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ABSTRACT

In order to increase the driving range of electric vehicle, while maintaining high thermal
comfort inside the passenger cabin, it is necessary to design a control system which optimally
synthesizes multiple control actions of heating, ventilation and air-conditioning (HVAC)
system, while taking into account various constraints imposed by system hardware
requirements. To this end, dynamic programming-based optimisation of HVAC control
variables, which simultaneously minimises conflicting criteria of passenger thermal comfort
and HVAC efficiency, is first proposed in the paper. Next, a hierarchical structure of thermal
comfort control system is proposed, which consists of optimised low-level control loops, a
superimposed cabin temperature controller that regulates cooling capacity, and optimisation-
based control allocation strategy that sets references for inner HVAC control loop. Finally,
the overall control system is verified by simulation for cool-down scenario, and the simulation
results are compared with the DP benchmark.
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INTRODUCTION

In recent years, electric vehicles (EV) have been increasingly adopted by public. Introduction
of battery and hybrid electric vehicles enables the automotive engineers to implement a
variety of electrically powered components in a single vehicle, which is especially interesting
in automotive heating, ventilation and air-conditioning (HVAC) application. Thus, modern
electric vehicles are equipped with redundant HVAC actuators and multiple energy flows [1],
particularly when considering requirements to implement heat pump systems in addition to
AJ/C system [2]. Furthermore, electric vehicle’s driving range is heavily impacted by heating
and cooling loads and a significant impact of up to 60% on driving range is reported in cold
weather and about 33% in extremely hot weather [3, 4]. The highest contributor to driving
range decrease is the vehicles HVAC system, as it can constitute up to 65% of secondary
energy consumption, with the primary consumption coming from powertrain. Thus, it is of
great interest to achieve a highest possible HVAC system efficiency, which would result in
increased driving range, while maintaining high passenger thermal comfort. To fulfil these
conflicting criteria, it is necessary to develop advanced control systems which optimally
coordinate multiple actuators and energy storage units.
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Setting a realistic and achievable benchmark for a complex control system is imperative. One
of the most common control variable optimisation methods, used for setting control system
benchmarks for a specified operating scenario, is dynamic programming (DP). Its main
advantage is that it finds globally optimal solution for the general case of a nonlinear,
discontinuous and multi-variable system. However, the DP algorithm is rather
computationally inefficient, so it can be applied to systems with a low number of state and
control variables. DP solutions have been used as benchmark in different types of hybrid
electric vehicles, where the aim is to find optimal distribution of control variables (engine and
e-motor torques, speeds and clutch state-dependent modes) for minimising fuel consumption
while satisfying different hardware constraints including the boundary condition of battery
state-of-charge (SoC) at the end of driving cycle [5, 6]. In the framework of HVAC systems,
DP has been used in conventional vehicle's A/C system optimisation [7], where an A/C clutch
command sequence is optimised to minimise fuel consumption over given driving cycle. The
constraints include evaporator outlet air temperature setpoint, and a simple second-order
HVAC model.

Cabin thermal comfort is usually indirectly controlled through cabin air temperature control.
Fuzzy-logic cabin thermal comfort control based on the simplified predicted mean vote
(PMV) feedback is presented in [8], where it is shown that both thermal comfort and energy
consumption can be improved in comparison with cabin air temperature feedback control.
Reference [9] proposes a multi-input, single-output and multi-objective proportional-integral
(PI) like controller for cabin thermal comfort control of a conventional vehicle, which
accounts for internal combustion engine efficiency and thermal comfort criterion. It is shown
therein that the fuel consumption can be reduced compared to conventional control algorithms
for the same level of thermal comfort.

In this paper, DP is applied to first-order vehicle cabin model and static HVAC model to
obtain the thermal comfort and efficiency benchmark and provide guidelines for cabin
thermal comfort control strategy development. The proposed hierarchical control structure
consists of superimposed cabin air temperature controller that commands the cooling
capacity, optimisation-based control allocation algorithm, and inner HVAC control loops.
Control allocation sets references for optimised low-level HVAC controllers and also
determines auxiliary control variables such as air mass flow rates by maximising thermal
comfort and efficiency, while satisfying HVAC system constraints. Control trajectory
optimisation is conducted for a cool-down scenario, and the control strategy performance is
verified through simulations for same scenario. Although the presented case study is based on
a conventional HVAC system model, the developed optimisation approach and hierarchical
control strategy can also be applied to more complex HVAC systems, such as those utilised in
advanced fully-electric vehicles (see e.g. [2]).

