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Abstract

This study compared CO2 emissions during a WLTP (Worldwide Harmonized Light-Duty
Vehicles Test Procedure) test performed on a chassis dynamometer for the same flex-fuel
vehicle, fuelled sequentially with E10 gasoline and E85 fuel. Based on the test data, a CO2

emissions map was created, describing its dependence on speed and acceleration. The
use of a 3D surface enabled the visualisation of the whole dynamics of emissions as a
function of engine load in the WLTP cycle, including the identification of distinct emission
peaks in areas of high positive acceleration. Analysis of the emission surface enabled
the identification of structural differences between the fuels. For E85, more pronounced
emission increases are observed in areas of intense acceleration, a consequence of the higher
fuel demand resulting from the lower calorific value of bioethanol. In steady-state and
moderate-load driving, CO2 emissions for both fuels are similar. The results confirm that
the main differences between E10 and E85 are not simply a shift in emission levels per se,
but stem from variations in engine load during the dynamic cycle. Although E85 emits
measurable CO2 emissions, its carbon is not of fossil origin, highlighting the importance of
biofuels in the context of greenhouse gas emission reduction strategies and the pursuit of
climate neutrality. The presented methodology, combining chassis dynamometer tests with
analysis of the speed-acceleration emission map, provides a tool for clearly identifying
emission zones and can serve as a basis for further optimisation of engine control strategies
and assessing the impact of fuel composition on emissions under dynamic conditions.

Keywords: alcohol fuel; bioethanol; CO2 emissions; flex-fuel vehicle; internal combustion
engine; speed–acceleration map; emission modelling

1. Introduction
Precisely assessing carbon dioxide emissions under dynamic driving conditions is

becoming a key element of contemporary research on drive systems and their environ-
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mental impact. With increasingly stringent requirements for reducing greenhouse gas
emissions, renewable fuels such as high-percentage bioethanol are gaining importance.
Flex-fuel vehicles, capable of running on both E10 gasoline and ethanol blends such as
E85, enable direct comparisons of the same drive system’s performance with different fuel
compositions, eliminating uncertainties related to vehicle design differences.

This paper presents a methodology for comparing CO2 emissions generated during
a WLTP test conducted on a chassis dynamometer for a single flex-fuel vehicle, which is
fuelled sequentially with E10 and E85 fuel. The collected data were used to develop two-
dimensional and three-dimensional CO2 emission surfaces in the speed-acceleration system,
allowing for the whole dynamics of emissions as a function of engine load. Such emission
maps enable the identification of areas with particularly intense emissions, especially
during periods of positive acceleration, when energy demand increases rapidly.

The analysis revealed apparent differences between the fuels. In the case of E85, CO2

emissions exhibit stronger peaks during intense acceleration phases, which is directly
related to higher fuel consumption resulting from the lower calorific value of bioethanol.
At the same time, under steady state driving conditions and under moderate loads, the
emission levels of E10 and E85 are similar. This means that the differences between them
are not simply a shift in average emissions but rather result from dynamic variations in
engine load during the cycle.

It is worth emphasising that while combustion of E85 also generates carbon dioxide,
its carbon is biogenic and does not come from fossil sources. This is important from the
perspective of the net emission reduction strategy and the pursuit of climate neutrality.
The presented methodology, combining dynamometer data with analysis of speed- and
acceleration-dependent emission surfaces, provides a practical tool for assessing the impact
of fuel type on emissions under dynamic conditions. It also enables the identification of
areas where CO2 emissions are higher with E85, as well as the detection of differences
resulting from the distinct dynamic properties of vehicles fuelled with E10 and E85.

The main objective of this study was to determine the vehicle telemetry regions in
which CO2 emissions increase due to the ethanol content in the fuel, rather than simply
comparing general emission characteristics of E10 and E85.

The novelty of this work consists of:

• developing a CO2 emission model dependent on vehicle speed and acceleration,
• identifying driving zones where CO2 emissions are higher with E85,
• determining differences in emissions resulting from the driving dynamics of vehicles

fueled with E10 and E85.

2. Literature Review
In the literature, bioethanol is presented as a key alternative fuel for spark-ignition

engines, capable of reducing greenhouse gas emissions and many toxic pollutants. High-
percentage ethanol blends, such as E85 (85% ethanol, 15% gasoline), allow for a moderate
reduction in CO2 emissions from the exhaust system, typically by about 6–9% compared to
gasoline under controlled conditions [1]. However, in road tests, this effect is sometimes
weaker or statistically insignificant, and its strength depends strongly on the vehicle type
and driving conditions [2,3]. This is because the lower carbon content in ethanol is partially
compensated by the higher fuel consumption associated with its lower energy density [2].
However, Warguła [4] point out that the change in fuel composition itself (switching from
E5 to E10) with suboptimal control of the λ coefficient can lead to non-intuitive changes in
exhaust emissions, including an increase in CO2 and HC while decreasing CO and NOx,
even though the engine operating cycle remains unchanged.
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Much more pronounced differences emerge in life-cycle analyses (LCAs). Well-to-
wheel comparisons indicate that E85 can reduce total GHG emissions by about 43–57% com-
pared to gasoline, with the most significant benefits being achieved for second-generation
ethanol produced from lignocellulosic biomass or waste [5]. Corn ethanol provides smaller,
but still positive, emission reductions.

Comparisons of E10 vs. E85 blends have shown that E85 typically leads to lower CO2

emissions (by approximately 6–17%) [2,6]. Studies examining the transition from E5 to
E10 have shown that, with proper AFR control, E10 can lead to a slight increase in CO2

and NOx emissions, while decreasing CO and HC emissions. However, with improper λ
calibration, additional emission deviations occur [4].

Similar conclusions are drawn from broader analyses of bioethanol as a fuel. E10–E85
blends typically result in a slight increase in tailpipe CO2 emissions due to more complete
combustion, which, however, is compensated at the life-cycle level by the biogenic origin
of the carbon [7,8]. The environmental balance of bioethanol is strongly dependent on the
type of feedstock, production technology, and impacts on categories such as acidification
and eutrophication [9,10].

