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ABSTRACT 

Due to the use of petroleum-based fuel, the transportation sector is one of the two principal contributors 
to greenhouse gas emissions and its contributions are expected to double by 2050. Freight sector 
contributes to around 30% of all transport related CO2 emissions. Since different type of vehicles exhibit 
different fuel efficiency when operating in different regions and under different load conditions, 
companies face the challenge of determining which vehicles are more fuel-efficient and have better 
emissions performance. In this study, we asses carbon emissions and fuel efficiency characteristics of 
delivery trucks in the inbound delivery fleet for one of the largest retail companies in Mexico: Coppel. 
Coppel’s inbound fleet consists of 590 trucks, operating in diverse geographies throughout Mexico, 
making it difficult to direct compare their fuel efficiency. We use machine learning algorithms to analyze 
Coppel’s trucks’ performance and examined their fuel efficiency for varying road and different traffic 
conditions. We use these insights to build a green fleet optimization model that considers costs and CO2 
emissions performance. By running different scenarios, we observe solutions where CO2 emissions drop 
by 3.5% with 0.04% increase in costs for Coppel’s inbound fleet. We also observe evidence that brand and 
age play an important role in the CO2 emissions performance of the vehicles. 
             
             
             
             
             
             
             
             
             
             
             
             
       

             
             
             
        

 



 3 

Contents 
LIST OF FIGURES ...................................................................................................................................... 4 

LIST OF TABLES ........................................................................................................................................ 4 

1 INTRODUCTION ............................................................................................................................... 5 

2 LITERATURE REVIEW ........................................................................................................................ 8 

2.1 VEHICLE CHARACTERISTICS IMPACTING CO2 EMISSIONS .......................................................... 8 

2.2 FLEET COMPOSITION POLICIES ............................................................................................... 10 

2.2.1 INDIVIDUAL VEHICLE-BASED APPROACH ......................................................................... 10 

2.2.2 OVERALL FLEET/PORTFOLIO BASED APPROACH .............................................................. 10 

2.2.3 GREEN FLEET/PORTFOLIO APPROACH ............................................................................. 12 

2.2.4 GREEN FLEET APPROACH WITH REPAIR OPTION ............................................................. 12 

2.3 SUPERVISED MACHINE LEARNING .......................................................................................... 13 

3 DATA AND ASSUMPTIONS .............................................................................................................. 14 

3.1 DATA MODEL DESIGN ............................................................................................................. 14 

3.2 ASSUMPTIONS ....................................................................................................................... 15 

3.3 DATA CLEANSING ASSUMPTIONS ........................................................................................... 15 

4 METHODOLOGY ............................................................................................................................. 16 

4.1 METHODOLOGY: HIGH LEVEL APPROACH ............................................................................... 16 

4.2 OPTIMIZATION MODEL ........................................................................................................... 18 

4.3 SIMULATION .......................................................................................................................... 23 

5 RESULTS ......................................................................................................................................... 23 

5.1 VEHICLE CHARACTERISTICS’ IMPACT ON CO2 EMISSIONS ........................................................ 23 

5.2 FLEET REPLACEMENT MODEL RESULTS ................................................................................... 27 

6 CONCLUSION ................................................................................................................................. 28 

REFERENCES .......................................................................................................................................... 30 

APPENDIX .............................................................................................................................................. 32 

 

 

 

 



 4 

LIST OF FIGURES 

Figure 1: Coppel Distribution Network, shown with emission factors per DC   

Figure 2: Various factors affecting Vehicle CO2 Emissions 

Figure 3: Coppel Data Model  

Figure 4: Vehicle characteristics influencing CO2 emissions (specific for Coppel) 

Figure 5: Classification tree for CO2 emissions of vehicles in cluster2 - medium load 

Figure 6: Methodology overview 

Figure 7: Classification tree for CO2 emissions of vehicles in cluster 1 - medium load 

Figure 8: Scatter plot of vehicle age vs CO2 emissions, for cluster 2 Medium Load 

Figure 9:  Scatter plot of vehicle age vs CO2 emissions, for cluster 1 Medium Load 

Figure 10: Overall fleet costs vs CO2 emissions 

 

LIST OF TABLES 

Table 1: List of Top 9 Frameworks listed by COFRET  

Table 2: Number of Vehicles in each cluster and load bin  

Table 3: Model results with relaxed CO2 constraint 

 

 

 

 

 

 

 



 5 

1 INTRODUCTION 

“From shifting weather patterns that threaten food production, to rising sea levels that increase the 

risk of catastrophic flooding, the impacts of climate change are global in scope and unprecedented in scale. 

Without drastic action today, adapting to these impacts in the future will be more difficult and costlier.” 

UN IPCC Fifth Climate Report, 2014. The latest UN climate report mentions that reducing environmental 

impact is no longer a choice. Greenhouse gas emissions (GHGs) are the main drivers of climate change. 

