
2021-01-0181 Published 06 Apr 2021

High-Fidelity Modeling of Light-Duty Vehicle Emission 
and Fuel Economy Using Deep Neural Networks
Farhang Motallebiaraghi Western Michigan University

Aaron Rabinowitz Colorado State University

Jacob Holden National Renewable Energy Lab

Alvis Fong Western Michigan University

Shantanu Jathar Colorado State University

Thomas Bradley Colorado State University

Zachary D. Asher Western Michigan University

Citation: Motallebiaraghi, F., Rabinowitz, A., Holden, J., Fong, A. et al., “High-Fidelity Modeling of Light-Duty Vehicle Emission  
and Fuel Economy Using Deep Neural Networks,” SAE Technical Paper 2021-01-0181, 2021, doi:10.4271/2021-01-0181.

Abstract

The transportation sector contributes significantly to 
emissions and air pollution globally. Emission models 
of modern vehicles are important tools to estimate 

the impact of technologies or controls on vehicle emission 
reductions, but developing a simple and high-fidelity model 
is challenging due to the variety of vehicle classes, driving 
conditions, driver behaviors, and other physical and opera-
tional constraints. Recent literature indicates that neural 
network-based models may be able to address these concerns 
due to their high computation speed and high-accuracy of 
predicted emissions. In this study, we seek to expand upon 
this initial research by utilizing several deep neural networks 
(DNN) architectures such as a recurrent neural network 
(RNN) and a convolutional neural network (CNN). These 
DNN algorithms are developed specific to the vehicle-out 
emissions prediction application, and a comprehensive 
assessment of their performances is done. Sensitivity analysis 
is carried out for input predictor selection. Training and 

testing datasets are selected and a random route is selected 
for validation of the learning procedure. In addition, evalu-
ation of the effect of different groups of input data for the 
prediction is studied. Results show that deep recurrent and 
convolutional neural networks have relatively better 
accuracy compared to other prediction models. Also, 
preliminary results show that the deep neural network’s 
performance consistently improves when given datasets with 
more input variables, potentially indicating improved 
usability for researchers compared to shallow and basic 
neural networks. The observations and summaries in this 
paper are meant to be used as a constructive source for 
scholars and users of vehicle emissions models. Fast compu-
tation and high-accuracy emissions models at the individual 
vehicle level can improve technology implementation and 
control in real-time. A possible extension of this work, 
includes study on other vehicle types and developing selected 
models using more datasets and integration with fuel 
economy models.

Introduction

Air pollution control has become a major global 
concern in recent decades. Large cities have become 
the main consumers of energy and produce locally 

and globally relevant quantities of air pollutant emissions [1]. 
Most of this energy is produced from fossil fuel combustion 
that decreases air quality, causing climate change and human 
health issues [2,3]. Regulators, including the United States 
Environmental Protection Agency (EPA) , National Highway 
Traffic Safety Administration (NHTSA), and the California 
Air Resources Board (CARB), have been successively creating 
new greenhouse gas emission standards and fuel economy 
standards to reduce the negative effects of transport [4].

Previously, various methods have been proposed to 
estimate emissions of vehicles which can be used to calculate 
fuel economy and emission rates. These methods have 
attempted to produce high fidelity models which could enable 
control and management of pollutant rates for different types 
of vehicles or fleets. High fidelity models for emissions are 
necessary for effective emissions control because chassis dyna-
mometer tests often fail to capture the effects of real-world 
driving such as driver behavior, weather, traffic and road condi-
tions, and can often under-predict on-road emissions [5]. The 
Motor Vehicle Emission Simulator (MOVES) developed by the 
EPA is currently the most widely used emission modeling 
system that accounts for vehicle operating modes [6]. Modified 
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versions of the MOVES model have also been applied in both 
US and global contexts [7]. Aziz and Ukkusuri [8] combined 
the MOVES model with hierarchical clustering based link 
driving schedules using dynamic time warping measures to 
estimate fleet emissions. Combined with automotive system 
simulators such as FASTSim and Autonomie, emission models 
have been used to simulate instantaneous emissions in virtual 
driving conditions [9]. Recently, artificial neural networks 
(ANNs) have been successfully used by automotive and trans-
portation researchers in applications including engine manage-
ment systems and fuel economy enhancement [10-13], autono-
mous vehicles [14,15], and mobility and drivability improve-
ments [16,17]. Besides, ANNs have been applied to predict and, 
in some cases, control tailpipe emissions from gasoline and 
diesel engines [18-20]. However, only in a few instances have 
deep neural networks (DNN) been used to model the in-use 
tailpipe emissions from on-road vehicles [21,22]. One of the 
major advantages of ANNs is their ability to generalize. 
Considering that MOVES is specifically designed to model the 
emission in the United States, to use MOVES for other nations, 
very precise information about the emission performance and 
activity of vehicles is required. Emission predictions are chal-
lenging because there are several powertrain components that 
their operations affect the emissions volumes. That is why 
ANNs are the solution in problems with more complexity 
because of their ability to learn and mimic the behavior of 
emissions rate and providing much better accuracy as a result.

