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Data Collection of Odometer Images via 
WhatsApp to Measure Vehicle Miles Traveled 

Executive Summary 

Existing VMT Data Collection Methods 

Travel surveys have played a crucial role in transportation planning and will continue to 
play an essential role in the California Air Resources Board’s goal to reduce per capita 
vehicle miles traveled (VMT) by providing detailed insights into travel patterns. A well-
designed travel survey can assess the impact of new policies and infrastructure 
investments on VMT (1–3) and understand the key determinants of VMT to help design 
more targeted policies (4–6). 

However, the planning and research community struggles to collect accurate VMT 
estimates. While self-reported VMT in travel surveys is the most common and non-invasive 
method, VMTs sourced by such reporting are subject to significant measurement errors for 
several reasons, including memory decay, unwillingness to report full travel details, 
carelessness, and rounding/approximate measurement of distances. The recent 
technological integration into survey data collection, such as Global Positioning System 
(GPS)-enhanced tracking tools (7–9), can provide better estimates of VMT. However, they 
can be too intrusive by tracking every movement and are too expensive to scale up. 

Certainly, there are options to use passively collected VMT data provided by the Federal 
Highway Administration (FHWA), the Department of Transportation (DoT) of the states, 
traffic counts, odometer readings of state Department of Motor Vehicles (DMV) inspection 
data, and so on. These methods are better in providing more reliable and accurate VMT 
data, if processed correctly, but rarely come with travelers’ characteristics that are 
essential for successive travel behavior analysis. 

Development of the Proposed Automation Framework  

In our pursuit of a more accurate, effective, and scalable solution, we developed a new 
automation framework for collecting odometer images, which researchers can use to 
estimate the VMT in a period, via the WhatsApp messaging service. WhatsApp is secure, 
widely trusted, and already used by more than 100 million users in the United States (10), 
eliminating the need for app installation and significantly reducing data collection costs. 
We have developed an automation framework hosted on an Azure server using the 
WhatsApp Application Programming Interface (API) to communicate, collect, and organize 
odometer images from the participants. We can estimate VMT over a given period by 
calculating the difference between consecutive odometer readings.  
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Pilot Study of the Automation Framework 

The study then tested this approach through pilot deployment to assess its performance 
and determine its feasibility as an extension to large-scale travel surveys or an 
independent study for future VMT data collection. We recruited the study participants 
through convenience sampling by mainly sending invitation emails with a prescreening 
survey link to university listservs and personal connections. Those who filled out the survey 
received a follow-up instruction email with a unique access code and our WhatsApp 
number to participate in the study by sending odometer images. A total of 117 people 
completed the prescreening survey, and later, 47 of them sent at least two odometer 
images on WhatsApp, which was required to compute the VMT between the images. 

Results of the Pilot Study 

The automation framework worked flawlessly without errors and seamlessly, 
communicating with the participant, receiving and organizing the odometer images, and 
sending notifications after receiving and manually verifying the images. The team received 
only two invalid odometer images (one duplicate and one blurred) among 147 submitted 
images, dispelling the initial concerns that participants might struggle to follow the 
instructions or find the process too complicated. It also alleviated reservations about 
potential misuse of the system to claim gift card incentives.  

This result demonstrates the potential of the automation framework, showing some 
potential to aid existing surveys or other methods in measuring VMT by collecting 
odometer images via a commonly used social media. However, we encountered several 
challenges and issues during the pilot study. First, it was found that the study participants 
submit odometer images at varying times of the day, for instance, one image at night and 
another in the morning. This may notably cause larger errors in assessing VMT in a short-
term study, where the variation in VMT over one day is more significant. Additionally, we 
discovered that the recruitment process for the study was more challenging than we 
initially anticipated. Despite our efforts to distribute the invitation email through listservs 
and other means, our final sample size consisted of 147 images, which is not large enough 
for rigorous VMT analysis. Hence, we acknowledge that this study has not provided 
sufficient support for the proposed method as a scalable and cost-effective method of 
VMT data collection compared to existing ones. 

As a result, this study primarily examined the proposed approach of VMT data collection 
via WhatsApp as one valid alternative. Future studies are expected to further enhance the 
method by several means, such as adopting other communication channels (e.g., short 
messaging services or Facebook Messenger) or using it as an add-on study of an existing 
large-scale survey. 
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Introduction 

California’s Goal to Reduce Per Capita VMT 

The California Air Resources Board (CARB) highlights that, despite cleaner vehicles and 
low-carbon fuels, the path to carbon neutrality by 2045 depends on reducing per capita 
vehicle miles traveled (VMT) (11). In its latest 2022 Scoping Plan (a strategic blueprint 
developed every four years to guide the state toward meeting its long-term climate goals), 
CARB proposes reducing per capita VMT by 25% in 2030 and 30% in 2045 (both compared 
to 2019 levels). This implies that Metropolitan Planning Organizations (MPOs) need to 
devise policies to reduce per capita VMT by an average annual rate of 2.5% to 3% to meet 
the 2030 targets. MPOs across California are implementing Sustainable Communities 
Strategies (SCS) to integrate land use, housing, and transportation plans to achieve the 
VMT reduction targets (12). 

Travel Surveys Can Play a Crucial Role 

Travel surveys are widely employed to understand individual-level travel behavior, which 
plays a vital role in transportation planning. Surveys will continue to play an important role 
in CARB’s VMT reduction goals by providing detailed insights into travel patterns. A well-
designed travel survey can assess the impact of new policies and infrastructure 
investments on VMT (1–3) and/or understand the key determinants of VMT to help design 
more targeted policies (4–6).  

However, the surveyors struggle to collect accurate VMT information in the surveys. Self-
reported VMT is one of the most common methods to collect such information. Most travel 
surveys also collect sociodemographic and other influencing factors, allowing us to 
develop statistical models to assess the impact of policy interventions on VMT while 
controlling these individual factors. Yet, the self-reported VMTs are subject to significant 
measurement errors for several reasons: memory decay, recalling errors, unwillingness to 
report full travel details, carelessness, and rounding/heaping biases in the measurement 
of distances. The analysis of data from the California Household Travel 2001 Survey 
demonstrated that the VMT estimated using the travel survey in Sacramento was 30% 
below the actual VMT measured using a GPS device installed in the respondents’ vehicles 
(13). Perhaps, the self-reported VMTs can substantially differ from the actual VMT 
reduction achieved through infrastructure or policy interventions. This raises alarming 
questions about the heavy reliance on the self-reported VMT collected for tracking 
progress to support CARB’s reduction goals.  

The recent technological integration into survey data collection, such as Global Positioning 
System (GPS)-enhanced (7, 14–19) and mobile app-based surveys or tracking tools (8, 18, 
20–22) can provide better estimates of VMT. However, they can be intrusive by tracking 
every movement and are too expensive to scale up. They also suffer from lower response 
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rates, high dropout rates, or even self-selection biases resulting from hesitation in using 
GPS devices or installing mobile apps on personal smartphones. Therefore, the samples 
collected from these enhanced methods may prove problematic in terms of generalization 
and representativeness of the population for policy analysis.  

Certainly, there are several non-survey-based methods for VMT data collection. These are 
usually passively collected data, either sourced from the Federal Highway Administration 
(FHWA), the Department of Transportation (DoT) of the states, traffic counts, or odometer 
readings of state Department of Motor Vehicles (DMV) inspection data. These are good 
options to retrieve more reliable and accurate VMT data (if processed correctly), but rarely 
come with travelers’ characteristics that are critical for successive travel behavior 
analysis. 

In short, through a rigorous literature review presented in a later section, we identified that 
current VMT data collection methods do not reconcile the capabilities of collecting both 
accurate VMT and travelers’ characteristics in an inexpensive and non-intrusive way. 

Proposed Methodology to Collect VMT Information 

To satisfy certain needs of VMT data collection that current methods do not cover, this 
study develops a new automation framework for collecting odometer images, which 
researchers can use to estimate the VMT in a period, via the WhatsApp messaging service. 
The study then tested this approach through pilot deployment to assess its performance 
and determine its feasibility as an extension to large-scale travel surveys or an 
independent study for future VMT data collection. 