CO2 contributes the largest portion to the greenhouse effect (Shine, Derwent, Wuebbles, & Morcrette, 

2001). The transport sector is one of the two principal contributors of global CO2 emissions (Cristea, 

Hummels, Puzzello, & Avetisyand, 2013) and GHG emissions from this sector may double by 2050 (OECD, 

2011). As a result, companies are looking into sustainable as well as cost-efficient delivery fleets. 

To achieve a cost-efficient and sustainable delivery, companies need to develop effective fleet 

replacement and composition policies. A fleet composition problem becomes more complex when it has 

to factor in diverse operating conditions of inbound delivery vehicles. This diversity comes from different 

road conditions in which vehicles must operate and the types of load they have to carry.  

In both research and industry environments, the focus of vehicle replacement policies have 

been centered on operating and capital expenditures. While fuel consumption is an important factor in 

these replacement policies, it is usually looked at through the prism of costs only, neglecting the 

resulting CO2 emissions. These replacement policies often focus on life-cycle analysis of each vehicle in 

isolation and lack the holistic approach of considering the overall fleet.  

In this capstone, we study CO2 emissions in the fleet composition problem. We conduct a 

thorough data-focused analysis to understand what characteristics have the most impact on CO2 
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emissions. After identifying the main characteristics, we study scenarios for the fleet and present 

optimal levels of costs and emissions.  

In this capstone, we address the following key questions: 

1. What vehicle characteristics have the biggest impact on CO2 emissions? (ex. vehicle brand, 

engine type, age, maintenance spend, mileage, etc.) 

2. What fleet replacement policy will achieve a fleet composition that is optimal in terms of 

costs as well as overall CO2 footprint? 

We test the case study on one of the largest retail companies in Mexico, i.e. Coppel1. Coppel’s 

main product lines include furniture, appliances, electronics, apparel, and accessories. It has a supply 

chain network of over 1,500 retail stores, 19 regional distribution centers, and 180 warehouses located 

throughout Mexico. It owns a private fleet of over 1,200 last-mile vehicles and 590 inbound vehicles. In 

2018, Coppel’s fuel spend its inbound fleet was 15M USD (14M Liters) whereas its maintenance spend 

for inbound fleet was 23.75M USD. 

 
Figure 1: Coppel Distribution Network, shown with emission factors per DC  (Coppel, 2019) 

                                                             
1 https://www.coppel.com/ 
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Coppel’s existing policy is to consider vehicles for replacement after 10 years of life. Given 

Coppel’s focus on sustainable operations, the company seeks for a more sophisticated fleet composition 

policy that considers overall fleet and proposed retirement age for vehicles, while taking into account all 

relevant costs, overall budget constraints and CO2 emissions. 

This capstone project presents a strategic vehicle replacement policy for Coppel’s inbound 

delivery fleet of 590 vehicles that includes the time to sell the vehicle. For example, replacing the vehicle 

with a new eco-friendly vehicle. We did not consider the electric vehicles as it is not viable option in 

Mexico as on today. 

We analyze the following key data headers.  

1. Vehicle Characteristics Data: Ex. brand, engine type, mileage and age 

2. Vehicle Usage Data: Ex. trips data, average load vs. capacity 

3. Vehicle Condition Data: Ex. age, mileage, maintenance records 

4. Vehicle Cost Data: Ex. operating costs, residual value, depreciation 

Vehicle characteristics data is important for identifying vehicles’ CO2 emissions performance 

(isolated from the route and load of the vehicle). We use vehicle usage, condition and cost data as an 

input to the fleet composition optimization model. 

The reminder of this capstone is organized as follows: Section 4 presents CO2 emissions 

measurement standards and existing vehicle replacement policies from literature. Section 5 presents 

Coppel data model, initial analysis and cleansing requirements. Based on our literature review and 

availability of data, In Section 5, we present a two-step approach. In the first step, we use machine 

learning to identify vehicle characteristics having the biggest impact on CO2 emissions. In the second 

step, we use the insights from machine learning to formulate an optimization model that used CO2 
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emissions of the overall fleet as a constraint. Section 7 presents results from machine learning analysis 

and optimization model and our analysis and recommendations to Coppel on this basis. 

2 LITERATURE REVIEW 

Deciding when vehicles should be bought, sold, repaired, and retrofitted is no simple task. There 

always has been considerable interest in cost-minimizing vehicle replacement strategies. In recent years, 

there is also an increasing emphasis on emissions reduction. We review the literature in two main areas: 

Vehicle characteristics impacting CO2 emissions and fleet composition policies. 

2.1 VEHICLE CHARACTERISTICS IMPACTING CO2 EMISSIONS 

Multiple interrelated factors drive fuel consumption and CO2 emissions. These can be grouped 

into five categories: vehicle, environment, traffic, driver, and operations (Demir, Bektas, & Laporte, 

2013).  Some of these factors are easily measurable; others (i.e., driver related) are not (refer Figure 1). 

