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Abstract The chapter provides an overview of several recent applications of 
model predictive control (MPC) to coordinated power and thermal management in 
connected and automated electrified vehicles. Such applications of MPC face signif-
icant challenges due to the need to accommodate different timescales of faster power 
and slower thermal dynamics, interactive constraints, and the need to generate and 
accommodate long-term vehicle speed and traction power forecasts in the optimiza-
tion. It will be shown that a multi-horizon formulation of MPC consisting of a shorter 
receding horizon phase and a longer shrinking horizon phase can help address these 
challenges. Perspectives on creating forecasts and exploiting multi-horizon MPC for 
energy efficiency optimization based on several case studies are summarized. 
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1.1 Introduction 

Over the past few decades, Model Predictive Control (MPC) [22, 41] has emerged 
as a vibrant discipline for control of constrained linear and nonlinear systems 
with numerous applications, including mobility and transportation. Despite many 
advances, the application of MPC to control integrated systems, where heteroge-
neous physical entities are combined to form a highly functional union, still remains 
one of the important research frontiers. In such integrated systems MPC must exploit 
complementary characteristics of integrated components and account for the compo-
nent constraints and their operating environment in achieving safe and optimal 
performance. Such desired performance can be achieved by leveraging the tight 
physical coupling among the multiple components involved, calling for integrated 
optimization solutions over multiple domains and timescales. 

Many integrated systems have dynamics evolving over different timescales. 
Examples of such systems are abound in chemical process industry [47], control 
of electrical power systems and microgrids [14], in mining industry [11], in elec-
trified ground vehicles [3, 4, 33], and in aircraft [16, 34]. When MPC is utilized 
for control of such a multi-timescale system, the slower dynamics often dictate the 
controller design, as they need to be optimized over a relatively long prediction 
horizon to achieve the best performance. At the same time, due to the presence of 
faster dynamics and the need to handle the transients, the sampling period has to be 
kept short. Consequently, the computational footprint of the resulting MPC solutions 
can be very large. Furthermore, an accurate preview of operating conditions needs 
to be available over a long horizon, which represents another formidable challenge 
for implementing MPC. 

The singular perturbation theory [35] can be utilized for controlling systems with 
dynamics evolving over multiple timescales. In such an approach, a system with 
explicit timescale separation in the dynamics is decomposed into two reduced-order 
subsystems with different timescales, see [6, 12, 13, 17]. Then “fast” and “slow” 
MPCs are designed and applied to control fast and slow dynamics, respectively. 
However, a standard requirement in the singular perturbation theory is for the system 
to have an isolated equilibrium manifold for the fast dynamics, which may not always 
be the case. Moreover, the timescale decomposition strategy may not be applicable 
to systems with constraints which are dynamically changing at different (slow and 
fast) rates. 

An alternative approach for dealing with multi-timescale systems is the hierar-
chical MPC (H-MPC) [3, 4, 10, 18, 34, 49]. H-MPC computes the optimal reference 
values for the “slow” dynamics over a relatively long prediction horizon. Then, a 
tracking problem is solved over a much shorter prediction horizon with fast sampling 
to track the planned references and compute the control commands. Unlike the decen-
tralized fast-slow MPC approach based on the singular perturbation theory, H-MPC 
typically requires and leverages the communication between the slow and fast MPCs 
to deal with the coupled constraints.
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In [3, 4], an H-MPC solution was developed that exploited two receding horizon 
MPCs. In the upper (scheduling) layer, an economic MPC was used over a long 
prediction horizon with a slow sampling rate. In the lower (piloting) layer, a tracking 
MPC was used over a much shorter prediction horizon and with a fast update rate. The 
proposed H-MPC was applied to the integrated battery and cabin thermal manage-
ment in electrified connected and automated vehicles (CAVs), demonstrating its 
effectiveness in handling coupled constraints. 

While the developed H-MPC framework in [3, 4] allows for optimizing multi-
timescale dynamics over different receding horizons, it may not be the best solution 
for “mission-centric” applications in which a system needs to accomplish a specific 
mission/task (e.g., reach a destination) while having access to a limited onboard 
energy source and minimizing energy use. Electrified vehicles, aircraft, and ships 
are a few examples that fall into this category. For mission-centric applications, the 
controller is required to not only optimize the performance over a finite receding 
horizon but also accurately account for the “cost-to-go” beyond the receding horizon 
until the end of the mission in order to achieve the overall mission objectives and 
optimal performance. 

In particular, terminal constraints, such as the battery charge sustainability condi-
tions for hybrid electric vehicles at the end of the trip, often need to be enforced by the 
power and thermal management systems. In conventional economic MPC design with 
a receding horizon, this charge sustainability constraint is often enforced by adding a 
terminal penalty term to the stage cost of MPC to penalize the battery state-of-charge 
(SOC) deviation from its reference value—which is often set to be a constant value— 
by the end of the prediction horizon [8, 15]. Given the finite horizon of the MPC, such 
a terminal penalty term in the stage cost limits the electric battery SOC operating 
range and may force the Hybrid Electric Vehicle (HEV) powertrain to operate in a 
narrow and less efficient region [25]. The effectiveness of this approach in enforcing 
the charge sustainability highly depends on the weighting of the terminal cost, which 
has to be calibrated. To alleviate this issue, one can pre-compute the optimal SOC 
references offline, for example, using Dynamic Programming (DP) [50]), and then 
design a finite-horizon tracking MPC to follow the optimal SOC trajectory. Such an 
approach requires prior knowledge about the entire vehicle speed profile, which is 
not always available and is subject to uncertainties. 