Structure of the Report 

The remaining paper’s structure is as follows. The second chapter reviews existing 
methods for collecting VMT. The third chapter explains the details of the proposed 
methodology. The fourth chapter presents the details of the experimental simulated data 
collection and the pilot deployment of actual data collection, followed by the fifth chapter 
reviewing the results and findings. Finally, the sixth chapter concludes by briefly reviewing 
the summary and potential future works. 
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Literature Review 
This chapter reviews the current literature on the VMT and discusses our contributions to it 
through the present project. The following sections review the characteristics of previous 
studies from two perspectives: study objective and VMT data collection method, to 
understand the trends of prior studies and existing research gaps. 

Study Objective 

Research on VMT encompasses diverse objectives, reflecting its multifaceted roles and 
needs in transportation studies and policy analysis. In this section, we classified the 
objective of the prior studies into three large categories: determinant effects on VMT, 
modeling and forecasting, and policy design and evaluation. The number of studies under 
each category is tabulated in Table 1. 

Among the studies that we have reviewed, the most popular objective of studies was to 
assess the influence of various factors. We identified four smaller categories within this 
type of objective. Some studies examine the effect of individual behavior or propensity, 
such as ride-hailing use (23) or trip chaining (24) on VMT. A similar analysis with built-
environment factors (e.g., urban sprawl (25) or housing development designs (26)) are also 
popular in the field. In addition, various types of policy interventions, mobility programs, or 
emerging technologies (e.g., shared autonomous vehicles) are investigated for their effects 
on VMT changes. Other studies certainly argue the combined effect of these factors or 
other effects, such as economic activity in the U.S. (27). 

Another considerable interest in literature is to develop, identify, or verify new methods or 
tools to estimate VMT. This type of study includes validation of the use of vehicle safety 
inspection data as an estimator of VMT (28), development of the VMT estimation method 
with fuel sales data (29), development of an alternative VMT-estimation approach based 
on available data (30), or argument on the feasibility of the use of GPS-based survey data 
for VMT estimation (7). The number of studies focusing on factors influencing VMT and 
obtaining accurate VMT readings underscores the field's desire for precise recordings of 
this metric. 

Moreover, an undeniable amount of literature focuses on policy-related topics. VMT 
fee/tax topics, such as evaluation of VMT fee/tax strategies of current or proposed policy 
implementations (1, 31) takes a large share in this subfield. This intense interest in 
literature highlights the impact of VMT on the environment and the desire of authorities for 
clean and energy-efficient transportation. 
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Table 1. Distribution of the Study Objective of VMT Research 

Study Objective Type Count References 

Determinant 
effects on VMT 

Behavior or propensity 13 (5, 23, 24, 32–41) 
Built environment 26 (3, 25, 26, 42–64) 
Policy, program, or technology 19 (20, 65–82) 
Complex or other 18 (18, 27, 83–98) 

Modeling and forecasting 44 (6, 7, 9, 17, 19, 28–30, 99–134) 
Policy design and evaluation 27 (1, 8, 16, 31, 135–157) 
Other 4 (22, 158–160) 

Data Collection Method 

Table 2 summarizes the data collection method used in prior studies. There are roughly 
three categories of dataset types. The first one is travel-survey-based datasets that are 
usually obtained through asking people for their input. Survey-based VMT datasets have a 
clear advantage over other datasets due to the availability of travelers’ characteristics, trip 
purposes, built environments, mode choices, or other factors associated with VMT 
generation. Within travel-survey-based datasets, one popular sub-category is to use the 
National Household Travel Survey (NHTS) data published by the Oak Ridge National 
Laboratory (ORNL). 

The NHTS datasets are typically useful for many types of studies as they are available 
nationwide with a large sample size, and they consist of travelers’ social demographic 
factors or other fundamental information for travel behavior analysis. They are available in 
the annualized data type and the non-annualized data type. The former type also includes 
the BESTMILE variable developed by ORNL, which contains the estimated annual VMT of 
the sample based on the combination of the odometer reading of the survey taker’s car, 
self-reported annual VMT, the annualized value of the VMT on the day that the survey taker 
recorded their trip diary for the survey, and the characteristics of the primary vehicle driver 
(161). However, researchers can use a self-reported annual VMT or other, more naive data 
as well if needed. For instance, Wang and Chen (2014) explicitly stated that the analysis 
was based on the NHTS self-reported annual VMT because the use of the estimated VMT in 
the model leads to the problem of spurious regression (83). 

Some studies can also use the non-annualized VMT data from the NHTS, which are usually 
based on the trip diary in the survey instrument. This type of dataset provides more details 
about the trip length, trip purpose, and/or the transportation mode used for the trip, 
making it useful for conducting individual-level or context-specific analyses regarding VMT. 
For example, Ding et al. (2017) suggested that the effects of the built environment on VMT 
significantly vary between the two trip purposes of commuting and non-commuting trips 
(50). Wu and MacKenzie (2021) estimated the net effect of a specific transportation mode 
of ridesourcing services on VMT changes in the U.S. based on the trip-level information in 
the NHTS data (23). 
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While NHTS datasets are conveniently available, covering the entire U.S. and having rich 
information about not only VMT but also travelers’ characteristics or built environments, it 
has a few drawbacks in research usability. First, it is an infrequent snapshot of the travel 
behavior in the country, conducted every five to eight years. The dataset might not be 
outdated if a researcher desires to conduct a travel behavior analysis with an emerging 
transportation option (e.g., ride-hailing or autonomous taxis) or in an unprecedented 
situation (e.g., the COVID-19 pandemic). Also, the VMT information is available only in the 
annualized VMT, which could be too long and generalized to assess specific travel 
behaviors in a certain span, or based on one-day trip diaries, which could be too short to 
capture the variability in travel behaviors. Also, as it is conducted across the nation, the 
sample size might be too small for a researcher unless there is an NHTS add-on data in the 
specific area of their interest available. 

Datasets based on non-NHTS surveys are useful when researchers need to obtain more 
context-aware travel behavior in a specific region, target population, or transportation 
mode. They can rely on some publicly available survey datasets or may conduct their own 
survey using a more diverse and tailored survey instrument for the study if there are no 
suitable data sources available. Questionnaires about self-reported VMT or activities that 
lead to estimating VMT (e.g., use of ride-hailing services or teleworking behaviors) are one 
of the most straightforward methods to obtain VMT information from the survey sample. 
Tirachini and Gomez-Lobo (2020) conducted an Uber use survey in Chile and evaluated the 
effect of Uber on the change in vehicle kilometers traveled (VKT) by integrating the data by 
building a simulation model with parameters derived from other studies (40). This type of 
questionnaire is superior to other methods as it demands a small respondent burden. 
Survey participants do not need to provide a full, detailed travel diary or continuous input 
over time. Still, researchers can ask not only about people’s general travel behavior or 
travel activities of a specific day but also those in a specific range (e.g., the use of ride-
hailing services in the last month). However, a large drawback of this method is that, as 
one can easily expect, it is prone to errors due to memory decay, recalling biases, rounding 
issues, and/or heaping biases. In short, survey takers, when they are asked to recall their 
activities or driving mileage, are not able to provide the true number. Also, these types of 
questionnaires often lack spatial and temporal granularity. If these details, for instance, 
when someone took the ride-hailing service from one place to another, need to be input 
trip-by-trip, the survey will be rather classified into a travel diary. 

Still, conducting such an explicit trip diary and using the data for VMT-related analysis is 
also a popular approach among studies that we reviewed. Using a trip diary is more likely 
to yield a fine-grained dataset that is necessary for studies that require more precise 
information to estimate VMT based on the trip details. Zhang et al. (2025) examined the 
effect of the use of electric vehicles on trip frequency and VKT in the Netherlands, using a 
one-day-travel-diary dataset (94). The dataset for their analysis contained not only detailed 
information on socioeconomic and demographic characteristics, residential environment, 
and trip specifics, including trip length, mode of transport, and purpose, but also 
household car ownership, car fuel types, and residential locations (94). One clear 
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disadvantage of using a trip diary is, however, that it significantly increases the response 
burden of the survey takers. Also, the advantage of a higher precision of travel data is not 
assured unless the survey taker is forced to input the details of every trip that the 
researcher targets. Survey takers may skip reporting small trips, may forget the details of 
the trips, or simply forget the trips themselves. After all, as far as the questionnaire 
depends on survey takers’ self-reporting, this type of dataset is inevitably determined to 
have a similar drawback that we discussed earlier for the self-reported or activity-based 
VMT dataset. 