 
Figure 2:Various factors affecting Vehicle CO2 Emissions (Demir, Bektas, & Laporte, 2013) 
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There are several frameworks for calculating vehicle emissions by vehicle and environmental 

characteristics. They differ by their approach for calculating fuel factors and the factors they include in 

the calculation. Many papers focus on evaluating these frameworks. In their research, (Demir, Bektas, & 

Laporte, 2013) compare 25 different frameworks and categorize them into three main groups based on 

their complexity level.  

The Carbon Footprint of Freight Transport (COFRET is a 7th EU Framework Program) studies 102 

frameworks. Based on several criteria, they identify the top nine most important frameworks (as cited 

by (Mubarak & Zainal, 2018)).  

Table 1: List of Top 9 Frameworks listed by COFRET (as cited by (Mubarak & Zainal, 2018) 
No Framework Description 

1 Bilancarbone Bilancarbone measures direct and indirect emissions. 

2 Department for Environment, 
Food and Rural Affairs (DEFRA) 

DEFRA focuses on the calculation of GHG emissions for 
freight transport activity. 

3 Deutsche Speditions- und 
Logistikverband e.V (DSLV) 

DSLV uses the draft for EN 16258:2011 as a primary 
method. 

4 Greenhouse Gas (GHG) 
Protocol 

The objective of this method is to develop gas 
standards and programs in different sectors, such as 
transport and logistics. 

5 Intergovernmental Panel on 
Climate Change (IPCC) 

This guidance was developed for the National 
Greenhouse Gas Inventories. 

6 Network for Transport 
Measures (NTM) 

The purpose of this guideline is to measure emissions 
for all transport modes. 

7 ZichtopCO2 This guideline focuses on making detailed calculations 
of emissions, specifically for the logistics sector. 

8 Gronn godstransport Gronn godstransport has the objective of measuring 
the environmental aspect of freight transport 
companies. 

9 European Norm (EN) 16258 This methodology calculates and publishes GHG 
emissions, as well as the energy consumption of 
transport services. 
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Projects aiming to reduce CO2 emissions often use one of the above models. They are used to 

generate policies on emissions, determine the fleet size, or simply define vehicle routing and load 

(Demir, Bektas, & Laporte, 2013). We use Network for Transport Measures (NTM) framework from the 

above list to calculate CO2 emissions based on fuel consumption of a vehicle. This methodology has been 

proven effective in other studies done for Coppel. 

2.2 FLEET COMPOSITION POLICIES 

Optimal life and replacement policy are important topics in the management of capital 

equipment and have been studied by many economists.  

2.2.1 INDIVIDUAL VEHICLE-BASED APPROACH 

Most of the literature on replacement policy deals with a single piece of capital equipment 

(Ahmed, 1973, Chisholm, 1974, Evans, 1989, as cited by (Jin & Kite-Powell, 1999)).  

 

 

 

However, the focus has been shifting towards overall fleet replacement strategy that considers a 

full fleet instead of the individual vehicle in replacement analysis. 

2.2.2 OVERALL FLEET/PORTFOLIO BASED APPROACH 

(Redmer, 2016) discusses the ways to build replacement strategies for companies' fleets of 

vehicles. The essence of this problem lies in balancing ownership and utilization costs while also taking 

into account budget limitations and the required number of vehicles in the overall fleet. 

General principle used in this type of policy is- The operating cost of a piece of capital equipment rises 
as its condition deteriorates over time. When the cost reaches a certain level, the long-run cost 
associated with investing in a new piece of equipment becomes less than that of keeping the old 
equipment. At that point, replacement is called for. Thus, a basic replacement analysis usually 
examines trend in operating cost and the net cost of replacement, which is defined as the difference 
between the cost of the new equipment and the salvage value of the old. (Jin & Kite-Powell, 1999).  
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 (Redmer, 2016) proposes an optimization model that seeks to minimize the objective function 

(average exploitation cost 2 per vehicle, $/km) under the constraint of the fleet investment budget (per 

year).  The decision variable is the optimal replacement age for each vehicle in the fleet. Ownership 

costs (capital investment, depreciation costs, residual value that is function of retirement age of a 

vehicle) and utilization costs (ex. road taxes, insurance, permanent licenses, fuel, maintenance, tires, 

parking etc.) are summed up for the entire fleet over a period of analysis and the discount factor 3is 

considered. The discounted value is divided by the total mileage of a fleet (a function of the age of each 

vehicle) over the analysis period to arrive at average exploitation cost per vehicle (objective function). 

Most studies investigate this problem in a deterministic setting. For the context of uncertainty, 

some papers address stochastic cases by replacing the uncertain data with its average or extreme 

values. Some papers propose the use of simulation in highly uncertain scenarios. 

