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Abstract

The vehicular energy consumption, primarily determined by the vehicle’s characteristics,
exhibits significant variations influenced by driving behavior, traffic, and road attributes,
with repercussions for emissions. This paper presents experimental results from real-traffic
runs to characterize the relationship between fuel consumption and these factors. Data on
consumption, performance, and kinematics of a light-duty vehicle were obtained using
low-cost devices, including an On-Board Diagnostics (OBD) scanner, a unit integrating
an Inertial Measurement Unit (IMU) and a Global Positioning System (GPS) receiver. The
data allowed distinguishing consumption patterns between two distinct scenarios: a col-
lector road stretch with deteriorated pavement and an express road stretch with lower
surface roughness. Relevant association was identified between fuel consumption and
factors such as discrete pavement anomalies and variables related to driving and traffic.
Moderate correlations were observed with slope, and weaker ones with pavement rough-
ness. Regarding the regression analysis, results identified acceleration and engine speed
as the primary operational determinants of fuel consumption, with road grade emerging
as the dominant geometric constraint across all scenarios. The results reveal relevant as-
sociations between fuel consumption and road, driving, and traffic-related factors while
simultaneously demonstrating a robust and replicable experimental methodology based on
commercially available sensing devices for real-traffic energy and emission assessments.

Keywords: environmental impacts; road transport; energy efficiency; fuel consumption

1. Introduction
Climate change associated with anthropogenic greenhouse gas (GHG) emissions rep-

resents one of the greatest contemporary challenges, driving global efforts to reduce carbon
emissions. On a global scale, it is estimated that the transport sector relies on fossil fuels
for over 90% of its energy demand and accounts for approximately one-quarter of global
carbon dioxide emissions related to energy production [1]. The significant contribution of
road transport to CO2 emissions has stimulated actions toward the energy transition in
this sector and other systemic changes such as integrated transformations across urban
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form (compact cities), infrastructure (public/active transit), technology (digitalization and
mobility as a service), policy (regulation and incentives), and behavior (cultural shifts
resulting in modal shifts), measures with higher mitigation potential [2,3]. However, given
the well-known challenges associated with technological transitions, studies on potential
energy efficiency gains in dominant systems and technologies have gained interest. On this
matter, assessments of energy demand increase due to variations in road transport condi-
tions and their resulting impacts on transport costs and carbon emissions have become
prominent. Drawing upon the findings of previous studies [4–6] and further analytical
considerations, the main factors influencing the specific energy demand (i.e., besides the
travelled distance) in road transportation can be classified into the following categories:

• Vehicle-related factors: vehicle mass, aerodynamic and rolling resistance geometry,
engine type, tire characteristics (including type, condition, and pressure), maintenance
status, and fuel type.

• Operational factors: traffic conditions (such as level of service, congestion, presence of
conflict points) and traffic control elements (such as signals, signs, and speed limits).

• Infrastructure-related factors: roadway geometry (alignment, grades, curves) and
pavement surface conditions (texture, roughness, and irregularities), which are associ-
ated with rolling resistance (due to pavement-vehicle interaction) and grade resistance
variations along a trip.

• Meteorological factors: weather conditions, including temperature, precipitation, and
wind, which affect vehicle dynamics and energy consumption.

• Driving behavior: mainly reflected in speed profiles, which capture drivers’ responses
to operational, infrastructure-related and environmental factors.

Assuming constant vehicle technologies and fuel types, instantaneous vehicular en-
ergy consumption varies primarily as a function of driving behavior, traffic conditions,
and road infrastructure characteristics, with direct implications for environmental im-
pacts. Unlike meteorological factors, these variables can be actively managed through
mitigation strategies such as eco-driving [7], eco-routing [8], energy-efficient geometric
road design [9], and pavement management systems that explicitly consider use-phase
greenhouse gas emissions [10].

To quantify the complex interactions between the aforementioned factors and vehicular
energy efficiency, and to support the practical implementation of these mitigation strategies,
mathematical modeling serves as an essential tool. The literature typically categorizes these
models based on their spatiotemporal resolution and data granularity. Macroscopic models,
such as COPERT, HDM-4, and MOVES (in default inventory mode), rely on aggregate
network parameters—primarily average speed and link length—to estimate emissions at
a regional level [11–14]. While effective for broad policy evaluations, these approaches
lack the granularity to capture transient driving dynamics caused by local infrastructure
constraints, such as specific grade variations or pavement roughness.

Consequently, research has shifted toward microscopic models, which calculate in-
stantaneous energy demand based on second-by-second vehicle operation. Traditional
microscopic approaches, like CMEM and VT-Micro, often rely on standard driving cycles or
dynamometer simulations [15–17]. However, these controlled environments may not fully
reflect the stochastic nature of real-world driving behavior under varying infrastructure
conditions. To address this, recent studies have adopted data-driven microscopic frame-
works utilizing Real-World Driving Data (RWD) collected via On-Board Diagnostics (OBD)
and GPS [18,19]. These methods allow for the precise assessment of how vehicle dynamics
(speed, acceleration, VSP) respond to immediate environmental contexts. Despite this
progress, fully integrated analyses remain rare. Most existing studies using RWD often
focus on traffic dynamics while simplifying infrastructure variables, frequently neglecting

https://doi.org/10.3390/su18042052



Sustainability 2026, 18, 2052 3 of 21

the simultaneous impact of road roughness and detailed topography [20,21]. Therefore,
there is a critical need for microscopic frameworks that leverage high-frequency field data
to simultaneously model the combined influence of traffic, driver behavior, and detailed
road geometry and pavement roughness.

The present study aims to experimentally characterize the influence of driving behav-
ior, traffic conditions, and road infrastructure attributes on instantaneous vehicular fuel
consumption. For this data gathering, the research explores a low-cost sensor-based ap-
proach, i.e., consumer-grade devices that are affordable, widely available, and sufficiently
accurate for large-scale deployment in various mobility scenarios. By integrating an OBD
scanner and an IMU-GPS unit, the powertrains’ performance parameters are monitored
concurrently with the speed profile and other kinematic data associated with traffic, driving
behavior, and vehicle–infrastructure interaction. The impact of the factors considered on
fuel consumption is quantified through stratified multivariate regression for clearly distinct
scenarios in terms of traffic conditions, road grade, and pavement roughness.

