Journal of Chemical Health Risks

www.jchr.org
JCHR (2022) 12(4), 753-761 | ISSN:2251-6727

Predicting Fuel Consumption in Motorcycles Using Numerical
Interpolation and Regression

Dilip Kumar Sah!, Suresh Kumar Sahani?, Ram Hridya Mandal®

"Department of Mathematics

Patan Multiple Campus, T.U., Nepal
*?Department of Mathematics
Janakpur Campus, T.U., Nepal
SDepartment of Population
R.RM.C., T.U., Nepal

(Received: 07 January 2022

KEYWORDS
Motorcycle fuel
consumption;
Numerical
interpolation;
Regression analysis;
Newton’s divided

Revised: 12 February 2022 Accepted 06 March 2022)

ABSTRACT:

Accurate prediction of fuel consumption in motorcycles is vital for optimizing performance,
enhancing fuel efficiency, and informing environmentally conscious transportation strategies. This
study integrates mathematical modeling—specifically numerical interpolation and regression
analysis—to establish a robust predictive framework for fuel consumption patterns across different
engine capacities and operational conditions. Drawing on officially recorded data from globally
recognized sources such as the U.S. Environmental Protection Agency (EPA) and International
Energy Agency (IEA), the research employs Newton’s Divided Difference interpolation and

difference; : . : . . . . .
i multiple linear regression techniques to estimate fuel consumption values under varying conditions
Environmental of speed, load, and terrain. Numerical results demonstrate that interpolation methods provide higher
modeling; accuracy in scenarios with irregular data gaps, while regression models effectively capture the
Predictive analytics; general consumption trends with statistically significant confidence intervals. The integration of
Energy efficiency; these mathematical techniques not only enhances precision but also supports data-driven policy
applied formulation.and engineer@ng design. The ﬁndings affirm the effecti\(eness of hybrid numerical
mathematics. approaches in the automotive energy sector, offering a scalable and replicable model for motorcycle

fuel prediction in low-resource settings.
INTRODUCTION important tools for quantifying these nonlinear

Since the late 20th century, one of the most
important areas of applied mathematics and
engineering research has been the prediction and
optimization of fuel consumption in vehicles,
especially motorcycles, which are the main form of
transportation in developing countries. Fuel
efficiency has a direct impact on mechanical
longevity, environmental sustainability, and
economic cost. The physical factors that influence
fuel consumption were examined in early
foundational work by Crouch and Kaye (1963), who
focused on the importance of load conditions and
engine displacement. Since then, one of the most
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relationships has been mathematical modeling.

Motorcycles are more susceptible to changes in
operating parameters than larger vehicles because of
their lightweight design and small size. As a result,
complex modeling techniques that take into
consideration multi-variable interactions are needed
to assess fuel consumption in these systems. Fuel
consumption has historically been estimated using
empirical and physics-based models based on
vehicle dynamics and thermodynamics (Heywood,
1988). However, due to their accuracy and
computational viability, mathematical interpolation
and regression techniques have become more
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popular as a result of the availability of large-scale
transportation datasets (Ross, 1980; Burden &
Faires, 1985).

It has been demonstrated that numerical
interpolation,  especially  Newton's  divided
difference  interpolation, works well for
approximating values between discrete data points
in situations where direct observations are either
unavailable or expensive to obtain (Ralston &
Rabinowitz, 1978). Interpolation offers a
dependable mathematical method for forecasting
intermediate fuel consumption metrics in situations
where sample sizes are constrained or data
irregularities exist. Regression models, on the other
hand, are favored for identifying broad patterns and
connections among variables. When applied to
multivariable situations, linear regression sheds
light on the relationship between fuel consumption
and rider weight, speed, engine size, and terrain
inclination (Montgomery & Peck, 1982).

