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VEHICLE SPECIFICATION OPTIMIZATION

Vehicle Specification
the process of selecting a 

vehicle’s components and sizes

How to select the right powertrain, and vehicle 
spec for target operation/route?

How to choose the right powertrain tech? 
(conventional or electric)

Can we use data
to answer these 

questions?
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CUSTOMER TRUCK-DEALER

PARETO OPTIMAL
CONFIGURATIONS

Drive Cycle

Powertrain Recommender System

Customer 
Requirements

𝟕𝟎×𝟖𝟕𝟔𝟓×𝟏𝟎𝟓×𝟏𝟓𝟎×𝟏𝟎𝟎 = 𝟗𝟔𝟔, 𝟑𝟒𝟏, 𝟐𝟓𝟎, 𝟎𝟎𝟎 !!!
𝟑×𝟏𝟖×𝟒𝟎×𝟏𝟓×𝟑 = 𝟗𝟕, 𝟐𝟎𝟎

×
TiresTransmissionEngine

× ×

Design Space

PERFORMANCE 
CHECK

Feasible
Configurations

Energy Consumption
Fuel Economy

Carbon Emissions

𝟑, 𝟔𝟎𝟎

Find non-dominated 
solutions

Engine Rated Power[kW]

Energy Consumption [kWh/mi]

C
os

t [
$]

OPTIMIZATION 
MODEL

ESTIMATION 
MODEL

LET’S BUY A TRUCK!
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POWERTRAIN RECOMMENDER SYSTEM

Evaluate Performance
Estimate Energy ConsumptionFunctionalities of the 

Powertrain Recommender System

Engine Rated Power[kW]

Energy Consumption [kWh/mi]

C
os

t [
$]

Find the Pareto 
Optimal Configurations
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DATA

DRIVE CYCLE

VEHICLE SPEED PROFILE
ROAD GRADE PROFILE

DISTANCE
TIME

WEATHER (TEMP, PRES.)
FUEL FLOW RATE

VEHICLE SPEC

ENGINE
TRANSMISSION

REAR AXLE
VEHICLE CHASSIS/BODY

AERODYNAMICS
MASS
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WHAT IS THE GOAL?

Goal:
𝑬𝒔𝒕𝒊𝒎𝒂𝒕𝒆 𝑬𝒏𝒆𝒓𝒈𝒚 𝑪𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏 = 𝒇(𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆, 𝑽𝒆𝒉𝒊𝒄𝒍𝒆 𝑺𝒑𝒆𝒄)

Large Scale Telematics Data

Expertise on Powertrain Dynamics & Simulation, 
Machine-Learning, Route-Optimization, UI-UX
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A QUICK INTRO TO MACHINE LEARNING

MACHINE	LEARNING
ABILITY	TO	PERFORM	TASKS	WITHOUT	
EXPLICIT	INSTRUCTIONS	AND	RELYING	
ON	PATTERNS	

SUPERVISED	LEARNING
TASK	OF	LEARNING	A	FUNCTION	THAT	
MAPS	AN	INPUT	TO	AN	OUTPUT	BASED	
ON	EXAMPLE	OF	INPUT-OUTPUT	PAIRS
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HOW TO BUILD ML MODELS

?

What do you want 
to know?

Collect Data

Data 
Reduction

Data 
Cleaning

Data Transformation 
(Normalization, Aggregation, 

Generalization)

Data 
Integration

Data 
Analysis

Prepare 
Training, Validation, 

and Test Data

Train the model 
using mathematical 

algorithms

Use the model to predict 
future outcomes

Data
Visualization
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WHAT DO WE WANT TO KNOW? 

Goal:
𝑬𝒏𝒆𝒓𝒈𝒚 𝑪𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏 = 𝒇(𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆, 𝑽𝒆𝒉𝒊𝒄𝒍𝒆 𝑺𝒑𝒆𝒄)

𝒘𝒉𝒆𝒓𝒆 𝒇 = 𝑴𝒂𝒄𝒉𝒊𝒏𝒆 𝑳𝒆𝒂𝒓𝒏𝒊𝒏𝒈𝑴𝒐𝒅𝒆𝒍

Can we use Machine Learning? 