Asking one’s odometer reading in a travel survey, as NHTS conducts, resolves this issue to 
some extent because the survey takers do not need to rely on their memory to report the 
VMT. Tilov and Weber (2023) conducted an analysis of the fuel price elasticity of VMT using 
a rolling-panel travel survey in Switzerland with information on odometer readings reported 
in different survey waves (90). It can be a reliable and versatile source of VMT information 
when odometer readings are collected along with the vehicle owner’s social demographic 
characteristics and other factors asked for in the survey. However, one critical deficit of 
this approach is that obtaining one odometer reading does not provide an accurate VMT. 
Researchers need to obtain at least two readings to compute the difference between the 
datetimes of the readings and then compute VMT based on it. Otherwise, VMT will be a 
rough estimate evaluated by dividing the odometer by the number of years elapsed since 
the vehicle’s model year. This VMT evaluation method could be too naive in some cases, 
for instance, the current owner of the vehicle purchased it as a used car, and therefore, the 
pace of VMT accumulation changes at a certain time point. 

The last survey-based VMT data collection method is to use a dedicated GPS device to 
collect the GPS trajectories of the travelers for a certain period, in the form of a trip diary. If 
the researcher can obtain travelers’ information and trip information (e.g., trip purpose or 
transportation mode) with a separate questionnaire, this approach will provide the most 
precise and accurate source of VMT information for further analysis. Meanwhile, this 
method is inevitably expensive to conduct. The survey administrator needs to distribute a 
dedicated device for GPS data collection or manage software that would be installed on 
survey takers’ mobile phones. From the survey takers’ perspective, they are required to 
keep the dedicated device with them or have the mobile app connected all the time. This 
requirement could be considered a large burden, or even intrusive into privacy, which may 
lead to a self-selection bias in the survey participation. 

Looking at non-survey-based VMT data collection methods, they mostly depend on an 
external data source or passively collected data. The most popular data source is from the 
FHWA. FHWA publishes the highway statistics series that summarizes the annual VMT by 
state, highway type, or vehicle type. Researchers can use this type of information to 
conduct relatively large-scale and long-term analyses. A similar type of dataset can be 
sourced from state DoTs as well. Although the Highway Statistics series is summarized by 
aggregating the reports from state DoTs, and thus some of the datasets that the 10 studies 
depend on could be from the same data source as those based on the FHWA, we classified 
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studies into this category if they did not explicitly mention the data source to be FHWA. As 
a use case of this kind of dataset, Memmott (2007) argued the trend in VMT growth in the 
entire U.S. from 1970 to 2005 in relation to real personal income growth, using the FHWA 
Highway Statistics and the NHTS dataset. While the FHWA dataset provides 
comprehensive VMT information across the U.S., covering all the highways and other types 
of public roads, it lacks several important information, including the travelers’ 
characteristics, spatial and temporal precision, or trip purposes. This type of dataset is 
merely for studies that only require an aggregated number of VMT. 

Another type of passively collected dataset is GPS-based datasets or datasets collected 
through connected devices. Some private companies, such as INRIX or StreetLight Data, 
provide large-scale travel information based on the trajectory of mobile devices or 
embedded GPS trackers. Researchers can use either a disaggregated GPS trajectory of 
each vehicle or aggregated travel volume from point to point or region to region to estimate 
the VMT of their interest. However, several issues about data quality may arise. Due to 
privacy concerns, detailed travelers’ information could be anonymized by the private data 
providers, or even if included, it could be processed through their proprietary “black box”. 
Also, VMT information derived from these sources includes only drivers and vehicles with 
the equipment to submit the telemetry (e.g., a specific smartphone app or network-
connected vehicle). This can lead to sampling bias in the eventually obtained VMT data. 

The dataset of fuel sales is a simple but effective proxy to estimate the VMT. As 
automobiles run a certain length by a certain amount of fuel (e.g., 25 miles per gallon), 
knowing the total fuel consumption in a region or by an individual will be accurate enough 
to estimate the total VMT run by the region or the individual. Hossain and Gargett used the 
petrol sales by the Department of Resources, Energy and Tourism in Australia to estimate 
the quarterly VKT of the states/territories and their capital city in the country (29). Still, this 
data type also lacks information about the drivers. Also, the fuel efficiency of automobiles 
largely varies from vehicle to vehicle. Thus, the application of fuel sales data as a source of 
VMT estimation would be mostly limited to aggregate-level analysis in a wide region. 

Datasets of odometer reporting by periodic vehicle inspection or manufacturers’ service 
records are another source of accurate VMT information. This method provides a dataset 
of VMT in a similar way to surveys with odometer reporting, but on a much larger scale. 
Yuan et al. (2021) leveraged the vehicle inspection data provided by the Pennsylvania DoT, 
which contains more than 100 million odometer readings from 1999 to 2018, to estimate 
the difference between what drivers currently pay for fuel taxes and what they would pay 
for mileage-based user fees (146). Similar to other passively collected data types, this data 
type lacks drivers’ characteristics, although it can include details of the vehicle itself. Also, 
it might be difficult for researchers to access the full dataset of authoritative inspection 
data or service records due to privacy concerns. 

The last passively collected data source for VMT estimation features non-FHWA- or non-
DoT-based traffic count data. This type of data usually targets certain segments of 



 
8

 

highways or an urban area rather than the state-level road network. For instance, Jung et 
al. (2017) estimated VKT based on traffic volumes and travel speeds on road links in 
Incheon, South Korea (130). This approach enables researchers to focus on a smaller area 
of study with precise real-world traffic counting, which cannot be done in any other form of 
data collection. The drawback of the method is that the travelers’ information is not 
included. Also, since it oftentimes requires specific hardware (e.g., a loop detector) or a 
video recorder to count traffic, conducting a long-term experiment may result in a higher 
cost. 

In addition to the survey-based data and passively collected data mentioned above, some 
studies used VMT data or estimated VMT by simulation. On one hand, there are studies 
based on relatively small-scale simulations, such as an estimation of VMT by simulating 
on-demand food-delivery orders and deliveries to them (98) or mathematical analysis of 
the sidekick routing paradigm (128). On the other hand, some used demand models, which 
are usually provided by state DoTs or MPOs. Researchers can forecast VMT based on the 
characteristics of the population, employment, built environments, road geometries, 
transit availability, and so on (82). These methods are useful when obtaining real-world 
VMT data is difficult or infeasible. Also, forecasting VMT based on available data of 
travelers or urban structure is versatile in testing counterfactual scenarios, hypothetical 
policy planning, or future infrastructure expansion. Meanwhile, one must beware of 
potential errors, biases, and/or overgeneralization, due to the forecasting method and/or 
the quality of the dataset by which they generate it, when relying on these methods. In 
short, simulated data should never be treated as a true reflection of the real world. 