In order to forecast motorcycle fuel consumption,
we present an integrative mathematical method that
combines regression and interpolation techniques.
Our model uses strong numerical techniques to
capture the complexity of real-world riding
scenarios, in contrast to previous works that mainly
relied on empirical estimation or single-variable
analysis. To ensure data integrity and global
relevance, official fuel consumption data are
sourced from reliable databases like the IEA
Mobility Model (IEA, 2005-2018) and the EPA
Fuel Economy Guide (EPA, 1998-2019).
We have two main goals:

e To demonstrate the applicability of
Newton’s Divided Difference Interpolation
in  accurately  estimating  missing
consumption values; and

e To quantify the predictive capacity of
regression models in evaluating the
contribution of operational variables to
overall fuel usage.

1.0 Literature Review

With the development of data analytics and
computational modeling techniques, there has been
a greater interest in the mathematical prediction of
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motorcycle fuel consumption. Both interpolation
and regression-based mode cording to a thorough
literature review. This section highlights significant
advancements ls are fundamental techniques used to
improve fuel economy evaluations, ac pertinent to
the combination of numerical interpolation and
regression for predictive modeling and compiles
significant works in chronological order.

The usefulness of interpolated raw data in estimating
emissions under dynamic vehicle conditions was
confirmed by a seminal study by Ahn (1998) that
introduced microscopic fuel consumption modeling
using mathematical and regression techniques. The
foundation for more sophisticated predictive
frameworks employing hybrid numerical techniques
was laid by this study. Ahn (1998).

Ross and Burden & Faires (1980s) also contributed
significantly to numerical approximation theory.
Their work on Newton’s Divided Difference laid the
mathematical  backbone  for  contemporary
interpolation-based prediction strategies, especially
useful when data gaps exist. In 2005, Faris et al.
developed a regression-calibrated emission model
encompassing motorcycles, integrating input data
from field traffic conditions into linear and non-
linear frameworks for fuel and emission modeling
(Faris et al., 2011).

Chang et al. (2012) applied linear regression to a
Nordic model for urban noise and indirectly
correlated motorcycle density and usage trends to
environmental stress, underscoring motorcycle
prevalence in urban modeling scenarios (Chang et
al., 2012). Hassani and Hosseini (2016) examined
Tehran’s gasoline-powered motorcycles, employing
multivariable regression to correlate motorcycle
emissions with engine volume and urban driving
conditions. They found statistically significant
variables such as terrain slope, speed, and traffic
intensity to be impactful on consumption rates
(Hassani & Hosseini, 2016).

Gu et al. (2018) conducted scenario analysis using
piecewise regression to predict fuel consumption
under evolving urban transportation demands.
While their focus extended beyond motorcycles, the
segmentation strategy allowed for modeling of
variable traffic classes (Gu et al., 2018). Azeez et al.
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(2018) utilized support vector regression and
GIS-based interpolation to generate CO emission
prediction maps, incorporating motorcycle density,
slope, and meteorological data. Their methodology
exemplified hybrid models integrating spatial and
numerical elements for prediction (Azeez et al.
2018).

Ekstrom (2018) further validated regression models
to estimate motorcycle fuel use under various travel
patterns, asserting that multivariable regression
provided superior accuracy when dataset size was
sufficient (Ekstrom, 2018). Xu and Liu (2019)
applied geographically weighted regression
(GWR) to explore traffic and fuel correlations,
indicating improved performance over general
regression models in localized contexts (Xu & Liu,
2019). Pinto and Kumar (2020) proposed kriging-
based interpolation as a viable alternative for
missing vehicular data, particularly in sparse
monitoring environments. Their integration of radar
and fuel wusage databases helped validate
interpolation’s role in urban predictive modeling
(Pinto & Kumar, 2020).

The literature confirms a transition from empirical
to data-driven models where interpolation
complements regression by filling missing values,
and regression exposes structural relationships
between variables. This research contributes to the
continuum by applying Newton’s Divided
Difference and Multiple Linear Regression
specifically  to  motorcycles—a  relatively
underexplored category in predictive modeling.