The quantitative results provide empirical evidence of the relative contributions of each
evaluated factor. Unlike theoretical models, these findings offer experimental insights into
how road infrastructure, traffic conditions, and driving behavior potentially interact under
real-world conditions, providing a more nuanced and integrated understanding of energy
demand in complex urban environments. Moreover, a key methodological contribution
lies in demonstrating how low-cost sensor data can effectively be used to assess energy
inefficiencies, offering broader accessibility and scalability compared to traditional high-
end sensing systems, desirable factors in the comprehensive, high-resolution data collection
required for the proper advancement of this research field. Considering further implications
of this work, the results and the proposed method aim to support future strategies for
eco-driving, eco-routing, and GHG-conscious road design and pavement maintenance,
bridging the gap between empirical data and effective sustainable transport policies.

2. Background
Studies reveal that driving behavior (degree of aggressiveness) and traffic conditions

(road service level and conflicts) shape vehicle speed profiles, acceleration patterns, and
engine speed (revolutions per minute)—variables that exert significant influence on instan-
taneous fuel consumption [6]. Research shows that irregular speed profiles, resulting from
either aggressive driving or traffic disruptions, can increase energy consumption by up to
40% compared to smoother driving patterns [22–25]. Expanding on these findings, Hussain
et al. [26] argue that the specific relationship between driving behavior and consumption
is fundamentally non-linear due to the temporal dependencies of speed profiles and the
disproportionate response of Mass Air Flow to throttle dynamics during aggressive ma-
neuvers. Complementing this, Wang et al. [27] applied a “Stimulus–Organism–Response”
framework to demonstrate how external stimuli, such as adverse traffic or weather, interact
with drivers’ internal states to precipitate these erratic, energy-intensive maneuvers.

From an infrastructure perspective, geometric characteristics (gradient and horizon-
tal alignment) and pavement properties (texture, roughness, and deflections) determine
motion resistance and consequently the energy required for vehicle displacement. Mo-
tion resistance includes rolling resistance (tire–pavement interaction affected by texture,
roughness, and deflections), inertial resistance (including rotational inertia in curves), and
gravitational resistance on inclined segments [28]. Among the infrastructure factors, road
gradient exerts the strongest influence on fuel consumption, with variations up to 100%
between hilly and flat terrains [29–32]. However, this contribution varies significantly
depending on topographic features and their interaction with traffic and driving behavior
in real-world scenarios.
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Pavement condition represents another key energy consumption factor. The op-
erational phase of road pavements (i.e., when in service and interacting with vehicles)
represents the largest contribution to emissions in the pavement life cycle when consider-
ing high-traffic road sections [33,34]. Pavement characteristics such as structural response,
texture and irregularities impact rolling resistance and consequently fuel consumption and
corresponding emissions [35,36]. Specifically, a Transportation Research Board (TRB) report
empirically identified that fuel consumption in passenger cars can increase up to 13% on
pavements with poor functional performance (comparison between sections with an aver-
age IRI of 6 m/km compared to a reference section with an average IRI of 1 m/km, on flat
terrain) [37]. Other studies have provided complementary contributions in characterizing
the impact of irregularities on fuel consumption [38,39] as well as the resulting impact on
emissions, whether through modeling [36,40] or direct measurements [41]. Furthermore,
recent studies indicate that both road gradient [42] and roughness factors [43] are critical
for Electric Vehicles (EVs), directly impacting battery range and regeneration efficiency.
While topography governs potential energy recovery, pavement roughness significantly
increases rolling resistance and energy dissipation [44].

These micro-scale findings above-mentioned regarding the three factors under analysis
can be related to some key mitigation practices: (a) eco-driving strategies to optimize driver
behavior for fuel efficiency [6]; (b) eco-routing to identify energy- and environmentally-
efficient routes considering infrastructure and traffic variables [23]; (c) environmentally-
targeted pavement maintenance, evaluating net benefits between emissions avoided
through improved road conditions versus those generated by maintenance activities [44,45].

Although recent studies have endeavored to integrate these operational contexts to
support such mitigation strategies, methodological constraints regarding data availability
and granularity persist. For instance, Boggio-Marzet et al. [46] successfully combined
traffic conditions, driving behavior, and road types to analyze fuel consumption patterns.
However, their approach relies on categorical classifications for infrastructure (e.g., classi-
fying roads merely as ‘urban’ or ‘highway’) rather than continuous, physically measured
geometric and pavement variables. Similarly, while Zhang et al. [47] and Shang et al. [48]
encompassed a broad range of environmental and operational factors using large-scale
datasets, these studies often depended on mesoscopic models or aggregated data that
smoothed out the specific, high-frequency interactions between vehicle dynamics and
discrete pavement anomalies found in real-world driving.

Despite advances in this field of research, the literature reveals persistent gaps asso-
ciated with common methodological limitations such as (a) predominant use of energy
consumption models (e.g., VT-Micro, CMEM, or HDM-4) rather than field-based data-
driven investigations; (b) lack of integrated understanding of factor interactions and their
direct and indirect impacts on energy performance in a micro-scale; and (c) testing in scenar-
ios with limited representativeness (controlled or single-condition tests). A comprehensive
characterization of each factor’s influence would require the analysis of extensive, diverse
real-traffic tests (without variable control) to ensure statistical representativeness and en-
able context-specific analysis. In this regard, this paper presents an initial contribution
by describing the application of a proposed accessible and scalable sensing architecture
applied to this monitoring activity.

