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Abstract

Reproducing severe emission driving scenarios on a chassis dynamometer enables the
systematic calibration of real driving emissions (RDE) under laboratory conditions. Accord-
ingly, a dynamic programming (DP) method is proposed to construct emission-intensive
driving cycles for an extended-range electric vehicle. The DP approach transforms the
driving cycle construction problem into one of multi-stage decision optimization within a
time control domain. Assembling a real driving emission model and a multi-stage decision
optimization model, a DP algorithm was developed. Guided by real-world trip dynamics
and road terrain, the DP algorithm optimizes instantaneous vehicle driving conditions at
every time step, thereby reconstructing vehicle speed and road gradient profiles to maxi-
mize pollutant emissions within the time control domain. Analysis demonstrates that the
DP algorithm favors constructing emission-intensive driving cycles using high-frequency,
low-intensity acceleration and deceleration maneuvers, in addition to the high-aggression
driving typically assumed to cause the severest emissions. Furthermore, the DP algorithm
also effectively utilizes the impact of road terrain on emissions to construct these driving
cycles. Verification confirms that the constructed emission-intensive driving cycles not
only exhibit severe emission characteristics but also conform to the mandatory RDE test
requirements in trip dynamics and road terrain conditions.

Keywords: driving cycle; real driving emissions; dynamic programming; extended-range
electric vehicle; emission modelling

1. Introduction

Historically, vehicle emission control has been guided by a series of regulations es-
tablished by governments and international organizations [1-3]. In compliance with these
standards, a test vehicle is typically placed on a chassis dynamometer and subjected to emis-
sion testing according to a specified driving cycle. The driving cycle defines a speed profile,
including idling, acceleration, constant speed, and deceleration, to approximate real-world
driving conditions. The development of a representative driving cycle involves synthesiz-
ing real-world driving data into a standardized velocity-time profile. The process begins
by extracting characteristic short-trips, often via clustering analysis of real-world driving
data. These characteristic short-trips are then sequentially assembled into a complete cycle
using methods such as Markov chain Monte Carlo (MCMC) for state transition simulation,
with the x? test used to validate that the statistical properties of the constructed cycle
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(e.g., average speed, idle times) align with those observed in the real-world datasets [4-7].
However, driving conditions in actual use are diverse and complex. The speed profile
of the driving cycle is only a statistical average of the actual driving data and lacks com-
plete representativeness of the driving conditions in the vehicle’s actual use [6-10]. In
response, the Euro 6 emission standard incorporates a real-world driving emission (RDE)
test procedure [11].

The RDE test uses a portable emissions measurement system (PEMS) to measure
a vehicle’s emissions and energy consumption performance under real-world driving
conditions [12]. During the RDE test, vehicle speed and acceleration may cover a wide
range of operating conditions, and environmental temperature, terrain, and altitude may
also randomly affect pollutant emissions [13-16]. Due to the random nature of driving
conditions, a vehicle’s compliance with regulatory emission not-to-exceed (NTE) limits in
one RDE test does not guarantee it will pass regulatory assessment in another RDE test.
To ensure vehicle RDE test results meet the NTE limits specified in emissions regulations,
development engineers must design complex test plans that cover all possible real driving
emissions test scenarios, which significantly increases the workload of calibration engineers
and the demand for testing resources [17]. However, it should be noticed that only a few
severe emission time series in the RDE tests are relevant to improved emission calibration
in the development of vehicle products [18]. If it is possible to reconstruct severe emission
scenarios on a chassis dynamometer, systematic emission calibration can be performed
under laboratory conditions, enabling the achievement of emission targets at an early stage
of vehicle development [19-23].

However, numerous factors influence real-world driving emissions, and the under-
lying mechanisms are complex. As is known, aggressive driving tends to result in severe
real-world driving emissions, but the trip dynamics related to the severe emissions are
complex to measure accurately. Trip dynamics Characteristics do not always show good
correlation with pollutant emissions [24]. Other driving conditions, coupled with trip
dynamics, also significantly impact the RDE test [25]. Especially, road terrain in the actual
driving conditions should not be neglected. Moreover, divergences in technical attributes
mean that different types of vehicles can exhibit substantially different emission characteris-
tics under the same driving conditions. More importantly, the regulatory RDE tests involve
substantial workload and high costs, making it difficult to conduct large-scale real-world
driving emission investigations. Consequently, test data resources for the same vehicle
model remain quite limited. The limited number of test data samples makes it difficult
to obtain statistically meaningful data for deriving parameters under short-trip driving
conditions associated with stringent emissions. It also complicates the use of the previous
approaches, such as clustering plus MCMC simulation, to construct driving cycles that
capture severe emissions characteristics.

Real-world driving emissions are influenced by a multitude of factors and governed
by complex underlying mechanisms. While it is widely recognized that aggressive driving
tends to exacerbate emissions, accurately quantifying the trip dynamics responsible for
severe emission events remains challenging. Trip dynamics characteristics do not always ex-
hibit strong correlations with pollutant emissions [24]. In addition, other driving conditions,
combined with trip dynamics, significantly affect the regular RDE tests [25]. Among these,
the influence of road terrain under actual driving conditions is particularly noteworthy
and should not be overlooked. Furthermore, differences in vehicle technologies mean that
various types of vehicles can display substantially different emission behaviors, even under
identical driving conditions. More importantly, conducting regular RDE tests entails con-
siderable workload and high costs, which hinder large-scale investigations into real-world
driving emissions. As a result, test data for a given vehicle model are often scarce. The
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limited sample size makes it challenging to derive statistically meaningful parameters for
short-trip driving conditions linked to severe emissions. This limitation also impedes the ap-
plication of previous methodologies, such as clustering combined with MCMC simulation,
to construct driving cycles that accurately reflect severe emission characteristics.

