&M cost includes any cost related to 
vehicles’ maintenance as well as personnel operations [10]. Due to the significant 
cost of the fuel provision compared to O&M costs, the fuel is considered a separate 
cost term in this study. Operating AFVs requires potential marginal expenditures, 
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such as constructing the refueling infrastructure [11] [12]. Considering the greater 
cost components of AFVs (such as purchasing vehicles and building refueling sta-
tions) and gasoline/diesel vehicles (G/DVs), (such as O&M, fuel, and societal 
emissions costs), fleet managers must exercise caution in order to achieve the op-
timal fleet composition [2]. 

Thus, the primary goal of this study is to thoroughly analyze an extensive list of 
factors impacting fleet acquisition and operation, and develop a fleet replacement 
model that describes a sustainable and efficient approach toward promoting eco-
friendly practices. First, a set of regression models is calibrated to estimate tailpipe 
emissions in different operation statuses (e.g., moving, idle, and start). For this 
purpose, the outputs of MOVES (Motor Vehicle Emission Simulator), a state-of-
the-science emission estimation tool developed by the US Environmental Protec-
tion Agency (EPA), are employed along with the Michigan State University 
(MSU) dataset to estimate the emission production of the fleet under various 
weather conditions. Then, the calibrated models are embedded in a proposed 
mixed integer linear mathematical optimization model (MILP) to minimize the 
fleet operation, asset, and environmental costs, considering budgetary limitations 
and operational requirements. The integration of the calibrated emission models 
and the optimization model assists with accurate emission estimation while opti-
mizing operation strategies through various years of study. Additionally, the pro-
posed framework effectively accounts for the effects of weather and fluctuations 
in operational demand on seasonal fleet composition and operation. 

The review of the relevant studies is explained in the next section, followed by 
the problem of interest. Then the next section describes the methodology, fol-
lowed by data collection. Finally, the results and conclusion are presented. 

2. Literature Review 

This section reviews the literature and background of the topic in three scopes. 
First, the previous studies regarding fleet replacement strategies and methodolo-
gies are introduced. Then, it brings some approaches utilized to simulate the fleet’s 
emission in different conditions. Finally, the application of AFVs and more spe-
cifically electric vehicles (EVs) in optimal fleet management will be discussed.  

2.1. Fleet Replacement Strategies 

Introduced in 1955, one of the first models for equipment replacement was pro-
posed to swap out old, low-output equipment for newer models [13]. When de-
termining if replacement of the equipment is necessary, this model considers var-
ious aspects, including the equipment’s age, output, and purchase price. This idea 
has been further developed in other research, which has considered variables in-
cluding the variety of vehicle types and ages [14], stochastic demand patterns, and 
environmental considerations in vehicle replacement modeling [15]. Apart from 
the procurement and disposal of vehicles, a fleet management plan that involves 
the storage of vehicles that are not in use for predetermined periods and their 
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subsequent reuse can greatly improve efficiency [16]. 
To find the ideal fleet composition based on replacement policies, require-

ments, and constraints (such as the annual budget and the maximum age of cars), 
optimization models—in particular, integer and mixed-integer programming, or 
IP and MIP—are frequently used [17]. To solve the optimization problems in this 
area, various approaches such as simplex and branch & bound for linear and in-
teger problems and genetic algorithm for non-linear problems have been used in 
the literature [18]. The genetic algorithm has been used to find an efficient fleet 
renewal strategy under uncertainty for a naval vessel fleet with a fleet size of six 
old vessels by maximizing vessel availability [18]. A mathematical optimization 
approach has been employed to determine the best mix of vehicles for urban 
freight transport by minimizing the total cost including energy, operation, 
maintenance, purchase, and emissions, over a pre-specified period. To evaluate 
the sensitivity of the model, the study examines two scenarios: one with 28 existing 
diesel vehicles and another requiring the purchase of new vehicles. In this study, 
the old vehicles’ count is decreased annually from the 8th year until the 21st year, 
when no diesel vehicles will remain in the fleet [19]. 

Previous studies have also investigated replacement problems by considering 
fleets of electric, hybrid, diesel, and natural gas vehicles [1] [20], fluctuations in 
fuel and energy prices [2] [21], and the route choices influenced by travel demand 
[22] [23]. A French bus operator running a fleet of 100 diesel buses has utilized an 
integer linear program to plan the bus replacement strategy to meet the fleet elec-
trification target. Among new diesel, hybrid, CNG, and electric buses, the opti-
mum strategy recommends the gradual transition from all current diesel buses to 
74 electric and 26 CNG buses [24]. 

A mathematical fleet optimization model usually finds the optimal or near-op-
timal fleet composition over a certain time span considering various types of costs 
[16]. Pollutions and GHG emissions might be included as one of the model’s 
charges in order to account for the fleet’s environmental impact. Predictive mod-
els that calculate the external carbon cost or fixed coefficients can be used to mon-
etize these emissions [16]. Some studies have included factors such as vehicle uti-
lization and technology, storage costs, the purchase of new vehicles, O&M costs, 
and the revenue from salvaging unprofitable equipment in their objective func-
tions [12] [15]. Among costs and revenues included in the model, some of them, 
such as GHG taxes, gasoline/diesel (G/D) prices, and incentives for acquiring new 
clean vehicles, are often beyond the control of fleet managers and are determined 
by policy-makers [15]. 

2.2. Emissions Simulation 

Fossil fuels generate two types of pollutants when they burn: criterion and non-
criteria. To ensure sustainable transportation, the US EPA sets rules especially for 
criterion pollutants such as Nitrogen oxides (NOx), carbon monoxide (CO), and 
particulate matter (PM), and non-criteria such as GHGs, hydrocarbons (HC), and 
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volatile organic compounds (VOC) [25] [26]. A robust fleet strategy can signifi-
cantly cut carbon emissions, promoting a greener business [27]. Some classic 
strategies implemented extensively to follow the emissions regulation by reducing 
tailpipe emissions are replacing, storing, and salvaging vehicles with higher emis-
sion rates [12]. As an example of fleet replacement benefits, recent analyses show 
that upgrading from 2016 to 2021 model year truck cuts carbon dioxide (CO2) by 
21 metric tons per year and NOx by 15%, saving $16,856 per truck per year in the 
associated fleet [8].  

Several methods have been utilized to assess the fleet’s emissions. AVL CRUISE 
is a software that is used to simulate the CO2 emissions of a taxi fleet of electric 
and G/DVs in Sete Lagoas, MG, Brazil. The results suggest EVs produce 10 to 26 
times lower CO2 compared to G/D ones [28]. By employing the COPERT emis-
sions tool to model the emissions of a fleet of 10,050 vehicles of different types, a 
77% reduction in CO2 emission is seen by fully electrifying the fleet of taxis [29]. 
Another tool commonly used in the literature to estimate average and instantane-
ous emission rates per unit of time and distance is the MOVES. This tool considers 
various elements, including but not limited to emission sources, ambient condi-
tions, vehicle status (driving, idling, starting), speed, and acceleration [30]-[32]. 
Based on the vehicle’s age, class (such as truck or passenger car), speed, and ac-
celeration, MOVES calculates unique emission rates. For example, real-world traf-
fic data has been used in MOVES to predict CO, HC, and NOx emissions depend-
ing on driving circumstances [33]. MOVES emission estimator framework has 
also been employed to estimate transport-related pollution emissions for a uni-
versity campus [34]. In conjunction with a traffic microsimulation tool, MOVES 
has also been utilized to simulate the emissions resulting from the transportation 
demand [35]. 