Is there a better alternative? 
Computational Efficiency

Accuracy

Choosing the right ML Algorithm?
Type of Data? - Numeric Labelled Data

Supervised Learning Algorithm

Which Supervised Learning Algorithm ?
Classification/Regression? - Regression

Extrapolation/Interpolation? - Both

Algorithm
Random Forest
Neural Network
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DATA COLLECTION

DRIVE CYCLE

VEHICLE SPEED PROFILE
ROAD GRADE PROFILE

DISTANCE
TIME

WEATHER (TEMP, PRES.)
FUEL FLOW RATE

VEHICLE SPEC

ENGINE
TRANSMISSION

REAR AXLE
VEHICLE CHASSIS/BODY

AERODYNAMICS
MASS
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IDEAL DATA vs WHAT YOU GET
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Long time, little data

Just no data

No actual variation in data

Incomplete data
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DATA PROCESSING

Data Integrate à Data Cleaning à Data Transformation à Data Reduction 

Potential Issue Source Action
Trips < 1 Mi Data logging errors or short trips Remove

Non-zero Start/Stop Data logging errors Remove or Use Gap-Filling-Algos

Unrealistic Values CAN bus signals error Remove/Normalize

Time Gaps Redundant information Remove

First and Last days of data Installation and removal of equipment Remove

Missing data points Data logging errors Interpolation

Noise Sensor noise Smoothing
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TRAINING, VALIDATION, & TEST

ORIGINAL SET

TRAINING SET TEST SETVALIDATION SET

MACHINE 
LEARNING

ALGORITHM

PREDICTION MODEL

Training

Final Performance Estimate

TRAINING SET

Hyperparameter Tuning and 
Evaluation
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TRAINING DATA

Drive Cycle
[x 400]

Time Time_sec
Distance Distance_km

Speed Profile

Max_Speed_kmph
Min_Speed_kmph
Avg_Speed_kmph

Median_Speed_kmph
StdDev_Speed_kmph
Variance_Speed_kmph
x25th_Speed_kmph
x75th_Speed_kmph

Road Grade 
Profile

Max_Grade_deg
Min_Grade_deg
Avg_Grade_deg

Median_Grade_deg
StdDev_Grade_deg
Variance_Grade_deg
x25th_Grade_deg
x75th_Grade_deg

Acceleration 
Profile

Max_Accln_mps2
Min_Accln_mps2
Avg_Accln_mps2

Median_Accln_mps2
StdDev_Accln_mps2
Variance_Accln_mps2
x25th_Accln_mps2
x75th_Accln_mps2

Idle Time IdleTime_sec

Weather Avg_Pressure_kPa
Avg_Temp_degC

Vehicle Spec
19 Trucks

Engine
[x 3]

EngineType
EngineMaxSpeed_RPM
EnginePeakPower_HP
EnginePeakTorque_Nm

Transmission
[x 2]

Trans_Speed
Trans_Deepest_Gear_Ratio
Trans_Efficiency

Rear Axle
[x 12]

Rear_Axle_Ratio
RearAxle_Efficiency

Tire
[x 10]

Tire_Radius_inch
Road_Rolling_Resistance

Body
[x 12]

Vehicle_Frontal_Area_ft2
Drag_Coefficient
Curb_Weight_lbs
GCVW_lbs

OUTPUT 
FUEL CONSUMPTION

INPUTS 𝑬𝒔𝒕𝒊𝒎𝒂𝒕𝒆 𝑬𝒏𝒆𝒓𝒈𝒚 𝑪𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏
= 𝒇(𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆, 𝑽𝒆𝒉𝒊𝒄𝒍𝒆 𝑺𝒑𝒆𝒄)

𝑺𝒖𝒑𝒆𝒓𝒗𝒊𝒔𝒆𝒅 𝑳𝒆𝒂𝒓𝒏𝒊𝒏𝒈
(𝑰𝒏𝒑𝒖𝒕, 𝑶𝒖𝒕𝒑𝒖𝒕) 𝑷𝒂𝒊𝒓𝒔
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Batch

DRIVE CYCLE – FULL-TRIP vs. MICRO-TRIP
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HOW DO WE KNOW WHAT’S IMPORTANT?

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑤. 𝑟. 𝑡𝑜 𝐹𝑢𝑒𝑙 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛

𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏
𝐷𝑒𝑔𝑟𝑒𝑒 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑎 𝑝𝑎𝑖𝑟 𝑜𝑓

𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑎𝑟𝑒 𝑙𝑖𝑛𝑒𝑎𝑟𝑙𝑦 𝑟𝑒𝑙𝑎𝑡𝑒𝑑

𝑅𝑎𝑛𝑔𝑒: [−1,1]

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 ≠ 𝐶𝑎𝑢𝑠𝑎𝑡𝑖𝑜𝑛

𝟒𝟎𝟎 𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆𝒔 𝒘𝒊𝒕𝒉 𝟏𝟗 𝑻𝒓𝒖𝒄𝒌𝒔
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DATA DISTRIBUTION – FULL TRIP vs. MICRO TRIP

𝟒𝟎𝟎 𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆𝒔 𝒘𝒊𝒕𝒉 𝟏𝟗 𝑻𝒓𝒖𝒄𝒌𝒔
Time

Avg. Grade Avg. Speed

Distance 
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HOW DO WE KNOW WHAT’S IMPORTANT?