HVAC AND CABIN MODELLING

The passenger cabin thermal system connected to the conventional HVAC system is depicted
in Figure 1. A detailed lumped-parameter control-oriented model of the HVAC system
includes 12 state variables related to evaporator (xe) and condenser (Xc) dynamics [10, 11]
which are modelled according to moving-boundary method that provides a good trade-off
between model complexity and accuracy. Electric motor-powered compressor, electronic
expansion valve, blower fan and condenser fan are considered as typical EV HVAC actuators.
They typically have faster dynamics compared to the slower heat exchanger dynamics, which
justifies modelling them as static elements [11]. Therefore, control inputs fed to the HVAC
model are compressor speed wcom, electronic expansion valve opening ay, blower fan air mass
flow rate rea and condenser fan air mass flow rate nica. Outputs of the HVAC model, which
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are of particular interest in this paper, include evaporator outlet air temperature Teaout (i.€.
cabin inlet air temperature), superheat temperature ATsn, and coefficient of performance
defined as the ratio of evaporator air-side cooling power and compressor power consumption
COP = QcalPcom. The power consumption of expansion valve and blower fan is not considered
in COP calculation.
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Figure 1. HVAC and cabin model schematic

The considered passenger cabin model [12] consists of two thermal masses: (i) cabin air
volume V. with temperature T and (ii) body elements of mass my with temperature Ty. The
modelled thermal loads include constant metabolic load Omet if the cabin air temperature is
below 36 °C, solar radiation load Osol, ambient air convection heat transfer Qa, over outer
body surface Aa, with variable heat transfer coefficient aan(Wven), HVAC thermal load Onvac
that takes into account cabin air inlet and outlet, and convection heat transfer from body
elements to cabin air O over inner body surface Ac, with heat transfer coefficient acp. The
second-order cabin model obtained by heat balance method [12] then reads:

CpacpchTc = rﬁeacpae (Tea,out (a)com ) _Tc ) + Qmet (Tc ) + A A%b (Tb _Tc )

QHVAC Qb
. . 1)
CpbmbTb =—ayA, (Tb -T, ) + Qo + Xy (Vveh ) A (Tb _Ta)
ch Qab

where cpa is the air specific heat capacity, pc is the air density and cp» is the body specific heat
capacity.

The second-order cabin model (1) can further be simplified to first order model by assuming
that the body temperature dynamic is slower than the cabin air temperature dynamic, which
gives:
kccpapcvc-rc = meacpae (Tea,out (a)com ) _Tc ) + Qmet (Tc) + Qsol + aab (Vx ) Aab (Ta _Tb )
QHVAC Q'ab (2)

T, =T, +AT, <T,

,max

where k¢ scales the cabin air temperature thermal inertia to match the second order model
dynamics and ATy is the air-to-body temperature offset used for “tuning” the steady state
accuracy.



Since cabin models consider complete cabin volume, it is assumed that the mean air velocity
Vair inside the cabin is proportional to the blower fan air mass flow rate riea:
Vair = k m (3)

mve " ‘ea

where kmve IS proportionality constant e.g. expressed as the ratio of air density and cabin inlet
vents cross-section area. Similarly, a linear relationship between the vehicle speed vien and the
condenser fan air mass flow rate rica is assumed:

mca = Ifﬁcao + I(mvcvveh (4)

where ricao IS air mass flow rate for stationary vehicle and kmvc is constant coefficient. The
closed-loop dynamics of evaporator outlet air temperature control system of the particular
HVAC model is by an order of magnitude faster than the cabin air temperature dynamics. In
order to enhance computational efficiency of DP-based control variable optimisation, the
HVAC is represented by static maps which describe steady-state input to output relationships.
The static maps shown in Figure 2 have been obtained by a numerical method/tool described
in [11] for the superheat temperature being fixed to its target value of 5 °C (it is assumed that
the superheat temperature is effectively controlled by the expansion valve) and the 12""-order
model presented therein.
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Figure 2. HVAC model static maps related to evaporator outlet air temperature (a) and
efficiency defined by COP (b)