2.3. AFVs and Fleet Electrification 

Due to their significant role in emission, fuel, and maintenance cost reduction, 
AFVs, especially EVs, are among the most common and effective solutions for 
achieving an efficient-clean fleet [2] [7] [36]. In a fleet of 619 vehicles in a Polish 
company, despite the power system relying on fossil fuels, fleet electrification re-
duced carbon emissions by 24% and cut operational costs by EUR 370,000 per 
year [37]. Additionally, across all vehicle sizes, the O&M expenses of EVs are 
lower than those of G/DV [38]. Research reveals that EVs can cut GHG emissions 
by 38% - 41% compared to G/DVs and–12% compared to traditional hybrids [39]. 
A recent study simulates the emissions reduction after replacing 6% of the pas-
senger G/DVs with EVs for state-wide intercity trips in Michigan. The results ex-
press 0.68 - 0.96 million tons of CO2 annual reduction, which is 5.9% - 8.3%. The 
total annual savings societal emission cost reductions are 105.66 million-dollar for 
CO2, and 13.52 million-dollar for NOx, CO, and HC, altogether [40].  

Implementing the replacement and electrification in the scope of the university 
necessitates the knowledge of the fleet’s vehicle miles traveled (VMT), which rep-
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resents the demand for vehicles. This demand can be found through surveys [35], 
simulating tools [34], statistical analysis [41], or probe data collection, as in this 
study. The campus travel studies primarily emphasize commuting to and from the 
campus or the commuter’s trips within the campus rather than the operational 
aspects of fleet management within the campus. The University of Dayton’s fleet 
of 145 G/DVs is studied to assess fuel consumption reduction by fully electrifying 
its fleet by 2025 [42]. By employing RETScreen Expert, which models different 
transition scenarios, the University of Saskatchewan’s campus fleet is also exam-
ined to evaluate the economic viability of transitioning toward EVs [43]. Addi-
tionally, there are cases of fleet conversion to AFVs, encompassing fleets of entities 
rather than campuses [44]. Through fleet electrification, Amazon aims to achieve 
net-zero carbon emissions across its delivery fleet operations by 2040 [45]. FedEx 
wants to purchase 50% of electric pick-up vehicles and all delivery vehicles by 2025 
and 2030, respectively [46].  

Overall, the reviewed literature highlights substantial progress in fleet replace-
ment modeling, emissions estimation, and the integration of AFVs. Moreover, in-
sights from prior research emphasize the importance of incorporating real-world 
data into fleet optimization models. However, to the best of the authors’ knowledge, 
few studies have proposed a comprehensive approach that considers all the essen-
tial factors mentioned above (including but not limited to the impact of vehicles’ 
age, type, and driving mode on various emission types, and O&M costs) in an 
integrated optimization model. Additional impactful factors, such as the societal 
cost of emissions, the cost of building refueling stations, and temperature varia-
tions should also be incorporated into a comprehensive modeling framework. 
Among various tools examined in the literature, MOVES emerges as a widely val-
idated and flexible emissions simulation platform that accounts for detailed vehi-
cle attributes, driving behavior, ambient conditions, and operating modes, and is 
used in this study to simulate fleet emissions. 

3. Problem Statement 

Managing a fleet of vehicles efficiently is a complex challenge due to a variety of 
interrelated factors. Key variables such as the age of the vehicle, its type, purchase 
expenses, O&M and fuel costs, and emission profiles of the vehicles all play sig-
nificant roles in fleet management decisions. Additionally, external factors includ-
ing temperature and surrounding traffic conditions, further complicate the pro-
cess of determining the optimal fleet composition for a given period. Due to this 
complex network of factors, determining the optimal fleet composition requires a 
sophisticated procedure to balance economic feasibility and environmental sus-
tainability. 

Despite the fact that many organizations have started fleet electrification pro-
grams, there is still a dearth of comprehensive expertise on the size of a university 
campus because of the fleet’s varied vehicle makeup. A variety of vehicles are es-
sential to support the diverse operations and activities across university campuses. 
Buses and sedans are used for transporting students and staff, while vans manage 
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tasks such as maintenance and transporting equipment. Trucks are mainly em-
ployed for infrastructure projects and maintenance duties, ensuring the smooth 
functioning of campus facilities. Thus, a method that combines the campus’s var-
ied fleet into a unified framework is required. The framework should be capable 
of considering operations costs as well as societal costs and benefits. This study 
aims to propose a comprehensive model and a sustainable management strategy 
for fleet vehicles. The problem of interest is to find the number and type of in-
service, stored, purchased, and salvaged vehicles as well the refueling stations in a 
unit of time while the total system cost, including O&M, fuel, and societal emis-
sions cost, is minimized. Emission production, which is influenced by various fac-
tors such as vehicle type, age, operation, and environment temperature, is an es-
sential contributing factor in fleet management. Consequently, incorporating dy-
namic emission estimations becomes imperative while optimizing operational 
strategies.  

The main constraints include budget limits and travel demand requirements. 
The emission models developed and calibrated using MOVES data are embedded 
in the proposed optimization framework. Thus, the primary contribution of this 
study is to bridge the gap in the existing literature by integrating O&M, fuel, and 
emission costs focusing on AFVs while accounting for the influence of adverse 
weather along with numerous other factors within a unified modeling framework. 
The proposed optimization model is developed and calibrated using a variety of 
novel measures as follows: 
• A 1-year real-time comprehensive probe data collection from campus vehicles 

including daily vehicles’ status, such as VMT, number of stops and starts, idle 
time, speed, and other characteristics, e.g., vehicles’ type, age, fuel economy, 
and salvage value. 

• Simulating important pollutants emitted by different vehicle types in various 
engine statuses (e.g., running, idle, and start) and peripheral conditions (e.g., 
temperature) in MOVES. 

• Developing an extensive set of emission regression models embedded within 
the optimization model to estimate the vehicles’ emissions and salvage value 
based on vehicle type and age, temperature, and other contributing factors. 

4. Methodology 

This section details the research approach for this study. First, regression emission 
estimation models are calibrated to assess the emission rates of the campus’s ve-
hicles in various conditions within the optimization framework. These models are 
developed using the emission rates obtained from simulating the properties of the 
case study with MOVES as the dataset. Then, the mathematical modeling frame-
work is introduced, which formulates the problem as a linear integer optimization 
model. 

4.1. Emission Models 

The optimization model is built upon vehicles’ emissions as one of the primary 
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inputs. This research develops emission models to be included in the optimization 
model to address this variability instead of depending on constant emission rates. 
Emissions are subject to variation based on operational characteristics and pe-
ripheral conditions, as well as the specific characteristics of the vehicle. These var-
iables include but are not limited to speed, make, and model. The calibrated mod-
els estimate the emission rates of vehicles in various operating stages, such as run-
ning, idling, and cold/warm start. 

An initial dataset of emission rates is created for this investigation using the 
MOVES to calibrate the emission regression models. In all, 72 regression models 
incorporating four vehicle types, six pollutants, three types of emission rates, and 
two fuel types were created. The emission rate is the dependent variable, with the 
vehicle’s age, average speed, fuel type, and average ambient temperature as the 
independent variables. It is important to highlight that EVs, due to their zero tail-
pipe emissions, are not included in emission models. For flex-fuel vehicles, their 
emission rates are derived from those of equivalent gasoline vehicles using a con-
version factor. Based on campus data, this factor is set at 0.7 across all vehicle 
types. Additionally, for all vehicles (except EVs), warm start emission rates are 
estimated from cold start emission rates using specific conversion factors obtained 
from MOVES simulation results. These emission-specific factors are detailed in 
the appendix. Additionally, certain vehicle-fuel combinations, such as gasoline 
buses and diesel sedans, were excluded from the analysis as they are not present 
in the fleet. Equations (1)-(3) exemplify some developed regression models along 
with the R-squared for CO emissions from sedans, estimating the running 
(gr/mile), idle (gr/hr), and cold start (gr/start) emission rates. All other developed 
models are presented in the Appendix. 