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑤. 𝑟. 𝑡𝑜 𝐹𝑢𝑒𝑙 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛

𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏
𝐷𝑒𝑔𝑟𝑒𝑒 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑎 𝑝𝑎𝑖𝑟 𝑜𝑓

𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑎𝑟𝑒 𝑙𝑖𝑛𝑒𝑎𝑟𝑙𝑦 𝑟𝑒𝑙𝑎𝑡𝑒𝑑

𝑅𝑎𝑛𝑔𝑒: [−1,1]

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 ≠ 𝐶𝑎𝑢𝑠𝑎𝑡𝑖𝑜𝑛

𝑩𝒊𝒂𝒔

𝟒𝟎𝟎 𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆𝒔 𝒘𝒊𝒕𝒉 𝟏𝟗 𝑻𝒓𝒖𝒄𝒌𝒔
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HOW DO WE KNOW WHAT’S IMPORTANT?

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑤. 𝑟. 𝑡𝑜 𝐹𝑢𝑒𝑙 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛

𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏
𝐷𝑒𝑔𝑟𝑒𝑒 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑎 𝑝𝑎𝑖𝑟 𝑜𝑓

𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑎𝑟𝑒 𝑙𝑖𝑛𝑒𝑎𝑟𝑙𝑦 𝑟𝑒𝑙𝑎𝑡𝑒𝑑

𝑅𝑎𝑛𝑔𝑒: [−1,1]

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 ≠ 𝐶𝑎𝑢𝑠𝑎𝑡𝑖𝑜𝑛

𝑩𝒊𝒂𝒔

𝟒𝟎𝟎 𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆𝒔 𝒘𝒊𝒕𝒉 𝟏𝟗 𝑻𝒓𝒖𝒄𝒌𝒔
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MACHINE LEARNING MODELS – RANDOM FOREST

𝑷𝒓𝒆𝒅𝒊𝒄𝒕 𝑭𝒖𝒆𝒍 𝑬𝒄𝒐𝒏𝒐𝒎𝒚 = 𝒇(𝑾𝒆𝒊𝒈𝒉𝒕, 𝑬𝒏𝒈𝒊𝒏𝒆 𝑷𝒐𝒘𝒆𝒓,𝑵𝒖𝒎 𝑪𝒚𝒍𝒊𝒏𝒅𝒆𝒓𝒔, & 𝑨𝒈𝒆)

𝑊 ≤ 25𝑘 𝑙𝑏𝑠

𝑃 > 250 𝐻𝑃 𝐴𝑔𝑒 < 5 𝑦𝑟𝑠

𝐴𝑔𝑒 < 10

𝐶𝑦𝑙 > 2𝐶𝑦𝑙 ≤ 2

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦
10 𝑀𝑃𝐺

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦
8 𝑀𝑃𝐺

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦
7 𝑀𝑃𝐺

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦
8 𝑀𝑃𝐺

𝑊 ≤ 25𝑘 𝑙𝑏𝑠

𝐶𝑦𝑙 ≥ 2 𝐴𝑔𝑒 < 5 𝑦𝑟𝑠

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦
6 𝑀𝑃𝐺

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦
5 𝑀𝑃𝐺

𝑫𝑨𝑻𝑨𝑺𝑬𝑻

𝑻𝒓𝒆𝒆 𝟏 𝑻𝒓𝒆𝒆 𝟐 𝑻𝒓𝒆𝒆 𝑵

𝑭𝑬 = 𝟕𝑴𝑷𝑮

𝑴𝒂𝒋𝒐𝒓𝒊𝒕𝒚 𝑽𝒐𝒕𝒊𝒏𝒈/𝑨𝒗𝒆𝒓𝒂𝒈𝒊𝒏𝒈

…

𝑻𝒓𝒆𝒆 …

.Tr
ee

 D
ep

th

Fe
at

ur
e 

Im
po

rt
an

ce



©, The Ohio State University, 2022

RANDOM FOREST - HYPERPARAMETER OPTIMIZATION

𝑬𝒏𝒆𝒓𝒈𝒚 𝑪𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏 = 𝒇(𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆, 𝑽𝒆𝒉𝒊𝒄𝒍𝒆 𝑺𝒑𝒆𝒄)

