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✤Future Reduction in CO2e 
emissions depends on 
improvements in energy 
efficiency (e.g., California)

Williams et al. , 2012

conservation and alternative energy measures
[including “smart growth” urban planning, bio-
fuels, and rooftop solar photovoltaics (PV)], 15%
frommeasures to reduce non-energyCO2 and non-
CO2 GHGs, and 16% from electrification of ex-
isting direct fuel uses in transportation, buildings,
and industrial processes. Table 1 shows changes
from 2010 to 2050 in primary and end-use en-
ergy and emissions by sector and fuel type for
the baseline and mitigation cases, along with per
capita and economic intensity metrics.

The most important finding of this research is
that, after other emission reductionmeasures were
employed to the maximum feasible extent, there
was no alternative to widespread switching of di-
rect fuel uses (e.g., gasoline in cars) to electricity
in order to achieve the reduction target. With-
out electrification, the other measures combined
produced at best 2050 emissions of 210Mt CO2e,
about 50% below the 1990 level. The largest
share ofGHG reductions from electrification came
from transportation, in which 70%of vehiclemiles
traveled—including almost all light-duty vehicle
miles—were powered by electricity in 2050, along
with 20%poweredbybiofuels and10%poweredby
fossil fuels. Other key applications for fuel switch-
ing occurred in space heating, water heating, and
industrial processes. Figure 3A shows that even
with aggressive EE keeping other demand growth
nearly flat, fuel-switching to electricity led to a
doubling of electricity generation by 2050. “Smart
charging” of electric vehicles was essential for re-
ducing the cost of electrification, by raising utility
load factors and reducing peak capacity require-
ments through automated control of charging times
and levels (Fig. 3B).

In the electricity sector, three forms of de-
carbonized generation—renewable energy, nucle-
ar, and fossil fuel with carbon capture and storage
(CCS)—each have the potential to become the
principal long-term electricity resource in Cali-
fornia, given its resource endowments. All cur-
rently suffer from technical limitations and high
cost relative to the conventional generation al-
ternative, natural gas, so it is not obvious which
of these (if any) will dominate in the long run.
Therefore, we built separate high–renewable
energy, high-nuclear, and high-CCS scenarios
that met the target, plus a mixed case. Because
these technologies have very different operating
characteristics—CCS, when commercialized, is
expected to be flexibly dispatchable generation
that can follow demand; nuclear is baseload gen-
eration that operates at a constant output level;
and themost abundant renewable energy resources
(wind and solar) are intermittent—they also have
very different needs for supporting infrastructures,
including capacity resources, high-voltage trans-
mission, and energy storage. Figure 3C shows the
generation scenarios. The high–renewable ener-
gy case has the highest requirements for installed
capacity, transmission, and energy storage; the
high-nuclear case requires the largest export mar-
ket for excess generation, alongwith an expansion
of upstream and downstream nuclear fuel cycle

infrastructure; and the high-CCS case requires
construction of CO2 transportation and storage
infrastructure. In addition, water, land use, and
siting issues are quite different for each of these
options. Residual electricity-sector carbon emis-
sions in 2050 came primarily from combustion
of natural gas for peaking generation and CCS.
CCS fleet-average carbon storage efficiency in
2050 was 90%, but new CCS units were required
to reach 98% efficiency. Within the western grid
of which California is part, all existing conven-
tional coal plants were retired at the end of their
planning lives of 30 years.

Some studies suggest that 100% of future
electricity requirements could be met by renew-

able energy, but our analysis found this level of
penetration to be infeasible for California (20, 21).
We found a maximum of 74% renewable energy
penetration despite California’s large endowment
of renewable resources, even assuming perfect re-
newable generation forecasting, breakthroughs in
storage technology, replacement of steam gener-
ation with fast-response gas generation, and a
major shift in load curves by smart charging of
vehicles. Using historical solar andwind resource
profiles in California and surrounding states, the
electricity system required 26% nonrenewable
generation from nuclear, natural gas, and hydro-
electricity, plus high storage capacity to maintain
operability. It would be possible to forecast higher