For flex-fuel vehicles (FFVs), road studies in Brazil and Asia indicate that increasing the
share of ethanol in the fuel typically reduces CO2 emissions per kilometre and emissions of
many regulated pollutants, at the expense of increased fuel consumption [3,6,11,12]. Well-to-
wheel analyses indicate that primary ethanol can reduce CO2 emissions by approximately
58% compared to gasoline, and second-generation ethanol by up to 73% [13,14].

The introduction of the global WLTP procedure was intended to make vehicle emis-
sions assessments more realistic than the previous NEDC cycle. These changes include
higher test masses, more realistic rolling resistance coefficients, and a more dynamic speed
and acceleration profile, which translates into higher reported CO2 emissions [15]. On aver-
age, CO2 emissions measured in the WLTP are approximately 21–25% higher for passenger
cars and approximately 27% higher for commercial vehicles than in the NEDC, with this
powerful effect on diesel vehicles and classic hybrids [16].

The application of the WLTP to ethanol blends shows that high ethanol (E75/E85)
content allows for an additional reduction in NOx emissions by up to 30–55% and, in some
studies, also CO2 emissions, but at the same time significantly increases the emissions of
CO, methane, aldehydes (especially acetaldehyde), and unburned ethanol, especially at
low temperatures and during the cold start phase [17–20]. Emissions of these compounds
under WLTP conditions are generally higher than in older cycles.

Chassis dynamometer testing remains a key tool for assessing CO2 emissions, ensuring
high measurement repeatability and facilitating comparisons between vehicles. At the
same time, numerous studies indicate that laboratory emission values, especially those
based on older cycles, underestimate real-world emissions on the road by an average of
9–23% [21–23]. The magnitude of the error depends on the cycle used, the dynamometer
load settings, and the vehicle type and fuel [17,24,25]. Similar conclusions were obtained
by Kuranc [26], who compared the emissions of selected exhaust gas components and fuel
consumption of the same passenger car in different driving cycles on a chassis dynamome-
ter, demonstrating significant sensitivity of the results to the shape of the speed profile and
driving dynamics.

The literature emphasises that dynamic driving cycles, both standard (WLTC) and
local, better reflect real-world emissions; however, they still do not fully reproduce ag-
gressive acceleration, urban traffic conditions (stop-and-go), or the impact of weather
conditions. Hence, the growing importance of RDE studies using PEMS and predictive
models calibrated on field data [21,27,28].
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Modern CO2 emission models are shifting away from the average speed approach
toward microscopic models that utilise instantaneous speed, acceleration, vehicle-specific
power (VSP), and road slope. These models are built on both physical equations that
describe energy balance and vehicle dynamics, as well as advanced machine learning
methods [29–32].

Models based on neural networks (MLP, LSTM), random forest or hybrid models
achieve very high accuracy (R2 0.98) in the prediction of instantaneous emissions, better
than classical regression models in reproducing the nonlinear and transient behaviour
of the drive system [28,33–35]. The use of speed-acceleration-emission maps enables
visualisation and quantitative assessment of the areas of space (v, a) where emissions are
highest, typically in the case of high speed combined with positive acceleration, while
during braking and steady driving, emissions are much lower [36–38].

Emission surface models and structural models are being developed in parallel, com-
bining a microscopic approach with high-resolution spatial grids. These models enable
the mapping of emission distributions within the street network and their correlation with
traffic volume, fleet structure, and building characteristics [39–41]. Many studies utilise
explainable AI techniques (e.g., SHAP) to assess the significance of individual variables
and detect structural asymmetries between different vehicle types [42,43].

A key conclusion from these studies is that acceleration and driving dynamics are
as important as speed in determining CO2 emissions, and differences in driving style
can modify emissions by up to several to a dozen or so percent for the exact vehicle and
route [32,44].

Quantitative analyses of CO2 emissions indicate a strong relationship between engine
load and carbon dioxide emissions. In both spark-ignition and compression-ignition en-
gines, increasing load results in increased fuel consumption and more complete combustion,
leading to higher CO2 concentrations [45–47]. For example, in a diesel marine engine, the
CO2 concentration increased from 2.44% at 30% load to 3.57% at 90% load [45], and in
heavy road vehicles, full load at low speeds caused up to a 96% increase in specific CO2

emissions compared to the unladen vehicle [47].
At the same time, the use of alternative fuels and dual-fuel systems (e.g., hydrogen–

methane, hydrogen–diesel, ammonia–diesel) enables significant reductions in CO2 emis-
sions at high loads. Reductions of 12–65% have been reported for hythane, hydrogen
blends, and ammonia/diesel systems, among others [48–51]. Further reductions can be
achieved by optimising engine operating parameters, such as injection angle and oil viscos-
ity [52,53]. In parallel to these fuel blends and dual-fuel concepts, novel propulsion systems
such as compressed-air engines are being investigated as locally zero-CO2 alternatives to
conventional combustion engines [54].

At the atmospheric scale, attention is drawn to transient spikes in CO2 concentrations,
recorded in high-resolution time series. These spikes are typically the result of local
emission events, road traffic, industrial processes, or building heating, and can distort the
analysis of long-term trends if not correctly identified and filtered [55–57].

The development of instantaneous CO2 emission models, using machine learning,
time series, and dispersion models, enables very accurate (R2 up to 0.99) emission predic-
tions on a second-to-second scale for vehicles, stationary installations, and at the national
level [58,59]. The use of OBD, PEMS, and IoT sensor data also enables real-time emission
estimation for individual vehicles and fleets, which forms the basis for eco-driving and
traffic management systems [60–62].

Studies on the variability of CO2 emissions show that for vehicles with similar pa-
rameters, emissions can vary by as much as 50% or more depending on driving style,
traffic conditions, terrain, ambient temperature, and vehicle age and type [63–66]. This
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highlights the need for models and measurement procedures that account for real-world
operating conditions.

In the context of climate policy, it is important to distinguish between fossil and
biogenic CO2 emissions. Bioethanol, biodiesel, biomethane, and other biofuels recycle
carbon previously sequestered in biomass, which is the basis for considering their emissions
as potentially “carbon neutral.” In practice, however, this balance depends on the entire
fuel life cycle, including land-use changes, energy inputs, and process emissions [67,68].