In this chapter, a multi-horizon MPC (MH-MPC) control strategy is described 
which addresses the aforementioned challenges and facilitates the design of MPC 
for mission-centric operation and for systems that exhibit multi-timescale dynamics. 
The approach considers the prediction horizon from the current time instant to the 
end of the mission duration and subdivides it into two phases: (i) a shorter receding 
horizon phase and (ii) a longer shrinking horizon phase. The preview information 
over these two horizons can have different levels of accuracy, different fidelity models 
may be employed, and sampling rates can also be different. Typically, a more accurate 
preview and faster sampling rate to capture fast dynamics are necessary over the short 
receding horizon, while a less accurate preview and slower sampling are used over 
the longer shrinking horizon phase. In effect, the optimization over the shrinking 
horizon phase provides estimates of the cost-to-go, thereby informing the terminal
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cost for the receding horizon phase to account for the overall mission cost. We note 
an earlier work related to MH-MPC strategy that replaces the end of the trip road 
segments with a single virtual terminal segment in HEV energy management [28]. 
There is also a connection of MH-MPC to MPC approaches which exploit adaptive 
time meshing, see, e.g., [40]. 

In the forthcoming sections of this chapter, we will describe two practical applica-
tions that illustrate the use of the proposed MH-MPC. The first application centers on 
the integrated power and thermal management in HEVs and follows [24]. Through 
this application, we aim to elucidate the rationale behind adopting multiple prediction 
horizons and highlight how estimating the “cost-to-go” over the shrinking horizon 
phase can enhance optimal performance. The second application pertains to the fast 
charging of electric vehicles, and the treatment follows [26]. We will exemplify the 
utilization of MH-MPC with weight adaptation in this setting, even when the precise 
end of the charging duration is not predetermined. 

1.2 Integrated Power and Thermal Management (iPTM) 
System of Hybrid Electrified Vehicles 

The efficient power and thermal management (PTM) of electrified vehicles, including 
that of the internal combustion engine, exhaust aftertreatment, battery, electric 
motors, and cabin temperature, can significantly impact the overall fuel economy 
and driving range, especially in extreme cold and hot ambient conditions [32, 33]. 
This is because (i) the actuators used for thermal management (e.g., compressor, 
pumps, and fans) can consume a considerable amount of power by more than 
2.5 kW [30], and (ii) the efficiencies of the vehicular power and thermal systems are 
often temperature-dependent and are degraded when the temperature falls outside 
the optimum range. For HEVs, with the engine and electric battery as the two main 
sources of energy, thermal management priority varies as the ambient temperature 
changes. Under cold ambient conditions, engine thermal management and cabin 
heating are the main thermal loads. In hot summer weather, on the other hand, engine 
thermal management, as well as cabin and battery cooling, dominate thermal loads. 

Figure 1.1 shows the power and thermal loops of a common power-split HEV. As 
shown in Fig. 1.1, a part of the generated heat during the combustion process (the 
rest of the fuel energy is converted to either mechanical work or wasted through the 
exhaust gases) is absorbed by the engine coolant. If there is any demand for cabin 
heating, the stored thermal energy in the coolant is then utilized to heat the cabin air at 
the heater cores. This means cabin heating reduces the coolant temperature, forcing 
the engine to idle to generate heat once the coolant temperature drops to below a 
certain threshold (e.g., 40–50 ◦C [21])—even if there is no demand for the drive. 
Figure 1.1 also shows the air conditioning (A/C) refrigerant loop, including the A/C 
compressor, expansion valve, and evaporator. The electric-driven A/C compressor, 
radiator fan, coolant pump, valves, and A/C blower are the actuators of the engine and
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Fig. 1.1 The schematic of a power-split HEV with power and thermal loops. Reprinted with 
permission from [24] 

cabin thermal management system, consuming battery power for their operation. The 
operation of these actuators is considered as the main auxiliary load on the battery 
in an HEV. 

There have been numerous studies dedicated to the development of energy 
management strategies (EMS) for HEVs using both (i) offline approaches, 
e.g., Dynamic Programming (DP) [9, 27, 36], Pontryagin’s Minimum Principle 
(PMP) [31, 43–45], and (ii) online approaches, e.g., equivalent consumption mini-
mization strategy (ECMS) [19, 29, 46] and MPC [7, 8, 20]. These approaches have 
been extended to PTM with consideration of thermal dynamics and constraints. 
In [21], multi-dimensional DP was adopted to study the impact of engine efficiency 
degradation and cabin heating requirements in cold winter on the energy efficiency 
of an HEV. The results presented in [21] showed that such thermal loads significantly 
influence the optimal energy flow within the vehicle PTM system. Similarly, in [51], 
an integrated PTM (iPTM) strategy was developed based on DP to improve the 
fuel economy during the cold-start phase. Although DP provides a globally optimal 
solution, it is infeasible for real-time implementation due to the high computational 
complexity of multi-dimensional optimization. 

The emergence of connected and automated vehicles (CAVs) technologies in 
recent years has provided unique opportunities for situational awareness [48], 
allowing for vehicle speed forecasting. Exploiting these forecasts brought in by the 
CAVs technologies for energy flow optimization has made MPC a natural choice for 
real-time iPTM of HEVs [23]. Two main challenges we face in applying MPC to 
iPTM to fully leverage the traffic condition and speed trajectory forecasting:
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• the coupling between power and thermal dynamics and the associated different 
timescales, 

• uncertainties in vehicle speed forecast can affect the MPC performance unfavor-
ably. 

Figure 1.2 illustrates the separation of timescales between the power and thermal 
system dynamics in an HEV, based on data collected from a test vehicle. As shown, 
the engine power (Fig. 1.2b) responds relatively fast, typically on a timescale of 
1 − 3 s. In contrast, the engine coolant temperature (Fig. 1.2c) changes slower, 
over a timescale of approximately 30 s. Despite these differing response times, the 
power and thermal dynamics are strongly interdependent. As Fig. 1.2 demonstrates, 
there is a close correlation between engine power generation and engine coolant 
temperature; as the engine produces traction power, the engine coolant temperature 
rises concurrently. 