Fig. 1. Emission reduction wedges for California in 2050. Top: Measures grouped into seven “wedges”
reduce emissions from 875Mt CO2e in the 2050 baseline case to 85Mt CO2e in the mitigation case. In the
2020 model results, the wedge contributions are consistent with implementation plans for California’s
policy objectives (AB32) for 2020. Bottom: Reductions by wedge are shown for the 2030 and 2050
mitigation cases, in Mt CO2e and as a percentage of total reductions. The top three contributions are from
energy efficiency (EE) (28%), electricity decarbonization (27%), and electrification of direct fuel uses
(16%). For each wedge, the types of measures included and key assumptions are shown.
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✤Enacted targets (e.g., 
CAFE) intend to nearly 
double fuel economy 
and halve CO2e in the 
United States by 2025
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✤Emissions models (e.g., 
MOVES, EMFAC), 
trained on 
dynamometer tests, 
may underestimate 
on-road emissions

✤On-road emissions 
have been found to 
exceed standards 
and dynamometer 
emissions  
(e.g., NOX)

2  |  N A T U R E  |  V O L  0 0 0  |  0 0  M O N T H  2 0 1 7

LETTERRESEARCH

Euro VI heavy-duty trucks and buses emit closer to certification limits  
(1–1.5×  emission limits) than those certified to Euro IV (1.3–2.2× ) 
and Euro V (1.9–3.9× ) standards.

From these emission factors, we estimate that diesel vehicles in the 
11 regions emitted about 4.6 million tonnes (Mt) of NOx in excess of 
certification limits in 2015 (the Baseline minus Limits scenario; Fig. 2),  
constituting 31% (27%–33%, range reflecting uncertainty in emissions 
inventories) and 56% (47%–65%) of fleet-wide on-road HDV and LDV 
NOx emissions in these regions (gridded emissions are available in 
Supplementary Data). This excess diesel NOx increased PM2.5 con-
centrations primarily in Europe, China and India, and increased ozone 
throughout the Northern Hemisphere (Fig. 3), resulting in 38,000 
[95% confidence interval (CI), 23,000–47,000] premature deaths and 
625,000 (95% CI, 390,000–780,000) years of life lost globally in 2015  

(Fig. 4 and Extended Data Table 1; see also Supplementary Tables). In 
the EU-28, excess NOx contributed 4% and 10% of total 2015 PM2.5 
and ozone mortality burdens and exacerbated ozone-related wheat 
production loss by 0.2%–0.3% (0.19–0.35 Mt of wheat at year 2000 
production levels; Extended Data Fig. 1). Most of the global excess NOx 
health impacts (80%) occurred in China, India and the EU-28, and 9% 
occurred outside the 11 regions due to pollution formed or carried over 
long distances (Extended Data Table 2). Over 80% of the excess NOx 
health impacts were driven by increases in PM2.5, which has stronger 
concentration-response relationships than does ozone. The net global 
radiative forcing impact of excess NOx-induced changes in nitrate and 
other aerosols, methane and ozone is cooling (Extended Data Fig. 2), 
although only − 8.69 mW m−2 compared to the 1,700 mW m−2 of 
warming from preindustrial to present CO2 levels31.

HDVs are the dominant contributor to excess NOx health impacts 
in all regions except the EU-28 (Fig. 4). Overall, fleet-wide HDV NOx 
emissions in these 11 regions are 45% higher than theoretical compli-
ance with certification limits (Extended Data Fig. 3). HDVs contribute 
86% of baseline 2015 on-road diesel emissions and > 75% of excess 
on-road diesel NOx in 2015, about 90% of which is from China, India, 
the EU-28, Brazil and the USA (Fig. 2). Diesel LDV NOx emissions are 
130% higher than theoretical compliance with certification limits, with 
nearly 70% of excess LDV NOx in the EU-28, followed by China (17%) 
and India (5%). For the USA, estimated premature deaths from LDV 
excess NOx are consistent with previous studies (see Supplementary 
Information)26–29 but represent only one-tenth of the impacts from 
HDV excess NOx.

Implementing Euro 6/VI standards where they are not yet adopted 
(Australia, Brazil, China, Mexico and Russia; the Euro 6/VI scenario) 
would reduce HDV NOx emissions by 80%–90% compared to the 
2040 baseline and avert substantial increases in LDV NOx emissions 
(Fig. 2). These emission changes lead to ozone reductions globally 
and PM2.5 reductions in each implementing region (Fig. 3). Globally, 
these NOx reductions could avoid 104,000 (95% CI, 56,000–129,000) 
PM2.5- and ozone-related premature deaths in 2040, > 80% of which 
occur in China (Fig. 4 and Extended Data Table 2). Regional bene-
fits are substantial, with PM2.5 and ozone mortality burdens reduced 
by 23% and 18% in Mexico, 8% and 23% in Brazil, and 4% and 10% 
in China. Although we isolated NOx emissions to compare the real-
world effectiveness of Euro 6/VI standards with more stringent NOx 
emission policies, considering the near-elimination of black carbon 
emissions under Euro 6/VI would add substantially more health  
benefits and climate cooling5.