Advances in computing technology have enabled the 
practical training and implementation of increasingly complex 
ANNs [23]. This has enabled the use of time-delayed ANNs 
and history-sensitive (recurrent) ANNs. The Long Short-Term 
Memory (LSTM) ANN, developed by Hochreiter and 
Schmidhuber in 1997 [24], is a network that can account for 
both delayed effects and recurrent effects. The main potential 
advantage of LSTM is that it can openly select the previous 
vehicle status data to predict emissions whereas traditional 
time-dependent emission neural networks (Such as conven-
tional recurrent neural networks (RNN)) select data as the 
model input in a fixed previous timespan. While the conven-
tional RNNs have just one activation function, LSTMs have 
three interacting gates with corresponding activation func-
tions. A standard LSTM unit generally called a memory block 
consists of a cell, three gates which play an important role in 
remembering, updating, forgetting, and regulating the flow 
of the data into and out of the cell. The increase in computing 
power has also allowed for the practical use of pattern recogni-
tion networks such as the convolutional ANN (CNN) [25]. 
These complex ANNs, when used in sequence prediction, can 
use current inputs to predict long term and delayed behaviors 
without much front-end processing.

Based on previous work at Colorado State University [26] 
and using DNN architectures, high-fidelity emissions and fuel 
consumption models were developed to predict in-use tailpipe 
emissions and fuel consumption of a light-duty diesel vehicle 
(LDDV). The LSTM and CNN architectures were tested 
relative to each other and other methods such as a Feed 
Forward Neural Network (FFNN), statistical linear regression 
and the EPA MOVES model. Simultaneously, various combi-
nations of available data were used as predictors and the effec-
tiveness of using each set was discovered. This work is focused 

on the study of the applicability and accuracy of ANNs on 
emission predictions versus previously used emission and fuel 
consumption simulators (e.g., MOVES, MLR) and effects of 
different predictor sets on the model performance. This work 
shows that deep ANNs can be used with more sample test 
vehicles and more route types to extrapolate its promising 
prediction accuracy for implementation and industrialization.

Methodology
In this section, the experimental method of drive cycle devel-
opment and real-world data collection is explained. Then all 
studied and developed models are introduced.

Drive Cycle Development and 
Emission Data Collection 
Using PEMS
Data used in this study was collected on five total drive cycles 
conducted in Fort Collins Colorado in 2018 using an LDDV. 
Data collected consisted of vehicle position data collected via 
GPS, vehicle operation data collected via Controller Area 
Network (CAN) using the J1939 protocol, and emissions data 
collected via an Axion R/S Portable Emissions Measurement 
System (PEMS) [27]. Four of the routes driven were a 10-mile 
urban drive cycle; this route is shown in Figure 1. The fifth 
route was a different, shorter, drive cycle used for testing 
the results.

The datasets from the experiments include tailpipe emis-
sions, CAN-derived vehicle parameters, and geographic coor-
dinates (latitude, longitude, and elevation). Intake fuel rate 
(g/s) and exhaust fuel rate (g/s) were measured to track if the 
combustion is complete and how much fuel rate difference 
can be calculated throughout the experiments, which out data 
indicates it has a negligible difference between these. In-use 
tailpipe emissions of CO2, CO, NOX, HC (Hydrocarbons), and 
PM10 (Particulate Matter) at 1 Hz were measured using PEMS. 
Descriptions of the vehicle used and data collected are 
provided in Table 1 and Table 2.

 FIGURE 1  Driving map for one of the experiments on the 
fixed route, Source: [26,28].
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Development of Models
This study seeks to develop a high-fidelity model of emissions 
and fuel consumption for an LDDV using ANN methods. The 
effectiveness of these ANN methods were assessed through 
comparison to linear regression models and the EPA MOVES 
model. Details of all methods are provided in Table 3.