A portfolio approach for optimal fleet replacement by (Ahani, Arantes, & Melo, 2016) proposes 

an optimization model for the overall vehicle fleet on similar lines to one proposed by (Redmer, 2016) 

but includes a risk function. Given the uncertainty in fuel price and purchase prices of new vehicles, this 

approach modifies the total cost equation to factor in the risks associated with these variables. The 

mixed integer quadratic optimization problem is solved by MATLAB using the SCIP solver (Achterberg, 

2009). 

Highly stochastic problems, for example making fleet sizing decisions when fleet demand varies 

throughout the year and fuel prices are highly volatile, justify the use of a simulation approach. (Zheng & 

                                                             
2 Average exploitation cost means fixed and variable costs associated with a vehicle divided by utilization of vehicle 
(Mileage) 
3 The discount factor here is the interest rate used to discount a stream of future cash flows to their present value. 
As our analysis is multi-period, it is essential that all future costs are translated to present value of money for 
current analysis. 
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Chen, 2018) explicitly consider uncertainty in their model using multi-option least-squares Monte Carlo 

simulation algorithm and find the replacement probabilities in future years. 

These approaches consider the overall fleet but are focused only on the cost dimension, failing 

to incorporate the environmental dimension in decision making.  

2.2.3 GREEN FLEET/PORTFOLIO APPROACH 

(Giordano, Fischbeck, & Matthews, 2018) compare the environmental, social and economic 

impact of electric vehicles and diesel delivery vans. This comparison provides useful insights to 

policymakers and fleet owners looking to replace or select delivery vans in their fleets. 

(Gong & Wu, 2011) propose an integer-programming model that incorporates CO2 emissions as 

a constraint. It is a multiple periods model that makes the purchase and retirement decisions. 

These models focus on when to replace the vehicle and purchase a new one. They do not focus 

on reuse/repair options. 

2.2.4 GREEN FLEET APPROACH WITH REPAIR OPTION 

(Stasko & Gao, 2012) create a framework that maximizes the future value of the fleet. It 

considers maintenance costs, purchase costs, non-compliance costs (environmental compliance) and 

resale value of the vehicle (based on its age and maintenance status). This model is constrained by 

demand for the total number of vehicles in the fleet, the number of vehicles that are allowed to be kept 

in non-compliant status, and cost of changing vehicle status from non-compliant to compliant status. 

The model is dynamic and its outcome for a given period is number of new vehicles to be bought, 

number of vehicles of a given age/maintenance status that are to be repaired/retrofitted, and number 

of vehicles at given age/maintenance status to be resold. 
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After studying several existing fleet composition models, we propose to enhance the Redmer 

model for formulating a vehicle replacement policy for Coppel. It looks at the fleet in a holistic approach 

and proposes optimal retirement age for fleet vehicles. We enhance this model to consider CO2 

emissions of the overall fleet as a constraint.    

2.3 SUPERVISED MACHINE LEARNING 

We use supervised machine-learning techniques to understand the relationship between vehicle 

characteristics and CO2 emissions. Supervised learning is the machine learning task that maps an input 

to an output by learning on a training dataset. This function can then be used to predict output based on 

input on new unseen test data. Supervised learning uses output variables, known as labels, for each 

record to identify patterns in the input variables or features related to the output. Following are 

characteristics of supervised machine learning algorithms: 

1. The correct answer, the label is known in the training data  

2. This labeled data are used to train an algorithm using feedback  

3. This trained model is applied to new, unseen data to predict the label  

4. Model quantity is measured on bias and variance based on the results of the model for new, 

unseen data 

The Following are some of the commonly used supervised machine learning methods available: 

• Classification Trees: Classification trees split data to find optimal values for features, used to 

split data by class 

• Naïve Bayes classifier: The Naïve Bayes algorithm considers the value of each feature 

independently, for each record, and computes the probability that a record falls into each 

category. Next, the probabilities associated with each feature are combined for each class 

according to Bayes' rule to determine the most likely category for each new record  
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• Random forest: the Random forest is an ensemble classifier that uses multiple different 

classification trees. Trees are generated using random samples of records in the original training 

set. 

We choose classification tree as a best suited algorithm for Coppel’s data. Some parts of 

historical data is used for analysis and some parts are used as a test data set to measure the 

algorithm’s effectiveness.  

3 DATA AND ASSUMPTIONS 

3.1 DATA MODEL DESIGN 

We obtain multiple data sets from Coppel to analyze their inbound delivery operation 

throughout diverse regions of Mexico. The data sets consist of structured data in text, comma-separated 

(CSV), and Excel formats, compiled from different sources and systems of the company. Since the data is 

disparate in nature, there is a need to understand its meaning, relationships, and key process drivers. 

 
Figure 3: Coppel data Model 
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3.2 ASSUMPTIONS  

In this study, we omit the driving style from our analysis. Coppel has extensive training programs 

for its drivers. Most of its drivers are long-time employees of Coppel. We don’t consider difference in 

driving styles as a significant factor in our specific study. We leverage the NTM methodology and suggest 

a factor of 2.615 kg of CO2 per liter of diesel fuel burned (NTM, 2008) as a proxy to compute CO2 

emissions. 