The multi-timescale dynamics and mission-based nature of HEV operation make 
MH-MPC a suitable approach for iPTM. In this section, we explore the design and 
performance of MH-MPC for iPTM in HEVs, focusing on a winter scenario with cold 
ambient temperatures where cabin heating is required. The primary objective of iPTM 
in this setting is to minimize fuel consumption while meeting power and thermal 
constraints. However, as previously noted, uncertainties in vehicle speed forecast can 
adversely affect MPC performance. To assess the impact of these uncertainties and 
the robustness of the MH-MPC controller, we conduct a comprehensive statistical

Fig. 1.2 Timescale separation between power and thermal subsystems in an HEV: a vehicle speed, 
b engine power, and c engine coolant temperature. Data collected from a test HEV. Reprinted with 
permission from [24] 
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and sensitivity analysis using data from real-world driving cycles. This analysis 
helps identify critical traffic events and information whose accurate prediction can 
significantly enhance the efficiency of iPTM. 

1.2.1 Power and Thermal Models of an HEV 

We use the iPTM problem in HEVs as a motivating example to highlight the unique 
controller design requirements for integrated systems with multi-timescale dynamics, 
as well as the need for a novel MPC approach, namely MH-MPC, for such systems. 
Figure 1.1 presents the schematics of the power and thermal loops in a power-split 
HEV. In the thermal loop, the engine coolant temperature (Tcl) represents the engine’s 
thermal dynamics. The following subsections introduce the physics-based models 
of the battery state-of-charge (SOC) and engine coolant temperature (Tcl) dynamics, 
which are the primary dynamics representing the power and thermal subsystems, 
respectively. 

1.2.1.1 Battery Power-Balance Model 

For a power-split HEV, the power provided by the battery (Ptrac 
bat ) and internal 

combustion engine (Peng) are blended to meet the traction power demand (Ptrac) 
for driving: 

Ptrac = Ptrac 
bat + Peng . (1.1) 

Additionally, the battery provides the power for auxiliary systems (Paux 
bat ), e.g., the 

electric coolant pump, and the vehicle climate control system: 

Pbat = Ptrac 
bat + Paux 

bat , (1.2) 

where Pbat is the total battery power. The evolution of the battery SOC is represented 
by an equivalent circuit model: 

˙SOC(t) = fSOC (t) = 
Uoc −

√
U 2 oc − 4RintPbat 

2RintCbat 
, (1.3) 

where Cbat , Rint , Uoc, and t are the capacity, internal resistance, and open-circuit 
voltage of the battery and time, respectively.
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1.2.1.2 Engine Coolant Temperature Model 

At cold ambient temperatures, the main thermal loads are due to the thermal manage-
ment of the engine and cabin heating. The temperature dynamics of the engine coolant 
are represented by the following equation [32]: 

Ṫcl(t) = fTcl (t) =
1 

MengCeng 
( ̇Qfuel − Peng − Q̇exh − Q̇air − Q̇heat), (1.4) 

where Meng and Ceng are the equivalent thermal mass and capacity of the engine 
cooling system, respectively. The variables Q̇fuel , Q̇exh, Q̇air and Q̇heat represent the 
heat rates released from the combustion process, exchanged through exhaust gases, 
dissipated by air convection, and delivered for cabin heating, respectively. In partic-
ular, Q̇fuel is computed using the fuel consumption rate and lower heating value 
(LHV) of the fuel (gasoline): 

Q̇fuel = LHV · ṁfuel, (1.5) 

where ṁfuel is the fuel consumption rate calculated as a function of engine speed 
(ωe), torque (τe), and Tcl : 

ṁfuel(ωe, τe, Tcl) = α(Tcl) · ffuel(ωe, τe), (1.6) 

where, ffuel(ωe, τe) is the nominal fuel consumption rate and α(Tcl) is a multiplier 
reflecting the fuel consumption sensitivity to the coolant temperature. These functions 
can be found in the library of the Autonomie1 software for a power-split HEV, also 
see [21] for more details. When Tcl is higher than 60 ◦C, α = 1, as the engine 
has been fully warmed. When Tcl is less than 60 ◦C, α increases, reflecting the 
engine efficiency degradation caused by low coolant and ambient temperatures. The 
experimental validation of the control-oriented models in (1.3) and (1.4) can be found 
in [2, 21]. 

1.2.2 MPC-Based iPTM of HEVs 

The goal of iPTM is to minimize fuel consumption while enforcing constraints on 
the battery state-of-charge (SOC) and engine coolant temperature (Tcl) and while 
responding to traction and cabin heating demands. In what follows, a scenario is 
considered in which the vehicle is operating in winter conditions, with an ambient 
temperature of −10 ◦C and a constant cabin heating power demand of Q̇heat = 
1.5 kW. In this section, we first assess a conventional MPC approach with a short

1 Autonomie® is a MATLAB®/Simulink®-based system simulation tool for vehicle energy 
consumption and performance analysis developed by Argonne National Laboratory (ANL) [33]. 
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receding horizon as the baseline. Motivated by the limitations of conventional MPC, 
we then apply the MH-MPC approach. For all evaluations, the battery SOC and 
engine coolant temperature (Tcl) are treated as system states, while battery power 
(Pbat) is optimized as the control input. 

1.2.2.1 Conventional MPC 

The conventional MPC-based strategy for energy management in HEVs, following 
in [8, 50], is designed to minimize fuel consumption over a finite prediction horizon 
while penalizing deviations of the battery SOC from a reference value to ensure 
charge sustainability. To achieve this, a finite-horizon economic MPC law is defined 
by solving the following discrete-time optimal control problem: 

arg min 
Pbat(i) 

t+H −1∑

i=t

{
ṁfuel(i)δt

} + λ(SOC(t + H ) − SOCr)
2 

s.t. Tcl(i + 1) = Tcl(i) + δt · fTcl (i), 
SOC(i + 1) = SOC(i) + δt · fSOC (i), 
0.4 ≤ SOC(i) ≤ 0.8, 
40◦C ≤ Tcl(i) ≤ 90◦ C, 
Tcl(0) = Tcl,init, SOC(0) = SOCinit, 