First several different combination sets of predictors were 
selected in order to understand the effect of each predictor on 
ANN performance. The literature on the issue of the correla-
tive value of real-time emissions with vehicle measurands is 
limited, so the division of predictors into combinations was 
based on methods derived from [29]. Predictors were catego-
rized into two main categories referred to as Externally 
Observable Variables (EOV) and Internally Observable 
Variables (IOV). EOV variables are the predictors that are not 
vehicle-specific and can be  fed to the ANN to predict 

emissions and fuel consumption. These predictors such as 
speed and altitude do not require CAN data to operate and 
thus, predictions that use them can be implemented on non-
vehicle hardware, such as cloud hardware, etc. IOVs such as 
engine speed and fuel consumption require CAN bus access, 
generally through an OBD-2 connector. The data used are 
identified as IOVs or EOVs in Table 4 and selected combination 
sets are tabulated in Table 5.

VSP was calculated using the following equation:

 VSP v acc g r g C v
C A

m
r

D= ⋅ +( ) + ⋅ + ⋅{ }+ ⋅
⋅






1 0 5 3ε ρ. .  (1)

Where v is the velocity in m/s , acc is the acceleration 
in m/s2 , ε is the mass factor for the rotational masses (0.1), g 
is the acceleration of gravity (9.8 m/s2 ), Cr is the coefficient of 
rolling resistance (0.014), is the density of air (1.02-1.07 kg. 
m/ρ3kg m), CD is the drag coefficient, A is the vehicle frontal 
area (2.56 in m2), and m is the vehicle mass in kg. VSP is the 
instantaneous power demand of the vehicle divided by its 
mass (here kW/tonne), which is an estimation of the power 
demand on the engine in driving mode. It is an important 
parameter in estimation of the emissions as well as fuel 
consumption because it has most of the defining dependent 

TABLE 1 Vehicle specifications

Attribute Diesel Vehicle
EPA Tier Standard Tier 1

Model Year 2003

Make and model Volkswagen Jetta

Engine displacement 1.9 L

Gross vehicle weight 4023 lbs.

Vehicle miles ~ 120,000

Emissions control Exhaust gas recirculation©
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TABLE 2 Details of measured parameters

CAN-derived vehicle parameters
Velocity (mph), Engine speed (RPM), Manifold air pressure (kPa), 
Intake air temperature (F), Exhaust fuel rate (g/s), Intake fuel 
rate (g/s) , Fuel consumption (g/s)

PEMS-derived emission parameters
CO2 (%, g/s), NOx (ppmv, g/s), HC (ppmv, g/s) CO (%, g/s), PM10 
(mg/m3, g/s)

GPS-derived parameters
Latitude (deg), Longitude (deg), Altitude (deg)©
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TABLE 3 ANN and other methods

Models Type Prediction Target
Deep FFNN A three hidden layer 

feed-forward neural 
network

Emissions/ Fuel 
consumption

Deep LSTM A three hidden layer 
recurrent neural 
network with LSTM 
neurons

Emissions/ Fuel 
consumption

Deep CNN A two convolutional 
neural network with 
two convolutional 
layers and two 
pooling layers

Emissions/ Fuel 
consumption

Linear Regression Statistical regression 
method

Emissions/ Fuel 
consumption

MOVES Lookup table 
software

Emissions
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TABLE 4 EOVs and IOVs

Predictor Name Predictor Symbol Variable Type
Vehicle Velocity V EOV

Vehicle Acceleration ACC EOV

Time since Start time EOV

Vehicle Altitude Alt EOV

Vehicle Specific Power VSP EOV

Engine Velocity RPM IOV

Intake Air Temperature IAT IOV

Manifold Air Pressure MAP IOV

Fuel Consumption FC IOV©
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TABLE 5 Selected combination sets of predictors

Class

Input combination sets
IOV 
neededEmission prediction

Fuel consumption 
prediction

C1 V, ACC, time V, ACC, time no

C2 V, ACC, time, VSP V, ACC, time, VSP no

C3 V, ACC, time, Alt V, ACC, time, Alt no

C4 V, ACC, time, VSP, Alt V, ACC, time, VSP, Alt no

C5 V, ACC, time, VSP, Alt, 
RPM

V, ACC, time, VSP, Alt, 
RPM

yes

C6 V, ACC, time, VSP, Alt, 
RPM, IAT

V, ACC, time, VSP, Alt, 
RPM, IAT

yes

C7 V, ACC, time, VSP, Alt, 
RPM, MAP

V, ACC, time, VSP, Alt, 
RPM, MAP

yes

C8 V, ACC, time, VSP, Alt, 
MAP, IAT

V, ACC, time, VSP, Alt, 
MAP, IAT

yes

C9 V, ACC, time, VSP, Alt, 
RPM, IAT, MAP

V, ACC, time, VSP, Alt, 
RPM, IAT, MAP

yes

C10 V, ACC, time, VSP, Alt, 
RPM, IAT, MAP, FC

--- yes
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parameters of vehicle emissions and it can also be used for 
the experiments that the powertrain specifications 
are unknown.