To this end, this study proposes a dynamic programming (DP) method to construct
emission-intensive driving cycles for an extended-range electric vehicle. The DP approach
transforms the driving cycle construction problem into one of multi-stage decision op-
timization within a time control domain. To ensure that the actions selected by the DP
algorithm approximate the operation of human drivers and comply with the real-world
road topography, trip dynamics and routine terrain from a benchmark RDE test route is
used to guide the action optimization. Ultimately, these resulting states and actions in the
time control domain were utilized to assemble the targeted driving cycles that increase the
pollutant emissions from the extended-range electric vehicle by approximately 200-300%,
while meeting the trip dynamics and terrain gradient requirements specified in the RDE
test regulations. The results offer the distinctive insights that stringent driving emissions
are produced not only through aggressive overall driving styles, but also through frequent
low-intensity acceleration and deceleration maneuvers adapted to road topography. The
resulting emission-intensive driving cycles provide new tools for testing, evaluating, and
controlling real-world driving emissions of the extended-range electric vehicle. Indeed, the
same method can also be applied to other vehicles, including full-hybrid electric vehicles
and plug-in hybrid electric vehicles.

2. Materials and Methods
2.1. Real Driving Emission Model

The RDE tests for this extended-range electric vehicle follow the Type II test specifica-
tions in Appendix D of GB18352.6-2016 [26]. According to the RDE test procedures, the RDE
tests for the off-vehicle charging hybrid electric vehicle were conducted in charge-sustaining
mode. Figure 1 shows the instantaneous CO, NOy, and PN emissions of the extended-range
electric vehicle in an RDE test. Usually, the engine of a hybrid electric vehicle tends to start
and stop frequently in real-world driving, and the instantaneous extreme changes in engine
operating conditions tend to result in abnormal pollutant emissions [27]. In the figure, a
large number of abnormal pulses appear on the instantaneous emission curves. As can be
confirmed, these abnormal pulses are synchronized with the sudden changes in engine
speed in engine start-stop processes, and these extreme changes in the instantaneous engine
operating conditions easily induce the abnormal instantaneous emissions [27]. In the figure,
the abnormal CO and PN emissions are prone to occur during urban, rural, and motorway
trips. The abnormal NOy emissions primarily occur during high-speed driving and are
relatively rare in urban and rural driving conditions. Figure 1 also shows the cumulative
CO, PN, and NOy emissions in the RDE test. In the figure, the cumulative PN pollutant
emission curves show a vertical staircase pattern, which corresponds to the sudden, sharp
pluses in the transient PN emissions.

On the other hand, instantaneous pollutant emissions under engine not-start-stop
conditions are correlated with instantaneous engine operating conditions. It is possible
to obtain the pollutant emissions under engine non-start-stop operating conditions by
interpolating the steady-state performance test data of the engine under laboratory condi-
tions [28]. However, the traditional emission model based on interpolation calculations of
steady-state engine performance test data cannot accurately predict abnormal pollutant
emissions caused by engine start-stop events. In Figure 1, there are significant discrepancies
between the accumulated pollutant emissions obtained from the interpolation model and
those measured in the RDE test, with relative errors of 32.2%, 86.2%, and 38.4%, respectively.
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Thus, the instantaneous pulses in pollutant emissions caused by engine start-stop events
account for a significant proportion of total trip emissions, particularly for PN emissions.
To measure the pollutant emissions from engine start-stop during the real-world driving
process of the range-extended electric vehicle, an engine start-stop model was constructed.
The model integrates the instantaneous pollutant emissions from engine start-up to 5 s
thereafter, then subtracts the cumulative pollutant emissions calculated by the interpolation
model during the same period to obtain the increase in pollutant emissions caused by the

engine start-stop events.
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Figure 1. Performance of the real-world driving emission model taking into account engine

start-stop emissions.