(1.7) 

where H is the prediction horizon, t is the current time, δt = 1 s is the discrete-
time step and state constraints are imposed on SOC and Tcl . The initial conditions 
are SOCinit = 0.6 (60%), and Tcl,init = 50 ◦C, meaning that the engine is warmed-
up at the beginning of the trip. The weight λ = 3 is multiplying the quadratic 
penalty on SOC deviation from the reference value for the battery state-of-charge 
(SOCr). The reference value SOCr is set to be the same as SOCinit to promote charge 
sustainability. Furthermore, fSOC and fTcl are functions describing the dynamics of 
SOC and Tcl , respectively, that were previously introduced in (1.3) and (1.4). The 
optimal battery power (Pbat) at each time instant t is determined by solving (1.7). 
Then, the required engine power (Peng) is computed to match the traction power 
request (1.1). Additionally, it is assumed that the engine operates with the minimum 
brake-specific fuel consumption (BSFC) value for the given engine power, which 
enables the computation of the engine speed and engine torque. The MPC problem 
in (1.7) is solved using MPCTools package [42], which exploits the IPOPT solver [5] 
and CasADi for numerical optimization. The simulations are performed on a desktop 
computer with an Intel® E-2136@3.30 GHz processor. 

The New European Driving Cycle (NEDC) shown in Fig. 1.3a is considered 
when evaluating the performance of the MPC in (1.7). It includes a combination 
of city (with multiple stop-and-go) and highway driving. Note that in this section, 
it is assumed that the accurate prediction of the vehicle speed is available over the
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Fig. 1.3 State trajectories (SOC, Tcl ) of conventional MPC with different prediction horizons and 
DP. Reprinted with permission from [24] 

prediction horizon, without considering uncertainties associated with vehicle speed 
prediction. 

As MPC performance is often influenced by the length of the prediction 
horizon [38], the MPC strategy defined in (1.7) was simulated with varying predic-
tion horizons, and the resulting fuel consumption is summarized in Fig. 1.4a. The 
global optimal solution provided by Dynamic Programming (DP) is also shown for 
comparison in Fig. 1.4. As can be observed, although fuel consumption with the 
conventional MPC decreases as the prediction horizon extends from 20 s (20 s with 
δt = 1 s) to 100 s, the results still significantly deviate from the global optimal 
solution by more than 3%. Figures 1.3b, c display the state trajectories with DP and 
conventional MPC. Notably, the SOC under the MPC solution varies within a limited 
range of approximately 10%, and extending the prediction horizon has little impact 
on widening this range. This is because conventional MPC is only aware of future 
vehicle speed within the prediction horizon and includes a quadratic term in its cost 
function that penalizes deviations of the SOC from its terminal reference value. In 
contrast, DP has full knowledge of the entire driving cycle beforehand, allowing 
it to utilize the battery more efficiently by expanding the operational range of the 
SOC, as shown in Fig. 1.3b. Furthermore, as shown in Fig. 1.3c, the engine coolant 
temperature (Tcl) response under conventional MPC differs significantly from that 
of the DP solution. Knowing the occurrence of a long stop (around t = 100 to 
180 s) before entering the highway, DP increases Tcl in advance, thereby preventing
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Fig. 1.4 Simulation results of DP and conventional MPCs with different prediction horizons. a fuel 
consumption, b average computing time per time step. Reprinted with permission from [24] 

the coolant temperature from dropping below its lower limit, which would otherwise 
trigger engine idling. In contrast, conventional MPC is not able to deliver this optimal 
response, resulting in the engine operating within an inefficient coolant temperature 
range (i.e., below <50 ◦C). 

Toward the end of the trip, as highlighted in Fig. 1.3c, the vehicle exits the highway 
and starts a city driving period with low traction power demand and multiple stop-
and-go. Since DP uses accurate information about the trip, it manages to store enough 
electrical energy in the battery (for traction) and thermal energy in the coolant (for 
cabin heating) before exiting the highway at around t = 500 s, so that the vehicle can 
reach the end of the trip mainly in the full electric mode. For the MPCs, on the other 
hand, since not enough electrical energy has been stored in the battery (Fig. 1.3b), 
the engine is being used more often after t = 500 s, resulting in unnecessarily higher 
coolant temperatures by the end of the trip. 

Although the fuel consumption can be reduced with a longer prediction horizon, 
the MPC computational footprint grows with the length of the prediction horizon 
as  shown in Fig.  1.4b. As the prediction horizon increases from 20 s to 100 
s, the computing time increases by 313% on average, which hinders real-time 
implementation. 

Based on the results shown in Figs. 1.4 and 1.3, the shortcomings of the 
conventional MPC (1.7) can be summarized as follows: 

• The quadratic penalty term in the MPC cost function incorporated to promote 
the battery charge sustainability limits the operating range of SOC, resulting in 
inefficient use of the battery. This is the main reason for not observing significant 
improvements in fuel consumption as the MPC prediction horizon is increased.
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• While the fuel consumption is reduced by extending the MPC prediction horizon, 
the computational footprint grows to unaffordable levels. 

• Although the vehicle speed over the prediction horizon is assumed to be known 
a priori, in the real-world traffic environment, any long-term prediction of the 
vehicle speed is subject to uncertainties. Given that the conventional MPC (1.7) 
falls short of DP performance in the absence of uncertainties, the energy efficiency 
may degrade even further with the uncertainties. 

To address these challenges, a novel multi-horizon MPC is described in the next 
subsection to address the trade-off between energy efficiency, and computational 
footprint. 

1.2.2.2 Multi-Horizon MPC (MH-MPC) 

The concept of the MH-MPC is shown in Fig. 1.5. The prediction horizon covering 
the entire trip is divided into two sub-horizons, (i) a short receding horizon (red 
window) and (ii) a long shrinking horizon (green window). The vehicle speed preview 
is assumed to be accurate over the short receding horizon. 

• Remark 1: For connected vehicles, a high-accuracy short-term prediction of the 
vehicle speed can be obtained, often using vehicle-to-vehicle (V2V) and vehicle-
to-infrastructure (V2I) communications. See [39] for an example. 