Artificial Neural Network 
(ANN)
ANNs are classified as one of the branches of machine learning 
techniques. ANNs are composed of artificial neurons that are 
intended to imitate the structure of the human neurons. The 
basic structure of an ANN consists of three layers: one layer 
of input neurons, a hidden layer of connected neurons, and a 
layer of output neurons. ANNs can be trained from a dataset 
using a set of calculations starting from the input layer 
through the output layer, and then by setting the cost function 
the outputs are modified to increase the accuracy of the 
predictions. The results from the cost function are then used 
to tune the biases and weights. In most cases, the more data 
that can be fed to a neural network, the more accurate it will 
become but predictive accuracy is dependent on the architec-
ture of the network and the choice of input predictor variables. 
ANNs can model the nonlinear features of the input dataset 
so they have the advantage to produce outputs that are not 
limited to linear combinations of the inputs provided to them. 
However, ANNs are generally black box models that make it 
harder to interpret their results. There are many types of 
ANNs, which among them Feed-Forward Neural Network 
(FFNN), Recurrent Neural Network (RNN), and Convolutional 
Neural Network (CNN), are studied in this research.

Feed-Forward Neural Network Feed-forward neural 
networks are the most basic type of artificial neural networks 
that are also used in this study. The information passes 
through the nodes only in the forward direction and there are 
no feedbacks in the cell of this type of neural network. 
Generally, they can solve many nonlinear problems by 
learning the features of the input dataset. The process of 
training FFNN involves changing the weights and biases to 
optimize the performance of the network. A deep FFNN is 
used due to its natural simple structure which makes the 
training process faster than the following explained complex 
neural networks. Figure 2 illustrates the general structure of 
the FFNN. The detailed calculation procedure of the FFNN's 
can be found in [30].

In this research a deep FFNN model is applied to the 
dataset with three hidden layers. The final structure has {200, 
150, 100} neurons in the first to third hidden layers, with the 
total number of five layers including input and output layers. 
The activation function is chosen as sigmoid.

LSTM Generally, RNNs are able to process sequential data 
when the state of the hidden layers at the current time-step 
becomes an input to the hidden layers at the next time-step, 
thus allowing the network to continue to learn after training. 
However basic RNNs struggle to keep long term dependencies, 
Long Short-Term Memory is a memorable type of RNN which 
was designed by Hochreiter & Schmidhuber [24]. A standard 
LSTM block is formed of a cell, and three internal gates of an 
input gate, an output gate, and a forget gate. The cell remem-
bers values over arbitrary time intervals, and the three gates 
regulate the flow of information into and out of the cell. LSTM 
networks are well-suited to classifying, processing, and 
making predictions based on time series data since there can 
be lags of unknown duration between essential events in a 
time series. Simply, LSTM networks have some internal 
contextual state cells that act as long-term or short-term 
memory cells. The state of these cells modulates the output of 
the LSTM network. This is a fundamental property when 
we want the prediction of the neural network to depend on 
the factual context of inputs rather than only on the very last 
input, which is why we chose this method for estimating 
emission rates trained based on time series data. Figure 3 
shows the internal structure of the LSTM model. The details 
of the computation are available in [24,32,33].

The LSTM is developed based on Keras in Python. The 
structure of LSTM is chosen systematically by analyzing the 
effects of NN parameters (number of neurons, epochs, number 
of hidden layers, etc.). Finally, a three hidden layer structure 
is chosen in which the layers have {50, 30, 30} neurons. 300 
epochs are selected for training and the activation function 
is chosen as “ReLu”. Relu runs much faster and also prevents 
gradient vanishing. Callbacks are also considered to 
avoid overfitting.

CNN CNN's are a robust ANN technique used for both 
regression and classification. The fundamental working prin-
ciple of CNN is to split an input domain into a series of small 
divisions and then, in order to extract the features, the input 
is passed through the series of convolution and pooling layers. 