The cabin thermal comfort is evaluated through Predicted Mean Vote (PMV), which is
adjusted to take into account the cooling effect of increased air velocity [13]. A positive PMV
means that the cabin environment is too hot, while a negative PMV indicates that it is too
cold. The zero PMV suggests ideal thermal comfort, while the comfortable range is defined as
|IPMV| < 0.5 [13]. PMV takes into account six different parameters: air temperature Tair, air
velocity vair, mean radiant temperature, air relative humidity RH, clothing, and metabolic rate.
In order to simplify the PMV calculation, it is assumed that the driver is wearing summer
clothes and that the mean radiant temperature is equal to the mean air temperature inside the
cabin. The PMV map shown in Figure 3a is obtained for the relative humidity RH < [0, 1], air
temperature Tair € [16,40] °C, air velocity vair € [0.17,1.1] m/s, clothing thermal resistance of
0.5 clo, and metabolic rate of 1.5 (typical value for driving) [13]. Black circles indicate
comfort range, i.e. |PMV| < 0.5. An example of PMV map for the constant relative humidity of
44% is shown in Figure 3b, where the black solid lines denote the boundaries of comfort
range ([PMV| < 0.5), shows that the same thermal comfort can be achieved with higher cabin
air temperature if the air velocity is increased (and also if the humidity is reduced, Fig. 3a)
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Figure 3. Predicted mean vote (PMV) map with three inputs where filled circles show comfort
range (JPMV| < 0.5) (a) and PMV map with two inputs and fixed relative humidity (RH =
44%) where black lines denoting comfort range (b)

CONTROL VARIABLE OPTIMISATION

The presented control variable optimisation approach is based on the dynamic programming
(DP) optimisation algorithm [14]. DP optimisation results in globally optimal solution as it
starts with final time tr and calculates optimal control inputs for all possible state variables
(satisfying the process model) backwards in time at each time instant. However, DP is
computationally very expensive and the computational cost exponentially grows with the
number of state variables and control inputs. Therefore, discrete-time counterpart of the first
order cabin air temperature model defined by Equation (2) is used in DP optimisation to
describe single state-variable (x) dynamics:

x=T,,
with two control inputs contained in control vector u:
u= [a)com mea]’

while the condenser fan air mass flow rate rica represents disturbance variable (potentially, it
could be included in optimisation as an additional control variable). The HVAC evaporator
outlet air temperature Teaout = Teaout(®wcom, 7itea, 7itca) and efficiency COP = COP(wcom, 7itea,
nca) are described by the static maps depicted in Figure 2, where a trilinear interpolation is
applied for input combinations that are not defined by the map). The expansion valve opening
av is not contained in control vector u since the HVAC static maps have been obtained for
constant/target superheat temperature value. The thermal comfort criterion PMV is obtained
by map shown in Figure 3a, where the trilinear interpolation is again applied for the case of
missing input combinations.

The control variable optimisation problem is to find the control vector u(k), which minimises
the cost function J:

N
J =CD(x(tf))+ZF(x(k),u(k)) (5)
k=1
at each discrete-time instant k, where the terminal condition function:
(D(X(tf)):ernf (th,R_X(tf))z (6)
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ensures that the cabin air temperature reference xir = Tc¢r IS achieved at the end of
optimisation time horizon, by applying sufficiently high penalisation coefficient Kpent. The
sub-integral function F(-) includes minimisation of thermal comfort criterion (PMV) and
maximisation of efficiency (COP), alongside with penalisation of state-variable and control
inputs constraint violations:

F(x(k),u(k))=Kpyy, [PMV (K)|+ KopCOP(K) ™ +

K en [H (X(K) =X )+ H (X —x(k))]+ ern[H (U(K)= U )+ H (Upyy —u(k))]

where Kpmv and Kcop are weigthing coefficients that set the trade-off between thermal
comfort and efficiency, Kpen IS constraint violation penalisation coefficient that should be
sufficiently high, and H(a) is Heaviside function defined as H(a) =0 for a< 0 and H(a) = 1
for a > 1. Constraints are used to contain the state-variable in the target range and use control
inputs that are within specified hardware-related limits.