The Strong RDE scenario adds provisions beyond the EU-28-
adopted RDE programme that reduce LDV emission factors from 
4×  to 1.2×  Euro 6 limits (that is, in-service vehicle testing, in-use 
emissions monitoring, expanded driving conditions, and independent  
verification)30. Applied in regions following EU regulations, these 
strengthened RDE programmes would avoid approximately 31,000 
global PM2.5- and ozone-related premature deaths in 2040 beyond 
the Euro 6/VI scenario (Extended Data Table 1). The greatest benefits 
occur in India—which has the most diesel passenger cars outside the 
EU-28—followed by the EU-28 and China (Extended Data Table 2). 
In India, a strong RDE programme makes the difference between a 
4×  LDV NOx emission increase and roughly stabilized emission levels 
(Extended Data Fig. 3).

Progressing to more stringent next-generation standards in all  
11 regions would nearly eliminate diesel NOx emissions (the NextGen 
scenario; Fig. 2) and avoid approximately 38,000 additional global 
PM2.5- and ozone-related premature deaths annually in 2040 beyond 
the Strong RDE scenario. Compared to the 2040 baseline, NOx emis-
sion reductions from next-generation standards in all 11 regions could 
avoid 2% and 7% of PM2.5- and ozone-related premature deaths glob-
ally, a total of 174,000 (95% CI, 95,000–217,000) premature deaths 
and 2.98 million years of life lost (95% CI, 1.62-3.68), and 1%–2% 
of crop production loss for Chinese wheat (1.7–4.0 Mt at year 2000 
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Figure 1 | Real-world NOx emission factors by vehicle emissions 
standard in key regions. a, Passenger cars; b, heavy heavy-duty trucks; 
and c, buses. Error bars indicate high and low estimates reported in 
Extended Data Table 3; see Supplementary Information sections 1.2 and 
1.3 for details of these methods, which are specific to each region, vehicle 
type and standard. Except as otherwise stated in the Supplementary 
Information, a 25% margin of error is assumed to account for variability in 
emission measurements and traffic composition.

Anenberg et al., 2017

speed bin i for pollutant j [g/km] (For deriving ORE combined EF);
Ai,k=the number of trips in the combination of discrete speed bin i
under road traffic conditions k contained in the reference activity
dataset [-];
Nk=the total number of trips in road traffic conditions k contained
in the reference activity dataset [-];
Subscript i= the discrete speed bin for average speed [km/h] of
each 1 km trips. 1= [0,5), 2= [5,15), 3= [15,25), 4= [25,35),
5= [35,45), … 12= [105,115), 13= [115,125);
Subscript j=pollutants; 1=NOx, 2=CO2;
Subscript k=traffic conditions; 1= urban road, 2= rural road,
3=motorway.

The combined EF contains traffic conditions, since the activity we
choose for the activity-weighted average represents real-world Korean
on-road driving situations.8 It is expressed as a form of the normalized
number of 1 km trips at varying vehicle speeds in urban, rural, and
motorway road traffic conditions, as shown in the SI. The distances
travelled on urban and rural roads and a motorway in the Seoul area
typically make up 50.6, 18.0, and 31.4%, respectively, of the share of
trips taken by a vehicle (NIER, 2010).

3. Results and discussion

We compared the EFs derived from LE and ORE test in terms of
driving conditions and EGR valve conditions, quantified the under-
estimated NOx, and evaluated the contributing factors.

3.1. Conventional emissions factors based on LE tests

The lab-based NOx EFs for the normal EGR case was close to the
current “official” Euro 4 NOx EF (Fig. 1). This similarity implied that
selected vehicles would be a good representation of the NOx emission
characteristics of the Euro 4 LDV fleet, whose emissions were quantified
under the Korean inventory framework. The number of test vehicles
was small, which has implications for the uncertainty of emission factor
estimations. The uncertainty of NOx emission factors was estimated as
91.6, 61.8, and 38.8% for vehicle speeds of approximately 20, 30, and
60 km/h, respectively. The uncertainty is defined here as the statistical
spread of the emission value (two standard deviations) divided by the
expected value, i.e., the emission factor value (IPCC, 2001; Kraan et al.,
2012). For CO2, the uncertainty was estimated as 27.0, 19.0, and 12.5%
for vehicle speeds of approximately 20, 30, and 60 km/h, respectively.
We use this lab-based empirical EF as the baseline in the rest of this
study.