𝑹𝒂𝒏𝒅𝒐𝒎 𝑭𝒐𝒓𝒆𝒔𝒕 𝑯𝒚𝒑𝒆𝒓𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔

𝑻𝒓𝒆𝒆 𝑫𝒆𝒑𝒕𝒉
𝑳𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝑹𝒂𝒕𝒆

𝑴𝒊𝒏𝒊𝒎𝒖𝒎 𝑳𝒆𝒂𝒇 𝑺𝒊𝒛𝒆
𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑳𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝑪𝒚𝒄𝒍𝒆𝒔
𝑴𝒊𝒏𝒊𝒎𝒖𝒎𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑺𝒑𝒍𝒊𝒕𝒔

𝑻𝒓𝒂𝒊𝒏𝒊𝒏𝒈𝑴𝒆𝒕𝒉𝒐𝒅 (𝑩𝒂𝒈𝒈𝒊𝒏𝒈 𝒗𝒔. 𝑩𝒐𝒐𝒔𝒕𝒊𝒏𝒈)

#Trees = 150
#Min. Leaf Splits = 1
Learning Rate = 0.99

#Learning Cycles = 493
Method = Bagging
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RANDOM FOREST – PROS/CONS

𝑪𝑶𝑵𝑺

Cannot Extrapolate 
“good for classification but not for regression”

Relatively Computationally Expensive

𝑷𝑹𝑶𝑺

Does not require large amount of data

Can handle linear and non-linear relationships well

Requires large number of trees to avoid overfitting

Provides good accuracy 

Does not require validation data

Implicitly perform feature selection
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FEATURE IMPORTANCE – RANDOM FOREST

Data Features
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MACHINE LEARNING MODELS – NEURAL NETWORK

𝑷𝒓𝒆𝒅𝒊𝒄𝒕 𝑭𝒖𝒆𝒍 𝑬𝒄𝒐𝒏𝒐𝒎𝒚 = 𝒇(𝑽𝒆𝒉𝒊𝒄𝒍𝒆 𝑨𝒈𝒆, 𝑬𝒏𝒈𝒊𝒏𝒆 𝑷𝒐𝒘𝒆𝒓)

𝐴𝑔𝑒
𝑥!

𝑃𝑜𝑤𝑒𝑟

𝑖𝑛𝑝𝑢𝑡
𝑙𝑎𝑦𝑒𝑟

𝑥"

ℎ𝑖𝑑𝑑𝑒𝑛
𝑙𝑎𝑦𝑒𝑟

𝑜𝑢𝑡𝑝𝑢𝑡
𝑙𝑎𝑦𝑒𝑟

𝑤!!"

�𝑦

𝑤"#"

𝑤!!#

𝑁𝑒𝑢𝑟𝑎𝑙 𝑁𝑒𝑡𝑤𝑜𝑟𝑘 𝑀𝑜𝑑𝑒𝑙

S𝑦

8.5

8

10.8

…

6.8

𝑦 𝑒 = 𝑦 − S𝑦

9 0.5

8 0

10 -0.8

… …

7 0.2

𝐴𝑔𝑒 𝑃𝑜𝑤𝑒𝑟

1 250

2 250

3 150

… …

7 250

𝑀𝑆𝐸 =
1
𝑛
�
!"#

$

𝑦! − �𝑦! %

𝑭𝒐𝒓𝒘𝒂𝒓𝒅 𝑷𝒓𝒐𝒑𝒐𝒈𝒂𝒕𝒊𝒐𝒏

𝑩𝒂𝒄𝒌𝒘𝒂𝒓𝒅 𝑷𝒓𝒐𝒑𝒐𝒈𝒂𝒕𝒊𝒐𝒏

𝑎!#𝜎

𝐹𝑢𝑒𝑙 𝐸𝑐𝑜𝑛𝑜𝑚𝑦

S𝑦 = 𝑎!# = 𝜎(𝑤!!# 𝑎!"+. . +𝛽)

𝑎#"𝛿

𝑎""𝛿

𝛿 𝑎!" = 𝛿(𝑤!!" 𝑥! + 𝑤"!" 𝑥")

𝛿, 𝜎 → 𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛 𝐹𝑛
𝛽 → 𝐵𝑖𝑎𝑠
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NEURAL NETWORK - HYPERPARAMETER OPTIMIZATION

𝑬𝒏𝒆𝒓𝒈𝒚 𝑪𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏 = 𝒇(𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆, 𝑽𝒆𝒉𝒊𝒄𝒍𝒆 𝑺𝒑𝒆𝒄)