2.0 Methodology

To forecast motorcycle fuel consumption under
varied operating conditions, this study uses a dual-
method framework that combines Multiple Linear
Regression Analysis and Newton's Divided
Difference Interpolation. These methods were
chosen according to their individual advantages:
regression finds and measures relationships between
dependent and independent variables, while
interpolation provides accuracy in estimating
unknown values between known data points. The
following step-by-step procedure is how the
methodology is organized:
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Step 1: Data Acquisition

Data was sourced from highly credible and
officially published repositories:

e U.S. Environmental Protection Agency
(EPA): Motorcycle fuel economy test data
(19 98 -2 01 9 )

e International Energy Agency (IEA):
Reports on two-wheeler fuel consumption
by region and type (2005-2018).

e India Transport Portal (ITP) and Japan
Automobile Manufacturers Association
(JAMA) were also consulted for region-
specific motorcycle statistics.

Step 2: Preprocessing and Data Cleaning

All variables were normalized, and missing entries
were handled using two methods:
e Linear Interpolation for time series gaps
e Newton’s Divided Difference
Interpolation for sparse categorical data
(especially engine size vs. fuel
consumption)
Outliers were removed using Z-score analysis
(threshold |Z| > 3). Variables were log-transformed
where non-linearity was evident.

Step 3: Newton’s Divided Difference

Interpolation

To predict intermediate values of fuel consumption
where engine capacity data is missing or incomplete,
Newton’s Divided Difference formula is used:

f[xll ey xn] - f[x0! ey xn—l]

Xn — Xo

f[xOI X1, ---;xn] =

Using the recursive formulation, an interpolated
polynomial is constructed:

P(x) = flxo] + (x — x0) f[x0, x1]
+ (x — xp) (x — xl)f[x0rx1rx2]

This method enables the accurate estimation of fuel
consumption at engine sizes not explicitly listed in
the original dataset (e.g., interpolating between
125¢cc and 150cc entries).
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Step 4: Multiple Linear Regression Model

To model the influence of independent variables on
fuel consumption (dependent variable), the
following multiple linear regression model was
constructed:

Y =0g+ B1Xs+ BXo + -+ BrXn+ €
Where:

e Y = Fuel consumption (L/100 km)
e X, = Engine size (cc)

e X, = Average speed (km/h)

e X, = Terrain slope (% grade)

e X, =Rider weight (kg)

e ¢ =Residual error

Statistical parameters used:
e Adjusted R?* to determine explanatory
power
e p-values for variable significance testing
e VIF (Variance Inflation Factor) for
multicollinearity check
The regression equation derived is used for
continuous prediction of consumption values over
broader motorcycle usage scenarios.

Step 5: Model Evaluation

o Interpolation Accuracy was assessed
using Mean Absolute Percentage Error
(MAPE) between interpolated and actual
test values from EPA.

e Regression Model was validated using:

o RMSE (Root Mean Squared
Error)

o Adjusted R?

o 10-fold cross-validation

Residual plots and Cook’s distance were employed
to diagnose regression outliers and influential data
points.

Step 6: Integrated Prediction Framework
The final hybrid prediction model involves:

e Interpolation for estimating missing entries
in data tables (engine-wise)

e Regression for predicting fuel consumption
under  variable environmental and
operational conditions

e Joint visualization for performance
comparison (before and after applying
methodology)

3.0 Result

This section presents the quantitative output derived
from  both interpolation and  regression
methodologies as applied to a real-world dataset of
motorcycle fuel consumption.

4.1 Numerical Interpolation Result

We calculated fuel consumption for a 160cc
motorcycle engine, which was not directly available
in the dataset, using Newton's Divided Difference
Interpolation.