However, the impact of engine start-stop events on real-world driving pollutant
emissions from extended-range electric vehicles is random. For example, the abnormal
emissions associated with engine start-stop events only occur in some engine start-stop
events, and engine start-stop events do not necessarily lead to an abnormal increase in
pollutant emissions. Additionally, the abnormal emissions generated by engine start-stop
events vary significantly depending on the type of pollutant emissions. An engine start-
stop event may cause a pulse in CO emissions, but perhaps have little effect on PN and
NOy emissions. There are also engine start-stop events that cause a pulse in PN emissions
but do not induce abnormal CO and NOy emissions. In the study, the average pollutant
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emission increment associated with engine start-stop events was considered as the pollutant
emission increment of an engine start-stop event. If an engine start-stop event is identified,
the start-stop emission increment should be added to the sum of real-world driving emis-
sions. As can be seen, the real-world driving emission model of the range-extended electric
vehicle includes the engine start-stop emissions and non-start-stop emissions. Under engine
non-start-stop operating conditions, instantaneous pollutant emissions are approximated
using the traditional interpolation model. Additionally, the criteria for determining an
engine start-stop event are that the engine speed change rate is greater than 700 r/min/s
and the engine speed in the last second is zero. Since the abnormal NO, emissions asso-
ciated with start-stop events occur mainly during motorway driving, it is approximated
that the start-stop events in urban and rural trips do not induce abnormal emissions.
This makes the NOy start-stop emission model constructed using the simple statistical
averaging method more consistent with the data characteristics observed in the RDE test.
Ultimately, the statistical characteristics of the incremental emissions resulting from the
start-stop event were expressed as the mean = interquartile range: 0.021359 £ 0.013364 g,
18,870,796,461 + 9,692,736,355 #, and 0.000600 £ 0.00023 g, corresponding to CO, PN, and
NOy emissions, respectively. Figure 1 also shows the estimated cumulative CO, PN, and
NOx emissions for the RDE test trip based on the constructed real driving emission model.
The relative errors between the model estimates and the test values are 5.2%, 6.6%, and
8.0%, respectively. Additionally, since CO, emissions are not sensitive to engine start-stop
events, real driving CO, emissions are still calculated entirely according to the traditional
interpolation model, whose relative errors between the model estimates and the test values
are less than 5%. The errors between the constructed real-driving emission models and
actual RDE measurement data are undoubtedly partly attributable to the neglect of driving
factors such as ambient temperature, humidity, and altitude.

In charge-sustaining mode, the extended-range electric vehicle follows a power-
following strategy. In real-world driving scenarios, the engine-driven generator system
converts mechanical energy into electrical energy. Then, the electrical energy is converted
back into mechanical energy by the motor to drive the wheels. Under the power-following
strategy, the power generated by the range extender system is approximately equal to the
vehicle’s driving power. The driving power can be calculated using the vehicle’s longi-
tudinal dynamics equation, and the engine output power can be estimated based on the
vehicle’s demand-driven power. In the vehicle’s longitudinal dynamics equation, the road
load constant coefficient and the first-order and second-order road load were measured us-
ing the bidirectional road sliding method. In addition, the power-following strategy selects
the optimal operating condition of the engine based on the principle of minimum specific
fuel consumption. Using the performance test data of the engine, constant power contours
and constant specific fuel consumption contours on the engine speed-torque operating
plane can be plotted by the marching squares algorithm [29]. Based on the intersection
of the constant power contours and the constant specific fuel consumption contours, the
operating point with the lowest specific fuel consumption at a given engine power can be
identified. Connecting these operating points yields an optimal fuel economy operating
curve for the engine under different output power requirements, thereby determining the
engine’s operating state.

However, the variation in the vehicle’s demand-driven power during actual vehicle
operation is quite complex. If a strict power-following strategy is applied, the engine would
shut down during negative demand-driven power (braking) and zero demand-driven
power (sliding) conditions; even a slight positive drive power demand would immediately
trigger engine restart. Consequently, a strict power-following strategy would result in
more frequent engine start-stop events. To prevent excessive engine start-stop events in the
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range-extended electric vehicles during operation, the power-following strategy establishes
a lower limit power value for engine operation. When the vehicle’s driving demand power
is lower than the threshold value, the engine does not operate, and the drive motor is
powered by stored energy from the battery pack. In this case, the electrical energy is
consumed to be compensated by regenerative braking, and the state of charge of the battery
remains approximately constant. The threshold value for engine operation is set by the
minimum output power that can be found during non-start-stop driving conditions in the
RDE test. This value is then adjusted based on the start-stop event patterns observed in
the RDE test to ensure that the estimated start-stop events closely match those in the RDE
test. Based on the above energy flow model, the engine transient operating point can be
determined by vehicle transient speed and road terrain.

2.2. Multi-Stage Decision Optimization Model

The problem of constructing emission-intensive driving cycles can be converted into

a multi-stage decision optimization problem in a time control domain. Firstly, the pro-

posed driving cycle is divided into discrete time control domains with a time step of 1 s;

meanwhile, the state variable is defined as vehicle speed, the action variables are defined

as vehicle acceleration and road gradient, and the state transition equation is defined
as follows:

v(k+1) = f(v(k),a(k),i(k)),k=1,2,...,N (1)

where v(k) is the state vector at time k, a(k) is the acceleration action vector at time step k,
i(k) is the road gradient at time k, k represents the current discrete time, and N denotes the
length of the time control domain. The objective of constructing the emission-intensive
driving cycles for emission testing is to select the optimal speed, acceleration, and road
gradient from the state and action spaces so that the vehicle state v(k) is updated to the next
time state v(k + 1), while maximizing the value loss function on the time control domain:

N
J= maxz Lv(k),a(k),i(k)] (2)
k=1

where | is the value loss function in the time control domain, and L[v(k), a(k), i(k)] is the
stage value function. Referring to the real driving emission calculation method for the
off-vehicle charging hybrid electric vehicle in China 6, the value loss function can be broken
down as follows:

Jco = max | ——————— X Mwrrc,co, 3)

Jpn = max | —————— X Mwrrcco, 4)

z

2|

Jno, = max| ——— X Mwirc,co, 5)

Y. mco, (k)
=1

where Jco, Jpn, and Jyox represent the value loss functions with CO, PN, and NOy as
optimization targets, respectively, in g/km or #/km; mco(k), mnox(k), mpn(k), and mcoa(k)
represent the CO, NOy, PN, and CO; emission mass or particle number at the time step k,
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respectively, in g or #; Mwrrc,co2 denotes the specific-distance CO, emissions in the WLTC
test condition for the vehicle under the charge-sustaining mode, in g/km.