 FIGURE 2  The general structure of a single layer FFNN 
model [31].
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 FIGURE 3  The general structure of the LSTM model.
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Each convolution layer applies a filter to each input channel 
in order to extract specific characteristics, for example edges 
and corners in image recognition. The pooling layers reduces 
the input dimensionality to reduce the computation cost and 
redundancy in input samples. Finally, input is flattened and 
fed to fully connected layers to produce the network output. 
CNN's are especially useful for purposes where large amounts 
of input data are to be processed for the presence of features 
or sequences [25,34]. A typical CNN structure is shown in 
Figure 4.

CNN model is developed with the same procedure as 
LSTM. The final structure has two hidden layers with {100, 
100} neurons in the first and second layers. ReLu activation 
function is chosen and the length of 1D convolution window 
is selected as {2} and filter number, kernel size, and maximum 
pooling size are selected as {100, 3, 2}.

Linear Regression
Apart from discussed neural network methods, we have devel-
oped a linear regression model. This helps us to demonstrate 
an in-depth comparison between the prediction accuracy of 
developed ANN’s and the most used traditional machine 
learning technique for both emission and fuel consumption.

In this study, a multivariable linear regression (MLR) 
model is applied to the input predictors for emission and fuel 
consumption regression. The following equation is the general 
formulation of the multivariable linear regression method.

 Y X X X Xn n= + ∗ + ∗ + ∗ +…+ ∗β β β β β0 1 1 2 2 3 3  (2)

Where Y is the predicted variable X1, X2, …, Xn are the 
dependent input predictors, β0 is the bias term, and β0, β1, …, 
βn are the coefficients (weights) that are estimated fitting the 
model to the measured variable. Initially, the coefficients 
(weights) are chosen randomly by the built-in MLR model in 
the sklearn package in Python. This model changes the coef-
ficients in the fitting process to reduce the error indicated in 
the assessment metrics section.

MOVES
Motor Vehicle Emission Simulator (MOVES) is the EPA's 
developed tool that is able to estimate emissions in different 

user-defined situations [35]. MOVES is a simple model that 
has a physical basis for estimation of the emissions based 
on speed, time, fuel type, vehicle type, meteorological data 
and road conditions. The model can be used for different 
geographic scales such as national, county, and project scale 
emission estimations [36]. MOVES can estimate emissions 
by the distribution of time spent in operation modal bins 
that are defined based on VSP bins and speeds [37]. In 
modeling process of MOVES by using the measured velocity 
dataset during the actual on-road experiments, and defining 
vehicle type (diesel), geographical areas (project scale), 
pollutants (CO2, CO, NOX, HC and PM10), vehicle operating 
characteristics, and road types, emissions of the test vehicle 
were estimated. When a drive cycle for the experiment is 
added into MOVES along with other input parameters such 
as vehicle type and model year, fuel type, and meteorology 
data, MOVES calculates emission rates for operating mode 
bins associated with the input parameters and VSP which 
is calculated on a second-by-second basis for a vehicle oper-
ating over the drive cycles. Then, MOVES calculates total 
emissions over the test by using the emission rates and oper-
ating mode distribution. MOVES calculation results for 
emission rate can be  different for each combination of 
source type (fuel type, vehicle type), model year and oper-
ating mode (speed, acceleration and VSP). The estimated 
emissions were compared to the measured emissions. The 
current version of MOVES (MOVES2014b) was used in 
this study.

MOVES is a simple model that has a physical basis for 
estimation of the emissions based on speed, time, fuel type, 
vehicle type, meteorological data and road conditions. When 
a drive cycle for the experiment is added into MOVES along 
with other input parameters such as vehicle type and model 
year, fuel type, and meteorology data, MOVES calculates 
emission rates for operating mode bins associated with the 
input parameters and VSP which is calculated on a second-
by-second basis for a vehicle operating over the drive cycles. 
Then, MOVES calculates total emissions over the test by 
using the emission rates and operating mode distribution. 
MOVES calculation results for emission rate can be different 
for each combination of source type (fuel type, vehicle type), 
model year and operating mode (speed, acceleration 
and VSP).

Assessment Metric
For evaluation of the model’s accuracy, we used Mean Absolute 
Error (MAE) criteria parameter which is formulated in 
equation 2. Where Pi and Mi are the predicted value and the 
actual value of the target parameters respectively and N is the 
total number of data points in the dataset, MAE is defined 
as follows:

 MAE P M
P M

N
i

n

i i

, ( ) =
−

=∑ 1  (3)

 FIGURE 4  The general structure of the CNN model.
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Results

Input Predictors Classes 
Comparison
All ANN’s (FFNN, LSTM, CNN) and MLR were trained over 
three fixed route experiments out of the four, and validation 
was performed on the last fixed route experiment. Then the 
random route experiment was used for performance testing. 
The result of these tests are to downselect a set of prediction 
inputs (C1-C10) that will be used for emissions prediction 
evaluation, and a set of prediction inputs (C1-C9) that will be 
used for fuel consumption prediction evaluation.