LCAs indicate that first-generation biofuels (e.g., corn ethanol, vegetable oil biodiesel)
rarely achieve complete carbon neutrality; one study estimated that biogenic CO2 ab-
sorption offsets only about 37% of combustion-related emissions [69]. A better balance
is achieved for biofuels derived from waste and lignocellulosic feedstocks, as well as for
systems integrated with CO2 capture and storage (BECCS), which can mitigate harmful
emissions [70–72].

Measurements and modelling are being conducted in cities to separate fossil and
biogenic CO2 fluxes. Results suggest that while urban vegetation can partially offset
transport emissions during the growing season, most metropolitan areas remain a net
source of CO2 due to high traffic volumes and limited green space [73–75].

At the fuel level, detailed analyses of the ethanol carbon cycle reveal a broad spec-
trum of emission intensities, ranging from moderate reductions for classic corn ethanol
to potentially harmful emissions for lignocellulosic ethanol utilising CCS and renewable
energy [76,77]. In turn, comprehensive LCAs of bioethanol emphasise the role of feedstock
selection, process solutions, and allocation methods in shaping the resulting GHG indica-
tors, as well as the potential for increases in other impact categories, such as acidification
and eutrophication [78,79].

From a broader perspective, renewable fuels, both biofuels and synthetic fuels pro-
duced using renewable energy, play a significant role in reducing CO2 emissions in the
transport and energy sectors. However, the scale of the effect varies significantly across
regions and depends on the technology mix, renewable energy penetration level, and
supporting policies [80,81].

Recent research increasingly highlights that cycle-averaged CO2 indicators can mask
substantial load-dependent variability. Consequently, instantaneous emission modelling
approaches based on speed, acceleration, and related proxies (e.g., VSP), as well as machine
learning techniques, have been intensively developed to capture transient behaviour and
improve prediction accuracy [29,31–33,39–41,44,58,82,83]. In parallel, studies investigating
ethanol–gasoline blends, including high-ethanol fuels, report that emission responses
depend strongly on driving conditions (e.g., urban vs. rural operation, cold-start effects, and
on-road vs. laboratory testing) rather than solely on ethanol content [1–3,6,12,13,18,84,85].
These findings motivate the present work, which combines WLTP chassis dynamometer
testing with speed–acceleration emission mapping and a differential index to localise
fuel-dependent CO2 differences in the operating-state space.

3. Materials and Methods
The test was conducted on a chassis dynamometer using a flex-fuel vehicle designed

to run on both E10 gasoline and E85 ethanol fuel. The exact vehicle was subjected to the
complete WLTP procedure, repeating the cycle three times for each fuel, under identical
load, temperature, and dynamometer settings. This eliminates variability resulting from
differences in vehicle design or operation, and any differences in emissions can be attributed
to variations in fuel composition and changes in driving dynamics.
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Figure 1 shows an example of a vehicle’s speed curve during the WLTP test, along with
the designation of each phase of the cycle. The instantaneous acceleration value was deter-
mined from the speed signal, allowing for a complete description of the driving dynamics.

Figure 1. Vehicle speed profile and WLTP phases during the chassis dynamometer test.

Although the target WLTP speed profile is identical for both fuels, slight differences in
instantaneous speed and acceleration are inevitable in physical chassis dynamometer tests.
They may arise from fuel-dependent drivetrain responses and control strategies. These
differences are reflected in the speed–acceleration distributions shown in Figure 2.

Figure 2. Speed–acceleration distribution during WLTP tests for E10 and E85 fuels.

To compare pollutant emissions, vehicle speed [km/h], acceleration [m/s2] and pol-
lutant value [g/km] were analysed. Let

{(
ti, Vc

i , Pc
i
)}

0≤i≤nc be a sequence of readings
during a drive on the dynamometer, where Vc

i denotes the vehicle speed [km/h] when
the engine was powered by fuel c ∈ {E10, E85}, Pc

i —emission [g/km] at i−th moment,
0 ≤ i ≤ nc. The WLTP test has been repeated 3 times (j ∈ {1, 2, 3}) for each fuel. Figure 1
shows the example of speed readings (black line) during the tests. In addition, on Figure 1
at each moment the phases have been marked. To estimate the impact of vehicle dynamics
on emissions, we analyse acceleration in addition to speed. Thus for the test we create

data set
{(

Vc
i , ac

i , Pc
i
)}

0≤i≤nc
j
, where ac

i =
1000(Vc

i −Vc
i−1)

(ti−ti−1)3600 for 1 ≤ i ≤ nc and ac
i = 0 for fuel

c ∈ {E10, E85}. We only analyse vehicles in motion, so we select readings from the data set
for which the speed exceeds 1 [km/h].
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4. Analysis of Emission During Tests
Let {(Vt, at, Pt)}1≤t≤n denotes the data set containing speed, acceleration and instan-

taneous pollution. The main task is to identify the relationship between pollution and
vehicle speed and acceleration, and thus to determine Pt = f (Θ, Vt, at, εt), where {εt}1≤t≤n

denotes a sequence of independent identically distributed random variables with normal
distribution N

(
0, σ2) and Θ—model parameters. Detailed models of the engine operating

cycle, describing the energy balance, thermodynamic changes in the cylinder, and the
dependence of emissions on load, are widely discussed in the literature on modelling
combustion engines [86]. However, in this work, a simplified, empirical approach was
used, which allows for direct identification of the relationship based on data from a chas-
sis dynamometer.

The impact of vehicle dynamics on pollution is defined as follows

Pt = CVθ1+θ2at
t eθ3Vt+θ4at+θ5Vtat+θ6V2

t +θ7a2
t +εt (1)

Because we analyse pollution generated by the vehicle in motion, then Pt > 0 for
1 ≤ t ≤ n, thus Equation (1) can be presented as follows

log(Pt) = θ0 + θ1log(Vt) + θ2atlog(Vt) + θ3Vt + θ4at + θ5Vtat + θ6V2
t + θ7a2

t + εt (2)

where C = eθ0 . To estimate the unknown parameters in (2) we use Ordinary Least Square
Method [87,88]. Thus we define the matrices

X =


1 log(V1) a1log(V1) V1 a1 V1a1 V2

1 a2
1

1 log(V2) a2log(V2) V2 a2 V2a2 V2
2 a2

2
...