Restricted by the extended-range power structure, energy transfer paths, vehicle
operating conditions, and road terrain characteristics, the state space and action space in
the time control domain should be subject to the following physical constraints:

Omin < 0(k) < Umax (6)
Amin < a(k) < Amax (7)
Z‘min < l(k) < imax (8)
Pe_min S Pe(k) S Pe_max (9)
Me min < ne(k) < e max (10)

where v, and v,y represent the minimum and maximum vehicle speeds, respectively;
Ayin and ayqy represent the minimum and maximum vehicle accelerations, respectively;
imin and iy, represent the minimum and maximum road gradients, respectively; P, iy
and P, .y represent the minimum and maximum engine output powers, respectively; and
Mo min and 1e_yay represent the minimum and maximum engine speeds, respectively.

The RDE test procedure imposes a considerable number of restrictions on the RDE
test conditions. For example, the speed limit in urban trips is below 60 km/h, between
60 km/h and 90 km/h in rural trips, and above 90 km/h on motorways. Accordingly,
the speed upper limits in Equation (6) for the urban, rural, and motorway trip sections
are set at 60 km/h, 90 km/h, and 120 km/h, respectively. Additionally, rural driving
can be interrupted by urban driving (very short distances), and motorway driving can
also be interrupted by urban or rural driving (very short distances). Thus, the speed
lower limits in Equation (6) for urban, rural, and motorway trip sections are set to zero.
However, the driving route, trip dynamics, and road terrain restrictions in the RDE test
procedure involve numerous provisions that are intricately interrelated, which cannot
be represented solely through the definition in Equations (7) and (8). To ensure that the
proposed emission-intensive driving cycles for emission testing meet the requirements
of the RDE test procedure on test conditions, this study directly uses the trip dynamics
and terrain characteristics of a benchmark RDE test as a guide to determine the range of
acceleration and road gradient changes at each time step in the time control domain:

“min(k) < a(k) < amax(k) (11)

imin (K) < (k) < imax (K) (12)

where apmin (k) and amax (k) are the lower and upper limits of the discrete acceleration action
vector at time step k, respectively, while 7,y (k) and imax (k) are the lower and upper limits
of the discrete gradient action vector at time k, respectively. These upper and lower limits
are set based on the trip dynamics and terrain gradient of the benchmark RDE test:

Amin (k) = dexp (k) — Aa (13)
amax(k) = aexp(k) +Aa (14)
imin(k) = Z.exp(k) —Ai (15)

imax (k> - iexp (k) + Ai (16)
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where Aa and Ai are the change bandwidths for the acceleration and road gradient actions,
respectively; aexp(k) and iexp (k) are the acceleration and road gradient actions at time step
k in the RDE test, respectively. Figure 2 shows the action control domain guided by the
vehicle acceleration and terrain gradient of the benchmark RDE test. In the figure, Az is set
t0 0.5 km/h/s, and Ai is set to 0.02 m/m.
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Figure 2. Action adjustment bandwidths guided by the trip dynamic and road gradient of the
benchmark RDE test.

The benchmark RDE test was selected from an RDE test conducted in the city district of
Chonggqing. The RDE test route has been certified and registered by the Chinese Ministry
of Ecology and Environment. The section composition and terrain topography of the test
route comply with the requirements of the RDE test procedure, and the traffic conditions
on the test route are also suitable for the driver’s operation to satisfy the trip dynamics
required by the RDE test procedure. Using the trip dynamics of the RDE test as a guide, the
acceleration characteristics of the constructed driving cycles can be adjusted to approximate
those of human drivers, thereby avoiding unrealistic operating behaviors, such as frequent
and violent acceleration and braking actions. Similarly, using the road gradient from the
RDE test as a guide in the gradient action optimization, the real-world road gradient and its
continuous change characteristics can be emphasized, thereby avoiding sudden steps and
potholes on the driving road that may arise in gradient action optimization. In addition, since
the benchmark RDE test complies with all requirements of the RDE test procedure, minor
changes in acceleration and gradient actions are unlikely to cause the trip dynamics and road
terrain in the optimal solution to exceed the scope permitted by the RDE test procedure.

2.3. DP Algorithm

The benchmark RDE test was discretized into a series of time grids with a time step
of 1 s and a total duration of 5379 s. Referring to the route composition of the benchmark
RDE test, the period from 0 to 3050 s was set to be the urban trip section, the period from
3051 to 4393 s was set to be the rural trip section, and the period from 4394 to 5379 s was set
to be the motorway trip section. To facilitate the state and action optimization, the vehicle
speed was discretized at a resolution of 0.1 km/h. Additionally, the action space was finely
discretized: acceleration actions were discretized with a step size of 0.02 km/h/s, while road
gradient actions were discretized with a step size of 0.0005 m/m. Based on the Bellman
optimization decision principle, A DP algorithm was developed to solve the multi-stage
decision optimization model, which includes a backward and a forward solution process [30].

The DP backward solution algorithm sets the value loss of the Nth time step to zero,
then step by step calculates the value loss of all states at each time step starting from the
(N — 1)y, time step, searching for the action strategy within the action control domain so
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that the value loss is maximized. For the jth state in the kth time step, there must exist
an optimal action strategy in the action control domain that maximizes the value loss of
the multi-stage decision with the kth time step as the initial stage and the jth state as the
initial state:

N .