An “approximate” vehicle speed preview is assumed to be available over the 
long shrinking horizon. This long-term preview does not require to have a detailed 
second-by-second profile of the vehicle’s speed. Instead, it only captures the main 
traffic events, e.g., acceleration and deceleration at signalized intersections and the 
cruise speed between the intersections. 

• Remark 2: For a specific road segment, a long-term vehicle speed preview can 
be obtained through a big-data analysis of the historic traffic data collected from 
connected vehicles driving through the same corridor, see [1] for more details. 

The MH-MPC is formulated as follows, subject to the same state constraints of 
conventional MPC (1.7): 

arg min 
Pbat(i) 

t+N −1∑

i=t

{
ṁfuel(i)�t1

} + 
tend∑

i=t+N

{
ṁfuel(i)�t2

}
, 

s.t. Tcl(i + 1) = Tcl(i) + �t · fTcl (i), j ∈ {1, 2}, 
SOC(i + 1) = SOC(i) + �tj · fSOC (i), j ∈ {1, 2}, 
0.4 ≤ SOC(i) ≤ 0.8, 
40◦C ≤ Tcl(i) ≤ 90◦ C, 
0.99 × SOC(0) ≤ SOC(tend ) ≤ SOC(0) × 1.01, 
Tcl(0) = Tcl,init, SOC(0) = SOCinit, 

(1.8)



1 Multi-horizon MPC and Its Application to the Integrated Power and Thermal ... 13

where N is the short receding horizon, tend is the end time of the trip, and �t1 and
�t2 are the sampling times over the receding and shrinking horizons, respectively. 
The variable j ∈ {1, 2} is determined as follows: 

j =
{
1, if i ≤ t + N − 1, 
2, if i ≥ t + N , 

(1.9) 

The MH-MPC cost function has two terms: 

• the fuel consumption over the short receding horizon calculated based on accurate 
vehicle speed preview, 

• an estimate of the fuel consumption over the long shrinking horizon representing 
the “cost-to-go” toward the end of the trip beyond the receding horizon. 

The cost function of MH-MPC is designed to account for fuel consumption over 
the entire trip, unlike the conventional MPC (1.7), which only minimizes the fuel 
consumption over the receding horizon. Additionally, the MH-MPC cost function 
does not require a quadratic terminal penalty term for the SOC deviation; instead, 
battery charge sustainability is ensured through the terminal constraint. To maintain 
the feasibility of the optimization problem, the final state-of-charge (SOC(tend )) is  
permitted to deviate by up to 1% from the initial SOCinit . Furthermore, there is no 
need for a pre-computed reference trajectory (SOCr) for MH-MPC, simplifying the 
implementation. 

To reduce the computational footprint of MH-MPC over the long shrinking 
horizon, both the data and prediction model used in this horizon are sampled at

Fig. 1.5 The concept of Multi-horizon MPC with short receding horizon and long shrinking 
horizon. Reprinted with permission from [24]
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Fig. 1.6 Fuel consumption and average computing time with different short receding horizons and 
sampling times over the long shrinking horizon. Reprinted with permission from [24] 

Fig. 1.7 Simulation results of DP, MH-MPC, and conventional MPC with different prediction hori-
zons. a fuel consumption, and b average computing time per time step. Reprinted with permission 
from [24]
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a slower rate compared to the short receding horizon, see Fig. 1.5. Specifically, a 
sampling time of �t1 is used for the short receding horizon, whereas a much larger 
sampling time, �t2 � �t1, is employed for the long shrinking horizon. The MH-
MPC optimization problem is solved every �t1 = 1 s, and the first element of the 
computed control input is applied to the system. Subsequently, the receding horizon 
shifts forward by �t1, and the shrinking horizon is shortened by �t1 seconds. Note 
that when the remaining trip time is shorter than the receding horizon length, the 
multi-horizon approach is no longer necessary, and the cost function is evaluated 
solely over the shrinking horizon. 

To analyze the sensitivity of the MH-MPC to changes in the receding horizon 
length (N) and the resolution (i.e., sampling time,�t2) of the long shrinking horizon, 
simulations were conducted using various parameter configurations of the MH-MPC 
over the same driving cycle shown in Fig. 1.3a. The results for fuel consumption and 
the average computation time per optimization iteration are presented in Fig. 1.6. 
Figure 1.6a shows that reducing �t2 from 20 s to 10 s slightly lowers fuel consump-
tion while increasing N has a marginal effect on fuel consumption. On the other hand, 
Fig. 1.6b shows how different horizon lengths and sampling times affect the compu-
tations. Balancing fuel consumption impact with computational requirements, the 
parameters N = 5 and �t2 = 10 s seconds were selected. Furthermore, the selec-
tion of N = 5 renders the assumption of accurate speed preview being available 
over the receding horizon quite reasonable [37]. Note that, for the results presented 
in this section, it is still assumed that long-term preview is known a priori. However, 
since this preview is sampled at a slow rate of every �t2 seconds over the shrinking 
horizon, imprecision is introduced due to data down-sampling. 

Figure 1.7 presents a comparison of MH-MPC with DP and conventional MPC. 
As  shown in Fig.  1.7a, MH-MPC achieves a fuel consumption reduction of over 
3% compared to conventional MPC, with performance closely matching that of DP. 
In terms of computational effort, Fig. 1.7b indicates that the computational cost of 
MH-MPC is comparable to that of conventional MPC with a shorter horizon of 20 s 
and is significantly lower than that of conventional MPC with a longer horizon of 
100 s. This computational affordability of MH-MPC is largely due to the slower 
sampling rate applied over the long shrinking horizon, which reduces the overall 
computational demand.