3.3 DATA CLEANSING ASSUMPTIONS 

We cleanse each data set that we have received separately; we make sure to remove the noise 

in the data before combining and using it for further analysis. 

Routes: 

• Select only direct routes, because complete load information is not available for indirect routes 

Fleet: 

• Select the inbound fleet vehicles for this analysis. This subset has the most complete set of 

maintenance, load and trip data. 

Fuel consumption file: 

• Remove All negative distance and consumption values 

• Groupe data by Vehicle, by day 

• Calculate an efficiency factor (Distance/Km) and keep all the values between 5th and 95th 

percentile of this number. This makes sure that outliers due to incorrect data entry are removed 

Maintenance Data: 
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• Consider all maintenance activities, except type P.  

Trips Data: 

• Isolate the vehicles from trailers 

• Remove all the trips where same vehicle travelled more than one direct route per day. This way, 

we are able to tie each trip with accurate fuel entry.  

4 METHODOLOGY 

4.1 METHODOLOGY: HIGH LEVEL APPROACH 

Coppel’s delivery trucks operate within diverse geographies and road conditions all around 

Mexico, making it difficult to directly compare their fuel efficiency and CO2 emissions. Previous studies 

(Barkah & Robert, 2018) classify different routes traveled by Coppel trucks into 2 distinct route clusters 

(1, 2) on the basis of topography, road gradient, road elevation, average speed, and traffic conditions. 

This clustering is performed in different bins of vehicle load—Low, medium, high, and overload.  

In the first part of this capstone, we analyze the relationship between vehicle characteristics 

(refer to Figure 3) and average CO2 emissions (Kg CO2/Ton-Km) of each vehicle. We perform this analysis 

for all vehicles in each route cluster-load bin combination. By analyzing vehicles within the same route 

cluster and load bin, we isolate the effects of vehicle characteristics while assessing CO2 emissions.  

We consider following vehicle characteristics in this analysis: Brand, engine type, age, mileage, 

maintenance costs in last year.  
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Figure 4: Vehicle characteristics influencing CO2 emissions (specific for Coppel) 

We conduct preliminary analysis with a correlation study of all characteristics to CO2 emissions 

using Microsoft Excel. This preliminary analysis is useful for insights into key factors but does not exploit 

the possible interrelation among them. We use machine learning to gain more insights about correlation 

among key characteristics that influence CO2 emissions.  

Using supervised machine learning techniques on the historical data, we develop a vehicle 

classification algorithm to predict CO2 emissions for any vehicle.   

In the second part of this capstone, we develop an optimization model to minimize the costs of 

the overall fleet. This model proposes a number of vehicles to be replaced every year. It uses the 

purchase price for new vehicles, depreciation rates, resale value, and operating costs (fuel consumption 

and maintenance costs). It is constrained by demand for total number of vehicles in the fleet, the upper 

limit on a number of new vehicles that can be replaced every year and other technical constraints for 

the model to function ex. non-negativity constraints. Though fuel consumption costs (which is a proxy 

for CO2 emissions) is part of the above model, the model objective is not to explicitly minimize CO2 

emissions but to reduce overall fleet cost. We incorporate the additional constraint of ‘maximum total 
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fleet CO2 emissions’ in this model that forces the model to consider CO2 emissions as a key focus area 

rather than just as one of many costs. 

We run multiple simulations of this model by varying ‘maximum total fleet CO2 emissions’ and 

observe its effect on total cost as well as on the number of vehicles to be replaced every year. We plot 

the relationship between total cost and total CO2 emissions.  

 
Figure 5: Methodology Overview 

 

4.2 OPTIMIZATION MODEL 

We formulate the fleet replacement optimization model that recommends replacement 

decisions. We use three decision variables in our model formulation- 𝑋"#, 𝑉"#, and 𝑍"#. These three 

decision variables are linked with each other through linking constraints. Here, 𝑋"# is the main decision 

variable that drives values for decision variables 𝑉"#	and 𝑍"#. Example below explains how this linkage 

works:  
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Let’s say, model proposes decision variable 𝑋"# as in table below. This means, model suggests 

selling vehicle 1 in year 3, vehicle 2 to year 2, vehicle 3 in year 1 and not sell vehicle 4 in period of 

analysis (3 years). 

𝑋"# 
  Year 1 Year 2 Year 3 

Vehicle 1  0 0 1 
Vehicle 2 0 1 0 
Vehicle 3 1 0 0 
Vehicle 4 0 0 0 

 
This drives decision variable 𝑉"#as follows. As vehicle 1 is to be sold in year 3 (at the beginning of 

the 3rd year), model should consider expected fuel and maintenance costs of using new vehicle in year 3 

that will replace vehicle 1. For vehicle 2, model should consider new vehicle costs in Year 2 and Year 3 

(as replacement decision is made in year 2). For vehicle 3, model should consider new vehicle costs in 

Year 1 and Year 2 and Year 3 (as replacement decision is made in year 1). For vehicle 4, as it is not be 

replaced in next 3 years, model should not use new vehicle costs any time in this period. 