NOx emissions increased by a factor of almost three when the EGR
valve failed (Table 2). For faulty EGR cases, the uncertainty of the NOx
emission factor was estimated as 29.7, 24.4, and 12.1% for vehicle
speeds of approximately 20, 30, and 60 km/h, respectively. For CO2,
the uncertainty was estimated as 3.0, 9.1, and 24.8% for vehicle speeds
of approximately 20, 30, and 60 km/h, respectively. Gas flow rates
through the failed EGR valve were 38–82% lower, depending on the
EGR duty commands, than those specified by manufacturers of the part
(Fig. 2). Rust and soot particles contaminated the moving parts of the
valve and increased the friction resistance, as shown in the SI. The
actuating power of the solenoid did not seem to be enough to open the
contaminated valve. The EGR valve became stuck, the exhaust gas
failed to recirculate into combustion chamber, and NOx emissions

increased.
CO2 emissions were less affected by EGR valve failures; the emis-

sions varied by less than 5% by EGR valve conditions, and when the
EGR valve malfunctioned they decreased slightly under urban and rural
traffic conditions (Table 3). PM emissions generally increased when
EGR worked well, i.e., when more exhaust gas returned to combustion
chamber. Based on results from the WLTP, gravimetric filter-based PM
emissions decreased by 59% (0.044 g/km to 0.018 g/km) when the EGR
failed in the non-DPF equipped Vehicle 3; this is indicative of the PM-
NOx tradeoff. We did not observe any significant PM difference in the
DPF-equipped Vehicle 4.

3.2. On-road EFs from ORE tests

The selected LDVs showed variable NOx emissions characteristics at
varying vehicle speeds (Fig. 3). The mean emissions at each speed
generally decreased in the low to medium speed ranges, or 10–40 km/h
and 50–80 km/h, respectively. At high speeds (90 km/h and faster), v4
and v3F showed increasing NOx emissions trends while the others
showed emissions levels similar to those seen at medium speed.

Most 1 km trips showed higher NOx emissions than the LE EF, with
their relative quantities varying according to speed and the condition of
the EGR (Fig. 4). In other words, the effects of EGR valve failure on
increasing NOx emissions are different for the LE and the ORE. In the
normal EGR, the ratios of the NOx emissions for individual ORE trips to
those of the lab-based EF were 3.3 ± 1.7, 3.4 ± 2.3, and 2.0 ± 1.8 at
the low, medium, and high speed ranges, respectively. This excessive
emission level is true when we consider the range of uncertainty of the
LE EFs. Thus, we concluded that the uncertainty in regard to the LE EF
does not significantly affect the comparison of LE and ORE EF, nor does
it significantly affect the subsequent discussion in this paper. These
ratios decreased by around 50% when the EGR valve failed, resulting in
values of 1.7 ± 0.6, 1.6 ± 0.7, and 1.1 ± 0.6 for low, medium, and
high speeds, respectively. These trends were similar for the combined
EFs from the LE and ORE tests. In the LE test, the effects were so distinct
that the LE NOx increased almost threefold. However, the overall NOx
emissions increase by only around 20% in the ORE test (Table 2).

The CO2 emissions for the trips were relatively less affected, as

Fig. 1. Laboratory-based emission factors for NOx and CO2 emissions, derived
from the chassis dynamometer emissions measurement test, according to the
exhaust gas recirculation (EGR) valve conditions. The “current EF” denotes the
NOx emission factor for Euro 4 LDVs currently used in the official Korean
emissions inventory system. We used the NOx emission factor function form for
COPERT Euro 4 diesel passenger cars to generate a plotted fit curve of the data
in this study (Ntziachristos and Samaras, 2016).

8 The activity is a 1 Hz vehicle speed database of six light-duty vehicles for
approximately 36,000 km of driving on urban and rural roads and a motorway
in the Seoul area (NIER, 2010). These data were collected in 2010 under the
suggested protocol of the sub-group on the Development of the Harmonized
driving Cycle in the informal working group on Worldwide harmonized Light
vehicles Test Procedure (Tutuianu et al., 2015).
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speed bin i for pollutant j [g/km] (For deriving ORE combined EF);
Ai,k=the number of trips in the combination of discrete speed bin i
under road traffic conditions k contained in the reference activity
dataset [-];
Nk=the total number of trips in road traffic conditions k contained
in the reference activity dataset [-];
Subscript i= the discrete speed bin for average speed [km/h] of
each 1 km trips. 1= [0,5), 2= [5,15), 3= [15,25), 4= [25,35),
5= [35,45), … 12= [105,115), 13= [115,125);
Subscript j=pollutants; 1=NOx, 2=CO2;
Subscript k=traffic conditions; 1= urban road, 2= rural road,
3=motorway.