Figure 5 and 6 shows the comparison of emission predic-
tion accuracy for the selected classes based on MAE over the 
validation dataset and test dataset using a three hidden-layer 
LSTM respectively.

The values of the MAE are also shown in Table 6 and 7. 
Comparing the values it can be inferred that adding more 
predictors in input classes decreased the error. Also, it can 
be observed that MAP among the inputs contributed to better 
predictions. Using fuel consumption as a predictor also made 
the prediction more accurate. Overall, the choice of input 
classes in terms of IOV versus EOV categorization was found 
to be crucial. The trends seen in the LSTM results were also 

present in the results for the other algorithms evaluated. Thus, 
class 10 (C10) was selected as the primary input class (set of 
inputs) for emissions prediction.

Figure 7 shows the emission prediction results for class 
10 (C10) using the test dataset applied by the LSTM method. 
The model shows very promising prediction results.

Similar to the methods used to select a set of inputs for 
emission prediction, the validation and test route experiments 
were fed to the ANN and MLR models to compare the 
predicted fuel consumption based on different input classes. 
Figure 8 and Table 8 show the comparisons and values of the 
logarithmic MAE over the validation dataset using LSTM, 
FFNN, CNN, and MLR. Likewise to emission prediction 
results, we can observe that fuel consumption predictions 
follow the same pattern for most of the input classes for ANN 
methods hence, for MLR it is not the same.

Also, the effect of adding IOV parameters can be seen the 
most in class 7 and class 9. Thus, class 9 (C9) was selected as 
the primary input class for fuel consumption prediction.

Figure 9 shows the fuel consumption prediction results 
for class 9 (C9) using the test dataset applied by the LSTM 
method. The model shows relatively good fit with some 
mispredictions, which has much lower MAE than other 
models prediction results.

 FIGURE 6  Effect of input classes on emission prediction 
MAE (test).
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TABLE 6 Emission prediction MAE (%) for different input 
classes (validation)

Input 
classes NOx HC PM10 CO2 CO

Cumulative 
MAE

C1 0.08 0.07 0.03 0.27 0.04 0.48

C2 0.13 0.09 0.02 0.17 0.05 0.45

C3 0.05 0.07 0.02 0.20 0.04 0.38

C4 0.16 0.07 0.02 0.23 0.03 0.51

C5 0.06 0.06 0.02 0.12 0.04 0.29

C6 0.04 0.08 0.02 0.15 0.03 0.32

C7 0.04 0.08 0.02 0.09 0.03 0.25

C8 0.05 0.07 0.02 0.09 0.05 0.28

C9 0.03 0.09 0.02 0.09 0.05 0.28

C10 0.03 0.09 0.02 0.06 0.04 0.24 ©
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 FIGURE 5  Effect of input classes on emission prediction 
MAE (validation).
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TABLE 7 Emission prediction MAE (%) for different input 
classes (test)

Input 
classes NOx HC PM10 CO2 CO

Cumulative 
MAE

C1 0.04 0.11 0.03 0.17 0.03 0.37

C2 0.04 0.14 0.04 0.21 0.03 0.45

C3 0.04 0.13 0.03 0.16 0.02 0.38

C4 0.04 0.13 0.04 0.22 0.02 0.44

C5 0.04 0.13 0.03 0.18 0.02 0.41

C6 0.05 0.13 0.03 0.20 0.02 0.43

C7 0.03 0.12 0.03 0.15 0.03 0.36

C8 0.04 0.12 0.02 0.17 0.02 0.37

C9 0.03 0.13 0.03 0.17 0.02 0.38

C10 0.03 0.11 0.02 0.07 0.02 0.26 ©
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Effectiveness of Models
As can be seen from Figures 5 and 6, the sets of experimental 
measurands that were used as inputs to the ANNs effect on 
the error in prediction for the emissions of NOx, CO, and 
PM10. These emissions are very difficult to predict as a 
function of time because they are very nonlinear, consisting 
mostly of long stretches with zero-value, with occasional 
spikes. Because the ANNs were trained using summative 
regression error metrics [38], they struggle to predict data 
which is mostly flat but shows a few spikes as the difference 
in error between a good fit and a bad fit will be minimal. Thus, 
in order to gauge the effectiveness of the ANN model for 
predicting emissions, the error from the best ANN model was 
compared to a “null” prediction which was a vector of zero 

values. The results for the best ANN and the “null” prediction 
are shown in Figure 10.