3. Materials and Methods
3.1. Evaluated Road Stretches

Data were collected on the five road stretches presented in Figure 1 and Table 1.
Hereafter, this article will refer to the road stretches using the “Descriptive” denomination.
The qualitative descriptions presented in Table 1 are not based on an absolute classification
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system; rather, they serve as a comparative framework among the segments. In this
regard, the sections were selected due to their quite distinct characteristics in terms of
pavement, geometry and hierarchy. Moreover, all of the roads considered are paved
with asphalt. Driving was performed in real-world conditions by an experienced driver
(over 10 years of licensing) familiar with the route, instructed to adhere to a moderate
driving style, maintaining consistent behavioral conditions throughout the tests. Regarding
meteorological conditions, the tests were conducted under stable conditions, with an
ambient temperature of approximately 22 ◦C, absence of precipitation and weak winds.
During the analyzed period, hourly mean wind speeds ranged from 0.7 to 1.5 m/s (period
average of approximately 1.0 m/s), and maximum gusts reached 1.8 m/s (classified as weak
winds), as recorded by a meteorological station located adjacent to the study roadways and
operated by the São Paulo City Emergency Management Center, Butantã/USP station.

 

Figure 1. Evaluated road sections: Collector Road (red), Express Road (purple), Local Road I (green),
Local Road II (cyan), and Local Road III (yellow).

Data collection was strategically scheduled during the afternoon off-peak period
(inter-peak hours). This temporal window was selected to capture representative traffic
interactions without the occurrence of flow breakdown or complete stops (gridlock). Conse-
quently, the recorded speed profiles reflect dynamic traffic density effects rather than static
congestion, ensuring that kinematic variations—especially on the Express Road—remained
within a continuous flow regime.

Data collection was strategically scheduled during the afternoon off-peak period
(inter-peak hours). This temporal window was selected to capture representative traffic
interactions without the occurrence of flow breakdown or complete stops (gridlock). Conse-
quently, the recorded speed profiles reflect dynamic traffic density effects rather than static
congestion, ensuring that kinematic variations—especially on the Express Road—remained
within a continuous flow regime.

For stretches 1 and 2, data were collected in three different passes in two traffic lanes:
three passes on Lane A, the second rightmost traffic lane, and three passes on Lane B, the
adjacent right lane. For stretches 3, 4, and 5, the rightmost traffic lane was consistently used.
Two passes were conducted in a counterclockwise direction (considering the circuit formed
by these three stretches,) and two other passes were conducted in a clockwise direction.
The vehicle used in the surveys was a Fiat Argo HGT, 2017 model (Table 2) with a 1.8 L
engine, 6-speed automatic transmission, fueled with E27 gasoline (with 27% ethanol).
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Table 1. Evaluated road section descriptions.

Stretch ID Stretch
Descriptive Road Name Approx.

Length (km)

São Paulo’s
Traffic

Engineering
Company
(CET/SP)

Classification

Speed Limit
(km/h)

Elevation
Profile

Variation
Sinuosity Pavement

Roughness
Presence of

Traffic Lights
Presence of

Speed Bumps

1 Collector Road
Prof. Mello

Moraes
Avenue

2.1 Collector 40 Insignificant Straight High No Yes

2 Express Road Eng. Billings
Avenue 2.1 Express 70 Insignificant Straight Low No No

3 Local Road I Matão Street 1.2 Local 40 High Moderate Low to
moderate No Yes

4 Local Road II
Prof. Lineu

Prestes
Avenue

1.2 Local 40 Moderate to
high

Straight, with
roundabouts

at its
extremities

Low to
moderate Yes Yes

5 Local Road III
Prof. Luciano

Gualberto
Avenue

1.3 Local 40 Moderate Straight Low to
moderate Yes Yes
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Table 2. Experimental vehicle specifications.

Category Parameter Specification Ref.

Vehicle Model Fiat Argo HGT (2017) [49]
Engine Engine code E.torQ 1.8 16V EVO VIS [49]
Engine Displacement 1747 cm3 [49]
Engine Fuel system Indirect electronic multipoint injection [49]
Engine Max. power (gasoline) 135 HP @ 5750 rpm [49]
Engine Max. torque (gasoline) 18.8 kgfm @ 3750 rpm [49]

Transmission Type 6-speed automatic transmission (torque converter) [50]
Dynamics Mass (Curb) ~1279 kg

Fuel consumption Urban (gasoline, E27) 9.1 km·L−1 [51]
Fuel consumption Highway (gasoline, E27) 12.8 km·L−1 [51]

Emissions CO2 emissions (combined cycle) 119 g·km−1 [51]

3.2. Instrumentation and Measured Variables

The test vehicle was instrumented with the devices described in the following sections.
This configuration prioritized consumer-grade, low-cost sensors to demonstrate the feasi-
bility of affordable large-scale data collection while maintaining sufficient accuracy for the
proposed evaluation.

3.2.1. Vibration Measurement Device and Inertial Measurements

The device dedicated to vehicle vibration measurement and georeferencing is based
on a Raspberry Pi Zero W, which integrates the Inertial Measurement Unit (IMU) MPU9250
(TDK InvenSense, San Jose, CA, USA, with triaxial accelerometer, gyroscope, magnetometer,
and pressure sensor) and the standalone u-Blox NEO-6M GPS receiver module (u-Blox AG,
Thalwil, Switzerland), with accuracy comparable to standard navigation receivers. This de-
vice was developed by part of the research team and detailed in previous works regarding
rail [52] and road [53] applications. For road use, despite suspension system influences,
previous tests showed strong correlation between the International Roughness Index (IRI)
and the root-mean-square (RMS) of vertical accelerations [53]. The IMU outputs data at
83 Hz for triaxial acceleration (g), triaxial angular velocity (◦/s), triaxial magnetic field mea-
surement (µT), pressure (hPa), and barometric height (m) from the barometric formula. The
GPS module provides 1-Hz updates for WGS84 geodetic coordinates (latitude/longitude
in decimal degrees, geometric height in meters), UTC time, and velocity (m/s).

Accelerations were processed to remove gravity components in the three axes, de-
composed from the sensor tilt angles relative to the local horizontal plane (roll and pitch)
estimated by a Kalman filter. Furthermore, a bandpass filter (5th order Butterworth)
between 0.8 and 40 Hz was applied to accelerations and angular velocities to remove,
respectively, systematic deviations due to geometry and high-frequency vibrations from
vehicle systems. At any rate, the selected sections were approximately straight and without
altimetric variation, thus exhibiting only minor changes in geometry.