The combined EF contains traffic conditions, since the activity we
choose for the activity-weighted average represents real-world Korean
on-road driving situations.8 It is expressed as a form of the normalized
number of 1 km trips at varying vehicle speeds in urban, rural, and
motorway road traffic conditions, as shown in the SI. The distances
travelled on urban and rural roads and a motorway in the Seoul area
typically make up 50.6, 18.0, and 31.4%, respectively, of the share of
trips taken by a vehicle (NIER, 2010).

3. Results and discussion

We compared the EFs derived from LE and ORE test in terms of
driving conditions and EGR valve conditions, quantified the under-
estimated NOx, and evaluated the contributing factors.

3.1. Conventional emissions factors based on LE tests

The lab-based NOx EFs for the normal EGR case was close to the
current “official” Euro 4 NOx EF (Fig. 1). This similarity implied that
selected vehicles would be a good representation of the NOx emission
characteristics of the Euro 4 LDV fleet, whose emissions were quantified
under the Korean inventory framework. The number of test vehicles
was small, which has implications for the uncertainty of emission factor
estimations. The uncertainty of NOx emission factors was estimated as
91.6, 61.8, and 38.8% for vehicle speeds of approximately 20, 30, and
60 km/h, respectively. The uncertainty is defined here as the statistical
spread of the emission value (two standard deviations) divided by the
expected value, i.e., the emission factor value (IPCC, 2001; Kraan et al.,
2012). For CO2, the uncertainty was estimated as 27.0, 19.0, and 12.5%
for vehicle speeds of approximately 20, 30, and 60 km/h, respectively.
We use this lab-based empirical EF as the baseline in the rest of this
study.

NOx emissions increased by a factor of almost three when the EGR
valve failed (Table 2). For faulty EGR cases, the uncertainty of the NOx
emission factor was estimated as 29.7, 24.4, and 12.1% for vehicle
speeds of approximately 20, 30, and 60 km/h, respectively. For CO2,
the uncertainty was estimated as 3.0, 9.1, and 24.8% for vehicle speeds
of approximately 20, 30, and 60 km/h, respectively. Gas flow rates
through the failed EGR valve were 38–82% lower, depending on the
EGR duty commands, than those specified by manufacturers of the part
(Fig. 2). Rust and soot particles contaminated the moving parts of the
valve and increased the friction resistance, as shown in the SI. The
actuating power of the solenoid did not seem to be enough to open the
contaminated valve. The EGR valve became stuck, the exhaust gas
failed to recirculate into combustion chamber, and NOx emissions

increased.
CO2 emissions were less affected by EGR valve failures; the emis-

sions varied by less than 5% by EGR valve conditions, and when the
EGR valve malfunctioned they decreased slightly under urban and rural
traffic conditions (Table 3). PM emissions generally increased when
EGR worked well, i.e., when more exhaust gas returned to combustion
chamber. Based on results from the WLTP, gravimetric filter-based PM
emissions decreased by 59% (0.044 g/km to 0.018 g/km) when the EGR
failed in the non-DPF equipped Vehicle 3; this is indicative of the PM-
NOx tradeoff. We did not observe any significant PM difference in the
DPF-equipped Vehicle 4.

3.2. On-road EFs from ORE tests

The selected LDVs showed variable NOx emissions characteristics at
varying vehicle speeds (Fig. 3). The mean emissions at each speed
generally decreased in the low to medium speed ranges, or 10–40 km/h
and 50–80 km/h, respectively. At high speeds (90 km/h and faster), v4
and v3F showed increasing NOx emissions trends while the others
showed emissions levels similar to those seen at medium speed.

Most 1 km trips showed higher NOx emissions than the LE EF, with
their relative quantities varying according to speed and the condition of
the EGR (Fig. 4). In other words, the effects of EGR valve failure on
increasing NOx emissions are different for the LE and the ORE. In the
normal EGR, the ratios of the NOx emissions for individual ORE trips to
those of the lab-based EF were 3.3 ± 1.7, 3.4 ± 2.3, and 2.0 ± 1.8 at
the low, medium, and high speed ranges, respectively. This excessive
emission level is true when we consider the range of uncertainty of the
LE EFs. Thus, we concluded that the uncertainty in regard to the LE EF
does not significantly affect the comparison of LE and ORE EF, nor does
it significantly affect the subsequent discussion in this paper. These
ratios decreased by around 50% when the EGR valve failed, resulting in
values of 1.7 ± 0.6, 1.6 ± 0.7, and 1.1 ± 0.6 for low, medium, and
high speeds, respectively. These trends were similar for the combined
EFs from the LE and ORE tests. In the LE test, the effects were so distinct
that the LE NOx increased almost threefold. However, the overall NOx
emissions increase by only around 20% in the ORE test (Table 2).