The powertrain trajectories with MH-MPC are shown in Fig. 1.8, and are 
compared with those of DP and conventional MPC (with a horizon length of 
H = 20 s). Unlike conventional MPC, the SOC trajectory under MH-MPC varies 
over a wide range exceeding 20%, and closely following the trend observed with DP. 
This behavior is attributed to MH-MPC’s ability to account for the entire driving cycle 
and incorporate an approximation of the cost-to-go beyond the receding horizon. 
During the initial phase of the trip, when the engine coolant temperature is relatively 
low, MH-MPC prioritizes the use of the engine to provide traction power while simul-
taneously increasing the coolant temperature. Consequently, the battery is also being 
charged during this period using the extra power available from the engine output. 
Later, when the vehicle exits the highway around (around t = 540 s), the vehicle 
predominantly operates in electric mode until the end of the trip (t = 540 to 850 s),
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Fig. 1.8 State trajectories (SOC, Tcl ) of DP, MH-MPC, and conventional MPC. Reprinted with 
permission from [24]

which is similar to DP. To achieve this, MH-MPC was able to strategically store suffi-
cient thermal energy in the coolant, enabling it to meet cabin heating requirements 
throughout the remainder of the trip. As these results indicate, MH-MPC is able to 
effectively utilize the engine coolant as a form of thermal energy storage, adding 
another layer of flexibility to HEV energy management alongside the battery, which 
serves as electrical energy storage. Thus MH-MPC is able to exploit both electric 
energy storage and thermal energy storage to optimize energy flows and enhance 
overall HEV efficiency. 

1.3 Electric Vehicle Enhanced Fast Charging Enabled 
by Battery Thermal Management 

In this section, the MH-MPC is applied to the power and thermal management in 
Electric Vehicles (EVs) during the fast-charging process. We consider a commercial 
EV operating in hot ambient temperature and with a low initial SOC, requiring the 
battery to be charged at a nearby fast-charging station. The objectives of the iPTM for 
the EV in this study are threefold. The first objective is to ensure that the final SOC 
after charging is above a prescribed threshold. The second objective is to maintain the 
total charging time within the prescribed duration. The third objective is to minimize 
the energy consumption for the battery thermal management system while enforcing 
power and thermal constraints. In a real-world application, the requirements on the 
final SOC and charging time are typically determined by the type of the trip and 
mission of the commercial vehicle after the charging event.
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∆ 1 ∆ 2 

∆ 2 

2 

2 

Fig. 1.9 The implementation concept of the MPC-based iPTM strategy with two different 
scenarios: a before the charging starts, when the vehicle moves toward the charging station, and 
b after the charging starts, when the vehicle stays in the charging station. Reprinted with permission 
from [26] 

1.3.1 MH-MPC Formulation for Enhanced Fast Charging 

The MH-MPC is now applied to address the aforementioned objectives. Figure 1.9 
illustrates that two different scenarios, before and after the start of the charging event, 
need to be accounted for. Before the start of the charging event, the vehicle moves 
toward the charging station, and the prediction horizon of the MH-MPC extends 
from the current time instant until the projected end time of the charging event. 
This horizon and vehicle operation are then naturally subdivided into two stages, 
a driving stage and a charging stage. After the charging starts, the vehicle stays at 
the charging station, and the prediction horizon only has one stage from the current 
time to the end of the charging event. As in Sect. 1.2, the prediction horizon always 
extends from the current time instant to the end time of charging. Consistently with 
MH-MPC approach, the sampling time used can be different in different stages. The 
MH-MPC formulation is based on solving numerically the following discrete-time 
optimal control problem:
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min 
Q̇cl(i), 

Pchg(i),�t2(i) 
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+α(�t2(i))
2 + βε2 

⎫ 
⎪⎬ 

⎪⎭ 
, 

s.t. SOC(i + 1) = SOC(i) + fSOC (i)�tj, j ∈ {1, 2} 
Tbat(i + 1) = Tbat(i) + fbat(i)�tj, j ∈ {1, 2} 
SOC(t + N1 + N2) = SOCtarg, 
SOCmin ≤ SOC(i) ≤ SOCmax, 
Tbat,min ≤ Tbat(i) ≤ Tbat,max + ε, 
− ̇Qcl,max ≤ Q̇cl(i) ≤ 0, 
0 ≤ Pchg(i) ≤ Pchg,max, 
0 ≤ �t2(i) ≤ �t2,max, 

(1.10) 

where fSOC is the same as previously introduced in (1.3), while fbat describes the 
battery temperature dynamics, which are expressed using the following equation: 

Ṫbat = fbat(t) = 1 

mbat,thmCbat,thm 
( ̇Qgen − Q̇amb − Q̇cl), (1.11) 

where mbat,thm, Cbat,thm are the battery thermal mass and specific heat capacity, respec-
tively. The Q̇gen is the irreversible battery heat generation rate attributed to the internal 
resistance and is expressed as Q̇gen = I2 batRint . The  Q̇amb is the rate of the heat dissipa-
tion to ambient through air convection, which is driven by the temperature difference 
between ambient and battery. 

Moreover, in (1.10), �t1 and �t2 are the sampling periods over the driving and 
charging stages, respectively, and N1 and N2 correspond to the numbers of sampling 
points over these two stages. Therefore, the prediction horizon length is �t1N1 +
�t2N2 where �t1N1 is the remaining time for the vehicle to arrive at the charging 
station while�t2N2 is the total predicted time spent at the charging station. Note that 
N1 = 0 once the driving stage is completed and the charging stage has started. The 
index j ∈ {1, 2} is determined as follows: 

j =
{
1, if i ≤ t + N1 − 1, 
2, if i ≥ t + N1. 

(1.12) 

It can be seen from (1.10) that the control/decision variables are Q̇cl , Pchg , and
�t2, and the cost function consists of four terms. The first and second terms are 
the accumulated energy consumption of the battery cooling system over the driving 
and charging stages. The third term is the square of �t2, which penalizes the total 
charging time. The last term is used to relax the constraint on the battery temperature 
by introducing a slack variable (ε) and treating the battery temperature limit as a soft
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constraint. The use of this last term avoids infeasibility in solving the discrete-time 
optimization problem. 