Key relationships between inertial measurements (Figure 2) and the target features
can be described:

• Vertical acceleration: pavement surface texture, irregularities, and discrete anomalies
(e.g., speed bumps and potholes);

• Lateral acceleration: vehicle maneuvers;
• Longitudinal acceleration: vehicle acceleration and deceleration;
• Roll rate: irregularities and asymmetric discrete anomalies (e.g., potholes);
• Pitch rate: irregularities and symmetric discrete anomalies (e.g., speed bumps);
• Yaw rate: vehicle maneuvers.
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Figure 2. Axes orientation for the considered sensor installation.

The geometric characterization of road segments in this study relied on two parameters:
road grade and horizontal deflection. Besides the inertial quantities, the barometric height
was processed with a 1500-sample moving-average filter to reduce noise and adopted to
calculate the road grade (∆h/d, where h is barometric altitude and d is GPS-calculated
path horizontal distance between two h samples). Based on the GPS coordinates, the
deflection of the trajectory was also calculated for each 100-m stretch. This was defined as
the difference between the azimuth at the beginning and at the end of each stretch. This
value was treated as an indicator associated with the curvature of the travelled stretches.

3.2.2. On-Board Diagnostics (OBD) Scanner

On-Board Diagnostics (OBD) refers to a system integrated into the Electronic Control
Unit (ECU) of vehicles that monitors the performance of engine components [54]. OBD-I
was initially implemented as a manufacturer-specific implementation in the 80s in response
to emerging Californian emissions regulations, which established a precedent for electronic
emissions monitoring. Dealing with the lack of standardization and incompleteness regard-
ing emission related components that OBD must monitor, OBD-II was codified and became
mandatory for all light-duty vehicles sold in the United States beginning in 1996. This
system introduced a set of standardized Diagnostic Trouble Codes (DTCs), the early fault
detection, the universal connector (SAE J1962), and continuous monitoring of key emission
control systems such as oxygen sensors, catalytic converters, and evaporative controls.
Moreover, the Controller Area Network (CAN) communication protocol has been widely
adopted since the early 2000s, gradually replacing previous protocols as part of a global
effort toward standardization. These improvements, aligned with broader environmen-
tal sustainability policies, enabled efficient inspection and maintenance programs across
various countries, significantly contributing to reductions in vehicle-based air pollution.

This research employed the consumer-grade, very low-cost (about five dollars) OBD-II
scanner ELM327 (Shenzhen Lonauto Technology Co., Ltd., Shenzhen, Guangdong, China),
a microcontroller-based interface that enables wireless communication between a vehicle’s
OBD system and a mobile device via Bluetooth. For impact analysis on fuel consumption,
this research considered only the instantaneous fuel consumption measured over time
(Liters per hour). This value reflects the engine load and is typically calculated based on the
fuel injector pulse width, which indicates the amount of fuel being delivered per combus-
tion cycle. On the other hand, the normalized fuel consumption by distance (e.g., in L/100
km), which is also outputted by the OBD and is calculated from the instantaneous con-
sumption and the vehicle speed, can distort the perception of fuel use across segments with
significantly different average speeds. This normalized approach mixes energetic effects
with kinematic effects, making it difficult to isolate the absolute contribution of external
factors—such as road surface, traffic flow, or driving behavior—to fuel consumption.

The other propulsion-related parameters gathered through the OBD system and con-
sidered for the proposed analysis are engine speed (RPM), vehicle speed, and acceleration.
These variables were retrieved using standardized Parameter IDs (PIDs), which are part of
the OBD-II protocol and allow real-time access to vehicle operational data. The analysis of
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additional parameters, particularly those related to emission control systems, was beyond
the scope of this study. Moreover, the instantaneous power provided by OBD will not be
used, as it is already calculated from fuel consumption, which would lead to redundancy
and autocorrelation when correlated with consumption. It is also important to note that
the OBD data does not follow a fixed sampling rate, as the acquisition depends on the
data stream provided by the vehicle’s onboard computer. For the selected parameters, the
effective sampling frequency varied between approximately 1 and 2 Hz.

3.3. Data Processing and Statistical Analysis

The relevant parameters were computed for 100-m road sections. For inertial mea-
surements, the root-mean-square (RMS) was calculated as an indicator of vibration in the
corresponding directions. For the other performance parameters (fuel consumption, engine
speed (RPM), vehicle speed, and acceleration, as well as the road geometry parameters) the
mean value within each 100-m section was considered.

Initially, the Pearson correlation coefficient was computed between instantaneous fuel
consumption and the set of explanatory variables (variables representing the evaluated
influencing factors) considering data from six trips over the test segments. The use of Pear-
son’s correlation is appropriate in this context as a first exploratory step to quantify the lin-
ear relationships between variables and to identify potential patterns or dependencies [55].

However, considering the interdependency among kinematic variables in real-traffic
conditions (e.g., speed and acceleration), a Multiple Linear Regression (MLR) [56] analysis
was subsequently performed. This approach aimed to quantify the relative contribution
(standardized coefficients) of each factor to fuel consumption and verify the issue of
multicollinearity through the Variance Inflation Factor (VIF) analysis. It is important to
highlight that regarding traffic conditions, while specific traffic volume counts were not
available, the influence of congestion was intrinsically captured by the vehicle’s kinematic
profile (speed variations and idling periods) recorded by the sensors. Therefore, the
regression model considers the “traffic factor” through its direct impact on the vehicle’s
physics.

While acknowledging the simplifying assumptions of this linear framework, it fulfills
the study’s scope by establishing a foundational validation of the proposed sensing archi-
tecture; more complex non-linear models, particularly those based on Machine Learning,
are envisioned for future stages contingent upon the availability of larger-scale datasets.