The results of the comparison to “null” suggested that 
the ANN models were capable of predicting CO2, HC and 
NOX emissions traces but did not predict CO or PM10 better 
than a very simple model. Given the dynamics of the input 

 FIGURE 7  Emission prediction by LSTM (test).
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 FIGURE 8  Effect of input classes on fuel consumption 
prediction MAE (validation)
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TABLE 8 Fuel consumption prediction logarithmic MAE (%) 
for different input classes (validation) using LSTM, CNN, FNN 
and MLR

Input 
classes LSTM CNN FFNN MLR
C1 −0.86 0.13 0.22 0.46

C2 −0.94 1.24 1.13 2.20

C3 −0.91 1.23 1.41 2.11

C4 −0.94 1.18 1.13 2.23

C5 −1.04 1.25 0.84 2.11

C6 −1.01 1.21 0.78 2.17

C7 −0.98 1.19 0.79 2.36

C8 −1.02 1.22 0.95 2.21

C9 −1.1 1.05 0.78 2.30©
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 FIGURE 9  Fuel consumption prediction by LSTM (test).
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 FIGURE 10  Comparison of error between best ANN 
prediction and “null” prediction
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data for these emissions data, it was not surprising that the 
ANNs struggled to predict over the course of the test and 
validation drive cycles, many machine learning methods 
would face similar difficulties, and the development of 
methods that can model these dynamics is a topic of 
continuing research.

Effect of Individual Predictors
The contributions of individual predictors to reducing MAE 
for the deep LSTM were determined using a designed experi-
ment and linear regression. The experimental design was a 
24full factorial on the IOVs MAP, IAT, FC, and RPM. Based 
on the results of the previous section the output variable for 
the regression was prediction error for CO2. The residual of 
the fit was 0.922 with an overall F-statistic of 32.66. The results 
of the regression are presented in Table 9.

Defining statistical significance as a P(>|t|) of 0.05, the 
regression showed that the presence of MAP and FC decreases 
the fit MAE for CO2, HC, and NOx. Moreover, further 
emission comparison is made with MOVES modeling tool. 
Details of the emission rates are provided in Table 10.

Finally, the total comparison has been made for 
emission and fuel consumption prediction. All developed 
ANN models and MLR (tested with C10 for emission and 
with C9 for fuel consumption) are compared in Tables 11 
and 12.

Conclusions and Future 
Work
In this research, several deep neural network approaches have 
been considered for light-duty diesel vehicle emission and fuel 
consumption prediction. Five different methods including 
deep recurrent neural network (RNN), deep convolutional 
neural network (CNN), deep feed-forward neural network 
(FFNN), and deep long short-term memory network (LSTM) 
have been developed. Also, a multivariable linear regression 
(MLR) method has been developed for a more extensive 
comparison within machine learning-derived methods. 
We used the collected data from a portable emission measure-
ment system (PEMS) which was a total number of four experi-
ments along a fixed route that were performed by the same 
driver using an LDDV in spring 2018 in Fort Collins, Colorado. 
Additionally, one experiment was conducted on a random 
route for testing the performance of the models. Several input 
classes of dataset variables were defined and sensitivity 
analysis for finding the best combination was done. The results 
show that the deep neural network’s performance consistently 
improves when given datasets with more variables (EOV and 
IOV). It is also found that manifold absolute pressure (MAP), 
engine speed (RPM), and fuel consumption are the most 
beneficial parameters categorized as IOV for emission predic-
tion. For fuel consumption, the same pattern is observed given 
more variables for all ANN methods. Selecting the best-fitted 
classes for emission and fuel consumption, all the models were 
simulated. Also, a simulation is done for emission prediction 
using MOVES. The results show that DNNs has high accuracy 
compared to other neural network models. Specifically LSTM 
had the best performances for both emission and fuel 
consumption prediction. We recommend using LSTM and 
other deep RNN that are history-sensitive that can account 
for both delayed effects and recurrent effects for more accurate 
emissions and fuel consumption predictions. This model, if 

TABLE 10 Comparison of measured emission rates to MOVES 
emission rate estimations