𝑉"# 
  Year 1 Year 2 Year 3 

Vehicle 1  0 0 1 
Vehicle 2 0 1 1 
Vehicle 3 1 1 1 
Vehicle 4 0 0 0 

 

This drives decision variable 𝑍"#as follows. 𝑍"# informs the model when to use existing vehicle 

costs for fuel and maintenance (as opposed to new vehicle costs). Hence it is exactly 

opposite/complimentary to 𝑉"#. Vehicle 1 is to be sold in year 3 (at the beginning of the 3rd year), hence 

model should consider fuel and maintenance costs of existing vehicle in year 1 and year 2. For vehicle 2, 

model should consider existing vehicle costs in Year 1 (as it is to be replaced in year 2). For vehicle 3, 

model should not consider existing vehicle costs in any year as vehicle is to be replaced at the beginning 
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of year 1. For vehicle 4, as it is not be replaced in next 3 years, model should use existing vehicle costs in 

all 3 years- year 1, year 2, year 3. 

𝑍"# 
  Year 1 Year 2 Year 3 

Vehicle 1  1 1 0 
Vehicle 2 1 0 0 
Vehicle 3 0 0 0 
Vehicle 4 1 1 1 

 
Mathematical formulation for proposed optimization model is as below: 

Sets 

I = {1, . . . ,NF} Individual vehicles in a fleet of total NF vehicles 

T = {1, . . . ,NT} Periods of analysis (Typically, number of years in future, t1 is current year), 

Parameters 

𝐹"#) Fuel Costs for an existing vehicle i in time period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝑀"#
)  Maintenance Costs for an existing vehicle i in time period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝐹"#1 Fuel Costs for a new vehicle that will replace existing vehicle i in time period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝑀"#
1 Maintenance Costs for a new vehicle that will replace existing vehicle i in time period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝐶"#1 Capital Investment Costs for a new vehicle that will replace existing vehicle i in time period t, 𝑖 ∈

𝐼, 𝑡 ∈ 𝑇  

𝑅"#)  Resale price of an existing vehicle i in time period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝐷"#)  Depreciation costs for an existing vehicle i in time period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝑈#  Upper limit - Maximum number of vehicles that can be replaced in time period t, 𝑡 ∈ 𝑇 

𝐿#   Lower limit - Minimum number of vehicles that must be replaced in time period t, 𝑡 ∈ 𝑇 
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M - Allowed CO2 emissions of overall fleet (KgCO2) 

𝐷#  – Discount factor calculated from discount rate DR as 7
(79:;)=

 

Constants 

G = Fuel Price (Monetary Unit/Liter) 

C = Carbon Factor (KgCO2 /Liter) – We have considered 2.615 KgCO2/Liter as per NTM methodology 

Decision Variables 

𝑋"#Decision to replace existing vehicle i by a new vehicle in period t, 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝑉"#	Decision to use costs of new vehicle (replacement of existing vehicle i) in period t (Binary variable is 

set to 1 if vehicle i is replaced by new vehicle in year t or any previous years of analysis), 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

𝑍"# Decision to use costs of existing vehicle i in period t (Zit = 1 - Vit), 𝑖 ∈ 𝐼, 𝑡 ∈ 𝑇  

Using the above definitions, the model is formulated as follows: 

Min    ∑ ∑ [{(𝐹"#) +𝑀"#
) + 𝐷"#))#∈B"∈C ∗ 𝑍"#} + {(𝐹"#1 +𝑀"#

1 + 𝐶"#1) ∗ 𝑉"#} + {(𝑅"#) ) ∗ 𝑋"#}] ∗ 𝐷#      (1) 

s.t.     ∑ 𝑋"#"∈C <= 𝑈#, ∀𝑡 ∈ 𝑇  (2) 

          ∑ 𝑋"#"∈C >= 𝐿# , ∀𝑡 ∈ 𝑇 (3) 

          ∑ ∑ (𝐹"#)#∈B"∈C ∗ 𝑍"# ∗ 𝐶/𝐺) 	+ (𝐹"#1 ∗ 𝑉"# ∗ 𝐶/𝐺) < 	𝑀, ∀𝑖 ∈ 𝐼, ∀𝑡 ∈ 𝑇                                 (4) 

										∑ 𝑋"##∈B <= 1, ∀𝑖 ∈ 𝐼                                        (5) 

										∑ ∑ 𝑍"##∈B"∈C  = ∑ ∑ 𝑉"##∈B"∈C  , ∀𝑖 ∈ 𝐼, ∀𝑡 ∈ 𝑇    									 (6) 

 

This model minimizes costs, Eq. (1), with the first part representing the costs associated with 

existing vehicles for which the replace decision has not been made yet (until time period t). Second part 

represents the costs associated with new vehicles where replace decision is made for existing vehicle i in 
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or earlier than time period t. Third part represents the negative costs (revenue) by selling vehicle i in 

time period t. Constraint (2) ensures that model cannot replace more than certain upper limit of vehicles 

every period t. Constraint (3) ensures that model must replace more than certain lower limit of vehicles 

every period t. Constraint (4) ensures that CO2  emissions of total fleet are always below certain 

threshold M. Constraint (5) is a technical constraint so that vehicle i can only be replaced once in full 

time horizon of analysis. Constraint (6) is a technical constraint that links decision variables Z and V. 