𝑵𝒆𝒖𝒓𝒂𝒍 𝑵𝒆𝒕𝒘𝒐𝒓𝒌 𝑯𝒚𝒑𝒆𝒓𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔

𝑳𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝑹𝒂𝒕𝒆
𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒉𝒊𝒅𝒅𝒆𝒏 𝒍𝒂𝒚𝒆𝒓𝒔

𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒏𝒆𝒖𝒓𝒐𝒏𝒔 𝒊𝒏 𝒉𝒊𝒅𝒅𝒆𝒏 𝒍𝒂𝒚𝒆𝒓𝒔
𝑨𝒄𝒕𝒊𝒗𝒂𝒕𝒊𝒐𝒏 𝒇𝒖𝒏𝒄𝒕𝒊𝒐𝒏

𝑶𝒑𝒕𝒊𝒎𝒊𝒛𝒆𝒓
𝑩𝒂𝒕𝒄𝒉 𝑺𝒊𝒛𝒆
𝑬𝒑𝒐𝒄𝒉𝒔
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RANDOM FOREST vs. NEURAL NETWORK - MODEL ACCURACY

𝟒𝟎𝟎 𝑫𝒓𝒊𝒗𝒆 𝑪𝒚𝒄𝒍𝒆𝒔 𝒘𝒊𝒕𝒉 𝟏𝟗 𝑻𝒓𝒖𝒄𝒌𝒔
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I/O OF POWERTRAIN RECOMMENDER SYSTEM

Design Space 
Filter

Supervised 
ML Models

INPUTS

OUTPUTS

Design Space

Target
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WHAT DID WE LEARN TODAY?

𝑯𝒐𝒘 𝒕𝒐 𝒃𝒖𝒚 𝒂 𝒕𝒓𝒖𝒄𝒌?

𝑯𝒐𝒘 𝒕𝒐 𝒔𝒑𝒆𝒄 𝒕𝒉𝒆 𝒕𝒓𝒖𝒄𝒌 𝒕𝒉𝒂𝒕 𝒊𝒔 𝒃𝒆𝒔𝒕
𝒇𝒐𝒓 𝒚𝒐𝒖𝒓 𝒐𝒑𝒆𝒓𝒂𝒕𝒊𝒐𝒏 𝒖𝒔𝒊𝒏𝒈 𝒂 𝒅𝒂𝒕𝒂 𝒅𝒓𝒊𝒗𝒆𝒏 𝒂𝒑𝒑𝒓𝒐𝒂𝒄𝒉?

𝑯𝒐𝒘 𝒕𝒐 𝒂𝒏𝒂𝒍𝒚𝒛𝒆 𝒕𝒆𝒍𝒆𝒎𝒂𝒕𝒊𝒄𝒔 𝒅𝒂𝒕𝒂?
𝑪𝒐𝒓𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏, 𝑩𝒊𝒂𝒔

𝑾𝒉𝒂𝒕 𝒊𝒔 𝒎𝒂𝒄𝒉𝒊𝒏𝒆 𝒍𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝒂𝒏𝒅 𝒉𝒐𝒘 𝒕𝒐 𝒃𝒖𝒊𝒍𝒅 𝑴𝑳𝒎𝒐𝒅𝒆𝒍𝒔?
𝑺𝒖𝒑𝒆𝒓𝒗𝒊𝒔𝒆𝒅 𝒍𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝒂𝒍𝒈𝒐𝒔 𝒕𝒐 𝒑𝒓𝒆𝒅𝒊𝒄𝒕 𝒆𝒏𝒆𝒓𝒈𝒚 𝒄𝒐𝒏𝒔𝒖𝒎𝒑𝒕𝒊𝒐𝒏

𝑹𝒂𝒏𝒅𝒐𝒎 𝑭𝒐𝒓𝒆𝒔𝒕, 𝑵𝒆𝒖𝒓𝒂𝒍 𝑵𝒆𝒕𝒘𝒐𝒓𝒌

Fleet composition examples 
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SUMMARY
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Full Legal Disclaimer: “This report was prepared as an account of work sponsored by an agency of the United
States Government. Neither the United States Government nor any agency thereof, nor any of their employees,
makes any warranty, express or implied, or assumes any legal liability or responsibility for the accuracy,
completeness, or usefulness of any information, apparatus, product, or process disclosed, or represents that its use
would not infringe privately owned rights. Reference herein to any specific commercial product, process, or service
by trade name, trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement,
recommendation, or favoring by the United States Government or any agency thereof. The views and opinions of
authors expressed herein do not necessarily state or reflect those of the United States Government or any agency
thereof.”
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