Emission 
comparison

Average emission rate (g/mi)
CO2 NOx HC CO PM10

Test dataset 626 1.82 0.34 0.49 0.041

MOVES 532 3.27 0.79 5.23 0.017

LSTM 625.72 1.82 0.34 0.49 0.04

CNN 619.99 1.79 0.33 0.48 0.04

FFNN 555.58 0.91 0.26 0.33 0.03

MLR 1297.39 2.80 0.55 0.10 0.05

  Relative Error (RE) rate (%)
MOVES 15 26.7 132.3 967 58.5

LSTM 0.05 0.02 0.09 0.05 0.03

CNN 0.96 1.83 1.57 1.06 0.99

FFNN 11.25 50.24 23.15 32.11 30.20

MLR 307.25 254.1 262.2 120.14 217.15 ©
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TABLE 11 Comparison of measured emission rates to all 
models emission rate estimations (test)

Emission 
comparison

MAE (%)
CO2 NOx HC CO PM10

LSTM 0.06 0.03 0.09 0.04 0.02

CNN 0.89 1.57 1.23 1.05 0.87

FFNN 12.52 52.60 25.78 34.12 33.54

MLR 380.01 236.4 267.88 122.15 201.01 ©
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TABLE 12 Comparison of fuel consumption prediction 
accuracy for all models (test)

Developed Models MAE (%)
LSTM 0.08

CNN 1.05

FFNN 6

MLR 201

TABLE 9 Statistical results of individual predictors’ effects on 
emission model accuracy

Regressor coef std. err t P(>|t|)
Intercept 0.1019 0.004 27.482 0.000

MAP −0.0152 0.003 −4.581 0.001

IAT −0.0060 0.003 −1.819 0.096

FC −0.0341 0.003 −10.284 0.000

RPM 0.0025 0.003 .757 0.456 ©
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developed for a vehicle and integrated within the vehicle 
controller, may have value for real time vehicle/engine controls 
optimization thereby producing real-time reductions in fuel 
consumption and emissions.

Our work does not reflect changes in emissions from 
variations in fuel, engine operation over time, driver 
behavior, and ambient conditions. In addition, the models 
can be  improved to better predict CO and PM10 in their 
extreme f luctuations which needs to be  investigated in 
future work.
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ACC - Acceleration
ANN - Artificial Neural Network
CAN - Controller Area Network
CARB - California Air Resources Board
CNN - Convolutional Neural Network
DNN - Deep Neural Network
EOV - Externally Observable Variable
EPA - Environmental Protection Agency
FC - Fuel Consumption
FFNN - Feed Forward Neural Network
IAT - Intake Air Temperature
IOV - Internally Observable Variable
LDDV - Light-duty Diesel Vehicle
LSTM - Long Short-Term Memory
MAE - Mean Absolute Error
MAP - Manifold Air Pressure
MLR - Multivariable Linear Regression
MOVES - Motor Vehicle Emission Simulator
NHTSA - National Highway Traffic Safety Administration
PEMS - Portable Emissions measurement System
PM - Particulate Matter
RPM - Round Per Minute
RNN - Recurrent Neural Network
VSP - Vehicle Specific Power
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Appendix
Here we added a summary of some of the illustrations and corresponding inputs and target of them provided in the result 
section of the paper.

TABLE A1 Summary of the experiments and corresponding inputs, targets, datasets, and figures

ANN Model Inputs Target Dataset Illustration
LSTM Predictor sets from C1 to 

C10 from measured data
Comparison and selection of the best combination 
sets of predictors for Emission Prediction

Validation Figure 5

LSTM Predictor sets from C1 to 
C10 from measured data

Comparison and selection of the best combination 
sets of predictors for Emission Prediction

test Figure 6

LSTM C10 predictor set Comparison of the predicted versus measured 
emissions values

test Figure 7

LSTM Predictor sets from C1 to 
C9 from measured data

Comparison and selection of the best method and 
predictors set for fuel consumption Prediction

Validation Figure 8

LSTM/CNN/ FFNN/MLR C9 predictor set Comparison of the predicted versus measured fuel 
consumption values

test Figure 9

LSTM C10 predictor set Comparison of error between best ANN prediction 
(LSTM) and “null” prediction

test Figure 10

LSTM/CNN/ FFNN/MLR C10 predictor set Comparison of measured emission rates to MOVES 
emission rate estimations using RE

test Table 10

LSTM/CNN/ FFNN/MLR C10 predictor set Comparison of measured emission rates to all ANN 
models emission rate estimations using MAE

test Table 11

LSTM/CNN/ FFNN/MLR C9 predictor set Comparison of fuel consumption prediction 
accuracy for all models

test Table 12
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