4. Results and Discussion
4.1. Descriptive Data Analysis

Figure 3 illustrates the variation of some of the most relevant parameters associated
with the six passes (three per lane) on Express and Collector Roads. In complement, Figure 4
presents the same results for the four passes on the Local Roads (I, II, and III). For analysis
purposes, the evaluated sections were divided into 100-m segments, numbered from 1 for
each stretch. Moreover, to ensure comparability across stretches, a uniform vertical scale
was used for all graphs corresponding to the same variable. The following are presented:
(i) road grade (considering the vehicle direction in each pass); (ii) horizontal deflection (also
considering the vehicle direction); (iii) speeds (average per section); (iv) average vehicle
acceleration; (v) RMS of vertical acceleration as a vibration indicator in this direction and
indirect indicator of pavement quality; (vi) RMS of pitch rate (rotational vibration around
the lateral axis) and indirect indicator of pavement quality; and (vii) average instantaneous
fuel consumption. For clarity and conciseness, the aspects associated with the influence
of traffic and driving mode were evaluated through vehicle speed and accelerations, with
the values obtained from the IMU related to these characteristics being disregarded. These
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showed lower correlations than speed and accelerations but could be used in future studies
aiming to detail and separate the influences of traffic and driving mode. Furthermore,
the indirect evaluation of the pavement will be restricted to the values of vertical linear
vibration and pitch rate, as the correlations found for roll rate were lower.

In general terms, the results concerning road geometry and pavement quality derived
from these low-cost sensors exhibited consistency across multiple passes and aligned with
the expected behavior based on the known characteristics of the surveyed roads. The
differences between the road segments in terms of sinuosity and grade are consistently
represented from these measurements, with the Local Road I segment exhibiting the most
extreme behavior (higher absolute slopes and deflections) in both aspects (despite the
high deflection observed in the roundabout sections of Local Road II). Furthermore, the
higher pavement roughness on the Collector Road is reflected in greater vibration regarding
vertical linear acceleration and pitch rate compared to the other segments.

Figure 3. Road geometry, vehicle dynamics, and operating parameters over 100-m sections along the
Express and Collector Roads.
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Figure 4. Road geometry, vehicle dynamics, and operating parameters over 100-m sections along the
Local Roads (I, II, and II).

In general terms, the results concerning road geometry and pavement quality derived
from these low-cost sensors exhibited consistency across multiple passes and aligned with
the expected behavior based on the known characteristics of the surveyed roads. The
differences between the road segments in terms of sinuosity and grade are consistently
represented from these measurements, with the Local Road I segment exhibiting the most
extreme behavior (higher absolute slopes and deflections) in both aspects (despite the
high deflection observed in the roundabout sections of Local Road II). Furthermore, the
higher pavement roughness on the Collector Road is reflected in greater vibration regarding
vertical linear acceleration and pitch rate compared to the other segments.

As a result of the hierarchical distinction between the evaluated sections, higher
(around 60 km/h) and more stable speeds were observed in the Express Road passes.
Another distinction between sections occurred in the linear and rotational vibration mea-
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surements, with differences in magnitude similar to those expected regarding the known
differences in pavement roughness. It should be noted that the lower speeds on Collector
Road should theoretically reduce vibrations given that vehicle vibration energy typically
scales with squared speed, which reinforces the significant difference in pavement quality
between sections. In the graphs, the shaded areas indicate the presence of notable peaks
and valleys in the analyzed variables, which coincide with variations in fuel consumption.
On the Express Road, although the speed profile was more uniform compared to the other
stretches, higher values of acceleration and deceleration resulted in corresponding peaks
and troughs in fuel consumption. On the Collector Road, speed bumps were associated
with acceleration and deceleration events (as expected, given their traffic-calming function),
as well as with peaks in vertical and pitch vibrations, which were also reflected in the
corresponding fluctuations in fuel consumption.

Regarding the specific characteristics of Local Roads I, II, and III (Figure 4), it is worth
noting the presence of traffic lights on Roads II and III, as well as speed bumps distributed
along Roads I, II, and III. In Roads II and III, which consist of dual carriageways, the position
of the speed bumps differs between the clockwise (label CW) and counterclockwise (label
CCW) directions. This distinction is indicated in the figure labels, where the presence of
speed bumps is marked separately for each direction of travel. Additionally, for Local Road
II (which features a high frequency of speed bumps) only those that clearly corresponded
to peaks in the analyzed variables were identified and labelled in the figure.

On Local Road I, the shaded region (sections 3 to 9) showed a consistent increase in
slope for the counterclockwise passes, which resulted in a sustained high level of engine
effort, evident from the elevated engine RPM and average acceleration. This increased
demand correlates directly with a broad high plateau in fuel consumption, suggesting
that the uphill gradient significantly affects energy use. This pattern reverses during the
clockwise passes, where the same hachured segment corresponds to a broad low plateau in
fuel consumption, reflecting the downhill movement and reduced engine demand.

Similar patterns were observed for the uphill/downhill interval of Local Road II.
Additionally, the shaded region corresponding to the presence of multiple speed bumps and
traffic lights is reflected in multiple peaks in the inertial quantities and vehicle acceleration.
More pronounced oscillations in average fuel consumption were also observed, with
relative peaks (or increases compared to previous consumption) due to the impact of these
traffic-calming devices on ride dynamics and the effect of traffic-control lights on vehicle
displacement. On Local Road III, the hachured areas also aligned with speed bumps, and
once again, spikes in pitch and vertical vibrations were recorded alongside abrupt changes
in acceleration. The effect of the traffic light was also observed in the speed profile, as
well as the corresponding accelerations and decelerations. These variations, especially
those associated with the speed bumps, were linked to local maxima in fuel consumption,
further reinforcing the relationship, whether direct or indirect, between surface-induced
disturbances and fuel usage.