Above optimization model uses several parameters that we derive from Coppel’s historical data. 

Parameter calculation is a one-time activity and need not be repeated for every year the model is run by 

fleet managers.  

Fuel Costs and Maintenance Costs: 

Year 1: Actual historical data from Coppel per vehicle i. 

Year 2 to T:  Vehicle fuel and maintenance costs are expected to increase as vehicle gets older and 

inefficient. The increase depends on vehicle type, route on which vehicle runs and vehicle utilization. 

This can be derived from the historical data. 

New vehicles: We assume certain % savings in fuel and maintenance costs as old vehicle gets replaced 

by brand new vehicle.  

Depreciation Costs:  

For vehicle less than 7 years old, we use a straight-line depreciation method to calculate depreciation 

costs every year. We depreciate the current market value (derived from a Mexican website for used car 

sales) over the remaining years of vehicle book life, assuming a salvage value in the end (also derived 

from Mexican website for used car sales).  

Resale Price: 
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We calculate the expected resale price as a function of vehicle Age, Mileage, Brand and Engine size 

based on historical auction sales data.  

4.3 SIMULATION 

We run multiple simulations of this model by varying ‘maximum total fleet CO2 emissions’ and 

observing its effect on total cost as well as on the number of vehicles to be bought/sold/retained. We 

plot the relationship between total cost and total CO2 emissions. While total cost is expected to increase 

with tighter constraints of total CO2 emissions, we answer how much this increase is through our study. 

5 RESULTS 

5.1 VEHICLE CHARACTERISTICS’ IMPACT ON CO2 EMISSIONS 
 

We combine cluster and load bin information with each trip for this analysis. We consider 

cluster 1 as the places where the weather is humid, and the elevation is higher and cluster 2 as the 

places where the weather is semi-dry and hot and low elevation. Our statistical analysis of CO2 emissions 

of both clusters based on the historical data shows different average CO2 emissions per cluster. 

• Cluster 1: 2.2389 KgCO2/Ton-KM 

• Cluster 2: 2.3322 KgCO2/Ton-KM 

To create load bins, we assume capacity utilization below 25% as ‘Low’, capacity utilization 

between 25% and 50% as ‘Medium’, capacity utilization between 50% and 75% as ‘High’, capacity 

utilization above 100% as ‘Overload’. We isolate the trips data based on cluster and load bins and we 

select to run the algorithms on the sets that contains the most rows of data- “Cluster 1-Medium Load”, 

“Cluster2-Medium Load” (Refer table 2).  
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Table 2: Number of Vehicle trips in each cluster and load bin 
 

 

 

We analyze the trips dataset in ‘Cluster 2 -Medium Load’ by running a classification tree 

algorithm with CO2 emissions as a target label. As seen in figure 6 below, the first split of the tree is on 

the “age” feature, this implies that this is the most informative characteristic influencing CO2 emissions. 

 
Figure 6: Classification tree for CO2 emissions of vehicles in cluster2 - medium load 

We analyze the trips dataset in ‘Cluster 1 -Medium Load’ in exactly same way as above. In this 

dataset, brand is the most informative characteristics. But as we will see in the next scatter plot that in 

this dataset, brand and age are highly correlated. Hence, age and brand are the most informative 

characteristics influencing CO2 emissions. 

 
High Low Medium Overload 

Cluster 1 33 48 145 23 

Cluster 2 
 

57 299 
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Figure 7: Classification tree for CO2 emissions of vehicles in cluster 1 - medium load 
 

We analyze the scatter plots of ‘Cluster 2 -Medium Load’ dataset and notice from this scatter 

plot (figure 8), that newer vehicles do not have necessarily have better emissions Ex. International brand 

with almost all new vehicles does not show significant performance improvement over older Kenworth 

trucks. This again demonstrates brand as an important factor. Scatter plot of ‘Cluster 1 -Medium Load’ 

(figure 9) shows a high correlation between brand and age in this specific cluster. This re-emphasizes 

brand and age as the vehicle characteristics having biggest impact on vehicle’s CO2 emissions 

performance.     
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Figure 8: scatter plot of vehicle age vs CO2 emissions, for cluster 2 Medium Load 

 
Figure 9:  scatter plot of vehicle age vs CO2 emissions, for cluster 1 Medium Load 
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5.2 FLEET REPLACEMENT MODEL RESULTS 
 