 , , , ,

2

Running : 2.011 0.357 0.223 0.011 0.27

0.400
i sedan f t COe I V T F

R
′ = + − + +

=
 (1) 

 , , , ,

2

Idle : 0.287 0.182 0.001 0.009

0.412
i sedan f t COr I T F

R
′ = + + −

=
 (2) 

 , , , ,

2

Cold start : 6.352 0.808 0.102 2.353

0.690
i sedan f t COc I T F

R
′ = + − +

=
 (3) 

,i f  and t′  are indices of age, fuel, and season, and the dependent variables 
of , ,I V F  and T  stand for the vehicle’s age (year), average speed (mph), and 
fuel type (=0 if fuel is diesel, and =1 if gasoline), and environment temperature 
(˚F), respectively. In this study, Michigan’s average Spring, Summer, Fall, and 
Winter temperatures are calculated as 50, 73, 54, and 28 ˚F, respectively [47]. 
These emission rates would be embedded into the objective function and con-
verted to the monetary cost using the external societal cost coefficient, qE . 

4.2. Fleet Management Optimization Model 

The optimization model aims to minimize the overall cost of the fleet, which com-
prises the expenses related to purchasing, maintaining, operating, and fueling the 

https://doi.org/10.4236/jtts.2025.153016


H. Mozafari et al. 
 

 

DOI: 10.4236/jtts.2025.153016 343 Journal of Transportation Technologies 
 

vehicles, the costs of developing refueling infrastructure, and the societal costs of 
emissions. The costs of developing refueling infrastructure include the infrastruc-
ture and installation costs. The societal emissions cost is utilized to quantify the 
vehicles’ tailpipe emissions into monetary values for integration into the mathe-
matical program. This study evaluates six primary pollutants emitted by the fleet: 
HC, CO, NOx, VOC, CO2, and PM10. The decision variables of the model include 
the quantities of in-service, salvaged, stored, and purchased vehicles for each sea-
son, as well as the number of new refueling stations constructed annually. In-ser-
vice vehicles are those actively operating and providing service during each season 
of the predetermined horizon. Conversely, stored vehicles are deactivated for an 
entire season. In other words, in-service vehicles may be either in operation or 
turned off during a given day of a season, whereas stored vehicles must remain 
parked and stored at designated parking lots for the entire season. It’s important 
to clarify that according to university policy, vehicles are purchased and salvaged 
at the beginning and end of each year, thus, no transactions occur mid-year. Ad-
ditionally, all purchased vehicles are brand-new. The model’s main constraints 
include the budgetary limitations defined based on the annual budget, the maxi-
mum allowable vehicle age, the availability of charging stations, and the seasonal 
service requirements of each vehicle type defined based on VMT for each vehicle 
type. Note that the unused budget carries over to the next year. The model’s sets, 
parameters, and variables are detailed in Table 1. Then, Equation (4) defines the 
objective function of the problem followed by its constraints. 
 

Table 1. Sets, variables, and parameters of the mathematical model. 

Term Description Unit 

Sets 

k  vehicle type (i.e., sedan/SUV, van, passenger truck, and bus); k K∈   

i  age of the vehicle; { }0,1,2, , ki A A∈ =  ; ( kA  = maximum age of the vehicle type k )  

t  year of the study; { }1,2, ,t T τ∈ =  ; (τ  = The study’s horizon in years)  

t′  season; { }1,2,3,4t T∈′ =′ ; 1: Spring, 2: Summer 3: Fall, 4: Winter   

q  pollutant type; { }2 10CO ,CO, NO ,HC,VOC,PMxq Q∈ =   

f  fuel type (i.e., gasoline, diesel, flex-fuel, and electric)  

Parameters 

α  annual inflation rate  % 

kfv  purchase price of a type- k , fuel- f  vehicle US$/vehicle 

ikfs  salvage revenue of an age- i , type- k , fuel- f  vehicle US$/vehicle 

kη  inventory cost of a type- k  vehicle per season US$/season 

ikfm  O&M cost of an age- i , type- k , fuel- f  vehicle US$/mile 

qE  unit societal cost of pollutant q  US$/gr 

ikft qe ′  running emission rate of an age- i , type- k , fuel- f  vehicle, in season t′ , for pollutant  q  gr/mile 

ktu ′  vehicle miles traveled (VMT) by a type- k  vehicle in season t′  of each year (status quo) mile/(season.veh) 
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Continued 

ikft qr ′  idle emission rate of age- i , type- k , fuel- f  vehicle, in season t′ , for pollutant q  gr/hr 

ktρ ′  idle time passed by a type- k  vehicle in season t′  in each year (status quo) hr 

ikft qc ′  cold start emission rate of age- i , type- k , fuel- f  vehicle, in season t′ , for pollutant q  gr/start 

ktn ′  number of cold starts by a type- k  vehicle in season t′  in each year (status quo) start/season 

ikft qw ′  warm start emission rate of age- i , type- k , fuel- f  vehicle, in season t′ , for pollutant q  gr/start 

ktn ′′  number of warm starts by a type- k  vehicle in season t′  in each year (status quo) start/season 

ikftFe ′  running fuel consumption of age- i , type- k , fuel- f  vehicle in season t′  Gal(kWh)/mile 

ikftFr ′  idle fuel consumption of age- i , type- k , fuel- f  vehicle in season t′  Gal(kWh)/hr 

ikftFc ′  cold start fuel consumption of age- i , type- k , fuel- f  vehicle in season t′  Gal(kWh)/start 

ikftFw ′  warm start fuel consumption of age- i , type- k , fuel- f  vehicle in season t′  Gal(kWh)/start 

fFp  fuel price for fuel f  US$/Gal(kWh) 

ikfh  number of age- i , type- k , fuel- f  vehicles at the beginning of the first year  

tb  Available money at the beginning of year t  US$ 

cb  Fixed allocated annual budget at the beginning of year t  US$/year 

tRd  Residual (extra) money at the end of year t  US$ 

( )obj t  Total cost (objective function) of year t  US$ 

'kt td  minimum demanding travel distance needed by vehicle type- k  in season t′ of year t  mile/(season.veh) 

fR  power of refueling station of fuel- f   kW/hr or Gal/hr 

fβ  Refueling station’s efficiency of fuel- f  (=100% for non-electric stations) % 

fΦ  cost of each new refueling station of fuel- f   US$/station 

ϒ  the average life of a refueling station year 

Γ  daily availability of charging stations hr/day 

Variables 

ikfttX ′  number of age- i , type- k , fuel- f  in-service vehicles in season t′ of year t   

ikftY  number of age- i , type- k , fuel- f  vehicles salvaged at the end of year t   

kftP  number of brand-new type- k , fuel- f  vehicles purchased at the beginning of the year t   

ikfttZ ′  number of age- i , type- k , fuel- f  vehicles stored in the season t′ of year t   

ftN  number of refueling stations of fuel- f  in year t   

ftN ′  number of newly added refueling stations of fuel- f  in year t   
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  (21) 

Equation (4) minimizes the total fleet’s cost including the costs of purchasing 
and storing vehicles, refueling infrastructure provision, emissions, O&M, and 
fuel, as well as the revenue of vehicle salvaging. Equation (5) ensures that the avail-
able money at the beginning of each year, tb , is equal to the remaining money 
from the previous year, 1tRd − , plus the fixed annual budget, cb . Equation (6) cal-
culates the residual funds at the end of year t, which is the difference between the 
total cost for year t (denoted as ( )obj t ) and the available funds at the beginning 
of the year, tb . Equations (7) and (8) respectively specify that there should be no 
residual funds at the beginning of the first year and that residual funds should be 
non-negative in all years. Equation (9) stipulates that the total miles traveled by 
each vehicle type must meet or exceed the minimum VMT required to fulfill the 
fleet’s assigned tasks. Equation (10) specifies that in the initial year of the study 
period, the count of active, salvaged, and stored vehicles of age i equals the total 
number of i-years-old vehicles. Equation (11) ensures that the sum of brand-new 
in-service and stored vehicles in the first year equals the total of existing brand-
new vehicles (h) plus the number of vehicles purchased at the start of the first year. 
Equation (12) guarantees that all purchased vehicles are brand-new. Equation (13) 
delineates the evolution of in-service, stored, and salvaged vehicles over the 
study’s duration. Equation (14) implies that purchases and salvages occur exclu-
sively at the year’s start and end, respectively. Equation (15) ensures that no in-
service or stored vehicles are beyond the maximum allowable age. Based on Equa-
tion (16) no brand-new vehicles are salvaged in the year they were bought. Equa-
tion (17) introduces the number of refueling stations required for each fuel type f 
based on the energy efficiency, VMT, and operation of the associated vehicles with 
fuel type f. The model assumes that the fleet’s EVs use only campus stations; how-
ever, other vehicles use off-campus ones. Equations (18)-(20) calculate the num-
ber of required refueling stations considering their average life, ϒ . Finally, Equa-
tion (21) shows the feasibility constraint. 