...
...

...
...

...
...

...
1 log(Vn) anlog(Vn) Vn an Vnan V2

n a2
n

, Y =


log(P1)

log(P2)
...

log(Pn)

, Θ =


θ0

θ1
...

θ7

, ε =


ε0

ε1
...

εn


In view of the above, we present Equation (2) in linear form

Y = XΘ + ε (3)

To estimate unknown parameters Θ we solve the task [87–89]

min
θ

|| Y − Xθ||2

where ||Y − Xθ||2 =< Y − Xθ, Y − Xθ >, < ., .denotes dot (scalar) product. From Gauss-
Markov theorem if det

(
XTX

)
̸= 0, then Best Linear Unbiased Estimator [82] is given

as follows
Θ̂ =

(
XTX

)−1
XTY (4)

We estimate the prediction of instantaneous pollution based on speed and acceleration
on a logarithmic scale as

log
(

P̂t
)
= θ̂0 + θ̂1log(Vt) + θ̂2atlog(Vt) + θ̂3Vt + θ̂4at + θ̂5Vtat + θ̂6V2

t + θ̂7a2
t (5)

The value εt = log(Pt)− log
(

P̂t
)
= log

(
Pt
P̂t

)
denotes differences between empirical

and predicted values of instantaneous pollution on a logarithmic scale 1 ≤ t ≤ n and
ε = (ε1, ε2, . . . , εn) denotes the residual vector according to model (2), but variance of
residuals is equal σ2 = εTε

n−8 . The vector of variance of structural parameters we estimate as(
S2

θ0
, S2

θ1
, . . . , S2

θ7

)
= σ2diag

((
XTX

)−1
)

.
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To assess the impact of velocity, acceleration and the transformation of these variables
on instantaneous pollution at a significance level of 0 < α < 1 for each, parameter we
create a null hypothesis [87,88,90]:

H0: θs
i = 0 (the influence of the i-th factor is insignificant on the instantaneous pollution)

and alternative hypothesis

H1: θs
i ̸= 0 (the i-th factor significant influences on the instantaneous pollution).

The statistic

Ti =
θ̂s

i
Sθi

√
n − 8 (6)

has t-distribution with (k − 8) degrees of freedom. For each parameter the test probability
(p-value) is equal.

pi = 2 ∗ P(T > |Ti|),

where T random variable t-distribution with (n − 8) degrees of freedom, i ∈ {0, 1, . . . , 7}.
If for i−th parameter the inequality pi ≥ α is satisfied, then at the significance level α there
is no basis to reject the null hypothesis, thus i−th structural parameter is insignificantly
different from zero, and the corresponding predictor has a nonsignificant effect on explain-
ing the variability of instantaneous pollution. If pi < α, then at the significance level α, we
reject the null hypothesis H0 in favour of the alternative hypothesis, then the structural
parameter is significantly different from zero, and the corresponding predictor significantly
impacts the explanation of instantaneous pollution variability.

Determination coefficient shows what part of the variability of the transformed vari-
able is explained by the model and is estimated as

R2 = 1 −

n
∑

t=1

(
log(Pt)− log

(
P̂t
))2

n
∑

t=1
(log(Pt)− P̄)2

(7)

where P̄ = 1
n

n
∑

t=1
log(Pt).

To evaluate how well the model fits the empirical data, we assess the significance of
the multiple correlation coefficient. For this purpose, at significance level of 0 < α < 1 we
create a null hypothesis:

H0: R = 0 (multiple correlation coefficient is insignificant, the model does not explain well
variability of instantaneous pollution)

and alternative hypothesis

H1: R ̸= 0 (the model explain quite well variability of instantaneous pollution)

For model (2) the test statistics is equal

h =
R2

1 − R2 ∗ n − 7 − 1
7

(8)

and test probability pval = P(F > h), where F random variable has a Fisher-Snedecor
distribution with (7, n − 8) degrees of freedom. If pval ≥ α, then there is no reason to reject
the null hypothesis, thus the multiple correlation coefficient is insignificantly different from
0 and the fit of model to the data is quite weak. If pval < α, we reject the null hypothesis H0

in favour of alternative hypothesis H1, thus the fit of the model to the data is sufficiently
high, and the model can be used for forecasting instantaneous pollution.
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https://doi.org/10.3390/en19010040


Energies 2026, 19, 40 9 of 22

5. Results
To examine the driving load on instantaneous CO2 emissions, the first instance of a

speed and acceleration curve during the WLTP cycle was analysed. Figure 2 illustrates the
full vehicle motion signal obtained from a chassis dynamometer. These data were used
to determine predictors in the regression model and to construct emission maps in the
speed-acceleration space.

Figure 2 shows the velocity space and the corresponding acceleration values obtained
during WLTP runs performed on a chassis dynamometer for both fuel types. Green points
indicate observations for E85 fuel, while red points indicate observations for E10. The area
of permissible acceleration is defined by black limiting curves, between which all recorded
instantaneous values lie.

In the case of a run for different fuels, we analyse the speed and acceleration area{
(Vt, at) : 1 ≤ Vt ≤ 132, max

(
−2,−41 ∗ V−0.87

t

)
≤ at ≤ min

(
2, 41 ∗ V−0.87

t

)
, 1 ≤ t ≤ n

}
(the acceleration value is between the curves marked in black). For each fuel, we identify
the effect of speed and acceleration on instantaneous emissions, thus identifying the struc-
tural parameters θE10

0 , θE10
1 , . . . , θE10

7 for E10 and θE85
0 , θE85

1 , . . . , θE85
7 for E85. As a prediction

of pollution for the area {(V, a) : −2 ≤ a ≤ 2, 1 ≤ V ≤ 132} we determine

Pc(V, a) =

g(V, a, c), 1 ≤ V ≤ 132, max
(
−2,−41 ∗ V−0.87) ≤ a ≤ min

(
2, 41 ∗ V−0.87)

0, other
(9)

where g(V, a, c) = Vθc
1+θc

2aeθc
0+θc

3V+θc
4a+θc

5Va+θc
6V2+θc

7a2
for c ∈ {E10, E85}.