Table 2. Classification of the data types of prior studies 

Dataset type Count References 

Survey-
based data 

NHTS 
Annual data 12 (1, 49, 66, 83, 86, 87, 118, 139–143) 
Non-annual data 5 (23, 50, 67, 88, 160) 

Non-
NHTS 

Self-reported or 
activity-based 

17 (40, 41, 51–57, 70–73, 91, 122–124) 

Trip-diary 18 
(3, 5, 24, 26, 42, 58–61, 74–76, 92–95, 
125, 145) 

Odometer 
reporting 

10 (6, 39, 68, 69, 89, 90, 119–121, 144) 

GPS-based 3 (7–9) 

Passively 
collected 
data 

FHWA 27 
(25, 27, 30, 32, 37, 38, 45–48, 65, 84, 
85, 108–115, 135–138, 158, 159) 

State DoT 11 (35, 36, 44, 101–107, 131) 
GPS-based data 5 (17, 19, 31, 116, 117) 
Connected device 7 (18, 20, 22, 34, 43, 99, 100) 
Fuel sales 1 (29) 
Odometer reporting 8 (16, 28, 62, 126, 127, 146–148) 
Traffic count 7 (64, 129, 130, 132, 133, 150, 151) 

Simulated data 17 (33, 63, 77–82, 98, 128, 134, 152–157) 
Other 3 (96, 97, 149) 
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Table 3. General pros and cons of the data types 

Dataset type Pros Cons 

Survey-based data 

Easy to implement 
Can freely include questions 
about travelers’ 
characteristics 

Subject to errors by recalling, rounding, or 
other reasons 
Not suitable for a continuous study for a 
certain period (e.g. one month) rather than 
a one-time reporting or short-term trip 
diary 

Survey-based data 
(with GPS) 

Can collect very accurate 
VMT data along with 
travelers’ characteristics 

Can be too intrusive and cause a self-
selection bias 
Can be too expensive with the 
device/application cost to scale 

Passively collected 
data 

Can collect relatively 
accurate VMT data 

Rarely come with travelers’ characteristics 
and trip purposes 

Simulated data 

Can forecast VMT in 
situations where 
researchers cannot obtain 
the real data 

Not real VMT data after all 
Depending on the quality of the data for 
forecasting 

Summary of the VMT Literature Review 

In this section, we reviewed the current state of research regarding VMT by investigating 
151 prior studies from the perspective of the study objective and data collection method. A 
few key findings in our review include: 

1) Regarding the study objective, the most common approach in VMT research was to 
assess the effect of various factors, such as the use of ride-hailing services, the 
built environment, policy interventions, or mobility programs, on individual or 
societal VMT. Exploration of new tools or methods to estimate VMT and discussions 
on VMT tax/fee follow in the quantity. 

2) Methods for VMT data collection have diversity. Broadly speaking, data collection 
methods can be categorized into survey-based methods, non-survey-based 
methods, and generative methods. Generally, survey-based methods are prone to 
errors due to recall biases or rounding and heaping biases in reporting the VMT 
unless the questionnaire asks for direct reporting of odometer reading. Non-survey-
based methods are a good source of precise VMT information but generally lack the 
information about “who” travels (i.e., travelers’ social demographics) for “what” 
(i.e., trip purposes). Generative methods are helpful when the VMT data is not 
readily available for the study area. However, researchers need to acknowledge that 
the simulated VMT data is not real after all. The pros and cons of each category are 
summarized in Table 3. 

a. Among the survey-based methods, using the NHTS dataset is one 
straightforward and reliable approach. The NHTS dataset comprises 
fundamental information for VMT analysis with social demographic factors, 
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vehicle possession, built-environment factors, and trip details of a specific 
day. However, due to its update frequency and availability of the 
temporal/spatial scale, this dataset is inconvenient for timely analysis with 
emerging trends or technologies, observation of long-term (e.g., one-month-
length) analysis, or area-specific analysis of VMT. 

b. Non-survey-based methods roughly have four sub-methods: self-reported or 
activity-based, trip-diary, odometer reporting, and GPS-based. In short, self-
reported or activity-based VMT data is the easiest-to-collect data type, but it 
has a high risk of reporting biases and is not suitable for fine-grained studies 
with high temporal/spatial resolutions. Trip diary questionnaire provides 
high-resolution travel behaviors of the survey takers, but it is still prone to 
error, and it demands a larger response burden than other methods. While 
VMT data based on direct reporting of odometer readings is less prone to 
errors in the numbers, it requires at least two readings to be reported for 
better precision of VMT. Lastly, adopting a dedicated GPS device or mobile 
app for GPS-based VMT data collection may yield the best quality in both the 
travel behaviors and the travelers’ characteristics. However, it is not readily 
scalable in terms of the sample size or study period due to its high 
administration cost. Additionally, a privacy concern for potential study 
participants due to its intrusive nature may result in self-selection biases in 
the obtained VMT data. 

c. Non-survey-based methods of VMT data collection generally rely on external 
data sources of authorities (e.g., FHWA or state DoTs) or passively collected 
data, such as GPS-trajectory data, odometer readings, inspection data, or 
traffic count. Although these methods yield VMT data with superior accuracy 
to most survey-based methods, there is an undeniable deficit in that detailed 
travelers’ characteristics are usually not accessible. 

d. Among the generative methods, simulated VMT data is useful for 
disaggregate-level studies in a relatively small area of interest. Meanwhile, 
travel demand models are good tools for a more comprehensive analysis of 
travel behaviors. Both methods have a strong point in assessing VMT in 
hypothetical situations, such as assessing the effect of a planned mobility 
program or future transit-oriented development on regional VMT. However, 
researchers and policymakers should not consider what these generative 
methods suggest to be the true representation of the real VMT. Simulation 
models or travel demand models can make mistakes or too bold 
generalizations. 

Given these points, we identified that a methodological gap exists between the previously 
reviewed methods for VMT data collection. Existing methods fail to reconcile the capability 
of collecting disaggregate-level and precise/accurate VMT along with travelers’ 
characteristics, a non-intrusive data collection approach, easy-to-follow VMT reporting, 
low administration cost for the researcher, and long-term data collection for one week or 
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more. In this study, we aim to introduce an innovative method to collect odometer data 
from the public by utilizing the WhatsApp application. It enables a cost-effective, fast, non-
intrusive yet accurate data collection of odometer information by asking people to send 
odometer photos via WhatsApp. To facilitate smooth participation, we developed a 
dedicated web application system whose details are presented in the next chapter. The 
application automates user registration, photo handling, communications, and so on with 
the study participants. We believe that the introduction of this system, presented in the 
following chapter, and the results of the pilot study will contribute to a more 
comprehensive understanding of VMT and its applications in various fields, including Road 
User Charging programs. 

  



 
12

 

Development of the Proposed Framework 

The Central Idea Behind Collecting Odometer Images 

The central idea behind the development of an automation framework is to collect multiple 
odometer images over time from participants and calculate the difference between the 
two odometer readings to estimate VMT, with a lot of human work. It would be very 
tedious, time-consuming, and prone to errors for a researcher to collect such odometer 
images and evaluate the VMT manually. 

Our automation framework (or simply, system) has three components to achieve this goal: 

1) The WhatsApp endpoint to which study participants submit the odometer images 
and/or other queries (“WhatsApp endpoint” henceforth), 

2) The central web application (“webapp” henceforth) that handles queries and 
communications, and 

3) The database that stores binary data of the odometer images (“database” 
henceforth). 

Combined together, the automation framework is expected to perform the following 
duties: 

1) Managing the status of the study participants (“user” henceforth), 
2) Receiving and systematically organizing all the odometer images submitted by 

users, 
3) Sending a confirmation message both after receiving and verifying the images to 

reassure the users, and 
4) Handling queries from the users, such as requests to delete some accidentally sent 

images, to stop further communication, or any other unforeseen requests. 

In the following subsections, we will review the details of the automation framework. Also, 
we made the code used for the study on GitHub (https://github.com/3rfm-its-
davis/odometer-reading), which can be reviewed and scaffolded for future studies. 

Overview of Automation Framework for Odometer Image 
Collection 

Figure 1 illustrates the overall structure of our system, and the following subsection will 
explain its technical details, including the WhatsApp endpoint, web app, and database.  

1) WhatsApp endpoint: For the first component of the system, we chose WhatsApp for all 
back-and-forth communication with users because it is a widely used, free messaging 
service primarily installed on smartphones. By using an already widely accepted 
smartphone application, potential participants in our study are not required to download 

https://github.com/3rfm-its-davis/odometer-reading
https://github.com/3rfm-its-davis/odometer-reading
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an additional survey app or repeatedly access survey links to send images. Additionally, its 
service is end-to-end encrypted and user-friendly, allowing for the efficient and convenient 
collection of multiple odometer images from users without increasing the response 
burden. We set up a WhatsApp business account on the WhatsApp Developer Hub and 
registered a WhatsApp app that relays incoming messages from study participants to our 
web app via a webhook. 

 
Figure 1. Overall diagram of the system architecture. 