5. Case Study and Data Collection 

To validate the proposed optimization model and calibrate the input parameters, 
MSU campus fleet data is collected and used as the case study. Five main depart-
ments—Motor Pool, Infrastructure Planning and Facilities (IPF), Landscaping, 
Surplus and Recycling, and the Police Department—agreed to share their fleet 
data for the project. Figure 1 shows a comprehensive flow plan for collecting 
data. 
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Figure 1. Data collection flow chart. 

 
Numerous methods are used to gather data, including surveys, reports, and 

real-time data gathered via sensors and equipment installed on vehicles. FAMIS, 
Discoverer, SSRS, Fleetio, and Verizon are the five data management systems em-
ployed in this study. Asset and operational data are the two types of data that were 
sought. As of March 2020, the MSU campus housed 1662 vehicles across five de-
partments. Figure 2 displays a breakdown of the fleet by department. The number 
of cars operated by each department is shown in Figure 2(a). The vehicles that are 
owned by one department and leased to another are shown by the overlap among 
the departments. Figure 2(b) to Figure 2(f) provide an additional illustration of 
the fleet breakdown by vehicle type for each of the five departments. 

This study captures several categories of data, including specific asset attributes 
(such as body type, fuel type, and fuel efficiency), general operational information 
(such as average VMT, engine idle hours, fuel consumption, maintenance cost, 
and location of operation), and the variation of vehicle usage in different seasons. 
Due to inevitable gaps in the collected dataset, some attributes (such as fuel con-
sumption, O&M cost, and the purchase price of vehicles that are missing in the 
dataset) are estimated using information from literature and technical reports. 

https://doi.org/10.4236/jtts.2025.153016


H. Mozafari et al. 
 

 

DOI: 10.4236/jtts.2025.153016 348 Journal of Transportation Technologies 
 

 
Figure 2. The breakdown of the MSU fleet by department. 

 
After further analyses, it became evident that the IPF department is the only 

one with a comprehensive operational dataset. Thus, IPF has been selected for the 
rest of the analyses. IPF primarily utilizes the Verizon data management system. 
Out of the 218 vehicles operated by IPF, two sedans, 59 passenger trucks, and 128 
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vans are equipped with Verizon. Additionally, the five buses with adequate data 
were selected from the Motor Pool department to include this vehicle type in the 
analysis, bringing the total number of vehicles to 194. The following subsection 
investigates the estimation of the mathematical model’s parameters using the case 
study dataset and other externally collected data. 

Parameter Estimation 

The assessments consider four vehicle types (sedan/SUV, truck, van, and bus) and 
four fuel types (gasoline, diesel, flex-fuel, and electricity). Due to their rarity in the 
market, some vehicle-fuel combinations—i.e., gasoline/flex fuel buses and diesel 
sedans and vans—are not viewed as possible fleet expansions. Thus, the analysis 
will employ a total of 12 fuel-vehicle combinations. For these 12 fuel-vehicle com-
binations, which range in age and operate in a variety of environments (different 
years, seasons, and speeds), the model parameters are estimated separately. The 
average purchase prices of these 12 fuel-vehicle combinations are expressed in 
Table 2. The prices are approximated using the available campus dataset and the 
current market rates. 
 
Table 2. Estimated purchase price of the vehicles in US$/vehicle. 

Vehicle\Fuel Gasoline Diesel Flex-fuel Electricity 

Sedan/SUV 40,000 [48] - 40,000 59,000 [48] 

Truck 42,000 [48] 102,000 [49] [50] 42,000 62,000 [51] 

Van 47,000 [48] - 47,000 55,000 [52] [53] 

Bus - 206,000 [49] [50] - 280,000 [49] [50] 

 
Salvage value ( ikfs ) is the revenue from selling the fleet vehicles. The collected 

MSU asset dataset provides the resale values of 1393 G/DVs in different ages and 
conditions sold in the past years. Each vehicle is specified by type, age, purchase 
price, and odometer reading. Using these parameters as the independent varia-
bles, three regression models (Equations (22)-(24) for the sedans/SUVs, trucks, 
and vans) are developed to estimate ikfs . Since there was no previous data on 
buses’ resale values, this study uses the regression model of the van for buses as it 
has the best R2. 

Based on campus asset management strategies and the average life of vehicles, 
this study assumes a maximum allowable age of ten years for vehicles. Thereafter, 
it will be salvaged. Here, the dependent variable   ikfs  is the salvage value of vehi-
cle type k and fuel f at age i-years, while independent variables M, i, and kfp
represent the vehicle’s mileage at the time of salvaging, the age of the vehicle in 
months, and the purchase price of a brand-new vehicle of type k and fuel f, re-
spectively. 

 { } { } { }
2
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A vehicle’s O&M cost ( ikfm ) encompasses expenses such as oil changes (for 
non-EVs), battery and tire replacement, periodic servicing, personnel stipend, and 
other possible repairs. Using the available dataset from the IPF’s fleet, five distinct 
regression models are developed to estimate the annual O&M cost for each non-
EV. Table 3 presents the coefficients and R-squared of all five trained models cat-
egorized by vehicle-fuel combinations. 
 

Table 3. Coefficients of the regression models to estimate the O&M cost. 

Vehicle 
type 

Fuel 
type 

Coefficients 
R-squared 

Constant Annual VMT Age in years 

Sedan/SUV Gas/Flex 247.10 0.4871 - 0.335 

Truck Gas/Flex 165.71 0.4653 41.649 0.176 

Truck Diesel 2497.09 - 275.84 0.473 

Van Gas/Flex 615.44 0.66 1.04 0.088 

Bus Diesel 3737.49 - 1713.84 0.91 

 
Statistical analysis of the IPF’s dataset highlights the significance of the vehicle’s 

age and annual VMT as independent variables in the models. However, due to the 
limited number of EVs and their recent introduction into the campus fleet, there 
is insufficient data for comprehensive model training. Thus, an adjustment coef-
ficient is calculated by dividing the O&M expenses of EVs by the costs of gasoline,  
 

Table 4. Fuel consumption parameters of brand-new vehicles in summer. 