In the first stage of the analysis, the parameters of model (2) were estimated for the
runs using E10 fuel. The values of the structural coefficients, their standard errors, and
Student’s t-statistics and the corresponding p-values are presented in Table 1. The model
describes the dependence of instantaneous emissions on speed and acceleration, as well as
the transformation of these variables on a logarithmic scale.

Table 1. Parameters of the model of instantaneous pollution in logarithmic scale for the vehicle
powered by E10 fuel.

θE10
j SθE10

j
tj pj

j = 0 7.77974 0.11166 69.67153 0
j = 1 −0.90216 0.05313 −16.98035 4.8133 × 10−61

j = 2 0.10142 0.04486 2.26088 0.02386
j = 3 0.00764 0.0027 2.83167 0.00467
j = 4 0.20812 0.11319 1.8386 0.0661
j = 5 0.0036 0.00132 2.72613 0.00646
j = 6 0.00004719 1.3204 × 10−5 3.5734 0.00036
j = 7 0.12972 0.0161 8.05862 1.2223 × 10−15

Analysing the influence of predictors (speed, acceleration, and transformations of
these predictors), we see that at a significance level of 0.05, there is no basis to reject the
working hypothesis for the structural parameter θE10

4 (acceleration at has a negligible direct
effect on pollution). In contrast, the predictors: logarithm of speed, product of acceleration
and logarithms of speed, speed, product of acceleration and speed, square of speed and
square of acceleration (log(Vt), atlog(Vt), Vt, Vtat, V2

t , a2
t ) have a significant influence on

instantaneous emission. The value of the coefficient of determination R2 2 for model (2)
is 0.641. Analyzing the multiple correlation coefficient from formula (8), the value of the
test statistic is 591.4471 for (7.2319) degrees of freedom, while the test probability is below
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2.2 × 10−16. This means that the model is well fitted to the empirical data and can be used
for further comparative analysis with E85 fuel.

To illustrate the obtained dependencies, Figure 3 presents the surface of predicted
instantaneous CO2 emissions for E10 fuel as a function of speed and acceleration.

Figure 3. Instantaneous CO2 emission surface for E10.

Figure 3 shows a three-dimensional surface of instantaneous CO2 emissions deter-
mined based on a model developed for E10 fuel. The highest emission values are observed
in the area of positive acceleration and at higher speeds, reflecting increased engine load
during intense acceleration phases. As speed increases, acceleration has a decreasing effect
on emissions, and the surface becomes flatter, indicating stabilisation of energy demand
during steady-state driving. Negative accelerations (braking) and slight positive acceler-
ations at low speeds are characterised by the lowest emission levels, which is typical for
spark-ignition engines under low load conditions.

In the next step, the parameters of model (2) were estimated for the trip made using
E85 fuel. The obtained values of structural coefficients along with standard errors, Student’s
t-statistics and the corresponding p-values are presented in Table 2.

Table 2. Parameters of the model of instantaneous pollution in logarithmic scale for the vehicle
powered by E85 fuel.

θE85
j SθE85

j
tj pj

j = 0 7.73088 0.09175 84.26171 0
j = 1 −0.903 0.04446 −20.30846 1.5451 × 10−84

j = 2 0.00039 0.0458 0.00848 0.99323
j = 3 0.00762 0.00237 3.21284 0.00133
j = 4 0.42347 0.11549 3.66674 0.00025
j = 5 0.00988 0.00135 7.2993 3.9524 × 10−13

j = 6 4.8251 × 10−5 1.1938 × 10−5 4.04169 5.4793 × 10−5

j = 7 0.1065 0.01603 6.64491 3.7675 × 10−11

Analysing the influence of predictors (speed, acceleration and transformations of
these predictors) we see that at the significance level of 0.05 there is no basis to reject the
working hypothesis for the structural parameter θE85

2 (the product of acceleration and the
logarithm of velocity atlog(Vt) directly has a negligible effect on pollution). In contrast, the
predictors of the logarithm of velocity, velocity, acceleration, the product of acceleration and
velocity, the square of velocity and the square of acceleration

(
log(Vt), Vt, at, Vtat, V2

t , a2
t )

have a significant influence on instantaneous emissions. The value of the coefficient of
determination R2 2 for model (2) is 0.6919. Analysing the multiple correlation coefficient
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from Formula (8), the test statistic value is 745.413 for (7, 2323) degrees of freedom, while
the test probability is below 2.2 × 10−16, so the model fits the empirical data quite well.
These results enable a direct comparison of the emission structures for both fuels and
further analysis of the differences in predicting the CO2 emission surface in the velocity–
acceleration space.

To illustrate the obtained relationships for E85 fuel, Figure 4 presents a three-
dimensional surface of instantaneous CO2 emission as a function of speed and acceleration.

Figure 4. Instantaneous CO2 emission surface for E85.

Figure 4 illustrates the three-dimensional surface of predicted CO2 emissions for E85
fuel, derived from the estimated regression model. Compared to E10 fuel, a more pro-
nounced increase in emissions is observed in the region of positive acceleration, especially
at higher vehicle speeds. The sharp increase in the surface at the top of the graph reflects
the increased energy demand during intense acceleration, which is more pronounced in the
case of E85 due to the lower calorific value of ethanol and the need for a larger fuel supply.

At low speeds and under braking, emissions remain low. In the medium speed region,
the surface shows a gradual increase with acceleration, similar to E10, but with a larger
amplitude. This characteristic indicates a greater sensitivity of instantaneous CO2 emissions
to engine load when using E85 fuel.