4.2. Correlation Assessment

Figure 5 presents the Pearson’s correlation coefficients between instantaneous fuel
consumption (l/h) and the selected variables across all test stretches and passes. The
uphill and downhill passes are indicated with arrows for the Local Roads. In general,
the analysis revealed marked contrasts between road categories, particularly in terms
of the magnitude and consistency of correlations with propulsion-related variables and
inertial quantities. As expected, strong and consistent correlations were observed with
engine RPM and vehicle acceleration, reaffirming their direct influence on fuel demand,
especially under high-load conditions. Speed exhibited context-dependent behavior, which
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appears to have resulted from the combined influence of road geometry (including slope
and deflection) and pavement surface conditions (such as roughness and speed bumps) on
the resulting speed profile, frequently yielding patterns that diverged from the expected
direct effects of these infrastructure-related features. Road slopes also showed moderate
to strong correlations in several passes, notably on Local Road I (characterized by greater
elevation variation) and Express Road 6 (despite being predominantly flat). These findings
indicate the sensitivity of fuel consumption even to mild slopes, potentially amplified by
associated acceleration demands. Regarding inertial quantities, vertical vibration and pitch
rate displayed more significant correlations on more degraded pavements. This may imply
either an indirect relationship, arising from disturbances that influence driving dynamics,
or a direct relationship, wherein increased vibration leads to higher energy consumption.
Subsequent analysis focused on the specific characteristics observed within each road class,
as outlined in the following paragraphs.

Figure 5. Correlation between instantaneous fuel consumption and the considered variables.
* p-value > 0.10, indicating no statistically significant correlation.

On the Express Road, fuel consumption exhibited consistently strong correlations
with both engine RPM (r = 0.39 to 0.96 regardless of one non-significative correlation) and
vehicle acceleration (r = 0.48 to 0.98). These strong associations may reflect the typical
conditions of express, high-capacity corridors, where fuel demand is mainly governed by
vehicle powertrain dynamics. Interestingly, speed also showed high correlations in several
passes (e.g., r = 0.95 in the third pass), reinforcing the role of sustained velocities in shaping
fuel profiles under uninterrupted traffic flow. In other words, a more regular speed profile
is obtained and the positive correlation between RPM and speed (and, consequently, with
fuel consumption) within a gear range regulates this phenomenon. Inertial variables such
as vertical vibration and pitch rate, however, exhibited generally weak correlations (in-
significant), indicating limited surface-induced impact on fuel variability in these smoother
and more homogeneous roads.
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In contrast, on the Collector Road, a wider range of correlation values, particularly
with inertial measurements, was observed. While RPM and acceleration still dominated
correlations (RPM r = 0.64 to 0.89; acceleration r = 0.63 to 0.84), inertial variables became
more prominent: for the first pass, for instance, pitch vibration reached r = 0.63, and vertical
vibration rose to r = 0.57. This suggests that besides traffic and conduction aspects, the
pavement disturbances increasingly influence fuel consumption, especially in contexts
with a highly distressed pavement surface. This influence can be direct (surface-related
higher rolling resistance) or indirect (due to more frequent speed variations). Speed, in
turn, displayed mixed and often negative correlations (e.g., r = −0.56 on pass 1), possibly
reflecting braking events due to pavement roughness and anomalies (speed bumps).

On Local Road I, which is characterized by limited traffic interference and a curvy
alignment and a variable longitudinal profile, high correlations were observed with engine
RPM and slope (r values up to 0.99 and 0.86, respectively), along with moderate associations
(negative and positive) with vertical vibration, underscoring the dominant impact of
gradient on vehicle performance. In contrast, Local Road II, frequently interrupted by
traffic lights and speed bumps, exhibited strong correlations with RPM and acceleration in
specific passes (e.g., RPM r = 0.95 in pass 4), although the overall variability was greater
due to these recurrent disturbances to traffic flow. In both roads, uphill passes showed a
strong positive correlation with speed, while downhill passes exhibited a strong negative
correlation. Given the similarity of speed profiles in both directions, this contrast further
highlights the role of engine load: maintaining speed on inclines demands greater fuel
input, whereas similar speeds can be sustained on declines with minimal engine effort.

Finally, Local Road III, marked by multiple low-speed constraints (such as speed
bumps and traffic lights), exhibited consistently strong correlations with propulsion-related
variables (acceleration and RPM > 0.65 in all passes) and no significant correlation with
inertial variables. Given that all local roads exhibited similar levels of pavement degrada-
tion and frequency of speed bumps, and that the observed correlations between vibration
and fuel consumption were at times contrasting, including some negative values, it can be
inferred that the direct influence of pavement roughness on fuel consumption is limited.
Moreover, this effect is likely overshadowed by the dominant factors such as road gradient,
vehicle speed patterns, and engine load.

In summary, the results confirm that propulsion-related variables and road grade
dominated fuel consumption patterns across all contexts. However, the relative influence
of inertial variables becomes more significant on roads where surface irregularities and
speed interruptions interact with driving dynamics. These findings support the hypothesis
of a combined direct and indirect influence of infrastructure and operational conditions on
vehicular energy demand.

4.3. Multiple Linear Regression Modeling

To quantify the relative influence of kinematic, topographic, and pavement factors on
fuel consumption, Multiple Linear Regression (MLR) models were developed for both the
global dataset and specific stratified scenarios. Table 3 presents the standardized coefficients
(β), which allow for a direct comparison of variable importance, alongside the Adjusted R2

values that serve as indicators of model performance across different regimes. In this table,
the “Local (Uphill)” and “Local (Downhill)” columns aggregate all local road segments
based on slope direction to isolate the gravitational dominance, whereas the “Local Road I”
column is presented separately to explicitly evaluate the impact of high sinuosity.
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Table 3. Standardized regression coefficients (β) and model statistics for global and stratified scenar-
ios.

Variable
Scenario

VIF
(Global)

Global
Model

Express
Road

Collector
Road

Local
(Uphill)

Local
(Downhill) Local Road I

Intercept 128.8 0.000 0.000 * −0.000 −0.000 −0.000 * −0.000
Speed, β 1.4 −0.006 * 0.137 −0.302 0.082 * −0.363 −0.028 *

Acceleration, β 1.4 0.312 0.637 0.572 0.245 0.268 −0.041 *
Engine RPM, β 2.0 0.440 0.220 0.354 0.540 0.653 0.798

Slope, β 1.5 0.376 0.125 −0.014 * 0.375 0.201 0.238
Deflection, β 1.2 0.032 * −0.046 * 0.032 * 0.017 * −0.021 * −0.026 *

Vertical vibration, β 7.6 −0.415 −0.329 −0.109 * −0.094 * −0.013 * 0.231
Pitch vibration, β 8.5 0.472 0.266 0.220 0.104 * 0.175 * −0.165

R2 - 0.76 0.66 0.80 0.92 0.77 0.97
Observations - 377 126 100 76 75 48

* p-value > 0.10, indicating no statistically significant result.