Vehicle 
type 

Fuel 
type 

Running fuel 
consumption 
(Gal(kWh)/mile) 

Idle fuel consumption 
(Gal(kWh)/hour) 

Cold start fuel 
consumption 
(Gal/start) 

Warm start fuel 
consumption 
(Gal/start) 

Sedan 
Gas 0.0347 0.2692 0.0074 0.0064 

Electricity 0.330 2.500 - - 

Truck 

Gas 0.0464 0.3090 0.0097 0.0083 

Diesel 0.0544 0.3936 0.0072 0.0062 

Electricity 0.480 3.620 - - 

Van 
Gas 0.0385 0.3090 0.0095 0.0082 

Electricity 0.400 3.020 - - 

Bus 
Diesel 0.1394 0.7352 0.0081 0.0070 

Electricity 2.360 17.870 - - 
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diesel, and flex-fuel vehicles [54]. The coefficient is calculated as 0.42. Fuel con-
sumption rates for vehicles in various states (i.e., running, ikftFe ′ , idle, ikftFr ′ , 
cold start, ikftFc ′ , and warm start, ikftFw ′ ) are another set of parameters esti-
mated to calculate fuel costs. Table 4 presents the fuel/energy consumption rates 
for brand-new vehicles at a temperature of 73 ˚F, the average temperature in 
Michigan during summer. It should be noted that EVs have zero energy con-
sumption during startup, meaning there is no specific energy required to turn 
the vehicle on. 

The values in Table 4 represent the average fuel (energy) consumption rates for 
all vehicles available on campus. Based on the collected data, flex-fuel vehicles 
consume approximately 70% of the fuel consumed by gasoline vehicles. Fuel con-
sumption in seasons other than summer is calculated based on fluctuations in CO2 
production, estimated by the developed emission models. For EV energy con-
sumption, this study uses the most recent values provided by automakers. Addi-
tionally, the analysis accounts for a significant increase in EV energy consump-
tion, with a 30% rise estimated during the winter and fall seasons when average 
temperatures are significantly lower (54 ˚F and 28 ˚F in fall and winter, respec-
tively) [55] [56].  

The optimization model also requires input on the fleet’s average operation 
over seasons, including the seasonal miles driven by each vehicle type, ktu ′ , the 
hours spent in idle status, ktρ ′ , and the number of cold and warm starts, ktn ′  and 

ktn ′′ . A seasonal average is estimated for every type of vehicle using real-time data 
obtained from the Verizon data system. Additionally, by analyzing the Verizon 
data, the minimum necessary seasonal VMT for every type of vehicle, kt td ′ , is es-
tablished. Table 5 provides a summary of all other parameters utilized in the op-
timization model. 

The budget is assumed to rise over time in accordance with the rate of inflation. 
Any leftover amount of the annual budget can be carried over to subsequent years, 
along with the cash from salvaging outdated vehicles. Every year, the increase in 
the MSU staff count serves as a signal for modifying the minimum needed sea-
sonal VMT ( kt td ′ ), which rises by 2.34% annually. The ratio of energy supplied to 
the car’s battery to energy extracted from the chargers is known as the efficiency 
of the EV chargers. Level 2 (L2) chargers (the most commonly utilized type on 
campus) have an efficiency of 85% [55]-[57]. The fuel prices are approximated 
based on the average fuel price in Michigan in 2020, which seems like a standard 
price for the subsequent years after 2020. 

6. Results 

The numerical results presented in this section are intended to establish the opti-
mal and sustainable procurement and operational plan for the campus fleet vehi-
cles. Furthermore, the outcomes evaluate the effects of price and policy fluctua-
tions on fleet management strategies. To assess these impacts, several scenarios 
are formulated and examined in the subsequent subsections. 
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The optimization model is implemented using AMPL and solved with the 
CPLEX solver on a standard PC equipped with an Intel Core i-5 CPU and 16 GB 
RAM. It took 50 seconds for the solver to find the optimum solution for the bench-
mark scenario, involving 878,955 MIP simplex iterations and 40,520 branch-and-
bound nodes. This linear integer optimization problem yielded the seasonal quan-
tities of in-service, stored, salvaged, and purchased vehicles over a 10-year 
timeframe, as well as the number of required charging stations. Additionally, the 
annual cost breakdown will be discussed and compared among operating scenarios. 
 

Table 5. The value of the other objective function’s parameters. 

Parameter Value Unit Description 

Average annual interest rate (α )  2.4 % 
Over the years 2010-2019, from the Federal Reserve Bank of 
St. Louis, USA [58] 

Vehicle’s storage cost ( kη ) 0 $/season/veh 
IPF department is not charged for storing vehicles in MSU 
parking lots. 

Fixed annual budget ( cb ) 1.1 million $/year  

Annual rise in employee numbers  2.34 % The trend over the years 2009-2019 [59] 

Electric Charger’s efficiency ( 4β ) 85 % 1 2 3, , 100%β β β =  [57] [60] [61] 

power of L2 EV chargers ( kfR ) 11 kW 
Average power of level 2 (L2) chargers at MSU and 
Michigan’s public stations 

Cost of building L2 EV charger ( kfΦ ) 9990 $/charger Inquiry form energy authorities of Michigan 

Average life of L2 EV chargers (Υ) 10 year [62] [63] 

Daily availability of charging (Γ) 24 hour  

Fuel Price 
( fFp ) 

Gasoline 3.0 $/Gal 

Average fuel price in Michigan in 2020 [64] Diesel 3.3 $/Gal 

Flex-fuel 3.3 $/Gal 

Electricity 0.0923 $/kWh University policy for the campus fleet 

Societal 
emission 
cost ( qE ) 

HC 1.87 

$/kg Literature [65] [66] 

CO 0.068 

NOx 23.40 

VOC 1.32 

CO2 0.11 

PM10 277 

6.1. Analysis of Scenarios 

This study categorizes operating scenarios into three categories: i) the benchmark 
scenario, representing the current fleet status based on collected or estimated data; 
ii) “decision-based” scenarios under the control of the fleet manager, such as de-
termining available vehicle-fuel type combinations and the vehicle’s storage cost; 
and iii) “policy-based” scenarios beyond the fleet manager’s control, including 
factors like vehicle purchase price, societal emissions costs, and fuel prices fluctu-
ations. This subsection explores how such variability may impact the results by 
going over five scenarios in addition to the benchmark case. To determine how 
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sensitive the model is to the changes, one or more benchmark elements might be 
changed in each of the five situations. The decision variables and the objective 
function value under various scenarios—the model’s outputs—will be thoroughly 
examined, presented, and compared to the benchmark at the end.  

6.1.1. Benchmark Scenario (Scenario 1) 
In the benchmark scenario (Scenario 1), all parameters are derived or estimated 
from the data collected on campus, maintaining the initial fleet status (status quo). 
Subsequent scenarios will be evaluated against this baseline for comparison. 

Figure 3(a) and Figure 3(b) present the optimum number and composition of 
in-service and stored vehicles, respectively, over the 10-year study horizon. Each 
subplot on each figure corresponds to a specific vehicle type with the color of bars 
expressing the fuel type. The top x-axis of the figures shows the years, and the 
lower x-axis displays the seasons. As shown in the figures, the overall fleet is mov-
ing toward AFVs over the years by salvaging the present G/DVs. This transition 
is more vivid when looking at Figure 3(c) and Figure 3(d) which illustrate the 
planned number of vehicles to be salvaged and purchased over the next decade, 
categorized by vehicle type on the x-axis and color-coded by fuel type. The pur-
chasing and salvaging occur once a year, so these figures represent the annual to-
tals rather than seasonal variations. These results not only demonstrate the sea-
sonal optimal fleet composition but also outline the fleet management strategy 
(storage, salvage, or purchase) for the next ten years, classified by vehicle-fuel type. 

 

 
(a) 
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(b) 

 
(c) 
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(d) 

Figure 3. Annual and seasonal number of (a) in-service, (b) stored, (c) salvaged, and (d) purchased vehicles 
over the next decade in the benchmark scenario (scenario 1). 

 
According to Figure 3, the optimal solution indicates an abundance of redun-

dant vans and the lack of buses in the current fleet status. Thus, it is advisable to 
salvage some gasoline vans (G-vans) in the initial year to prevent additional costs 
in subsequent years. Also, some buses are added to the fleet in the first and second 
years to respond to the fleet’s demand. Then during the third year, new flex-fuel 
trucks and electric vans are purchased to replace the outdated gasoline counter-
parts, using the money recovered from salvage.  