The CO2 emissions for the trips were relatively less affected, as

Fig. 1. Laboratory-based emission factors for NOx and CO2 emissions, derived
from the chassis dynamometer emissions measurement test, according to the
exhaust gas recirculation (EGR) valve conditions. The “current EF” denotes the
NOx emission factor for Euro 4 LDVs currently used in the official Korean
emissions inventory system. We used the NOx emission factor function form for
COPERT Euro 4 diesel passenger cars to generate a plotted fit curve of the data
in this study (Ntziachristos and Samaras, 2016).

8 The activity is a 1 Hz vehicle speed database of six light-duty vehicles for
approximately 36,000 km of driving on urban and rural roads and a motorway
in the Seoul area (NIER, 2010). These data were collected in 2010 under the
suggested protocol of the sub-group on the Development of the Harmonized
driving Cycle in the informal working group on Worldwide harmonized Light
vehicles Test Procedure (Tutuianu et al., 2015).
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speed bin i for pollutant j [g/km] (For deriving ORE combined EF);
Ai,k=the number of trips in the combination of discrete speed bin i
under road traffic conditions k contained in the reference activity
dataset [-];
Nk=the total number of trips in road traffic conditions k contained
in the reference activity dataset [-];
Subscript i= the discrete speed bin for average speed [km/h] of
each 1 km trips. 1= [0,5), 2= [5,15), 3= [15,25), 4= [25,35),
5= [35,45), … 12= [105,115), 13= [115,125);
Subscript j=pollutants; 1=NOx, 2=CO2;
Subscript k=traffic conditions; 1= urban road, 2= rural road,
3=motorway.

The combined EF contains traffic conditions, since the activity we
choose for the activity-weighted average represents real-world Korean
on-road driving situations.8 It is expressed as a form of the normalized
number of 1 km trips at varying vehicle speeds in urban, rural, and
motorway road traffic conditions, as shown in the SI. The distances
travelled on urban and rural roads and a motorway in the Seoul area
typically make up 50.6, 18.0, and 31.4%, respectively, of the share of
trips taken by a vehicle (NIER, 2010).

3. Results and discussion

We compared the EFs derived from LE and ORE test in terms of
driving conditions and EGR valve conditions, quantified the under-
estimated NOx, and evaluated the contributing factors.

3.1. Conventional emissions factors based on LE tests

The lab-based NOx EFs for the normal EGR case was close to the
current “official” Euro 4 NOx EF (Fig. 1). This similarity implied that
selected vehicles would be a good representation of the NOx emission
characteristics of the Euro 4 LDV fleet, whose emissions were quantified
under the Korean inventory framework. The number of test vehicles
was small, which has implications for the uncertainty of emission factor
estimations. The uncertainty of NOx emission factors was estimated as
91.6, 61.8, and 38.8% for vehicle speeds of approximately 20, 30, and
60 km/h, respectively. The uncertainty is defined here as the statistical
spread of the emission value (two standard deviations) divided by the
expected value, i.e., the emission factor value (IPCC, 2001; Kraan et al.,
2012). For CO2, the uncertainty was estimated as 27.0, 19.0, and 12.5%
for vehicle speeds of approximately 20, 30, and 60 km/h, respectively.
We use this lab-based empirical EF as the baseline in the rest of this
study.

NOx emissions increased by a factor of almost three when the EGR
valve failed (Table 2). For faulty EGR cases, the uncertainty of the NOx
emission factor was estimated as 29.7, 24.4, and 12.1% for vehicle
speeds of approximately 20, 30, and 60 km/h, respectively. For CO2,
the uncertainty was estimated as 3.0, 9.1, and 24.8% for vehicle speeds
of approximately 20, 30, and 60 km/h, respectively. Gas flow rates
through the failed EGR valve were 38–82% lower, depending on the
EGR duty commands, than those specified by manufacturers of the part
(Fig. 2). Rust and soot particles contaminated the moving parts of the
valve and increased the friction resistance, as shown in the SI. The
actuating power of the solenoid did not seem to be enough to open the
contaminated valve. The EGR valve became stuck, the exhaust gas
failed to recirculate into combustion chamber, and NOx emissions