The VIF was computed to assess multicollinearity among predictors in the Global
Model. All variables exhibited VIF values below the critical threshold of 10, confirming that
the regression coefficients were not compromised by redundant correlations. It was noted
that the relatively high values observed for vertical and pitch vibrations (7.6 and 8.5) reflect
the inherent mechanical coupling of the vehicle suspension, where surface irregularities
simultaneously trigger both translational and rotational responses.

The variation in the Adjusted R2 values, ranging from 0.66 to 0.92, offers significant
insight into the physical nature of fuel consumption in different environments. The highest
explanatory power (R2 = 0.92) was observed in the Uphill scenario. This indicates that
when the vehicle operates under high load to overcome gravity, the relationship between
power demand and consumption is highly linear and predictable. Conversely, the Express
Road scenario yielded the lowest value (R2 = 0.66), suggesting that in high-speed, free-flow
conditions, consumption is influenced by unmodeled complex factors, such as aerodynamic
non-linearities and subtle throttle transients, which are less effectively captured by a simple
linear framework compared to the dominant gravitational forces in uphill segments.

Regarding traffic dynamics, the breakdown of results reveals that the influence of
kinematic variables is strictly context-dependent. In the Express Road scenario, the vari-
able Speed was statistically non-significant (β = 0.137, p > 0.10), whereas Acceleration
proved to be a major determinant (β = 0.637). This counter-intuitive finding suggests
that on urban expressways, fuel consumption variability is driven less by the absolute
cruising speed—which remains relatively constant—and more by the flow instability and
micro-accelerations imposed by traffic interactions. In contrast, on the Collector Road, the
weights of acceleration and speed are more balanced, reflecting the mixed nature of this
traffic regime.

The impact of topography provided the strongest physical validation for the proposed
sensing architecture. In the uphill scenario, consumption was heavily dominated by road
slope (β = 0.375) and Engine RPM (β = 0.540), with vehicle speed becoming non-significant,
confirming that maintaining motion against gravity imposes a constant fuel penalty regard-
less of minor speed variations. More notably, the downhill scenario successfully captured
the interaction between driving strategy and engine management: Speed presented a sig-
nificant negative coefficient (β = −0.363). This inverse relationship validates the detection
of the Deceleration Fuel Cut-Off (DFCO) phenomenon, where higher speeds maintained
by inertia allow the ECU to cut fuel injection, whereas lower speeds—often associated with
braking maneuvers—prevent the activation of this efficiency mechanism.
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Finally, the pavement–vehicle interaction metrics—vertical and pitch vibration—
demonstrated distinct roles, despite both being indicators of road surface quality. Theoreti-
cally, road irregularities induce both vertical excitation and pitch oscillation, contributing to
energy dissipation. However, the regression results revealed a dichotomy driven by vehicle
dynamics and driver behavior. The pitch vibration maintained a positive correlation in the
Global Model (β = 0.472), acting as a robust proxy for surface unevenness. Unlike vertical
acceleration, pitch oscillation dynamics are less sensitive to immediate speed reductions,
representing a persistent mechanical energy drain (damping of body pitch) that remains
significant even at moderate speeds. Conversely, vertical vibration presented a negative
coefficient (β = 0.415). Since vertical acceleration magnitude is highly dependent on vehicle
speed, this negative sign may capture the indirect behavioral response: on deteriorated
surfaces (high theoretical RMS), drivers instinctively reduce speed and throttle demand to
preserve comfort. This behavioral adaptation overrides the mechanical rolling resistance
penalty, leading to the observed inverse relationship where rougher roads are associated
with lower fuel consumption due to the induced conservative driving mode.

Nevertheless, a global analysis considering pavement metrics may induce misleading
conclusions, as the route with the best pavement quality (Express Road) is inherently the
one with the highest speed and steady flow. Thus, it becomes interesting to evaluate the
coefficients between scenarios to decouple the mechanical impact of the surface from the
operational regime. In this stratified view, the pitch rate presented a significant positive
correlation in the Global, Express, and Collector models, acting as a robust mechanical
metric in higher-energy regimes. However, in the Local Road scenarios, this variable lost
statistical significance due to the dominance of the gradient resistance.

Conversely, the vertical acceleration coefficients revealed a distinct behavioral gradient
that correlated with the baseline quality of each route. On the Express Road (best quality),
the strong negative coefficient (β = −0.329) points to a sharp throttle reduction in response
to sporadic irregularities, which represent high-risk anomalies at highway speeds. In
contrast, on the Collector Road (worst quality) and Local Roads (intermediate quality), the
significantly weaker coefficients (β approx. −0.10) suggest a saturation effect: since drivers
already adopt a continuously conservative driving mode on these deteriorated surfaces,
the marginal impact of specific roughness features on fuel consumption is diminished
compared to the acute adjustments triggered on the otherwise smooth expressway. In the
individual analysis of Local Road I, the observed higher beta coefficient suggests a stronger
influence from speed bumps, likely due to the absence of traffic lights and the lower traffic
volume on this stretch.

Finally, even in the most sinuous segment, deflection remained statistically non-
significant as the intense gravitational load imposed by steep grades physically overshad-
ows the secondary energy dissipation caused by lateral maneuvers.

While acknowledging the simplifying assumptions of the linear framework used in
this section, the results fulfill the study’s scope by establishing a foundational validation
of the low-cost sensing architecture. The consistency of the signs and magnitudes of the
coefficients across different regimes demonstrates that the sensors correctly capture the
physical forcing functions acting on the vehicle.

Nevertheless, the regression analysis results align with and extend the established
findings in the literature. The observed dominance of acceleration over speed in the
Express Road scenario mirrors the traffic-flow instability effects reported by Boggio-Marzet
et al. [46], confirming that micro-maneuvers outweigh cruising speed in energy demand.
Furthermore, the structural necessity of separating models by road hierarchy validates
the stratification approach advocated by Shang et al. [48]. However, this study advances
beyond these precedents—and the machine learning frameworks of Zhang et al. [47]—by
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demonstrating that a linear model can achieve high explanatory power (R2 approx. 0.92)
through the integration of inertial metrics and a near comprehensive consideration of
context variables.