To determine the areas with increased/reduced CO2 emissions due to the ethanol
content in the fuel, we determine the coefficient

H(V, a) =


PE85(V,a)−PE10(V,a)

PE10(V,a) 100%, 1 ≤ V ≤ 132, max
(
−2,−41 ∗ V−0.87) ≤ a ≤ min

(
2, 41 ∗ V−0.87)

0, other
(10)

for the entire area {(V, a) : −2 ≤ a ≤ 2, 1 ≤ V ≤ 132}.
The coefficient H(V, a) shows the percentage increase or decrease in CO2 emissions

for E85 fuel compared to E10 fuel. To illustrate the differences in CO2 emissions between
fuels across the entire speed and acceleration range, the values of the coefficient H(V, a)
are reproduced in Figure 5.

Figure 5 shows the percentage difference between CO2 emissions predicted for E85
and those determined for E10. Red indicates areas where E85 generates higher emissions,
while green indicates a reduction in emissions relative to E10. The most significant emission
increases are observed in the positive acceleration zone, especially at speeds above approxi-
mately 40 km/h, which corresponds to phases of in-tense engine load. In the low-speed
and negative acceleration zones, the differences remain small or negative, indicating that
under light-load conditions, E85 does not increase CO2 emissions relative to E10.
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Figure 5. Percentage difference in predicted CO2 emissions for E85 relative to E10 across the speed–
acceleration domain.

The shape of the map reveals a clear causal link between vehicle dynamics, engine
operating conditions and the relative CO2 performance of both fuels. At higher positive
accelerations the engine must rapidly increase torque, which for E85 requires a noticeably
larger mass of fuel because of its lower-heating value. Under these conditions the stoi-
chiometric advantage of ethanol (higher oxygen content and potential for more efficient
combustion) is not sufficient to offset the increased fuel mass, so the net tailpipe CO2 per
unit distance becomes higher than for E10. As speed rises, these high-load events become
longer and more energy intensive, which explains the broad red region at medium and high
speeds. Conversely, in the negative acceleration region, the throttle is mostly closed, and, at
stronger decelerations, fuel cut-off is often activated. Here the influence of the fuel type on
instantaneous CO2 becomes marginal, and small calibration differences may even favour
E85, leading to the slightly green areas. Around zero acceleration, especially at moderate
and higher speeds, the differences tend towards zero, reflecting steady cruising where both
fuels operate near similar indicated efficiency and the engine control system converges to
comparable air–fuel and ignition settings. Overall, the map indicates that the impact of
switching from E10 to E85 is strongly load-dependent: aggressive, acceleration-dominated
driving tends to amplify CO2 differences to the disadvantage of E85, whereas smoother,
low-load operation largely neutralizes them.

Using the H(V, a) value defined in (11), we determine the areas of vehicle dynam-
ics (speed and acceleration) for which we see a clear increase in emissions, as well
as areas of emission reduction caused by adding more ethanol to the fuel. Figure 6
clearly shows that E85 fuel generates higher CO2 emissions primarily in the region
{(V, a) : H(V, a) ≥ 0,−2 ≤ a ≤ 2, 1 ≤ V ≤ 132} which corresponds to positive accelera-
tion and medium to high vehicle speeds, reflecting the increased energy demand under
intense engine load. The area of increased emissions {(V, a) : H(V, a) < 0,−2 ≤ a ≤ 2,
1 ≤ V ≤ 132} is continuous and extends from approximately 35–40 km/h upwards, en-
compassing a wide range of positive accelerations. In contrast, at low speeds, negative
accelerations, and in the very low load zone, areas where CO2 emissions for E85 are lower
than for E10 are observed. This suggests that the differences between the fuels are primarily
determined by driving dynamics, rather than just average emissions.

The boundary between the red and light-blue regions reveals how strongly the relative
CO2 performance of E85 depends on load intensity. When the driver demands rapid accel-
eration at medium and high speeds, the engine operates at high torque and E85 requires a
larger injected fuel mass due to its lower heating value. Under these conditions, any effi-
ciency benefits of ethanol are outweighed by the additional carbon released from the extra
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fuel, which explains the compact but clearly defined red belt. Below this belt, in the large
low- and medium-load domain, the map is dominated by the light-blue area, indicating
that most everyday manoeuvres—gentle acceleration, cruising and deceleration—do not
lead to higher CO2 emissions with E85 and can even slightly reduce them compared with
E10. This pattern implies that the real impact of switching to E85 will be strongly influenced
by driving style and traffic conditions. Fleets or drivers characterised by frequent hard
accelerations at higher speeds will experience a more pronounced CO2 penalty, whereas
smoother driving in urban and suburban contexts will largely neutralise, or partially
reverse, this effect.

Figure 6. Regions of increased (red) and decreased (cyan) predicted CO2 emissions for E85 relative to
E10 in the speed–acceleration domain.

The discussed results cover a single vehicle and a single test environment, which natu-
rally limits their generalizability. Therefore, the presented findings should be interpreted
as vehicle- and test-specific and not directly extrapolated to other flex-fuel vehicles or real-
world traffic conditions without further validation. Engine design differences, different
operating conditions (highways, urban traffic, winter conditions), and the lack of parallel
assessment of other exhaust gas components may influence the observed trends. Future
research directions should include the analysis of a larger number of vehicles, various traffic
scenarios, simultaneous assessment of CO2 and regulated compounds, and integration of
the proposed emission maps with fleet and city models.

6. Discussion
The obtained results confirm that the impact of E10 and E85 fuels on CO2 emissions is

not a simple function of the bioethanol content in the fuel, but rather depends significantly
on the vehicle’s operating state, described by speed and acceleration. Using emission maps
in the speed-acceleration space and a differential index comparing E85 versus E10, it was
demonstrated that the differences between the fuels are localised and appear in specific
areas of this space, rather than as a uniform shift in emissions levels throughout the cycle.

The differences observed between E10 and E85 should be interpreted in the context
of fuel physicochemical properties. E85 is characterised by a significantly higher octane
rating (typically above RON 105) compared to E10 (RON ≈ 95), which enables knock-
resistant operation. At the same time, E85 exhibits a substantially lower heating value
(approximately 27 MJ/kg) than gasoline-dominant blends (≈42–43 MJ/kg) [91]. Under
dynamic, high-load conditions, such as strong positive acceleration, the lower energy
density of E85 requires a higher fuel mass flow to deliver comparable engine power. As
the vehicle was operated with a production engine control strategy, the potential efficiency
benefits associated with a higher octane rating were insufficient to offset the increased fuel
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demand, which explains the higher instantaneous CO2 emissions observed for E85 in the
high-load regions of the speed–acceleration domain.