As the prediction horizon always extends from the current time instant to the 
end of the charging event, the horizon length of the driving stage shrinks over time 
while the horizon length of the charging stage is not predetermined and it depends 
on the computed solution of the problem (1.10) with �t2 being an optimization 
variable. This distinguishes the problem formulation in (1.10) from the conventional 
receding or shrinking horizon MPC. To this end, a novel sampling strategy with 
varying sampling time and sampling points over different optimization horizons is 
further elaborated next. 

Specifically, during the driving stage, the sampling time �t1 is fixed, and N1 

is calculated based on the remaining time before the vehicle arrives at the charging 
station. However, at the charging stage, the sampling time�t2 is one of the adjustable 
variables to be determined by the solution of the optimization problem (1.10). There-
fore, it is no longer fixed. In order to solve the optimization problem (1.10) numeri-
cally with a fixed dimension, we fix the number of samples, N2. Then, by applying 
the first element of the computed control sequence to the vehicle and repeating the 
optimization with updated initial conditions, a feedback law is formed as in the 
conventional receding horizon MPC scheme. 

1.3.2 Simulation Results and Discussion 

In this section, we report simulation results of applying MH-MPC to a commercial EV 
model. The ambient temperature is set to be 38 ◦C, and the initial battery SOC is 0.3 
(30%). In the simulated scenario, the vehicle follows through an urban route to arrive 
at the fast-charging station, where the battery needs to be charged to SOC = 0.6. 
The maximum battery cooling power and charging power of the station are 5 kW 
and 80 kW, respectively. Moreover, �t1 and N2 are set to 10 s and 40, respectively. 

In this study, the battery temperature must be maintained within an operating range 
of 15–35 ◦C, during both the driving and charging stages. To discourage violations 
of the soft temperature constraint, we set the slack variable to β = 108. This value 
has been chosen by trial and error so that it is sufficiently large to avoid constraint 
violation in simulation scenarios. 

1.3.2.1 Trade-Off Between BTM Energy Use and Charging Time 

We first assume that the vehicle speed profile over the urban route is known a 
priori, based on which the arrival time at the charging station can also be accu-
rately predicted. To investigate the impact of the weight (α) on the charging time, a 
sensitivity analysis has been conducted, and the results are summarized in Fig. 1.10.

A trade-off can be observed from Fig. 1.10 between the energy consumed for the 
battery cooling and the battery charging time. As α increases, the battery charging
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Fig. 1.10 The energy consumption for battery cooling and battery charging time results with 
different α. Reprinted with permission from [26] 

Fig. 1.11 State and input trajectories with different α values: a vehicle speed, b SOC, c battery 
temperature, d battery cooling power, and d battery charging power. Reprinted with permission 
from [26]
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time decreases while the energy consumed for the battery cooling increases. To 
account for the impact of different weights, the state and input trajectories for two 
different values of α are presented in Fig. 1.11. It can be seen that in both cases, 
the battery temperature is maintained within the prescribed range at all times. By 
comparing the two cases, it can be seen that, with a larger α, the controller tends 
to draw a larger battery charging power during the charging stage to reduce the 
charging time, as more focus is put on the penalty term for the charging time in the 
cost function. At the same time, a larger battery charging power requires a larger 
battery cooling power to avoid raising the temperature above the prescribed limit. 
Moreover, with accurate knowledge of the arrival time and charging event timing, 
battery pre-cooling is effected to create room for the rise of battery temperature, 
thereby enabling faster charging with larger charging power. The above observations 
explain the trade-off between energy consumed for battery cooling and total charging 
time, as well as the emergent pre-cooling behavior associated with larger α. 

1.3.2.2 A Strategy for Weight Adaptation 

The results shown in Sect. 1.3.2.1 demonstrate that in order to balance the charging 
time and BTM energy consumption, α needs to be properly tuned to enforce the 
constraint on charging time while minimizing the energy consumption. There are 
several challenges in scheduling α in real-time. Note that α is determined by the 
arrival time at the charging station and by the required charging time. It needs to be 
adjusted during the trip to deal with uncertainties in vehicle speed preview, avail-
ability of charging, etc. In this section, an adaptive strategy to schedule α in real-time 
is described, which can be summarized as follows: 

• Step 1: An initial value of α is selected from the range shown in Fig. 1.10, at  
t = 0 s. 

• Step 2: The optimization problem (1.10) is solved using the current αt at time t, 
and an estimated charging time (tchg,est) is calculated as �t2N2. 

• Step 3: α is updated by the following adaptive law: 

log(αt+�tj ) = log(αt) + λ(tchg,est − tchg,req). (1.13) 

• Step 4: Repeat Steps 2 and 3 till the end of the charging stage. 

In (1.13), λ is the adaptation rate, and �tj is the sampling time defined in (1.10). 
It can been seen that the adaptive law in Step 3 leverages the relationship presented 
in Fig. 1.10, and α is updated by comparing the estimated charging time (tchg,est) 
with the required charging time (tchg,req). The use of logarithm in the adaptation law 
(1.13) is motivated by the shape of the dependence in Fig. 1.10, and it enables larger 
steps in the parameter value and faster adaptation as compared to conventional linear 
adaptation. 

To demonstrate the effectiveness of the adaptive strategy for updating α, the  
required charging time is set to be within 30 min, and different λ values are applied
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in (1.13). The simulation results are presented in Fig. 1.12, and the actual charging 
times of three cases are summarized in Table. 1.1. It can be seen that for these three 
cases, the initial guess for α is too small, which leads to an estimated battery charging 
time of almost 50 min. With the α updated by the adaptive law, the estimated charging 
time converges to the value near tchg,req. Moreover, as λ increases, the convergence 
rate increases, and the steady-state error in the final charging time decreases. Based 
on these results, λ = 0.1 has been chosen. 