% mco_(j, k)
Jeo(j k) = max | —————— X Mwrrcco, (17)
% meo,—(j, k)

N
Ympn_(j, k)

Jpn(j, k) = max 1\]; X Mwrrc,co, (18)
%mcoz_(j/ k)
N
Y myo,—(j k)

INo, (j k) = max i] X Mwrrc,co, (19)

%mcoz_(]'/k)

where Jco(j, k), [pn(, k), and Jnox(f, k) are the value loss functions for CO, PN, and NOx emis-
sions at the (j, k) grid node, respectively; ZIICV mco_(j, k), Z,I(\] mpn_(j, k), ZII{V myox_(j, k),
Z]I(\I mcoa_(j, k) represent the cumulative CO, PN, NOy, and CO, emissions from the kth
time step and the jth state to the Nth time step:

N
Y mco_(j, k) = mco(j, k) + 2 mco_(j*, k+1) (20)
k ]
N
Y mpNn_(j, k) = mpn(j, k) + Z mpn_(j*, k+1) (21)
k kr1
N
Y mno,_(j, k) = mno, (j. k) + 2 myo,—(j*, k+1) (22)
; kt1
N
Y mco,_(j, k) = mco, (j, k) + Z mco,_(j* k+1) (23)
k ]

where mco(j, k), mpn(j, k), mnox(f, k), mco2(j, k) represent the transient CO, PN, NOy,
and CO; emissions due to the selected action at (j, k) grid node; E,IC\’H meo_(j*, k+1),
Z}{VH mpn_(j*,k+ 1), Z,IC\IH myox_(j*, k+1), Z,IC\]H mecoa_(j*, k + 1) represent the cumula-
tive CO, PN, NOy, and CO, emissions from the stage (k + 1), and the state j*y, to the final
stage Nth; j* denotes the state coordinate at the stage (k + 1), due to the action selected
at the grid node (j, k), which is determined by the state transition equation. The state
transition equation indicates the state transition at the (k + 1), time step caused by the
selected acceleration action on the state at the (j, k) grid node:

o(j*, k+1) =0(j, k) +a(j, k) (24)

where v(j*, k + 1) denotes the vehicle speed at the next time step due to the action strategy
a(j, k) at the (j, k) grid node. v(j*, k + 1) obtained by Equation (24) can be used to interpolate
the coordinate position of j* on the state coordinate axis. If v(j*, k + 1) calculated using
Equation (24) under the selected action exceeds the predetermined vehicle speed limit,
the action should be excluded from the optimization process. After determining the
coordinates of j*, the DP backward solution algorithm can obtain ZIIC\]+1 meo_(j*, k+1),
Y mpn_ (7, k4 1), LR g mox_(j*, k+ 1), and Y, | mcop_(j*, k + 1) in the (k + 1), time
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step through linear interpolation of neighboring grids, thereby calculating the value loss at
the (j, k) grid node, as shown in Figure 3.
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Figure 3. Action optimization in the inverse solution process and optimal solution reconstruction in
the forward solution process.

In the multi-stage decision process, calculating the maximum value loss at the (j, k)
grid node requires determining the pollutant emissions under all the discretized actions
in the action control space. For the lth action at the (j, k) grid node, the engine operating
parameters (i.e., speed and torque) can be calculated by the state (vehicle speed) and action
(acceleration and terrain gradient) at the state-time grid node based on the vehicle energy
flow model. Then, the real driving emission model can calculate the transient CO, PN, NOx,
and CO, emissions at the (j, k) grid node, which are mco(j, k), mpn(j, k), mnox(j, k), and
mco2(j, k) in Equations (20)—(23). As mentioned above, if the Ith action causes an engine
start-stop event, the pollutant emissions generated by the action selection will be adjusted
by adding a start-stop emission amount. The determination of engine start-stop events is
based on engine speed and the rate of change in speed. The engine speed change rate is:

Ane(j, k) = ne(j*, k +1) — ne(j, k) (25)

where Ane(j, k) is the change rate in engine speed at the grid node (j, k); 1.(j, k) is the
engine speed at the grid node (j, k); and n,(j*, k + 1) is the engine speed at the grid node
(*, k + 1), which is calculated by interpolating the engine speed data stored at adjacent
points [31]. n.(j, k) and n.(j*, k + 1) can also be calculated using the state (vehicle speed)
and action (acceleration and terrain gradient) at the respective state-time grid node. When
Ane(j, k) is greater than the threshold value and 7,(j, k) is zero, an engine start-stop event is
identified. Then, Equations (17)—(23) can be used to calculate the value loss at the current
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time step, current state, and current action. Next, the DP backward solution algorithm
selects another action from the action control domain, then repeats the above process until
the value losses have been calculated for all possible actions in the action control domain
at the (j, k) grid node. Then, the action that causes the most significant value loss at the
(j, k) grid node can be identified in the action control domain. Accordingly, YN mco_(j, k),
Zi\] mpn_(j, k), Z,I:] myox_(j, k), and Z,I(\] mcoz_(j, k) under the optimal action, as well as
the optimal actions denoted as a(j, k) and i(j, k), are stored in the (j, k) grid node. Then,
the optimization process at the current grid node is terminated. The action optimization
process at the (j, k) grid node during the DP backward solution is illustrated in Figure 3.

