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It has been reported that the transportation sector made up the largest proportion
(approximately 29%) of the total U.S. greenhouse gas emissions in 2017, of which 41%
was represented by passenger cars (EPA, 2019).

The eco-routing navigation system becomes a potential application to reduce fuel
consumption, which optimizes the route based on the most energy efficiency instead of
minimizing the travel time or distance (Zeng et al., 2017; Boriboonsomsin and Barth,
2014).

 Route choice models can provide a better understanding of drivers’ route choice
preferences and their influencing factors while limited studies have been conducted
related to eco-routing choices.

Introduction



Eco-routing navigation systems can greatly contribute to the reduction of fuel consumption
and greenhouse gas emissions, if drivers are willing to choose and comply with the eco
routes provided by these systems.

However, current studies paid limited efforts to drivers’ route choices and compliance
behavior when interacting with eco-routing navigation systems.

There are two main objectives of this study:

(1) Investigating and predicting preferred routes in drivers from recommendations;

(2)Exploring drivers’ decision making on route selection.

Objectives



Methodology

The methodology section contains five key parts: 

(1) Cellphone based eco-routing navigation application development; 

(2) Naturalistic driving experiments were designed and conducted; 

(3) Google API application to correct cellphone GPS data;

(4) Mixed model analyses were applied to interpret drivers’ route choices and route compliance; 

(5) The Multi-label random forests algorithm was used to predict drivers’ route choice behavior.



Eco-routing application development

 Collecting basic trip information prior to each trip;

 Providing 1-3 routes to driver with varying estimated time/fuel consumption 

(eco/fast/balanced);

 Providing turn-by-turn guidance for a selected route;

 Recording trip information, driver route decisions, and actual route taken (GPS co-

ord. during trip). 



APP functionality overview

List of trips, trip details and select car
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APP functionality overview Route selection



APP functionality overview

The effect of speed on the MPG during a highway driving

• Three recommended routes (eco vs. fast vs. balanced) 
displayed an estimation of the fuel consumption that 
was calculated considering three main effects: the 
average velocity, the traffic and the car used. 

• Specifically, the effects of the velocity and car used 
were modeled by inputting the MPG (Miles per 
gallon) values in the Urban Dynamometer Driving 
Schedule (UDDS) cycle (average velocity of 21.2 
mph) and in the highway cycle (average velocity of 
48.3 mph)

• Values on U.S. EPA (Environmental Protection 
Agency) website  

• The effect of traffic was estimated using the data 
provided by MapQuest API

𝑀𝑀𝑀𝑀𝐺𝐺𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

=
∑𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 ∗ 𝑀𝑀𝑀𝑀𝐺𝐺 𝐴𝐴𝐴𝐴𝐷𝐷𝐴𝐴𝐷𝐷𝐴𝐴𝐷𝐷 𝐷𝐷𝑠𝑠𝐷𝐷𝐷𝐷𝑠𝑠 + ∑𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑁𝑁𝐹𝐹𝑁𝑁_𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 ∗ 𝑀𝑀𝑀𝑀𝐺𝐺_𝐷𝐷𝐷𝐷𝐷𝐷𝑐𝑐

𝑇𝑇𝑇𝑇𝐷𝐷𝐷𝐷𝑇𝑇 𝑠𝑠𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷



Data collection and analysis

Participant recruitment and data collection procedure

43 participants were given a cell phone handset for two weeks
 Participants who were participating in UMTRI’s Ann Arbor Connected Vehicle Test Environment

(AACVTE) were recruited to receive the cellular device with the custom-designed, Eco-routing
software application (Eco-routing device).

 This interaction included completing a route-choice survey and selecting from recommended
driving routes prior to beginning of some of their driving trips over a 2-week period.

 Participants were expected to record data for 20 trips and paid to $100 for their time.
 UM IRB approved.



Data reduction and preparation

• Valid trips were first identified as having a completed survey and a fairly complete GPS dataset.

• A total of 738 valid trips from 1,024 trips

• 39 participants (22 female and 17 male drivers), aged from 20 to 72 years old (Mean=47.3, S.D.=15.3)

• Ovitalmaps software was used to create the trace maps of the Recommended Route.



GPS Data reduction and preparation

1: Correct GPS drift

2: Reverse geocoding

3: Identify overlap road segments 
between real driving and 
recommended routes

4: Calculate overlap percentage

Google API



GPS signal drift issue

• Trip-based correction

• Google Maps API : “Snap to Roads”

• Input 100 GPS data points at each 
step

• The Roads API returns 100 
new/corrected GPS data points



•

•

•

•

Mapping Location: Road Names

Reverse geocoding function 

Reverse geocoding converts the 
geographic coordinates (latitude, 
longitude) to addresses (like "2901 
Baxter Rd, Ann Arbor, MI 48109")

Only need road names

Break each trip into road segments



Calculating overlap road segments 

• Road Overlap Algorithm:



Mixed model analyses and 
Multi-label random forests

Different from classical multi-class classification
problems, rational multi-label classification models
are capable to take underlying correlations among
different labels into consideration.