In the literature, laboratory and on-road studies indicate slight differences in CO2

emissions for E85 compared to gasoline or low-ethanol blends (E5–E10). Many publications
report a reduction in CO2 emissions compared to conventional fuels of several to a dozen
or so per cent, and some authors find no significant statistical differences in the values
recorded from the exhaust system [2,84]. At the same time, well-to-wheel and LCAs
emphasise that the main advantage of E85 relates to the greenhouse gas balance throughout
the fuel’s life cycle, not necessarily to lower CO2 emissions during the combustion process
itself [5,9]. The emission maps developed in this study for E10 and E85 fuels are consistent
with these observations.

For most driving trajectories, the differences in instantaneous CO2 emissions between
fuels remain small.

What proves crucial is the speed and acceleration states the vehicle spends time at,
and therefore, the load ranges in which the engine operates.

The obtained results confirm that E85 does not result in a uniform, constant reduction
in CO2 emissions throughout the entire driving cycle. Instead, it changes the emission
structure in the engine operating state space, which is consistent with previous analyses
of the effect of ethanol on combustion efficiency and fuel consumption [1,92,93], but here
presented thanks to speed-acceleration maps. The literature emphasizes that speed and
acceleration are among the most critical predictors of CO2 emissions, with the highest
emission values observed during positive accelerations and driving at higher speeds [36,82].
Speed- and acceleration-based CO2 emission models, including those using VSP and
machine learning methods, demonstrate very high predictive accuracy, emphasising the
importance of acceleration and load-related trajectory sections [28,33,44].

The results of this study extend previous analyses because:

• They show that an identical trajectory (i.e., the same speed and acceleration curve) can
generate different CO2 emissions depending on the fuel type used,

• They indicate that the most significant differences between E10 and E85 are con-
centrated in the regions (v, a) corresponding to high acceleration and increased en-
gine load.

Literature suggests that higher ethanol percentages may promote more complete
combustion and reduce CO and HC emissions, while slightly increasing CO2 emissions
under certain operating conditions [1,85,92]. In turn, the lower calorific value of E85 leads
to increased fuel consumption under high power demand conditions [2]. The difference
map (Figure 6) well reflects this relationship:

• In the speed-acceleration region, instantaneous CO2 emissions are lower for E85 than
for E10 (due to the different elemental composition of ethanol, including its nominally
higher H/C ratio but lower effective energy density resulting from the presence of
oxygen in the molecule, which reduces the useful energy available during combustion).

• However, in higher load zones, these benefits are weakened or reversed due to the
need to supply a larger fuel dose.

Thus, the presented approach enables us to transition from the classic question of
“does E85 emit less CO2 than E10?” to a more precise one: “in what parts of the driving
cycle does E85 reduce CO2 emissions, and in what parts does it increase them?” Such
analyses are rarely found in the literature, which most often reports results in the form of
average cycle values or emissions for selected operating points.

The introduction of the WLTP procedure led to an increase in reported CO2 emissions
compared to the NEDC, averaging 21–25% for passenger cars and approximately 27% for
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commercial vehicles [15,16]. This is due to the more dynamic nature of the cycle, higher
vehicle load, and more precise representation of acceleration and braking phases [94,95].
Real-world emissions studies further confirm that aggressive driving and intense accelera-
tion can increase CO2 emissions by several to a dozen or so percent compared to smooth
driving [32].

The results obtained in this study are consistent with these observations:

• CO2 emission maps clearly identify areas of the most significant emission increase
during positive accelerations.

• Differences between E10 and E85 are primarily visible in these areas.
• However, during steady-state driving and during low accelerations, the impact of fuel

type on instantaneous CO2 emissions is significantly smaller.

From the perspective of fleet and regulatory models (COPERT, microscopic and struc-
tural models), this means that the CO2 emission reduction potential of fuels with higher
ethanol content depends on the structure of the vehicle’s operating states. In low-dynamic
cycles, the differences between E10 and E85 may be negligible; however, in urban conditions,
especially for heavier vehicles, they can have a significant impact on final emissions [21,63].

In recent years, models of instantaneous CO2 emissions based on speed, acceleration,
VSP, and engine parameters have been intensively developed, employing statistical and
machine learning methods. Many of them achieve very high predictive accuracy, especially
when using data from OBD or PEMS [30,33,83]. In the presented work, a simplified
regression approach was employed, focusing on model interpretability and the ability to
determine the difference index across the entire (v, a) space. This solution complements
more advanced ML methods, enabling direct representation of differences between fuels in
the context of vehicle operating states.

The present study deliberately focuses on CO2 emissions, as they are directly linked
to vehicle energy demand, engine load, and driving dynamics. Other regulated exhaust
components associated with ethanol fuels (e.g., NOx, aldehydes, unburned ethanol) are
governed by different formation mechanisms and may respond differently to load and
combustion conditions; therefore, they are not analysed in detail here and are addressed in
separate, dedicated studies. It should be emphasised that the presented analysis concerns
only exhaust emissions. From a climate perspective, the origin of carbon in the fuel is also
crucial. Bioethanol can reduce greenhouse gas emissions by up to 40–70% compared to
gasoline, depending on the feedstock and process parameters [9]. However, caution is
needed when assessing the “carbon neutrality” of first-generation ethanol due to possible
land-use changes and methodological uncertainties [69]. In light of these data, the presented
results can be interpreted in two ways:

• At the tailpipe emission level, as the differences between E10 and E85 are limited and
dependent on the load structure.

• At the life cycle level, where E85 may be a more climate-favourable fuel, provided
appropriate raw materials and production technology are used [79].