Subsequently, the action optimization continues for the next grid node in the kth time
step until the action optimization at 1201 grid nodes in the kth time step is completed. Then,
the above action optimization process is repeated at the (k — 1)y, (kK — 2),, . . . time steps until
the action optimization has been conducted for all the 1201 x 5379 state-time grid nodes.
Next, the DP forward solution proceeds. Starting from the initial state (vehicle speed), the
DP forward solution algorithm interpolates the optimal action (acceleration and slope) from
the optimal action strategies stored in the state-time grid nodes, then obtains the state at the
next time step using the state transition equation. Based on the state at the next time step, the
DP forward solution algorithm interpolates the optimal action at the next time step from the
action strategies stored in the state grid at the next time step, then uses the state transition
equation to obtain the state at the second-next time step. In the forward step-by-step process,
the DP forward solution algorithm completes the calculation of states and actions at all the
time steps in the time control domain by alternating action interpolation and state transitions,
as shown in Figure 3. The resulting status (vehicle speed) and actions (acceleration and
terrain gradient) constitute the emission-intensive driving cycles for emission testing. The
DP algorithm’s logic is shown in Algorithm 1. This DP algorithm was implemented using
MATLAB programming. The computation time for the algorithm to generate one driving
cycle was approximately 11,881 s (about 3 h and 20 min), running on a workstation equipped
with an Intel Core i7-8750H processor and 16 GB of DDR4 memory.

Algorithm 1. DP algorithm for Generating High-Emission Driving Cycle

Input: vehicle parameters, time step At, total stages N, baseline speed v,y (k),
acceleration a,yy(k), road grade iy, (k), real driving emission model.
Initialize grids of speed v € [Umin, Umax], acceleration 4, and road grade i.
fork=N —-1to1ldo
for each discrete speed v do

Compute next speed Unext = v + a-At

Compute demanded power Pyen, = f(v, 4, 1)

Map Pgem — 1o, Te — current emissions (CO,, CO, PN, NOy)
Compute cumulative emissions: current emissions + future optimal

1
2
3
4 for each action [a, i] around baseline do
5
6
7

emissions (from the value matrix at Unext)

9 Evaluate emission metric J(v, 4, 1)
10 end

11 Select (a*, i*) = arg max J(v, 4, 1)

12 end

13 end

14 Forward simulate with policy [a*(k), i*(k)] to generate cycle
Output: optimized action sequence [a*(k), i*(k)] and the corresponding high-emission
driving cycle.
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3. Results and Discussions
3.1. Characteristics of Emission-Intensive Driving Cycles

Figure 4 shows the constructed driving cycles targeting CO emissions with the accel-
eration adjustment bandwidths of 0, £0.1, £0.3, and +0.5 km/h/s, respectively, and the
gradient adjustment bandwidth of £0.01 m/m. In the urban section, the vehicle drives at
approximately 40 km/h, with occasional stops, when the acceleration adjustment band-
width is set to zero. As the acceleration adjustment bandwidth increases, the vehicle tends
to drive around the upper limit speed of 60 km/h or the near-zero low speed. When the
acceleration adjustment bandwidth increases to £0.5 km/h/s, high-frequency events alter-
nating between low-speed driving, stopping, and restarting can be observed, resembling
driving conditions in congested urban traffic. In the rural section, the vehicle drives at about
80 km/h when the acceleration adjustment bandwidth is set to zero. As the acceleration
adjustment bandwidth increases, the vehicle tends to drive closer to the lower speed limit
of 60 km/h. Still, there are also instances where the vehicle accelerates to the upper limit
of 90 km/h. In the motorway section, the vehicle speed maintains a relatively constant
approximately 95 km/h when the acceleration adjustment bandwidth is set to zero. After
increasing the acceleration adjustment bandwidth, the vehicle drives at a speed close to
the lower limit of 90 km/h in the latter part of the trip section, then gradually accelerates
to the upper limit of 120 km/h. As can be seen, the DP algorithm tends to control the
vehicle at the lower limit speed and adopts high-frequency but low-intensity acceleration
and deceleration actions to worsen CO emissions. Secondly, acceleration to the upper
speed limit can also be occasionally observed, indicating that aggressive driving behavior
affects pollutant emissions to some degree. In addition, comparing the terrain profile in
the benchmark RDE test and that in the constructed driving cycle with the acceleration
adjustment bandwidths of zero, it is found that the latter selects the actions closer to the
lower limit of the gradient adjustment bandwidth. The DP algorithm tends to utilize
the lower bounds in the action control domain, potentially relating to the CO, emission
corrections involved in the pollutant emission normalization method specified in the RDE
test procedure (see Equations (7)—(9)).
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Figure 4. Resulting emission-intensive driving cycles with CO emissions as the optimization target.