2-3) Webapp and database: Secondly, to handle various requests from the users, data 
transfer between the Meta server and our database, and administrative events by study 
admins (i.e., ourselves), we have built a Node.js full-stack application with the Remix 
framework (162) and hosted it on the Microsoft Azure cloud server. Also, to store the user 
status, binary data of the odometer images, and other information, we chose PostgreSQL 
(Azure Cosmos DB for PostgreSQL) as the database. To let the webapp efficiently 
communicate with the database, we also adopted the Prisma object-relational mapper 
(ORM) (163). The web app has the following key features. 

First, it receives the previously mentioned webhooks from the WhatsApp endpoint and 
executes appropriate program(s) based on the input. In other words, users can run several 
programs of our webapp by sending a command through a WhatsApp message. Examples 
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of the commands that study participants can execute include user registration, adding 
image(s), or deleting image(s). 

Additionally, when an odometer image is submitted to our WhatsApp endpoint, it relays 
the notification to our web application. As it receives such a notification, it requests the 
image binary from the Meta database, on which the odometer image has been stored. After 
retrieving the image binary, the webapp posts it to our PostgreSQL database on Azure for 
later use.  

Additionally, our webapp provides the frontend web UI for the study admins with the React 
framework (164). It offers the following functionalities: 

1. Add or edit the odometer reading associated with each submitted image. 
2. Approve the odometer reading that another admin has added. 
3. Reject an image (i.e., if the odometer image is blurred). 
4. Display the tabulation of image properties (e.g., image size or approval/rejection 

status). 
5. Display the tabulation of user statistics (e.g., number of submitted images or 

number of approved images). 
6. Display the list of submitted non-image messages from study participants (e.g., 

“Help, I want to delete the last image”). 
7. Display the list of emails of the participants who completed the study and are 

eligible for a gift card. 

Lastly, the webapp, if needed, can send messages to the study participants via the 
WhatsApp endpoint. For instance, when a study admin approves the odometer reading of 
an image, it sends a confirmation message to the participant (or a rejection message if it is 
rejected). 

Regarding the security perspective, as participants’ email addresses are considered 
personally identifiable information (PII), we have coded the webapp to automatically 
encrypt them using the bcrypt function. Study admins can decrypt them on the web UI 
using a pre-defined decryption key. Also, the frontend web user interface (UI) requires 
admins to log in with their email address and password, which were encrypted in the same 
way. 

Illustration of Automated Data Collection 

This section illustrates the automated communication, receiving, and organizing of 
odometer images. Figure 2 displays an example of the communication process on 
WhatsApp. A person registers using a unique access code shared with them via email, 
which enables the research team to create the user’s account on the system, linking their 
phone number with their email ID and other relevant information. The web app 
immediately verifies the registration key and responds to the participants. After the 
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registration, each time a participant sends an image, they receive a message notifying 
them that the image has been received. Participants also have the option to delete the 
image directly from our database using a predefined command, “DELETE IMG.”  Once the 
image is verified for quality and the VMT reading has been manually extracted by the 
research team, the participants will receive an automated notification message confirming 
the image verification. This notification serves the vital purpose of reassuring the 
participants that their images are being verified, motivating them to continue sending 
images.  

 
Figure 2. Illustration of communication on WhatsApp 

Figure 3 illustrates the frontend web UI developed to aid administrators in verifying the 
quality of odometer images and manually extracting odometer readings. The left-hand 
panel shows the access code of the registered users. Blue represents the number of 
images that require an action of the admin, green represents the number of approved 
images from which odometer readings have been extracted, and red represents the 
number of rejected images. The UI in Figure 3 represents the user profile of one of the 
participants for whom readings from three images were extracted, and one image was 
rejected. Admins can also access other pages from the top panel to check the users’ 
statistics or check if any messages have been received from the participants. 
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Figure 3. Example window of the web dashboard where administrators add odometer 
readings to the photo or reject it 

Data Format 
Through the study participation illustrated in the previous subsection, the web app enables 
us to collect images and the odometer reading attached to each of them. Table 4 
illustrates the example of the user-specific odometer reading data. In the Table 4, the user 
has submitted three odometer images. The team has approved and extracted reading from 
the first, third, and fourth images, but the second image was rejected due to its low quality. 
Consequently, the VMT is estimated by calculating the difference between the two 
adjacent readings, i.e., the VMT between 12-13-2024 and 12-17-2024 is computed to be 64 
miles.  
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Table 4. Example of user-specific odometer reading data 

Anonymized User ID Date Status Odometer reading VMT 

41574862 12-13-2024 Approved 19142 - 

41574862 12-13-2024 Rejected NA - 

41574862 12-17-2024 Approved 19206 64 

41574862 12-20-2024 Approved 19242 36 

Cost of Data Collection 

For this project, we host the whole application on the Azure cloud platform with the 
following specifications listed in Table 5. Notably, we have built a comprehensive 
application for odometer-reading data collection with a running cost of less than 100 U.S. 
dollars per month.  

Table 5. Monthly cost of data collection 

Purpose Service name Monthly cost 
(USD, January 2025) 

Webapp Azure App Service (S1 plan) 74.40 

Database Azure Database for PostgreSQL 22.94 

Phone number Azure Communication Service 2.00 
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Data Collection 
In this chapter, we present how the data collection presented earlier has been deployed in 
a real-world study, including details of the recruitment flow, participation flow, 
experimental simulated data collection, and pilot data collection. 

Recruitment Process  

First, Figure 4 illustrates the overview of our recruitment process. In this study, we 
employed a two-step recruitment process: 1) sending an invitation email to the listservs, 
and 2) sending a follow-up instruction email to the personal email address of those who 
had shown interest in the invitation email. The detailed process is presented below in 
steps. 

1. Invitation 
1.1 Sending invitation email via email listservs 

We adopted the convenience sampling method for the present study, where we sent 
invitation emails to potential participants via listservs and to some personal connections 
of the project administrators. The invitation email provided a brief description of the 
background, procedure, and incentive criteria. However, in the pilot deployment of the 
data collection process, we encountered difficulties in sending invitation emails to the 
listservs. We requested that the administrators of listservs within and outside the 
university forward our email, but many declined our request for unknown reasons. 
Therefore, we also recruited participants through physical fliers posted in various bulletin 
boards on the campus resident halls.  

1.2 Prescreening survey 

The invitation email contains a link to the prescreening survey on the Qualtrics platform, 
where the potential participants would provide the following information: 

1. Age 
2. Gender 
3. Household income level 
4. Educational attainment 
5. Possession of a driver’s license 
6. Number of household vehicles 
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If the person responds that they do not have a license or a household vehicle, the survey is 
terminated, preventing further participation. If they qualified, a few additional questions 
were asked. 

7. Number of people who will drive the vehicle for which the participant will report the 
odometer reading 

8. Estimated VMT of the vehicle in the last seven days 
9. Anticipated VMT of the vehicle for the next seven days (including today) 
10. Confidence level on the ordinal scale of the previous estimations 
11. Email address to receive the instruction email for participation 

2. Instruction 
2.1. Notification of prescreening survey completion 

Upon completing the prescreening survey, the results, along with the email addresses, are 
automatically sent to our system, allowing the webapp to send further instructions to 
those who have completed the survey. 

2.2 Distribution of instruction emails 

Our server scans for new survey responses every ten minutes. Suppose there are one or 
more new responses, an additional instruction email is sent to the email address provided 
by the survey respondent for study participation. The email instruction contains a unique 
access code and our WhatsApp phone number, which the potential participant will use to 
become a user (i.e., start actual study participation, simply “user” henceforth) described 
in the following section. 

 
Figure 4. Illustration of the recruitment method of the present project 
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Participation Process 

The detailed participation steps are illustrated in Figure 5. First, when the potential study 
participant receives the instruction email, they can now register themselves as a user by 
submitting the access code to our WhatsApp number. Then, our server registers the user in 
the database for further identification. 