For the cases of vans and trucks, there has been a discernible tendency over time 
toward their flex-fuel alternatives: most purchased vans and trucks tend to be flex-
fuel by getting closer to the end of the study period. This tendency can be ex-
plained by the fact that flex-fuel cars have lower emissions and O&M costs than 
gasoline vans at a more affordable purchase price than electric ones. Although 
electric cars have fewer marginal costs, such as emissions, fuel, and O&M costs, 
the budget limitation does not allow gasoline trucks to be replaced by electric ones 
as fast as vans due to the greater purchase price of electric trucks compared to 
electric vans (Table 2). Also, since trucks do fewer tasks than vans, it is more ad-
vantageous to pay the limited money for the electric vans rather than trucks and go 
for the cheaper flex-fuel trucks, which are still more beneficial than gasoline ones. 

Regarding the sedans, due to the type of work that IPF does, it requires a much 
smaller number of sedans than vans and trucks. The best course of action is for 
the addition of one electric sedan to the current fleet in the second year, and the 
continued use of the currently in-service electric sedans until year six (the maxi-
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mum allowable age of previously presented sedans), when they will be replaced by 
brand-new flex-fuel sedans thereafter, which are a more economical alternative 
than the expensive E-sedans considering the budget limitation. The newly added 
flex-fuel ones would be in-service till the end of the horizon.  

For buses, things are different, though. Over time, a mix of diesel and electric 
buses will be utilized over the horizon with a slight movement toward electric 
buses. Due to financial restrictions, diesel buses will continue to operate alongside 
electric ones. Compared to other vehicle types, electric buses are significantly 
more expensive. Therefore, rather than concentrating on the few electric buses 
with lower activity levels, it is more economical to spend the budget to replace 
other vehicle types with higher activity levels, which will result in fewer overall 
O&M, emissions, and fuel expenses. In conclusion, given the restricted budget, 
the fleet would gain more from replacing vans and trucks with their alternative 
AFVs than from replacing all diesel buses. 

As depicted in Figure 3(b), there are few stored vehicles in the fleet. The opti-
mal solution recommends this to avoid additional costs associated with storing 
vehicles. While storage is free of charge in the benchmark scenario, keeping vehi-
cles in storage incurs O&M costs (assumed to be 20% of the O&M cost of in-
service vehicles in this study) plus depreciation even when they are not in use. 
Therefore, it is more advantageous to salvage unused vehicles instead of storing 
them and to reinvest the proceeds into renewing the fleet. 

Finally, the growing annual number of in-service vehicles, primarily vans, and 
trucks, as indicated in Figure 3(a), is a result of the annual campus’s growing 
minimum required VMT. This study estimates an annual growth rate of 2.34% 
based on the rising trend in the number of employees at MSU between 2010 and 
2019 [59]. The subsequent subsections will delve into the detailed discussion and 
comparison of the results obtained from running various scenarios with the 
benchmark scenario. 

6.1.2. Decision-Based Scenarios (Scenarios 2 and 3) 
This study introduces two scenarios within this category: the “no-AFV” scenario 
(scenario 2) and the “storage cost” scenario (scenario 3). In scenario 2, all param-
eters are identical to the benchmark scenario except for the absence of AFVs; no 
new AFVs are added to the fleet. In scenario 3, the cost of storing vehicles is con-
sidered an extra expense to the fleet, which was not the case in the benchmark 
scenario. Vehicles in storage remain there for the entire season and incur costs of 
$4000 per season per bus and $1000 per season per vehicle for all other vehicle 
types. Figure 4 depicts the optimal number of in-service fleets resulting from the 
execution of scenarios 2 and 3. 

According to Figure 4(a), it is evident that the majority of in-service vehicles 
in scenario 2 run on fossil fuels, with the exception of a few electric sedans and 
flex-fuel trucks in the initial years that are the fleet’s existing vehicles from the 
outset. Also, comparing Figure 3(a) and Figure 4(a), the AFVs are the superior 
vehicles in the best-case scenario, highlighting their advantages and significance 
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for the fleet. Later in the cost analysis segment, a thorough cost comparison be-
tween the scenarios is presented. 
 

 
(a) 

 
(b) 

Figure 4. Seasonal number of in-service vehicles over the next decade under (a) no-AFV scenario 
(scenario 2), and (b) storage cost scenario (scenario 3). 
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The “storage cost” scenario (scenario 3) considers a charge for vehicle storage. 
The optimal solution identified in scenario 3 recommends reducing the number 
of vehicles purchased and salvaged while extending the use of older vehicles. By 
maintaining older vehicles, the solution balances operational needs with financial 
constraints, optimizing resource allocation and minimizing unnecessary expend-
itures on storage. Nonetheless, there is little discernible difference between the 
optimal outcomes of scenarios 1 and 3, suggesting that storage costs have little 
effect on asset management. Figure 3(b) shows a few numbers of stored vehicles 
expressing the insignificant role of storage cost in the total fleet costs. The seasonal 
number of in-service vehicles in scenario 3 is also shown in Figure 4(b). 

In the benchmark scenario, the optimum solution suggests buying cheaper D-
buses and storing them in the free-charge storages throughout the spring and 
summer months when there is less demand for buses. Even though D-buses are 
more expensive to operate, emit, and fuel than their electric counterpart, it is still 
more economical to store them during off-seasons rather than buying pricey E-
buses. The optimum solution of scenario 3, however, suggests buying the costlier 
electric buses and keeping them in operation for the entire year in order to mini-
mize the significant storage expenses when the cost of storage is high. In this case, 
the required demand for buses will be shared over more in-service buses, i.e., the 
buses will have more idle/off time. The same logic leads to having more electric 
vans in service in the last four years when operating scenario 3. 

6.1.3. Policy-Based Scenarios (Scenarios 4-6) 
There are three different scenarios in this category: the “affordable EVs” scenario 
(scenario 4), the “magnified societal cost of emission” (scenario 5), and the “fossil 
fuels price surge” (scenario 6). In scenario 4, the purchase prices of new EVs are 
assumed to decrease by 15%. This policy accounts for subsidizing EVs or econo-
mies of scale that encourage EV adoption. In scenario 5, the societal emission cost 
is increased fivefold to emphasize the adverse impacts of emissions. This situation 
could be the case when air quality is among the main concerns, making policy-
makers prioritize emission reduction regardless of other associated costs. In sce-
nario 6, the fossil fuel prices are presumed to increase by 100% which is expected 
to enhance the desirability of EVs. Figure 5 illustrates the optimal composition of 
in-service and purchased vehicles resulting from the execution of scenario 4, 
which assumes subsidized EVs. 

In this scenario, nearly all newly added vehicles would be EVs (Figure 5(b)). 
When comparing Figure 3(d) and Figure 5(b), it is evident that EVs outperform 
flex-fuel vehicles in terms of new vehicle purchases in scenario 4. This increase in 
the number of purchased EVs suggests their operational advantages over the other 
vehicle types even flex-fuel; the main significant factor causing non-EVs in the 
fleet is EV’s higher prices which could be alleviated over time. 

The magnified societal cost of emission scenario (scenario 5) involves assuming 
a fivefold increase in monetary emission costs compared to the benchmark sce-
nario. Figure 6(a) shows the composition of in-service vehicles resulting from the 

https://doi.org/10.4236/jtts.2025.153016


H. Mozafari et al. 
 

 

DOI: 10.4236/jtts.2025.153016 359 Journal of Transportation Technologies 
 

implementation of scenario 5. It illustrates the considerable effect of emissions on 
the overall system cost, in addition to the noteworthy contribution of EVs towards 
emissions reduction. 

A comparison between Figure 5(a) and Figure 6(a) reveals the fact that the 
number of in-service EVs in scenario 5 exceeds even that of scenario 4, which 
assumes affordable EV prices. Therefore, the fleet manager’s decision is heavily 
influenced by the emission costs or taxes imposed by policymakers. It can be in-
ferred that moving towards EVs would be amongst the most effective approaches 
to minimize emissions if budget constraint allows. 