The discussed results cover a single vehicle and a single test environment, which natu-
rally limits their generalizability. Engine design differences, different operating conditions
(highways, urban traffic, winter conditions), and the lack of parallel assessment of other
exhaust gas components may influence the observed trends. Future research directions
should include the analysis of a larger number of vehicles, various traffic scenarios, simul-
taneous assessment of CO2 and regulated compounds, and integration of the proposed
emission maps with fleet and city models.
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7. Conclusions
This study investigated dynamic CO2 emission differences between E10 and E85 fuels

using speed-acceleration-based emission mapping under WLTP conditions. The main
novel contributions and key findings of the study can be summarised as follows:

• The study proposes a speed–acceleration-based framework for comparing instantaneous
CO2 emissions between fuels, moving beyond conventional cycle-averaged indicators.

• Emission surfaces and a differential index were used to identify localised regions in the
operating state space where fuel-dependent differences occur, rather than assuming
uniform emission shifts.

• The results demonstrate that E85 does not lead to a consistent reduction in instanta-
neous CO2 emissions across the entire WLTP cycle, but alters the emission structure
depending on vehicle load and acceleration.

• The most significant differences between E10 and E85 were observed in regions associ-
ated with high positive acceleration and increased engine load, where E85 tended to
exhibit higher instantaneous CO2 emissions.

• Under steady-state and low-acceleration conditions, the differences in instantaneous
CO2 emissions between the two fuels were limited.

• The proposed approach provides a transparent and interpretable alternative to more
complex emission models, with potential applicability in fleet, regulatory, and traffic
emission assessments.

This study analysed CO2 emissions generated by a flex-fuel vehicle during the WLTP
test, fuelled successively with E10 and E85 fuels. Using a single vehicle and identical
test conditions allowed for the unambiguous attribution of observed differences to fuel
composition. The recorded data were used to develop speed- and acceleration-dependent
instantaneous emission models and to determine the emission surface in space (v, a),
enabling a comprehensive characterisation of dynamic emission changes during the cycle.

The results indicate that CO2 emissions for both fuels are strongly dependent on driv-
ing dynamics. The highest emission values occur during positive accelerations at medium
and high speeds, confirming the dominant role of engine load in generating instantaneous
emission peaks. E85 fuel is characterised by more pronounced emission peaks in these
areas, a direct consequence of its lower calorific value and increased fuel consumption
under conditions of high-power demand. During steady state driving and at low loads, the
differences between E10 and E85 are reduced, and in some cases, even reversed.

Using the differential index H(V, a) allowed for the detailed identification of areas
where E85 generates higher or lower CO2 emissions compared to E10. These results clearly
demonstrate that the fuel effect is not uniform and results primarily from the operating
states that dominate the driving cycle. This approach provides a much more comprehensive
picture than traditional comparisons based on average values. It is emphasised that fuel
properties are revealed in a non-linear manner depending on load characteristics.

More broadly, the results confirm existing literature observations that exhaust CO2

emissions from E85 can be comparable to or slightly higher than those of E10. At the
same time, significant climate benefits only become apparent after considering the carbon
source and a comprehensive fuel life cycle analysis. The presented approach, based on
emission maps as a function of speed and acceleration, provides a practical tool for further
study, including optimisation of control strategies, assessment of driving style effects, and
integration with fleet emission models.

The conducted research shows that comparing ethanol and conventional fuels requires
high-resolution analysis, not only at the level of average emissions but also across the
entire range of engine operating conditions. These results can serve as a starting point
for more advanced studies involving a larger number of vehicles, RDE conditions, and
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the simultaneous assessment of other exhaust gas components, particularly compounds
specific to ethanol fuels.
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The following abbreviations are used in this manuscript:

AFR Air–Fuel Ratio
AI Artificial Intelligence
BECCS Bioenergy with Carbon Capture and Storage
CCS Carbon Capture and Storage
COPERT COmputer Programme to calculate Emissions from Road Transport
E10 Gasoline with 10% ethanol
E85 Ethanol fuel blend containing 85% ethanol and 15% gasoline
FFV Flex-Fuel Vehicle
GHG Greenhouse Gases
IoT Internet of Things
LCA Life Cycle Assessment
LSTM Long Short-Term Memory
MLP Multilayer Perceptron
NEDC New European Driving Cycle
OBD On-Board Diagnostics
PEMS Portable Emissions Measurement System
RDE Real Driving Emissions
SHAP SHapley Additive exPlanations
SI engine Spark-Ignition engine
VSP Vehicle Specific Power
WLTC Worldwide Harmonized Light-Duty Test Cycle
WLTP Worldwide Harmonized Light Vehicles Test Procedure
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53. Wasilewski, J.; Szyszlak-Bargłowicz, J.; Zając, G.; Szczepanik, M. Assessment of Co2 Emission by Tractor Engine at Varied Control
Settings of Fuel Unit. Agric. Eng. 2020, 24, 105–115. [CrossRef]

54. Dižo, J.; Blatnický, M.; Sága, M.; Št’astniak, P. A Numerical Study of a Compressed Air Engine with Rotating Cylinders. Appl. Sci.
2021, 11, 7504. [CrossRef]

55. Cristofanelli, P.; Fratticioli, C.; Hazan, L.; Chariot, M.; Couret, C.; Gazetas, O.; Kubistin, D.; Laitinen, A.; Leskinen, A.; Laurila, T.;
et al. Identification of Spikes in Continuous Ground-Based in Situ Time Series of CO2, CH4 and CO: An Extended Experiment
within the European ICOS Atmosphere Network. Atmos. Meas. Tech. 2023, 16, 5977–5994. [CrossRef]

56. El Yazidi, A.; Ramonet, M.; Ciais, P.; Broquet, G.; Pison, I.; Abbaris, A.; Brunner, D.; Conil, S.; Delmotte, M.; Gheusi, F.; et al.
Identification of Spikes Associated with Local Sources in Continuous Time Series of Atmospheric CO, CO2 and CH4. Atmos.
Meas. Tech. 2018, 11, 1599–1614. [CrossRef]

57. Ryoo, J.-M.; Fung, I.; Ehleringer, J.R. Short-Term Energy and Meteorological Impacts on Thanksgiving CO2 in Salt Lake City.
Environ. Res. Commun. 2025, 7, 065001. [CrossRef]
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