increased.
CO2 emissions were less affected by EGR valve failures; the emis-

sions varied by less than 5% by EGR valve conditions, and when the
EGR valve malfunctioned they decreased slightly under urban and rural
traffic conditions (Table 3). PM emissions generally increased when
EGR worked well, i.e., when more exhaust gas returned to combustion
chamber. Based on results from the WLTP, gravimetric filter-based PM
emissions decreased by 59% (0.044 g/km to 0.018 g/km) when the EGR
failed in the non-DPF equipped Vehicle 3; this is indicative of the PM-
NOx tradeoff. We did not observe any significant PM difference in the
DPF-equipped Vehicle 4.

3.2. On-road EFs from ORE tests

The selected LDVs showed variable NOx emissions characteristics at
varying vehicle speeds (Fig. 3). The mean emissions at each speed
generally decreased in the low to medium speed ranges, or 10–40 km/h
and 50–80 km/h, respectively. At high speeds (90 km/h and faster), v4
and v3F showed increasing NOx emissions trends while the others
showed emissions levels similar to those seen at medium speed.

Most 1 km trips showed higher NOx emissions than the LE EF, with
their relative quantities varying according to speed and the condition of
the EGR (Fig. 4). In other words, the effects of EGR valve failure on
increasing NOx emissions are different for the LE and the ORE. In the
normal EGR, the ratios of the NOx emissions for individual ORE trips to
those of the lab-based EF were 3.3 ± 1.7, 3.4 ± 2.3, and 2.0 ± 1.8 at
the low, medium, and high speed ranges, respectively. This excessive
emission level is true when we consider the range of uncertainty of the
LE EFs. Thus, we concluded that the uncertainty in regard to the LE EF
does not significantly affect the comparison of LE and ORE EF, nor does
it significantly affect the subsequent discussion in this paper. These
ratios decreased by around 50% when the EGR valve failed, resulting in
values of 1.7 ± 0.6, 1.6 ± 0.7, and 1.1 ± 0.6 for low, medium, and
high speeds, respectively. These trends were similar for the combined
EFs from the LE and ORE tests. In the LE test, the effects were so distinct
that the LE NOx increased almost threefold. However, the overall NOx
emissions increase by only around 20% in the ORE test (Table 2).

The CO2 emissions for the trips were relatively less affected, as

Fig. 1. Laboratory-based emission factors for NOx and CO2 emissions, derived
from the chassis dynamometer emissions measurement test, according to the
exhaust gas recirculation (EGR) valve conditions. The “current EF” denotes the
NOx emission factor for Euro 4 LDVs currently used in the official Korean
emissions inventory system. We used the NOx emission factor function form for
COPERT Euro 4 diesel passenger cars to generate a plotted fit curve of the data
in this study (Ntziachristos and Samaras, 2016).

8 The activity is a 1 Hz vehicle speed database of six light-duty vehicles for
approximately 36,000 km of driving on urban and rural roads and a motorway
in the Seoul area (NIER, 2010). These data were collected in 2010 under the
suggested protocol of the sub-group on the Development of the Harmonized
driving Cycle in the informal working group on Worldwide harmonized Light
vehicles Test Procedure (Tutuianu et al., 2015).
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✤Goal: Model and evaluate the fuel consumption 
and tailpipe emissions from light-duty vehicles 
using artificial neural network (ANN) models

✤Research questions:

i.How do you train and test ANNs to model fuel 
consumption and tailpipe emissions?

ii.Does the ANN performance vary by pollutant and how 
do ANNs compare to standard regression models?

iii.How can ANNs be used for to improve on-road fuel 
economy?
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✤Artificial neural networks (ANNs) are mathematical models 
used for forecasting that allow complex nonlinear 
relationships between the input (i.e., predictors) and output 
(i.e., response) variables

e.g., multi-layer feed-forward network

Velocity
Acceleration

Intake air temperature
Engine RPM

Time
Higher order terms (e.g., V3)
Interaction terms (e.g., V*a)

…

Fuel consumed
Exhaust temp.
Manifold pres.
Emissions
…
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✤Subaru Impreza gasoline ’08 
- 88,000 miles 
- Certified as LEV-II  
- Emissions control = 3-way cat.