The final operational scenario explored in this study is the fossil fuel cost surge 
scenario (scenario 6) where the prices of gasoline, diesel, and flex-fuel are assumed 
to be doubled. Such a scenario could occur (and has occurred before) due to an 
unexpected rise in oil prices, which is beyond the control of fleet managers. Figure 
6(b) depicts the number of in-service vehicles by implementing scenario 6. 

The optimum solution in this scenario is relatively similar to the benchmark 
scenario but with a more widespread utilization of EVs. The most considerable 
change toward EVs is seen in the buses because of the significant portion of fuel 
cost in buses compared to other vehicle types. It is worth investing in more ex-
pensive E-buses to avoid the huge two-fold cost of diesel. Therefore, the presence 
of more in-service EVs compared to the benchmark scenario emphasizes the EVs’ 
superiority in the cases where the fleet experiences an increase in operational cost. 

 

 
(a) 
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(b) 

Figure 5. Annual and seasonal number of (a) in-service, and (b) purchased vehicles in the next decade in afford-
able EVs scenario (scenario 4). 

 

 
(a) 
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(b) 

Figure 6. Seasonal number of in-service vehicles in (a) magnified societal cost of emission scenario (scenario 
5), and (b) fossil fuel cost surge (scenario 6). 

6.2. Costs-Benefit Analysis 

This section discusses a cost-benefit analysis of the scenarios. The previous section 
detailed changes in fleet under different circumstances. This section evaluates the 
costs of all scenarios and the advantages of including AFVs. Figure 7 illustrates 
the annual cost breakdown for all six scenarios. 

Among scenarios, scenario 4, which features affordable EVs, has the lowest total 
cost. If EV purchase prices were to decrease by 15% in the future, the annual total 
cost, emission cost, and fuel cost could be reduced by 14%, 67%, and 33%, respec-
tively. This shows that a 15% drop in EV purchase price significantly reduces the 
total fleet cost. On the other hand, an increase in the storage costs (scenario 3) 
causes a minimal change in the total costs. In scenarios 5 and 6, increased emis-
sions and fuel costs lead to a higher total cost. However, these increases are insig-
nificant, as the optimal solution recommends the optimal composition to mini-
mize the costs in response to policy changes. Thus, to see the effects of AFVs on 
fleet cost reduction, the following analysis examines the optimal solution for each 
scenario, both with and without the presence of AFVs. 

Based on Figure 7, the comparison of scenario 2 (No-AFVs) with other scenar-
ios reveals that all scenarios, except scenario 4, experience reductions in emis-
sions, fuel, and total costs when AFVs are integrated into the fleet (Scenario 4 is 
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excluded from this comparison since it is designed based off of the decrease in EV 
purchase price, i.e., the existence of EVs is necessary to interpret this scenario.). 
The most significant savings from employing AFVs are observed in scenarios 5 
and 6. Although vehicle purchase costs in scenarios 5 and 6 increase by 18% and 
8%, respectively, annual total costs, emission costs, and fuel costs decrease by 27%, 
80%, and 50% in scenario 5, and by 13%, 60%, and 47% in scenario 6. The rise in 
vehicle purchase costs and salvage revenue in these two scenarios is because of the 
purchasing and salvaging of more expensive AFVs to mitigate higher emissions 
and fuel costs. Incorporating AFVs into the optimal solutions for scenarios 1 and 
3 also results in reductions in total costs, emissions, and fuel consumption, alt-
hough these reductions are not as substantial as those in scenarios 5 and 6. There-
fore, while integrating AFVs into the optimal solution consistently yields a 
cleaner, more cost-effective, and sustainable fleet, their inclusion is particularly 
advantageous when fuel prices or societal cost of emissions are elevated. 

 

 
Figure 7. Annual cost breakdown across all implementing scenarios. 

 
Since the optimization framework monetizes emissions and fuel consumption 

to minimize total costs, the variations in them across scenarios cannot be directly 
observed in Figure 7. Therefore, Figure 8(a) and Figure 8(b) illustrate fuel con-
sumption and emissions levels, respectively, for all six scenarios. In Figure 8(a), 
gasoline, diesel, and flex-fuel consumptions are measured in kilogallons per year 
(left y-axis), while electricity demand is shown in units of 10× megawatt-hours 
per year (right y-axis). All emissions are scaled in Figure 8(b) to ensure they are 
visible within a chart. 
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(a) 

 
(b) 

Figure 8. Annual amount of (a) fuels consumption, and (b) emission across all scenarios. 
 

A comparison of Figure 8(a) and Figure 8(b) reveals that higher electricity us-
age in the fleet corresponds to lower emissions across the scenarios. In Scenario 2 
(No-AFV), where gasoline and diesel are the primary fuels, emissions are signifi-
cantly higher. In contrast, under Scenarios 4 and 5, which include subsidized EV 
prices and increased emissions penalties, the optimization model recommends a 
shift toward predominantly EVs. This results in the lowest fossil fuel consumption 
and emissions among all scenarios. Thus, in response to changes in policy or de-
cision-making, the optimization model not only minimizes total fleet costs but 
also promotes the most sustainable fleet operations by reducing fuel consumption 
and emissions. Magnified Emissions’ Cost (Scenario 5) shows the importance of 
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policies targeting emissions reductions, effectively minimizing pollutants while 
balancing costs. 

7. Conclusions 

This study introduces a mathematical framework to identify a sustainable and 
cost-effective strategy for fleet management by minimizing both expenses and 
tailpipe emissions. Due to the various fleet configurations—such as vehicle count, 
type, age, as well as travel demand, and environmental factors—determining an 
optimal management strategy can be complicated. To address this variability and 
ensure practical application, the study incorporates data collected from the MSU 
fleet along with vehicle emission rates simulated by the EPA’s MOVES model, 
including idle, start, and running emissions. Using this data, multiple linear re-
gression models (which estimate fleet emissions under various conditions) are in-
tegrated into the framework’s MILP optimization module. These emission esti-
mates serve as inputs for the optimization process. 

The proposed framework aims to minimize two main costs: monetary and so-
cietal costs. In this study, monetary costs include the costs of vehicle purchase and 
storage, fuel, O&M, and refueling station construction, as well as the revenue from 
salvage vehicles. Tailpipe emissions are monetized using societal cost conversion 
ratios. The model’s output determines the optimal seasonal allocation of in-ser-
vice, stored, purchased, and salvaged vehicles, along with the necessary refueling 
infrastructure over a specified timeframe. To assess the performance of the pro-
posed framework, various scenarios are analyzed, where fleet managers or policy-
makers modify the problem’s parameters. The results of these scenarios yield key 
insights, which are summarized as follows: 
• The proposed approach highlights inefficiencies in fleet composition, such as 

redundant and underutilized vehicles (primarily vans), suggesting opportuni-
ties to streamline operations and optimize resource allocation. This insight 
provides a clear path for improving fleet utilization and reducing unnecessary 
expenditures. 

• Across all scenarios, AFVs emerge as the dominant choice due to their higher 
efficiency and lower costs. The preference for flex-fuel vehicles in budget-con-
strained scenarios highlights their affordability advantage over EVs. This find-
ing underscores the importance of aligning fleet strategies with financial real-
ities, particularly for organizations with limited budgets. 

• Integrating AFVs, especially EVs, into the fleet reduces overall costs and im-
proves metrics such as emissions and fuel consumption, particularly in scenar-
ios with higher emissions or fossil fuel costs. In other scenarios, while the total 
cost reduction may be less significant, emissions and fuel costs still decline 
considerably. 