After that, the user can submit several photos of their odometer to our WhatsApp number. 
Once the image is received by our WhatsApp number, it will be transmitted to our 
database and stored there. We, as the study administrator, can review each image on the 
web UI (shown earlier in Figure 3). If the submitted image is good (i.e., odometer reading is 
clearly visible), we add a mileage reading to the image on the UI. Meanwhile, if the image is 
bad (e.g., blurry, the odometer reading is blocked, or a duplicate of an image previously 
submitted), we select the rejection reason on the web UI and mark it as a rejected image. 
Either way, the participant will receive a notification message of image confirmation or 
rejection from our server when we take action on the web UI. 

By repeating this process, if three images are approved within 14 days from the registration 
date, the user is considered to have completed the study. They will receive a confirmation 
message upon study completion and are entitled to a $5 gift card. The gift card is later 
manually distributed by us through Giftbit.com to the email address of the user. If 14 days 
elapse since the user opened their account (i.e., they registered as a user) with less than 
three images approved by us, their account will automatically be closed. 

Also, the user can request to delete the image(s) or close their account if needed during 
the participation period. These options are prepared for the user’s privacy concerns. When 
the user closes their account, they can even select whether to keep the binary data of the 
images that they have submitted to our database or delete them all. 

If the user completes the study by having three images approved by us or their account has 
been closed, they can no longer communicate with us via WhatsApp to reduce the 
communication burden. 
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Figure 5. Participation logic on WhatsApp 

Simulated Data Collection 

Before reviewing the real-world data collection, we will review the details of an 
experimental simulated data collection. Since our webapp autonomously communicates 
with the database, accesses the Meta server, and/or sends text messages to the users, a 
misspecification in the programming code may result in a critical failure, such as 
spamming messages to users or posting a lot of irrelevant and invalid images to the 
database. Therefore, before launching the actual data collection trial, we rigorously tested 
our system for debugging purposes. 

To test the system's functionality, we simulated data collection after building the core 
components using a mock dataset. First, as an initial step, we prepared 58 dummy 
odometer images and set 12:00 AM on December 1, 2024, as the reference datetime. Then, 
we ran a program that generated 30 mock users. The mock datetime of the completion of 
the prescreening survey was randomly set seven days later than the reference datetime for 
each user. Also, the mock activation datetime (i.e., when the user submitted the access 
code to the WhatsApp endpoint) was set from the prescreening completion time of the 
user to 3 days later than it. 
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Consequently, the program added dummy images picked from the 58 mock images, which 
contain 46 odometer images and 12 non-odometer images, at random. The number of 
images per user was set to seven for a part of the sample and 10 for the other. The mock 
image submission datetime was assigned 14 days later than the activation datetime for 
each image, with a truncated normal distribution (mean of zero and standard deviation of 
two for part of the sample and three for the other). Finally, we assigned a mock email 
address and phone number to each user, encrypted the email address using the bcrypt 
algorithm, and posted the users with the image data to the database. 

After that, we and an undergraduate student assistant verified that each user has correctly 
owned image data in the database and added the odometer reading to each image using 
the web UI. We added a reading to 461 images in total, with 370 approvals and 91 
rejections. The share of approved images (370/461=80.3%) was roughly equal to that in the 
valid images in the mock images (46/58=79.3%). We made a few minor adjustments based 
on their feedback, but the system generally performed as smoothly as we had expected. 
However, it should be noted that we tested only the webapp and the database in this 
process, excluding the WhatsApp endpoint. Although it was technically possible, due to 
the development cost, we decided not to purchase many phone numbers on Azure or other 
platforms. Instead, we registered them all as a mock WhatsApp user and tested sending 
and receiving messages to and from them during the development phase. 

Pilot Study Deployment and Its Results 

In this section and the following, we review the details of the pilot study deployment, its 
results, and notable experiences that we encountered during the data collection. 

We launched a pilot study of the VMT data collection using the presented system schema 
in mid-December 2024 and ended it at the end of May 2025. Table 6 shows the summary 
statistics of the study participation. By the end of the study, 159 people started the 
Qualtrics prescreening survey, and 117 of them (73.6%) completed it. 40.3% of the initial 
sample started study participation (i.e., activated as a user by sending the unique access 
code to our WhatsApp number), and 25.8% of them completed the study (i.e., had three 
valid odometer-reading photos approved by us). The completion rate might look even 
though these numbers are not very good for performing any rigorous statistical analysis, 
we believe it is enough to examine and demonstrate the capability of our automation 
framework for collecting people’s VMT efficiently and with ease. 
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Table 6. Statistics of the study sample 

Category Sample 
size 

Ratio to the sample size compared 
to prescreening completed 

Prescreening survey started 159 (100.0%) 
Prescreening survey completed 117 73.6% 
Activated the account 64 40.3% 
Submitted at least one valid image 53 33.3% 
Submitted at least two valid images 47 29.6% 
Submitted at least three valid images 41 25.8% 

Survey participants 
Table 7 displays the sociodemographics of participants in our pilot deployment who 
completed the prescreening survey (n=117) and those who sent two or more valid 
odometer images (n=47). As mentioned in the previous chapter, we employed a 
convenience sampling method for this study, primarily within the University of California, 
Davis. Consequently, our sample is largely skewed towards younger, low-income, and 
highly educated individuals compared to the standard population of California. Looking at 
the difference between the distribution among the prescreening survey participants and 
those who completed the study by submitting three valid odometer images, there are 
slightly more older and low-income people in the final sample, but overall, the 
distributions remain similar between the samples. 

We also asked the participants to estimate the VMT in the last seven days and for each of 
the forthcoming six days, including the day when they took the survey. Table 7 also 
includes the distribution of self-reported confidence in the VMT estimations. Overall, 
people were not very confident in estimating how many miles they drove when asked to 
recall the most recent week. Only 20% of respondents in the prescreening survey reported 
very high confidence. Interestingly, however, people were slightly more confident in 
estimating their expected mileage in the forthcoming week. The share of “very confident” 
and “completely confident” increased to about 30% while estimating VMT for the coming 
week. 
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Table 7. Distribution of the social demographic factors and difficulty with recalling 
and confidence in the estimation of VMT 

Factor Level 
Share with those who…  

completed the 
prescreening survey 

submitted two or 
more valid images 

(Sample size) 117 47 

Age 
Under 25 25.6% 34.0% 
25-39 56.4% 40.4% 
40 or older 17.9% 25.5% 

Gender 
Man 38.5% 40.4% 
Woman 61.5% 59.6% 

Income 

Less than $50,000 17.1% 21.3% 
$50,000 -99,999 16.2% 8.5% 
$100,000-149,999 29.1% 27.7% 
$150,000 or more 35.0% 40.4% 
Prefer not to say 2.6% 2.1% 

Education 
Bachelor’s or less 52.1% 55.3% 
Graduate/Professional 47.9% 44.7% 

Number of 
Household Vehicles 

1 43.6% 40.4% 
2 or more 56.4% 59.6% 

Difficulty in recalling 
last week's VMT 

It’s very hard to recall it 2.6% 0.0% 
I struggled a bit to 
estimate it 

18.8% 17.0% 

I think I remembered it 
okay 

32.5% 42.6% 

I’m pretty sure I got it right 35.0% 27.7% 
Yes, I remember it exactly 11.1% 12.8% 

Confidence in the 
estimation of next 
week's VMT 

Not confident at all 5.1% 4.3% 
Slightly confident 26.5% 29.8% 
Moderately confident 39.3% 44.7% 
Very confident 23.9% 14.9% 
Completely confident 5.1% 6.4% 

During the study, we obtained 147 odometer images from 53 users in total. Next, Table 8 
shows the distribution of the number of images submitted in different hours of the day. 
Although it is not required in the study, one straightforward assumption is that users would 
submit an odometer image immediately after they took it, rather than saving the image and 
submitting it a while later. Generally, users tend to submit an odometer image at midday 
rather than morning or night. It is inferred that since our study collects images of 
odometers, people would notice that they can take an image and send it when they start or 
finish driving during the day. However, obtaining an odometer image during the day is not 
ideal in terms of following VMT analysis, since it is difficult to determine if the odometer 
image was taken before they drive or after they finish driving. For instance, when people 
complete their work at the office at 6:00 PM, they can take an image either before leaving 
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the office or after arriving home. It is more likely that the image was taken before or after 
the trip if the image was sent in morning or at night respectively, but this does not go 
beyond a naive assumption and should be noted as one drawback of our data collection 
method. 