It is recognized that the relationship between these variables and fuel consumption
is inherently non-linear and complex. However, the high R2 values obtained (up to 0.92)
suggest that for the purpose of identifying key influencing factors and validating sensor
responsiveness, the MLR approach is sufficient. More complex modeling techniques,
such as Machine Learning or neural networks, are envisioned for future stages of this
research, contingent upon the acquisition of larger-scale datasets that would allow for the
generalization of these findings beyond the specific vehicle and route tested herein.

5. Conclusions
This study proposed real-traffic data collection to quantify the scenario’s contribution

to fuel consumption. The results confirm that vehicular instantaneous energy consumption,
although primarily determined by the vehicle’s characteristics, is substantially modulated
by driving behavior, traffic conditions, and road infrastructure attributes, all of which
influence the resulting environmental impact.

The results from five roads—distinct in terms of hierarchy, geometry, and pavement
condition—highlighted the significant role of driving profile and traffic-related factors,
such as speed (including acceleration) and engine RPM, in determining fuel consumption.
Strong correlations were observed between acceleration and RPM across different passes,
underscoring their importance in vehicular energy demand. Among the other variables,
road slope emerged as a key factor modulating fuel consumption. In addition to the
expected strong correlations in sections with more noticeable gradients, the relationship
between fuel consumption and slope remained significant in most passes, even in predomi-
nantly flat segments of the route. This indicates that even slight elevation changes, such as
minor inclines or declines, can have a measurable impact on vehicle energy demand by
influencing both gradient resistance and driving behavior.

In addition to slope, discrete pavement anomalies such as speed bumps also exerted
a substantial impact on fuel consumption. These features influenced energy use directly,
through abrupt vertical displacements, and indirectly, by forcing deceleration and subse-
quent acceleration as vehicles approached and exited these traffic calming elements. A
similar indirect modulation was observed in the presence of traffic signals, which induced
speed pattern adjustments that led to variations in fuel demand. When considering continu-
ous pavement roughness (indirectly evaluated through inertial measurements), measurable
effects were observed only on the Collector Road segment, a more degraded section where
roll vibration showed a strong correlation with fuel consumption (reaching r = 0.63 for first
pass). The multivariate analysis also confirmed the inherent mechanical coupling of the
suspension system, where vertical and pitch vibrations exhibited elevated multicollinearity.
While statistically acceptable, this physical redundancy indicates that a single surface irreg-
ularity simultaneously triggers complex dynamic responses. These findings highlight the
need for more extensive data collection to better distinguish and quantify the direct and
indirect effects of the infrastructure elements on vehicle energy demand.

Beyond its empirical results, this study contributes with a methodological approach
that can inform future research in eco-driving, eco-routing, the integration of environmental
performance into pavement management practices and into road geometry projects. In
real-traffic data collection, where full control over driving and contextual variables is not
feasible, extensive repetition and abundant data gathering are essential to disentangle the
direct and indirect effects of traffic, driver behavior, and infrastructure characteristics on
fuel consumption. Therefore, less expensive and simpler data acquisition methods become
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mandatory. The use of the proposed consumer-grade sensors, including basic IMU/GPS
modules and OBD scanners, under the proposed data processing proved effective in
capturing high-resolution data on vehicle dynamics and infrastructure features under
actual operating conditions. The elevated consistency observed across multiple passes over
the same stretch in terms of infrastructure-related features, along with the confirmation of
the expected high correlation coefficients for acceleration and engine speed, demonstrates
the feasibility of using such tools for the continuous monitoring of fuel consumption
sensitivity to microscale variations in road and traffic conditions.

Together, these findings establish the proposed low-cost sensing framework not merely
as an affordable alternative, but as a strategic tool for high-resolution energy efficiency
screening across urban networks. By bridging the gap between raw vehicle telemetry and
actionable environmental metrics, this approach enables the systematic identification of
consumption hotspots, providing a scalable foundation for integrating energy performance
indicators into large-scale mobility management and road design policies.

Despite the consistency of the findings, certain limitations regarding this experimental
survey and the proposed framework should be noted. Although the accuracy of the
consumer-grade sensors has been validated in prior controlled tests by the authors, their
reliability under actual operating conditions is subject to intermittent malfunctions or signal
dropouts. These operational instabilities required rigorous data cleaning and filtering to
ensure dataset integrity. The experiment was also subject to intermittent variables, such
as tire air pressure fluctuations and localized atmospheric shifts, notwithstanding the
observed stability of general environmental conditions during the runs. While these effects
are marginal compared to the dominant factors (road gradient, traffic dynamics, and driving
mode), they define the precision boundaries of the current experimental dataset. Crucially,
the regression coefficients derived in this study are strictly intrinsic to the specific vehicle
and scenarios evaluated, lacking statistical representativeness for heterogeneous fleets or
broader contexts. However, the cost-effectiveness of the proposed framework is precisely
what renders the future assessment of a diversity of vehicles and operational domains
viable, potentially overcoming these limitations.

Based on these methodological findings, which enable the profuse reproduction of
tests under real-world conditions and across diverse scenarios, the next research steps will
encompass a broader range of conditions. These include variations in meteorological factors,
diverse driving environments (including urban and interurban settings), different levels of
pavement degradation, and geometric configurations (accounting for variations in sinuosity
and grade). Moreover, it is essential to incorporate a range of driving profiles (including
conservative, moderate, and aggressive styles) as well as diverse vehicle characteristics to
achieve a comprehensive and nuanced understanding of the factors influencing energy
consumption in road transport. Specifically, future applications of this framework to electric
vehicles are expected to reveal distinct energy profiles, particularly regarding the potential
for energy recovery on favorable slope and the amplified sensitivity of battery range to
the increased rolling resistance caused by pavement roughness. Such comprehensive
understanding will serve as a foundation for developing targeted approaches for more
sustainable, data-driven strategies in mobility and infrastructure management.
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