CO and PN emissions both originate from the localized enrichment of the in-cylinder
mixture and are similarly affected by engine start-stop events. Thus, the DP solutions
targeting PN emissions are very close to those targeting CO emissions, as shown in Figure 5.
However, NOx emissions differ from CO and PN emissions in the in-cylinder formation
mechanism and are primarily affected by engine start-stop events only during motorway
driving conditions. Therefore, the constructed driving cycles targeting NOx emissions



Appl. Sci. 2025, 15, 11762 13 of 18

differ from those targeting CO and PN emissions. Figure 6 shows the constructed driving
cycles targeting NOy emissions. In the urban section, when the acceleration adjustment
bandwidth is set to £0.5 km/h/s, the constructed driving cycle will be centered on a
speed of 20 km/h, allowing for moderate acceleration and deceleration around that speed.
Overall, the vehicle speed remains relatively stable throughout the urban section and
does not exhibit the frequent stopping, acceleration, and deceleration as those seen in
constructed driving cycles targeting CO and PN emissions. In the rural section, the vehicle
still mainly adheres to the lower limit of 60 km/h. In the motorway section, the constructed
driving cycle targeting NOy emissions tends to drive the vehicle near the lower limit speed
of 90 km/h and accelerate it to the upper limit speed of 120 km/h in the latter part of the
trip section.
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Figure 5. Resulting emission-intensive driving cycles with PN emissions as the optimization target.
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Figure 6. Resulting emission-intensive driving cycles with NOy emissions as the optimization target.

Figure 7 shows the specific-distance emissions generated by the DP algorithm for the
12 driving cycles and the benchmark RDE test cycle. When the acceleration adjustment
bandwidth increases to £0.5 km/h/s, the specific-distance CO emissions of the constructed
driving cycles targeting CO emissions increase to 0.617 g/km, the specific-distance PN
emissions increase to 6.372 x 10! #/km, and the specific-distance NOy emissions increase
to 0.00409 g/km, which are 3.09, 3.59, and 4.08 times those of the benchmark RDE test,
respectively. The constructed driving cycles targeting PN emissions are almost the same
as those targeting PN emissions in terms of the specific-distance emissions. However,
the constructed driving cycles targeting NOy emissions enable higher specific-distance
NOx emissions, but lower specific-distance CO and PN emissions, whose specific-distance
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CO, PN, and NOy emissions are 2.40, 2.74, and 4.46 times of the benchmark RDE test,
respectively. It can be seen that the constructed driving cycles have significantly stringent
emission characteristics. Additionally, road terrain optimization is essential for constructing
emission-intensive driving cycles. When the acceleration adjustment bandwidth is set to
zero and the gradient adjustment bandwidth is set to £0.01 m/m, the CO emissions
generated by the constructed driving cycle increase to approximately 1.30 times that of the
benchmark RDE test, the PN emissions increase to approximately 1.37 times, and the NOx
emissions increase to approximately 1.99 times. At the same time, the gradient adjustment
does not significantly alter the cumulative positive altitude gain of the constructed driving
cycle. For example, when Aa is 0.5 km/h/s, the cumulative positive altitude gains of
the constructed driving cycle targeting CO, PN, and NOx emissions are, respectively,
610 m/100 km, 606 m/100, and 547 m/100 km, which are significantly lower than the
regulatory limit of 1200 m /100 km. The DP algorithm does not consistently pursue steep
gradients, likely due to CO, normalization in emission calculations. While steeper gradients
increase CO, PN, and NOy emissions, they also sensitively elevate CO, emissions. Thus,
the DP algorithm strikes a compromise between these two trends.

Benchmark [ Targeting CO M Targeting PN Targeting NOg

7.0x10" 0.005

PN (#/km)
NOx (g/km)

Aa (km/h/s) Aa (km/h/s) Aa (km/h/s)

Figure 7. Specific-distance pollutant emissions of the extended-range electric passenger car under the
resulting emission-intensive driving cycles.

3.2. Verification of Emission-Intensive Driving Cycles

As mentioned earlier, this study directly uses the compliant trip dynamics and terrain
characteristics of a benchmark RDE test as a guide to determine the acceleration and road
gradient changes at each time step in the time control domain. Consequently, the limited
adjustments in acceleration and gradient actions are less likely to cause the speed profiles in
the optimal solutions to exceed the scope permitted by the RDE test procedure. As shown
in Figure 4, when Aa is 0.5 km/h/s, the average speeds for the urban, rural, and motorway
trips of the stringent CO emission target driving cycle are 27.77 km/h, 72.17 km/h, and
98.25 km/h, respectively; urban stopping time accounts for 23.99%. Figure 5 shows that
for the emission-intensive driving cycle targeting PN emissions when Aa is 0.5 km/h/s,
the average speeds for urban, rural, and motorway trips are 28.19 km/h, 72.95 km/h, and
98.07 km/h, respectively; urban stopping time accounts for 24.08%. Figure 6 shows the
emission-intensive driving cycle targeting NOx emissions when Aa is 0.5 km/h/s, with
average speeds of 23.35 km/h, 72.30 km/h, and 98.09 km /h for urban, rural, and motorway
trips, respectively; urban stop time accounted for 9.67%. It is evident that the average
speeds across all road sections and the proportion of urban stop time fully comply with the
requirements of the RDE regulation procedure. Under conditions of narrower acceleration
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adjustment bandwidth (Aa is 0.1 or 0.3 km/h/s), the aforementioned compliance of the
generated driving cycles would be even more assured.

Figure 8 shows the trip dynamics verification for the constructed 12 driving cycles
and the benchmark RDE test. Currently, v-apes [95] (the 95th percentile of the product of
the vehicle speed and positive acceleration greater than 0.1 m/s?) and related positive
acceleration (RPA) are used to characterize the trip dynamics in the RDE test procedure.