Table 8. Number of images submitted in different hours of the day (n=144) 

 
Morning 
(6 AM-9 AM) 

Midday 
(10 AM-6 PM) 

Night 
(7 PM-11 PM) 

Late night 
(12 AM-5 AM) 

Number of images 23 85 32 4 
Share 15.6% 59.0% 22.2% 2.8% 
(Hourly average) 5.75 9.44 6.40 0.67 

The numbers in the header show the range of hours in the day on the 24-hour scale. Rejected images 
(n=3) have been removed. 

Next, with 47 participants submitting more than one valid image, Figure 6 illustrates the 
difference in time of the day between the consecutive odometer images. Here we include 
only the first, second, and third images approved for VMT analysis. Users could send 
multiple images on the same day or beyond the third approval but those have been 
removed. Every point in the plot is placed at the X coordinate of the image submission time 
of the earlier image and the Y coordinate of that of the later image. It is desirable that a 
user submits images at the same time of the day for every image as it makes easier to 
compute and examine the daily VMT of the person. However, the image indicates a large 
variation in the image submission time for the same user. For instance, if a user submits 
one image at 7:00 AM in one day and 9:00 PM on the next day, it is likely that they had VMT 
of two days instead of one. Unless we can obtain odometer images of the person large 
enough to assess their daily driving behavior, this variation could be a notable obstacle to 
computing a good estimate of VMT. 
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Figure 6. Distribution of the difference in time of the day between consecutive images 
(n=83). Blue points represent those with the time difference smaller than three hours. 

Although there are generalizations and assumptions mentioned above, we still computed 
the cumulative VMT from the odometer reading of the first image and that of the 
second/third images. Calling this VMT actual VMT (𝑎𝑉𝑀𝑇), we also computed the 
expected VMT (𝑒𝑉𝑀𝑇) by adding up the expectation of VMT answered in the prescreening 
survey. For instance, assume a user submitted the first image 1.8 days later than when the 
user completed the prescreening survey and the second one 4.5 days later than the 
prescreening. Then, defining 𝑠𝑉𝑀𝑇𝑛  as the expectation of VMT for the 𝑛th day, counting 
from the day when they took the prescreening survey (i.e., 𝑛 =1 stands for the day of the 
prescreening survey participation), we compute the 𝑒𝑉𝑀𝑇 as 

𝑒𝑉𝑀𝑇 =∑ 𝑠𝑉𝑀𝑇𝑛
4

𝑛=1
+ 0.5 × 𝑠𝑉𝑀𝑇5 −∑ 𝑠𝑉𝑀𝑇𝑛

2

𝑛=1
+ 0.8 × 𝑠𝑉𝑀𝑇3 

which stands for an interpolated expectation of VMT that the user would make between the 
date of the first and second image submission. Because we asked the expectation of VMT 
up to six days after the date of the prescreening survey participation, we removed images 
which were submitted seven or more days later than the prescreening survey participation 
date (n=73). 
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Figure 7 displays the scattered plot of the expected VMT and the actual VMT extracted from 
the odometer image(s) in the log scale. While we made a very naive VMT estimation, the 
plot still indicates uncertainty of a driver's VMT estimation to some extent. The plot 
suggests that participants tend to underestimate their VMT for the forthcoming days in this 
study. 

 
Figure 7. Distribution of the expected VMT estimated by the participant and the actual 
VMT reported by the odometer images. Red dots show the VMT computed by the first and 
second odometer image (n=42), and blue dots show that by the first and third odometer 
image (n=31). 

Finally, Table 9 shows the summary statistics of the computed expected VMT (𝑒𝑉𝑀𝑇) and 
actual VMT (𝑎𝑉𝑀𝑇). It is expected that the mean and standard deviation of 𝑒𝑉𝑀𝑇 and 
𝑎𝑉𝑀𝑇 becomes larger for the third image because the cumulative VMT becomes larger as 
time elapses. As we reviewed with the previous scatterplot, the expected VMT is generally 
smaller than actual VMT, implying the users’ tendency to underestimate their driving range. 
As the magnitude of VMT gets larger, the mean absolute error (MAE) and root mean 
squared error (RMSE) become larger accordingly. However, a smaller number of those 
statistics on the %-scale (MAE% and RMSE%) suggest that the expectation of VMT is 
relatively closer to what they drive for the VMT computed by the third image. This result 
could be an implication that people are better at estimating their driving range in a longer 
time by thinking of the weekly routines rather than estimating the range of a specific 
forthcoming day or two. The RMSE-MAE ratio at 1.68 and correlation at 0.553 and 0.504 
suggest that there are some outliers in the data, but it is far better than at random. In other 
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words, some people might have a very long drive that they did not expect when taking the 
prescreening survey or vice versa. 

Table 9. Summary statistics of the expected VMT, actual VMT, and its difference 

Statistics 
VMT by the second image (n=42) VMT by the third image (n=31) 

Expected  Actual  Expected Actual 

Mean 50.5 83.0 70.0 109.6 
S.D. 51.2 91.0 75.1 100.5 
MAE (MAE%) 48.6 (68.6%*) 57.9 (46.6%) 
RMSE (RMSE%) 81.7 (98.4%) 97.2 (88.7%) 
RMSE-MAE ratio 1.68 1.68 
Correlation 0.553 0.504 

The unit is miles except for the %-scale statistics, RMSE-MAE ratio, and the correlation. 
*: the MAE% was computed by removing the observations whose actual VMT is zero. 

Pilot Study Experience 

In this section, we will share some experience and challenges that we encountered during 
the pilot study from a few perspectives: system, participants, and researchers. 

Performance of the system 
First, most of the functions and features of the developed system worked smoothly and 
without flaws beyond our expectation. The Remix framework made it easy for us to control 
various types of data, including odometer images, odometer reading added to them, user 
status, post summary, and other tables in one convenient place of integrated web UI. As 
long as we observed, there was no downtime of the system or WhatsApp API, suggesting 
that the combination of the solutions will be encouraged for future studies with a similar 
data collection trial as well. 

Experience of the participants 
The system was well-accepted from the user’s side too. As we adopted a convenience 
sampling method, we had a chance to discuss the experience of the study participation 
with some of our research colleagues and friends. Their impression and review were 
positive overall, highlighting the seamless participation using the WhatsApp interface and 
easy-to-follow instructions. 

One note about this positive review is, however, that our colleagues and friends were a 
WhatsApp user already when we launched the study and therefore there was no obstacle 
for them to using the software (or even to installing the software). We do not have an 
interview or hear feedback from non-WhatsApp users, but certainly it might make potential 
participants stay away to try a new phone app just for this kind of study. 
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Inquiries from participants 
As reviewed in the system specification, during the system development, we built a 
component to handle non-command WhatsApp messages. This functionality was 
supposed to be a help center in case users needed help for registration, deletion of 
images, gift card, discontinuation of participation, and so on. However, we had only one 
message in the whole study, contrary to our initial expectation. 

Manual extraction of odometer readings from images 
Contrary to our initial concerns, only two invalid images (one duplicate image and one 
blurred image) were submitted by a study participant. There seemed to be no spamming 
images or attempts to cheat to get a gift card by submitting artificial intelligence (AI)-
generated images or similar, as far as we verified. Also, the image quality (e.g., brightness, 
contrast, or clarity) was overall excellent, probably thanks to recent rapid improvement in 
the quality of smartphone cameras. Consequently, the extraction of odometer readings 
was much easier than we initially thought, and it was done in a short time. These results 
are important hints for future studies that may attempt a similar data collection method for 
VMT or other objectives. 

Challenges in the recruitment of participants 
While we enumerated positive aspects of our system and user experience with it, there 
was a significant challenge with the recruitment process. For the present study, we did not 
use an online opinion panel. One of the reasons for the decision was insufficient funding to 
request data collection through an opinion panel. Meanwhile, the other is due to the nature 
of this study. Although an online opinion panel can let a certain number of people 
complete the prescreening survey with questions about social demographic factors and 
driving behaviors, it is not guaranteed that those people would participate in the later 
phase of our study by submitting the odometer images. Since we had not known the ratio 
between those who complete the prescreening survey and those who complete the study 
by submitting three images (that is, 35% as reviewed in Table 6), it was a risk for us to fully 
account for an online opinion panel for data collection. 