Mixed model analyses

Multi-label random forests (MLRF)

To extend Random forests to be able to perform multi-label classification, multi-label decision trees that can
generalize the entropy of the sample set to adapt to multi-label data sets, are employed to develop the MLRF
method.

Mixed model analyses can be used to model random and
fixed effect data and has the benefit of well-handling data
with heterogeneous variances and auto-correlated
observations. This procedure has been applied in many
naturalistic driving study data analyses .



• The driver’s route choice is a multi-label problem,
since each recommended route may have several
different features at the same time.

• In general, drivers were more likely to choose the
fast route, having the highest average probability
83.4%.

• The next was the eco route with a selection
probability around 78.57%.

• The routes with the balanced feature had the least
likelihood to be selected, averagely 70.7% for each
driver. The average probability of route choice

Results: Modelling driver’s route choice



Effect Estimate Standard error DF t Value Pr>|t| 
Intercept 1.139 0.715 38 1.59 0.119 
Distance -0.056 0.010 643 -5.56 0.019 
Average gas consumption 40.868 17.395 643 2.35 <0.001 
Sequence      

1st* 0     
2nd -1.925 0.316 52 -6.10 <0.001 
3rd -2.518 0.491 52 -5.13 <0.001 

 

Independent variables
• Route information: distance, distance saving, average gas 

consumption, recommendation sequence, number of routes;
• Driver characteristics: age and gender;
• Subjective data: purpose, decision time, household

passenger, non-household passenger, flexibility, prior activity,
and leave earlier.

Dependent variable: whether choose the eco route or not

Mixed model analyses 
• Drivers were more likely to select the eco route when its 

distance was shorter and gas consumption per mile was 
higher.

• Giving priority to recommend the eco route could guide 
drivers to choose the eco way.

Impacting factors on the eco-route choice



The multi-label Random Forests (RF) classification model
• 14 Independent variables ;
• A multi-label dependent variable: eco, fast, and balanced
• All 737 samples (training: testing=7:3)
• Overall accuracy: training OOB(out-of-bag) accuracy 87.0%, testing

79.3%
• Some other methods: K-neighbors classifier (KNC), Support vector

classification (SVC); Neural network multi-layer perceptron classifier
(NNMLPC)

Label Precision Recall f1-score 
Eco 0.86 0.85 0.86 
Fast 0.90 0.95 0.92 
Balanced 0.81 0.77 0.78 

Overall accuracy Training (OOB): 0.870; Testing: 0.793 
 Variable Importance
• Variables from route information showed the largest impacts
• The following were subjective data
• No obvious relationships were found in demographic data

Predicting driver’s route choice behavior



The average probability of following the recommended route

Effect Estimate Standard error DF t Value Pr>|t| 
Intercept -1.199 0.257 22 -4.67 <0.001 
Eco route 0.776 0.215 32 3.61 0.001 
Fast route 1.071 0.229 31 4.68 <0.001 
Household member 

0 -2.394 0.852 22 -2.81 0.010 
1 -2.635 0.893 22 -2.95 0.007 
2 -2.003 0.989 22 -2.02 0.055 
3 or more* 0

• If driver choose the eco or fast routes, they are
more likely to fully drive along the
recommended route.

• Compared with driving alone or with only one
household passenger, drivers will comply with
the recommended route when there were three
or more household passengers.

Mixed model results for the recommended route following

Independent variables (12)
• Route information: eco, fast, and balanced;
• Driver characteristics: age and gender;
• Subjective data: purpose, decision time, household passenger, non-household

passenger, flexibility, prior activity, and leave earlier.
Dependent variable: whether driver’s following the selected route 

The average probability that drivers would actually follow the route after
they chose from the recommended options was 56.7%.
eco (61.6%) fast (61.1%) balanced (59.9%)

Impacting factors on following the recommended route



Conclusions

• Our study data are consistent with national household survey data on trip
purposes.

• Drivers were more likely to select the eco route when its distance was shorter
and gas consumption per mile was higher.

• Giving priority to recommend the eco route could guide drivers to choose the
eco way.

• If driver choose the eco or fast routes, they are more likely to fully drive along
the recommended route.

• Compared with driving alone or with only one household passenger, drivers will
comply with the recommended route when there were three or more household
passengers.
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