In the figure, the case of the constructed driving cycles with the acceleration control
bandwidth of zero is identical to the case of the benchmark RDE test. As can be seen, none of
the constructed driving cycles exhibits excessive or insufficient trip dynamics characteristics.
U-apos [95] of each road section in the constructed driving cycle is almost lower than that
under the benchmark RDE test, showing a downward trend with increasing the acceleration
control bandwidth in most cases. There is no evidence to suggest that increasing the
acceleration adjustment bandwidth will result in more aggressive trip dynamics in the
constructed driving cycles. In addition, the RPA of each road section in the constructed
driving cycles is above the regulatory lower limit and lower than that of the benchmark
RDE test. As the acceleration adjustment bandwidth increases, the RPA exhibits a slight
downward trend, thereby increasing the risk of insufficient dynamic characteristics in
the constructed driving cycles. Although the vehicle accelerates to 120 km/h in the later
stage of the motorway section can be observed, the overall aggressive trip dynamics of
the constructed driving cycle are not exhibited. The DP-based strategy for constructing
emission-intensive driving cycles of the extended-range electric vehicle is inconsistent with
those widely favored in existing research, which tends to worsen pollutant emissions by
aggressive trip dynamics.
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Figure 8. Trip dynamics verification for the emission-intensive driving cycles.

To verify the feasibility and effectiveness of reproducing the constructed emission-
intensive driving cycles under laboratory conditions, emissions testing was conducted at
a chassis dynamometer using the benchmark RDE test driving cycle and the emission-
intensive driving cycle targeting CO emissions with the acceleration adjustment bandwidth
of £0.3 km/h/s. As shown in Figure 7, the PN and NOy emission factors generated under
their emission-intensive driving cycle are well below the regulatory NTE limits, indicating
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a substantial margin for compliance. In contrast, CO emissions present a certain compliance
risk, making the emission-intensive driving cycle targeting CO emissions a priority concern.
During the tests, road gradient resistance was included as part of road driving resistance in
the simulated loading. The specific-distance pollutant emissions under the benchmark RDE
test driving cycle and the emission-intensive driving cycle are also presented in Figure 7,
which are compared with those obtained using the DP algorithm. As can be seen, the
specific-distance NOy emissions resulting from running the emission-intensive driving
cycle targeting CO emissions on the chassis dynamometer do not differ significantly from
those given by the DP algorithm, but the specific-distance CO and PN emissions are about
20% lower than those provided by the DP algorithm. The reason may lie in the fact that
the constructed real driving emissions model over-measures the effect of engine start-stop
on pollutant emissions, or the driver cannot follow the target speed profile exactly on the
chassis dynamometer, causing the actual speed profile to deviate from the constructed
emission-intensive driving cycle. However, in any case, the severe emission properties
of the emission-intensive driving cycles given by the DP algorithm can be verified on the
laboratory chassis dynamometer.

4. Conclusions

The DP approach builds the value function using the normalized specific-distance
pollutant emissions, treats vehicle speed and road gradient as actions, and searches for
the optimal actions within the possible action domain to maximize the value loss over the
vehicle’s driving cycle. Utilizing the DP approach, the problem of constructing an emission-
intensive driving cycle can be transformed into a multi-stage decision optimization problem
in a time control domain. Assembling the real driving emission model and the multi-stage
decision optimization model, the DP algorithm is proven to efficiently generate severe
emission driving scenarios in the action control domain, thus enabling the construction of
emissions-intensive driving cycles.

The RDE test procedure imposes complicated restrictions on trip dynamics and road
terrain that cannot be used directly to outline the action control domain in the multi-stage
decision optimization model. In this regard, the trip dynamics and road terrain of a
benchmark RDE test were used as guidance to carve out the action control domains. This
ensures the trip dynamics of the constructed driving cycle align with the operating styles
of human drivers and also avoids unrealistic road terrain in the solution of the DP problem.
Introducing the benchmark RDE test to aid in defining the action domain and time control
domain in the DP approach is efficient in keeping the multi-stage decision optimization
compliant with the RDE regulatory test boundary conditions.

The DP algorithm tends to construct emission-intensive driving cycles using high-
frequency, low-intensity acceleration and deceleration actions, in addition to violently
aggressive driving, which is generally considered to be most closely related to severe
emissions. The decoupling of engine speed from vehicle speed and the significant im-
pact of engine start-stop on emissions determine the unique characteristics of pollutant
emissions from range-extended electric vehicles. Additionally, the effect of road terrain on
real driving emissions should not be overlooked. Introducing coordinated optimization
between trip dynamics and road terrain into the construction of emission-intensive driving
cycles can more realistically reproduce the severe emissions scenarios encountered during
real-world driving.

However, this study is currently limited to a single vehicle operating in charge-
sustaining mode, with an action space guided by a single route and a lack of extensive
experimental validation. Future research should therefore aim to validate the approach
across a wider variety of vehicle types and more diverse action bandwidths. It should also
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incorporate more emission data from laboratory chassis dynamometer tests to verify the
algorithm’s accuracy and general applicability. Additionally, further refinement is needed
to guide the DP algorithm toward better approximating human driving behavior and to
prevent it from selecting abnormal terrain (e.g., unrealistically steep gradients). These will
enhance the practical relevance and applicability of the constructed emission-intensive
driving cycles for RDE calibration.
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