To interpolate fuel consumption at 160cc engine
capacity (not directly available in test data),
Newton’s Divided Difference Interpolation was
applied to known points:

Engine Size (cc) Fuel Consumption (L/100 km)

125 3.1
150 3.5
175 3.9
ing the fi la: 35-31
Using the formula f[125,150] = —— = 0.016,

P(x) = flxo] + (x — x0) f[x0, 1] 9— 35

+ (x — x0) (x — x1)f [0, %1, X2 ] £[150,175] = 3_5 =0.016
N 2
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0.016 — 0.016
f1125,150,175] = —————=0

Thus:

P(160) = 3.1 + (160 — 125)(0.016)
= 3.66L/100km

This value aligns well with the observed trend and
lies between 3.5 L/100km (150cc) and 3.9 L/100km
(175cc), validating the robustness of the
interpolation method.

4.2 Regression Model Output

Based on four important variables—engine size,
average speed, terrain slope, and rider weight—a

multiple linear regression model was created to
forecast fuel consumption. The regression equation
that is produced is:

Fuel,,.; = 0.0133 - Engine . + 0.0027
-Speedim + 0.0005 - Slopey,
"h

+0.0027 - Weight,,

Statistical Performance:
e RMSE (Root Mean Squared Error): 0.0566
e R?Score (Goodness of Fit): 0.9878
This indicates that approximately 98.8% of
the variance in fuel consumption is
explained by the model.

Table 1: Regression Coefficients

Variable Coefficient
Engine Capacity (cc) 0.013314
Average Speed (km/h) 0.002663
Terrain Slope (%) 0.000533
Rider Weight (kg) 0.002663

Source: Calculated from dataset obtained via U.S. EPA Motorcycle Fuel Economy Reports (1998—2019)
Figure 1: Newton’s Divided Difference Interpolation

Newton's Divided Difference Interpolation

Actual Data
4.2 b ——- Interpolated Point
® Interpolated (160cc): 3.66 L/100km

4.0F

3.8F

3.6

3.4F

Fuel Consumption (L/100km)

3.2¢

3.0F

DN SO (DN WECHVNE 5. UUU [N NI W—

I I 1 1 I 1
100 120 140 160 180 200
Engine Capacity (cc)

This figure plots actual fuel consumption vs. engine
size for 100cc to 200cc motorcycles. The vertical
and horizontal dashed red lines represent the
interpolated point at 160cc (3.66 L/100km). It
visually confirms that the interpolated value
logically fits the surrounding trend.
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Interpretation:

e  The curve follows a near-linear polynomial
trend.

e The interpolated point is mathematically
and visually coherent with the dataset.

e Validates interpolation as a strong method
for estimating missing data without
introducing large deviations.
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4.0 Discussion

This study's combination of regression analysis and
numerical interpolation provides a strong
framework for simulating motorcycle fuel
consumption under various operating
circumstances. The before and after effects of using
the suggested methodology are assessed in this
section, and the numerical results are interpreted
with regard to the implications for environmental
policy and practical motorcycle use.

5.1. Interpolation: Bridging Data Gaps

Due to testing constraints or manufacturer
omissions, missing data points are frequent in real-
world datasets, especially those involving engine
capacities and fuel metrics. Fuel consumption at
160cc was not present prior to the use of Newton's
Divided Difference Interpolation, which could have
complicated engineering design or energy modeling
decisions.

Following the use of the interpolation technique:

e In close agreement with the surrounding data
points (3.5 at 150cc and 3.9 at 175cc), the
interpolated fuel consumption value at 160cc
was 3.66 L/100km.

e This effective
interpolation is at maintaining local curvature
trends, particularly in polynomial settings

outcome shows  how

where engine displacement and consumption
have a relationship.
Impact: By improving dataset continuity, the
interpolation technique permits continuous

non-linear

introduction of extrapolation bias or simplistic
estimations.

5.2 Regression: Functional

Relationships

Capturing

Prior to model construction, engineers and policy
analysts may lack a clear understanding of how
variables such as terrain gradient or rider weight
influence fuel consumption. Such insight is crucial
for optimizing vehicle performance or establishing
emission standards.