We run the optimization model with a relaxed CO2 constraint over a period of 5 years, the 

model proposes to sell 213 vehicles from fleet of 402. Refer to the table 3 for sample of results:  

Table 3 Model results with relaxed CO2 constraint 

 YEAR 1 YEAR 2 YEAR 3 YEAR 4 YEAR 5 

Vehicle 386 SELL KEEP KEEP KEEP KEEP 

Vehicle 387 KEEP SELL KEEP KEEP KEEP 

Vehicle 388 SELL KEEP KEEP KEEP KEEP 

Vehicle 389 KEEP SELL KEEP KEEP KEEP 

Vehicle 390 SELL KEEP KEEP KEEP KEEP 

Vehicle 391 SELL KEEP KEEP KEEP KEEP 

Vehicle 392 SELL KEEP KEEP KEEP KEEP 

Vehicle 393 SELL KEEP KEEP KEEP KEEP 

Vehicle 394 KEEP KEEP KEEP KEEP SELL 

Vehicle 395 SELL KEEP KEEP KEEP KEEP 

Vehicle 396 SELL KEEP KEEP KEEP KEEP 

Vehicle 397 SELL KEEP KEEP KEEP KEEP 

Vehicle 398 KEEP KEEP KEEP KEEP KEEP 

Vehicle 399 KEEP KEEP KEEP KEEP KEEP 

Vehicle 400 KEEP SELL KEEP KEEP KEEP 

Vehicle 401 KEEP SELL KEEP KEEP KEEP 

Vehicle 402 KEEP SELL KEEP KEEP KEEP 

 

We change the overall CO2 emissions constraint. The tighter the emission the higher the costs, 

but an initial drop of 3.5% in CO2 emissions is gained by 0.04% increase in overall fleet costs for Coppel’s 

inbound fleet. 
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Figure 10: overall fleet costs vs CO2 emissions 

6 CONCLUSION 
 

Transportation, in particular freight transportation, is undoubtedly one the principal 

contributors of global CO2 emissions. Increase in environmental awareness, consumers’ preference for 

green organizations, new CO2 emissions related laws and regulations, all of these now force the 

companies to have environmentally-responsible fleet operations. Companies themselves are realizing 

that environmentally sustainable fleet is also a financially sustainable fleet. Hence, companies are now 

focusing on having optimal green fleet composition. 

Our capstone partner is one of the largest retailers in Mexico and one of their main goals is to 

reduce CO2 emissions for their fleet of 1200 last-mile delivery trucks and 590 inbound trailers. To 

address Coppel’s concerns, we analyzed their data to determine what vehicle characteristics influence 

CO2 emissions the most, irrespective of the routes they are operating on and loads they are carrying. We 

found that age and brand are the most important characteristics influencing CO2 emissions performance 

of vehicles. When Coppel buys new vehicles, they can select the brands that have proven high 

performance in terms of CO2 emissions. 
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We developed a fleet replacement model that proposes a vehicle replacement timeline for 

optimal overall fleet costs and is constrained by the desired CO2 emission level. We ran this model for 

varying degrees of CO2 emissions constraint and observed that reducing CO2 emissions means an increase 

in the overall fleet costs (as expected) but this increase can be quantified for the given fleet. For a fleet of 

402 vehicles, an initial gain of 700,000 KgCO2 drop in emissions was observed for approximately 37000 

USD of the cost increase. 

Coppel’s transport managers can use the fleet replacement model every year for the strategic 

composition of their fleet considering vehicle demands. Coppel can make their fleet decisions centrally 

instead of in an individual DC. They can make these decisions based on fact-backed performance 

parameters like brand and age, taking into account varying geographies and operating conditions. 

As more and more countries impose CO2 emissions regulations and policies (like emissions tax 

and credits), Coppel can use this model as a preventive tool against any regulation changes and knee-jerk 

reactions to it. They can run scenarios as per their business targets and analyze its impact on C02 footprint 

of the fleet. 

The fleet replacement model has a number of budget-based levers that allow managers the 

flexibility to incorporate changing budget constraints and financial priorities of the company year-on-

year. Transport managers can impose the upper limit on a number of vehicles that can be replaced in a 

certain year. In addition, Fleet replacement model will find the optimal replacement age of vehicle 

considering increasing operational costs and decreasing the capital value of an aging vehicle. The major 

component of operating costs are fuel costs.  

  As the next step to this research, multiple characteristics can be included like transmission 

systems, torque, curb weight, etc. to gain more insights on why some brands perform better than others 

in a running fleet.  
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APPENDIX 
 

 
Image: Coppel Inbound Fleet at Culiacán DC 

 
Image: Capstone Authors with last-mile delivery vehicles of Coppel 



 33 

 

 
Image: Culiacán DC 

 

 
Image: Coppel inhouse maintenance and repair shop for fleet vehicles 



 34 

 
Image: Coppel retail store 

 

 

 

 

 

 
 
 
 
 

 

 
 