It can be seen from Figs. 1.11 and 1.12 that MH-MPC incorporates the knowl-
edge of the upcoming charging event to pre-cool the battery, allowing larger battery 
charging power to reduce the charging time. To quantify the benefits of leveraging

Driving Stage Charging Stage 
(a) 

(b) 

(c) 

(d) 

(e) 

Fig. 1.12 State and input trajectories with different adaptation rates λ: a vehicle speed, b SOC, 
c battery temperature, d weight on charging time, and e estimated charging time. Reprinted with 
permission from [26] 

Table 1.1 The actual 
charging time with different 
adaptation rates 

λ 0.01 0.05 0.1 

tchg [min] 32.2 30.4 30.2 

BTM energy consumption [kWh] 1.00 1.06 1.07
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Driving Stage Charging Stage 
(a) 

(b) 

(c) 

(d) 

(e) 

3 kW  

Fig. 1.13 State and input trajectories with different α for Cases I, II, and III: a vehicle speed, 
b SOC, c battery temperature, d battery cooling power, and d battery charging power. Reprinted 
with permission from [26]

the preview information and characterize the conditions under which the pre-cooling 
is beneficial, the following three cases are considered for comparison: 

• Case I: The charging event is predicted accurately over the prediction horizon. 
• Case II: The charging event is not predicted until the vehicle arrives at the charging 

station, and the maximum cooling power is 5 kW. 
• Case III: The charging event is not predicted until the vehicle arrives at the 

charging station, and the maximum cooling power is 3 kW. 

For Case I, it is assumed that the preview information is known a priori, and the 
MPC-based iPTM is applied at the driving and charging stages. For Cases II and Case 
III, before the vehicle arrives at the station, as the charging event is not predicted over 
the prediction horizon, the cost function only has the first term in (1.10) to minimize 
the BTM energy consumption during the driving stage. After the vehicle arrives at 
the station and starts charging, the same optimization problem in (1.10) is solved  
by MH-MPC. The only difference between Cases II and III is the maximum battery
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30.2 30.2 33.9 

+12.3% 

+3.8%

-11.4%1.05 1.09 
0.93 

(a) 

(b) 

Case I Case II Case III 

Fig. 1.14 Simulations results of Cases I, II, and III: a charging time, b BTM energy consumption. 
Reprinted with permission from [26] 

cooling power. Figure 1.13 presents the state and input trajectories of these three 
cases and the charging time, while BTM energy consumption results are compared 
in Fig. 1.14. 

It can be seen from Fig. 1.13 that pre-cooling is only performed in Case I, while 
the battery temperature in Cases II and III follows the upper bound constraint before 
arriving at the charging station to minimize the cooling loads. While the initial battery 
temperatures at the beginning of the charging stage are different, charging times in 
Cases I and II are similar. This is attributed to the battery charging power in these 
two cases being almost the same, as shown in Fig. 1.13e. Compared to Case I, which 
has a lower initial battery temperature at the start of the charging stage, Case II needs 
to increase the battery cooling power to avoid constraint violation when applying 
the same charging power. It can be seen from Fig. 1.13d that the battery cooling 
power for Case I is always below 3 kW, while the cooling power for Case II is above 
4 kW during the charging stage, leading to a slight increase in the BTM energy 
consumption, as shown in Fig. 1.14b. 

As a result, when the maximum cooling power is reduced to 3 kW in Case III, the 
same charging power is unattainable without pre-cooling, and the charging time is 
increased by 12.3%. Note that because the upper bound constraint of cooling power 
in Case I is inactive, the optimal performance would remain the same when the 
maximum cooling power is reduced from 5 kW to 3 kW.
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1.4 Summary 

This chapter summarized a multi-horizon MPC (MH-MPC) strategy, which was 
developed for control of integrated systems with dynamics responding over multiple 
timescales. The MH-MPC exploits multi-range prediction and performs optimiza-
tion of the cost function defined over a shorter receding horizon phase followed by 
a longer shrinking horizon phase. The discretization time step, models, and preview 
information accuracy can be different in the two phases. In effect, the MH-MPC esti-
mates the “cost-to-go” over the longer shrinking horizon beyond the conventional 
receding horizon phase. This makes it an appealing choice for mission-centric appli-
cations in which the objective is to accomplish a mission with a limited onboard 
energy resource while satisfying state and control constraints. For such systems, the 
MH-MPC relaxes the requirement for the inclusion of a terminal penalty term in the 
optimization stage cost, allowing energy-related states to operate on or close to their 
admissible boundary, thereby improving the performance. 

In this chapter, we first described the use of MH-MPC for integrated power and 
thermal management (iPTM) of HEVs operating in a connected traffic environ-
ment. In such a scenario, short- and long-term predictions of the vehicle’s speed 
can be obtained using connectivity-enabled data and technologies (e.g., V2V/V2I) 
and incorporated over the receding and shrinking horizons of the MH-MPC, respec-
tively. The simulation results of applying the MH-MPC to experimentally validated 
models of a power-split HEV illustrated performance improvements with MH-MPC 
as compared to more traditional MPC, which uses terminal penalties to promote 
charge sustainability. Notably, in the absence of uncertainties in the vehicle speed 
forecast, the MH-MPC provided results close to that of Dynamic Programming (with 
a deviation of 1%), at a much lower and more affordable computational cost. 

Furthermore, we showed how MH-MPC can be used to minimize charging time 
and energy consumption for battery thermal management of a commercial electric 
vehicle (EV). In this case, MH-MPC is applied to achieve a target battery state-
of-charge (SOC) within the prescribed time while enforcing the power and thermal 
constraints for the battery system. The simulation results showed that, by leveraging 
the preview information, MH-MPC is able to reduce the charging time; it achieves 
this by pre-cooling the battery before the start of the charging event. Moreover, an 
adaptive strategy was described for adjusting the weight of the charging time in the 
MPC stage cost to manage the trade-off between charging time and battery thermal 
management (BTM) energy consumption. 

In a broader sense, this chapter illustrated how MPC techniques can be creatively 
extended and applied in challenging real-world engineering applications. The use 
of multiple horizons, stages, and adaptation of the parameters in the cost func-
tion can be exploited to improve economic performance and safety while lowering 
computational costs.
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