Even with the convenience sampling method that we eventually adopted, there were 
several issues that we did not initially expect. When we asked universities’ email listservs 
to circulate the invitation email for the study, many of them were not willing to do so due to 
irrelevance with their agenda/theme. Even when the email is distributed through some 
listservs, the response rate is significantly smaller than our expectations. Also, we initially 
desired to distribute physical flyers with a quick response (QR) code to the prescreening 
survey and other necessary information to the residential halls of the university, but it was 
restricted by their policy, and we were only able to display a copy of the flyer on some 
bulletin boards of the halls. Consequently, we made additional recruitment efforts through 
our personal connections, yet the sample size ended up smaller than our initial plan. 
Future studies are encouraged to further examine the concept of the data collection 
method presented in this study in an environment that enables a larger sample size. 



 
30

 

Summary, Conclusion, and Future Works 
In this study, we developed a brand-new methodology for VMT data collection using 
WhatsApp and examined its capabilities and challenges through a pilot study. Lastly, we 
conclude this study by discussing the summary of the findings and potential future work. 

Summary of the Findings 

Despite the emerging need for accurate VMT data to develop policies and 
countermeasures for sustainable transportation options, researchers and other 
stakeholders are facing several challenges in the current methods for collecting VMT data. 
Travel-survey-based VMT data are relatively easy and cheap to collect, but are almost 
always subject to recall errors, rounding, and/or heaping biases. Adopting GPS-based data 
collection during a travel survey significantly increases the accuracy of the collected VMT 
data, but it can be expensive to scale the study or may be too intrusive. Passively collected 
VMT data is relatively more accurate but usually does not include information about the 
travelers or trip purposes, which can be a critical flaw in travel behavior analysis. 
Simulated VMT data, such as those generated through travel demand models, can be a 
good source for analysis of the potential impact of hypothetical situations or plans. 
However, those are, after all, not a real representation of the true VMT and depend on the 
quality and availability of the data by which the forecast was generated. 

To address the limitations of such existing VMT data collection methods, we developed a 
novel system that collects images of odometer readings submitted via WhatsApp. Our full-
stack web application automatically communicates with study participants and organizes 
the images in the database. By using a commonly used social media platform and the 
automation framework, we aim to achieve VMT data collection that is more accurate, low-
cost, less intrusive, and suitable for longer-term or large-scale studies.  

Consequently, we evaluated the feasibility of the system with a pilot VMT data collection 
trial. We conveniently sampled participants by sending invitation emails to listservs and 
our personal connections and distributing flyers in several locations. The invitation email 
contains information about the study along with a link for a prescreening survey. The 
prescreening survey collected information on sociodemographics, about VMT, and their 
email address. Those who completed the pre-screening survey received an instruction 
email with detailed participation instructions and a unique registration key. The 
participants were asked to send up to three odometer images within seven days to qualify 
for the gift card of $5. 

The data collection through pilot deployment demonstrates that the automation 
framework worked smoothly for users and us as the administrators without critical errors. 
The team received only two invalid images (one duplicate image and one blurred image) 
among all the 147 submitted images, dispelling the team’s initial concerns that 
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participants might struggle to follow the instructions or find the process too complicated. 
It also alleviated worries about potential misuse of the system to claim gift card incentives. 
Hence, this study, to some extent, supports the capability and feasibility of the presented 
system as a method of alternative VMT data collection.  

However, our pilot study indicated a few caveats and challenges with the proposed 
method. First, it was found that the study participants submit odometer images at varying 
times of the day, for instance, one image at night and another in the morning. This 
observed behavior of the study participants implied that the proposed method might not 
be suitable for a short-term study, in which the variation of VMT in one day is more 
important. 

Also, one of the most difficult issues that we encountered was in the recruitment process. 
In spite of our efforts to distribute the invitation email through listservs and other means, 
our final sample size was 147 images, which is not large enough for rigorous VMT analysis. 
We expected that our method is relatively cheap and scalable for large data collection, but 
we admit that this concept was not supported by this study. As one of the proposed 
advantages of our system is that the cost of data collection remains the same as long as 
the webapp can handle queries, the method may become more effective when integrated 
as an add-on study to existing travel surveys or other experiments that can ensure a 
relatively large sample to be studied. 

Future Works 

Finally, we enumerate a few potential improvements or new features that can be added to 
the proposed data collection for future studies. 

First, the integration of non-WhatsApp communication methods will be essential to 
improve the study participation rate. In the U.S., it is reported that WhatsApp has 100 
million users (10) As of 2024, however, this implies that more than one third of U.S. 
residents will automatically be excluded from our study. Including opportunities for people 
to participate in this type of VMT data collection via other means, such as short message 
services (SMS) or Facebook Messenger, will be helpful to increase the sample size. 

Secondly, better navigation for users will also help with a higher retention rate in the study. 
In our study, our webapp did not send messages more than confirmation/rejection 
notifications or replies to other user commands. This would be good for some users who 
did not want to be disrupted by WhatsApp notifications, but at the same time, it could be a 
reason for them to forget about the study. A daily reminder or snoozing for image 
submission, as they request in advance, will keep them more informed and engaged in the 
study. Also, this type of reminder may be great to control image submission time. For 
instance, when someone submits one image, the webapp could send a message to them, 
asking whether they desire to receive a reminder at the same time on the next day. This 
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approach can yield more consistency in the image submission time of the day for the same 
user. 

Other potential improvements in the participation flow include the integration of the API of 
Giftbit, which we used to distribute the gift cards in this study, into the program to 
automate the instant distribution of gift cards to the participants after the verification of 
odometer photos. In the current project, the team manually distributed the gift cards after 
the completion of participation in the study. If there is an instant distribution of smaller-
amount gift cards (e.g., $1) to the participants after verification of an odometer image, it 
will keep the users more motivated during the study.  

Also, the integration of a follow-up survey into our WhatsApp communication could be a 
great enhancement in data collection. WhatsApp provides features to administer surveys 
(e.g., simple multiple-choice questions) within its application. This feature can be utilized 
to collect information on the travel after the submission of each odometer image. For 
example, the teams can collect additional information about the trip purpose for the day, 
work arrangements (i.e., remote work vs. commuting), or shopping behavior (i.e., e-
shopping vs. in-store shopping) to understand how activities affect VMT.  

As we have made the program we developed for this study publicly available on GitHub 
(https://github.com/3rfm-its-davis/odometer-reading) under the Massachusetts Institute 
of Technology (MIT) license, we hope that future studies will build upon the source code 
and develop further work on it. 

  

https://github.com/3rfm-its-davis/odometer-reading
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Data Summary 
Products of Research  
By this research project, we obtained a survey dataset about 1) people’s social 
demographic factors, including age, gender, household income, educational attainment, 
and number of household vehicles, 2) self-reported last-week VMT and estimate of next-
week VMT for the vehicle that the person primarily drives, and 3) email address. The email 
address will be encrypted by the bcrypt algorithm. Also, through the WhatsApp platform, 
we will collect a dataset of images of people’s vehicle dashboard, which we will add 
several metadata such as odometer reading, submission date, or image size. These 
datasets will be combined for further data analysis. 

Data Format and Content  
The survey data will be downloaded from Qualtrics in the Statistical Package for Social 
Sciences (SPSS) file format (.sav). The dataset of odometer photos and their metadata will 
be stored on a PostgreSQL database on the Azure platform and can be retrieved as 
JavaScript Object Notation (JSON) / Comma Separated Values (CSV) data as needed. 

Data Access and Sharing  
Access to the raw data is limited to the research team members. Anonymized data without 
people’s email address, phone number, or photo binary data is published on the Dryad 
data repository platform in a CSV file: https://doi.org/10.5061/dryad.g79cnp62m. 

Reuse and Redistribution  
The anonymized data will be publicly available for reuse and redistribution with the public 
domain (CC0) license. 

https://doi.org/10.5061/dryad.g79cnp62m
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