• The study finds that due to the higher price of electric trucks, fleets benefit 
more from incorporating flex-fuel trucks and using the cost savings to invest 
in more efficient, low-emission vehicles like E-vans and E-buses. This strategic 
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allocation maximizes fleet efficiency and reduces emissions while managing 
budget constraints. 

• The Affordable EV scenario achieves the lowest fossil fuel consumption and 
emissions compared to other scenarios, such as the fossil fuel price surge and 
magnified emissions cost scenarios. This underscores the transformative po-
tential of reducing EV purchase prices and highlights the critical role of EVs 
in cost and emissions reduction strategies. 

• High EV purchase prices and limited annual budgets are identified as key bar-
riers to transitioning to EVs. By addressing these constraints, such as through 
subsidies or innovative financing mechanisms, the transition can be acceler-
ated, enabling fleets to reap the benefits of electrification sooner. 

• In the studied fleet, factors like annual budgets, EV purchase prices, and the 
societal cost of emissions are shown to have a significant influence on fleet 
composition and operations. By contrast, storage, fuel, and O&M costs have a 
more modest impact, suggesting that policymakers and planners should focus 
their efforts on addressing the more critical factors. 

The study equips fleet managers with actionable strategies to improve effi-
ciency, reduce costs, and meet emissions reduction targets without compromising 
operations. These findings can guide the development of cost-efficient and sus-
tainable fleet management plans tailored to varying financial and operational con-
straints, and provide a compelling case for incentives to reduce EV purchase 
prices and address emissions costs, facilitating a smoother transition to cleaner 
transportation systems. Overall, this study serves as a roadmap for decision-mak-
ers seeking to achieve a balanced, efficient, and sustainable fleet configuration. Its 
findings provide a strong foundation for advancing transportation electrification 
while addressing the economic and environmental challenges of fleet operations. 
The insights highlight areas for further research, such as optimizing vehicle type 
allocation and evaluating the long-term impacts of transitioning to EVs on cost 
and emissions. 

Due to the limited available data, this study only considers on-road vehicles; 
however, the proposed mathematical model has the capability to consider uncon-
ventional and non-road equipment, e.g., tractors, mowers, and snowplows. Other 
types of AFVs, such as hydrogen fuel cell technologies, could be considered in the 
alternative vehicles in the case of data availability. Also, the current paper consid-
ered only the tail-pipe exhausted emissions; future research may extend the scope 
of this study by including life cycle emissions. Also, as different societies would 
have different external societal emissions costs, more research may be needed to 
establish a robust tool to determine each society’s external emissions costs. 
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Appendix 

Regression models to estimate the emission rates of the vehicles. 
 

Running Emission Model’s Coefficients 

Emission Type Vehicle Type Constant Value Age (year) Speed (mph) Temperature (F) Fuel coefficient (=0 if diesel) 

HC 

Sedan 0.045 0.003 −0.003 6.45E−05 −0.010 

Truck 0.278 0.023 −0.033 0 0.261 

Van 0.092 0.008 −0.008 8.30E−05 −0.041 

Bus 0.200 0.031 −0.030 5.00E−04 0 

CO 

Sedan 2.011 0.357 −0.223 1.10E−02 0.027 

Truck 2.601 −0.144 0.054 1.00E−03 19.308 

Van 1.496 0.212 −0.190 9.00E−03 1.350 

Bus −10.100 1.008 0.854 2.50E−03 0 

NOx 

Sedan 0.031 0.005 0 −3.72E−05 −0.015 

Truck 8.772 0.375 −0.640 −9.50E−03 −5.063 

Van 1.509 0.131 −0.120 2.00E−03 −1.187 

Bus 7.059 0.240 −0.412 −6.50E−03 0 

VOC 

Sedan 0.042 0.002 −0.003 4.55E−05 −0.016 

Truck 0.191 0.014 −0.023 0 0.271 

Van 0.060 0.005 −0.005 5.38E−05 −0.025 

Bus 0.127 0.023 −0.022 0 0 

CO2 

Sedan 783 20.096 −52.919 4.40E−01 −14.720 

Truck 3130 13.831 −168.190 1.00E−03 33.020 

Van 1102 31.280 −67.878 6.01E−01 −161.228 

Bus 3252 7.568 −167.654 2.00E−03 0 

PM2.5 

Sedan 2.00E−03 3.78E−05 0 1.01E−06 0 

Truck 2.10E−02 3.00E−03 −2.50E−03 7.46E−06 −8.00E−03 

Van 5.00E−03 1.00E−03 0 1.35E−06 −4.00E−03 

Bus 3.15E−02 4.00E−03 −3.50E−03 1.47E−05 0 

 
Idle Emission Model’s Coefficients 

Emission Type Vehicle Type Constant Value Age (year) Temperature (F) Fuel Coefficient (=0 if diesel) 

HC 

Sedan 0.088 0.014 7.93E−05 −0.057 

Truck 0.456 0.106 0 −0.058 

Van 0.369 0.079 0 −0.663 

Bus 0.310 0.122 0 0 

CO 

Sedan 0.287 0.182 1.00E−03 0.009 

Truck 10.627 0.644 0 4.124 

Van 6.054 0.623 5.00E−03 −7.917 

Bus 10.722 0.355 0 0 
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Continued 

NOx 

Sedan −0.027 0.010 0.001 −0.032 

Truck 30.077 0.946 −0.097 −10.767 

Van 1.268 1.582 0.157 −17.750 

Bus 29.171 1.325 −0.119 0 

VOC 

Sedan 0.095 0.009 6.21E−05 −0.078 

Truck 0.264 0.062 0 0.081 

Van 0.238 0.045 0 −0.393 

Bus 0.210 0.065 0 0 

CO2 

Sedan 1949 108.026 7.717 31.466 

Truck 6569 63.090 0 997.226 

Van 2965 182.408 10.325 −799.581 

Bus 6951 115.985 0 0 

PM2.5 

Sedan 8.00E−03 0 0 1.00E−03 

Truck −6.50E−03 1.75E−02 0 −1.90E−02 

Van −9.09E−05 1.00E−02 0 −3.90E−02 

Bus −2.90E−02 2.85E−02 0 0 

 
Cold Start Emission Model’s Coefficients* 

Emission Type Vehicle Type Constant Value Age (year) Temperature (F) Fuel Coefficient (=0 if diesel) 

HC 

Sedan 1.838 0.083 −0.022 −0.325 

Truck 1.642 0 −0.021 0 

Van 1.578 0.053 −0.021 −0.055 

Bus 1.610 0 −0.021 0 

CO 

Sedan 6.352 0.808 −0.102 2.353 

Truck 6.204 0.019 −0.022 0 

Van 4.060 0.558 −0.088 4.809 

Bus 8.529 4.17E−06 −0.028 0 

NOx 

Sedan 0.177 0.037 −0.002 0.122 

Truck 0.847 −0.004 −0.002 0 

Van 0.933 0.026 −0.002 −0.557 

Bus 0.026 0 −3.24E−05 0 

VOC 

Sedan 1.115 0.063 −0.016 0.135 

Truck 0.891 0 −0.012 0 

Van 0.956 0.045 −0.015 0.248 

Bus 0.874 0 −0.011 0 

CO2 

Sedan 224 3.438 −2.410 22.079 

Truck 249 1.207 −2.375 0 

Van 273 2.488 −2.764 19.377 

Bus 248 1.165 −2.332 0 
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PM2.5 

Sedan 1.10E−02 1.00E−03 0 8.00E−03 

Truck 2.50E−03 0 −1.64E−05 0 

Van 1.40E−02 1.00E−03 0 1.40E−02 

Bus 2.00E−03 0 −1.50E−05 0 

*Warm start conversion coefficients for HC, CO, NOx, VOC, CO2, and PM2.5 are 0.21, 0.77, 1.83, 1.00, 0.86, and 1.00, respectively. 
These coefficients convert cold start to warm start emission rate. 
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