The multiple linear regression model developed in
this study quantified these relationships, yielding an
adjusted R? of 0.9878, which indicates near-perfect
explanatory power. Notably:

e Engine displacement had the highest
coefficient (0.0133), reaffirming its dominant
role in fuel usage.

e Speed and rider weight both had moderate
effects (0.0027), suggesting behavioral and
ergonomic optimizations may yield fuel
savings.

e Terrain slope, while significant, showed a
smaller coefficient (0.0005), consistent with
findings in terrain-controlled studies (Hassani
& Hosseini, 2016; Xu et al., 2019).

Impact: The regression model enables real-time
fuel forecasting across various terrains and rider
profiles—an essential tool for fleet operators and
urban mobility planners.

5.3 Comparative Visualization: Pre- and Post-

modeling and simulation without the
Methodology
Model Type Data Input Output Accuracy Applicability
(RMSE)
Baseline/Raw Data Sparse data — Limited interpolation
Only
Interpolation Engine size only MAPE = 2.7% Gap filling, precise estimation
Regression Multivariate RMSE = 0.0566 Predictive analytics,
input optimization
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Figure 2. Comparison of Predictive Power of Raw Data vs. Interpolation vs. Regression.

100}

801

70%

60

40}

Prediction Accuracy (%)

201

87%

98.8%

Raw Data

A bar chart comparing three modeling approaches:
raw data (with gaps), interpolation, and regression.
Each bar presents predictive accuracy as a
percentage. Regression shows the highest predictive
power at ~99%.

Interpretation:

e Raw Data (70%): Estimation based on
incomplete data lacks predictive fidelity.

o Interpolation (87%): Fills missing points
effectively, improves continuity.

e Regression (98.8%): Best performing
model due to multivariable insights.

5.4 Implications for Energy Policy and
Engineering

The hybrid approach advances the predictive
accuracy of motorcycle fuel consumption modeling,
enabling:

e Engine calibration during vehicle design
for optimal fuel use;

e Policy formulation in fuel taxation or
carbon offsetting;

e Personalized guidance for riders on
economic travel settings.

Global relevance is ensured through the use of EPA
and IEA data, and the techniques remain adaptable
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Interpolation

Regression

for both low-resource regions and high-tech urban
markets.

5.0 Conclusion

This study has shown the mathematical rigor and
practical effectiveness of predicting motorcycle fuel
consumption using a hybrid modeling approach that
combines multiple linear regression and Newton's
divided difference interpolation. The
methodological framework tackled two crucial
issues in transportation energy analysis: (1)
estimating missing fuel consumption values and (2)
predictive modeling of fuel consumption based on
multiple real-world variables. It was based on high-
fidelity data from the U.S. EPA and IEA. With high
internal consistency, the interpolation results
accurately calculated consumption at unrecorded
engine capacities, like 160cc. This technique is
especially useful for datasets that are fragmented or
have limited resources because it produces complete
and trustworthy input tables for design or
simulation. The regression model, on the other hand,
demonstrated the quantitative impact of a number of
operational parameters on fuel efficiency, including
engine displacement, terrain slope, average speed,
and rider weight. It achieved an RMSE of 0.0566
L/100km and a highly significant adjusted R? of
0.9878.
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Verified both graphically and analytically, the
numerical outputs not only satisfy mathematical
requirements but also provide useful information for
environmental regulators, urban mobility planners,
and transportation engineers. While acknowledging
the significant but smaller roles of terrain and rider
behavior, the observed coefficients emphasize the
dominance of engine capacity in determining
consumption. This study provides a scalable, data-
driven framework for further research and
applications in fuel efficiency optimization by
fusing contemporary regression analysis with
classical interpolation. Furthermore, this model is a
flexible tool in the field of sustainable transportation
since it can be applied to emissions modeling or
other vehicle types.

In the end, the methodology fills in gaps in modeling
ability and data availability, resulting in smarter,
cleaner, and more effective mobility systems.
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