✤VW Jetta diesel ’03 
- 120,000 miles 
- Certified as LEV-I  
- Emissions control = EGR

✤PEMS: Global MRV AxionR/S+ 
- Measures CO2, CO, and HC via NDIR  
- Measures NOX and O2 via e-chem  
- Measures PM via light scattering 
- Connects to and records OBD-II data 
- All data streams logged at 1 Hz
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✤~10 mile urban route in  
Fort Collins, Colorado 
(population~160,000)

✤4 experiment days each for 
each vehicle (Spring 2018)

✤Route metrics 
(e.g., V,  VSP) were 
consistent with an 
FTP-75 cycle

Velocity (mph)
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✤>80% of the CO, HC, and NOX were emitted in 
the first 8 min for gasoline vehicle ➟ cold start

✤Except CO, the diesel vehicle emissions were distributed 
over the entire route

CO2

CO
HC

NOX

CO2

CO HC
NOX

PM
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✤ANN models train and test well in predicting 
instantaneous and cumulative fuel consumption

✤Performance better for diesel (RE=0.55%, R2=0.76) than 
gasoline (RE=10.3%, R2=0.63)
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✤ANN models train and test well in predicting 
instantaneous and cumulative fuel consumption

✤Performance better for diesel (RE=0.55%, R2=0.76) than 
gasoline (RE=10.3%, R2=0.63)
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✤For gasoline CO, NOX, and PM, ANN models 
trained well but did not test well (RE>73%, R2<0.4)

CO

NOX

HC
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✤ In contrast, for diesel NOX, HC, and PM, ANN models 
trained and tested well (RE<16%, R2>0.56)

PM

NOX

HC
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✤ANN models perform better than multivariate 
regression models for diesel fuel consumption 
(RE=0.55 vs. 5.7%) and NOX (RE=12.7 vs. 37.2%)
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Relative Error (%) - Diesel R2 - Diesel

✤Overall, ANN models perform better (lower RE, 
higher R2) than multivariate regression models

✤For diesel, route fuel consumption and NOX emissions 
were predicted within 3 and 10% respectively, with R2>0.7
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Model 
Number

Model Inputs
Gasoline FC Diesel FC
RE R2 RE R2

M1 V 6.52 0.19 10.03 0.17

M2 VSP 8.16 0.60 1.19 0.63

M3 VSP, t 7.54 0.60 6.95 0.65
M4 V, VSP 4.30 0.65 0.58 0.70

M5 V, ACC 6.11 0.68 0.71 0.72

M6 V, VSP, t 4.15 0.65 1.63 0.69
M7 V, RPM, VSP 3.10 0.72 3.98 0.74

M8 V, ACC, t 4.68 0.69 0.23 0.74

M9 V, V3, t 4.57 0.20 2.03 0.20

M10 V, V3, ACC*V, t 6.30 0.65 2.56 0.69
M11 V, V3, ACC*V, RPM, t 3.44 0.72 3.51 0.74

M12 V, V3, ACC*V, V*RPM, t 3.85 0.66 6.68 0.71
M13 V, RPM, ACC, ACC*V, IAT, t 7.57 0.67 4.75 0.73

M14 V, RPM, ACC, ACC*V, IAT, VSP, t 3.12 0.73 1.14 0.76
V=velocity, VSP=vehicle specific power, t=time from ignition, ACC=acceleration, 
RPM=engine speed, IAT=intake air temperature

✤Most comprehensive model, unsurprisingly, yields 
the lowest RE and highest R2
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✤ In a case study, we demonstrated the ability of our ANN 
model to choose routes that were optimized for time and 
fuel economy for the gasoline vehicle. 
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✤ANN models were able to predict fuel consumption for the 
gasoline and diesel vehicle. For the diesel, the predicted route 
fuel consumption was always within 3% of the observed values. 

✤ANNs able to predict tailpipe emissions for the diesel vehicle 
but performance varied between pollutants,  
with the best predictions for NOX (within 10%). 

✤ANNs seemed to do better than multivariate regression 
models in capturing the non-linear processes.

✤With access to velocity estimates and ambient data,  
ANNs could help optimize routing for fuel consumption and/
or tailpipe emissions.

Take-aways
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Ongoing Work

✤More PEMS tests in Spring 2019 with same vehicles 
- how well do models developed in 2018 perform for data in 
2019?

✤Model error propagation 
- how does uncertainty in an input (e.g., velocity) translate 
to an uncertainty in the output (e.g., fuel consumption)?

✤Contact: shiva.chenna@colostate.edu or  
             shantanu.jathar@colostate.edu

mailto:shiva.chenna@colostate.edu
mailto:shantanu.jathar@colostate.edu
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