()

CONTROL STRATEGY DESIGN

The control strategy proposed in this paper has a two-level hierarchical (cascade) structure
(see Fig. 6). Low-level feedback controllers ensure setpoint tracking and disturbance rejection
for HVAC subsystem. The high-level control subsystem controls the cabin air temperature
and allocates references for low-level controllers.

Low-level control system

The evaporator outlet air temperature (i.e. the cabin inlet air temperature) Teaout IS controlled
in a feedback loop to provide accurate and high-bandwidth tracking of the reference set by the
high-level control system. The superheat temperature ATsn is regulated with respect to fixed
reference ATswr = 5 °C (a safety function), where the main aim of the corresponding
feedback controller is to suppress disturbance influence including the one imposed by the
action of outlet temperature controller. The linearized input-output HVAC model depicted in
Figure 4a is characterised by coupled dynamics, which can be described by four transfer
functions linking the control inputs (compressor speed wcom and expansion valve opening av)
and controlled outputs (evaporator outlet air temperature Teaout and superheat temperature
ATsh):

S :Teayout(s) . :Teayout(s) S _ ATy, (s) S _ AT, (s)
Guls)=m s Guls) = Gu(9)= T Gu(s)= " @

Reasonably good control performance of superheat temperature regulation and evaporator
setpoint tracking can be obtained for the given HVAC model by applying a simplified,
decoupled control structure where only two main controllers Gc11(s) and Gez2(S) are used (Fig.
4a; there are no cross-coupling control actions). The controllers are of proportional-integral
(PI) type, and their parameters are tuned by using a search-algorithm optimisation procedure
targeted to single-input single-output (SISO) system [15]. The cost function to be minimised
combines penalisation of closed-loop control error and control effort Referring to control
structure shown in Fig. 4a, the cost functions for the two control loops are defined as:

. 1 ¢ 2 2
min ‘]11 = WZ[(Tea,out,R _Tea,out) I (a)com,R - a)com) i|

k=0
(9)
. 1 Y
minJ,, = 1+ M kzo[(ATSH,R —Tsy )2 1, (av,R _av)zJ



where r11 and ro are weighting coefficients which set the trade-off between control error
suppression (performance) and control effort reduction (efficiency, relative stability). Since
the HVAC dynamics model parameters depend on the operating point, gain scheduling maps
(two proportional gain maps Ky and Kpz2, and two integral gain maps Kiiz and Kiz2) have
been obtained by repeating the PI controller parameter optimisation procedure for multiple
operating points with fixed weighting coefficients ri1 and ro2. The analysis showed that the
most significant operating point parameters were the evaporator outlet air temperature Tea,out
and the blower fan air mass flow rate s, Which results in two-dimensional gain scheduling
maps Kx = fx(Teaout, 72ea). Final low-level control system structure is shown in Figure 4b and
consists of two PI controllers with two pairs of gain-scheduling maps.
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Figure 4. Block diagram of linearized HVAC system and controllers (solid lines) used in
controller parameter optimisation (where d denotes disturbance, e.g. varying air mass flow
rate) (a), and block diagram of final low-level control system (b)

The low-level control system performance is illustrated in Figure 5 for the full, 12-th order
nonlinear process model, where blue lines denote the performance of control system with
fixed controller gains (tuned for Teaout = 15 °C and mea = 0.05 kg/s), while green lines
correspond to the control system with gain-scheduling applied. The evaporator air mass flow
rate mea is kept at 0.075 kg/s, the superheat temperature reference is set to ATsyr =5 °C and
the step reference with magnitude of ATeaoutr =5 °C is applied at t = 1000 s. In comparison
with the control system that uses fixed controller gains, the control system with gain
scheduling achieves faster evaporator outlet air temperature response (Fig. 5a), and lower
superheat temperature control error (Fig. 5b). The performance improvement is achieved by
stronger compressor and expansion valve control efforts (Figs. 5¢ and 5d). Figures 5e and 5f
show that optimal controller gains vary significantly throughout the operating range, thus
making the gain scheduling algorithm necessary to achieve optimal performance over a wide
operating range.

It has been found that the closed-loop system performance can be further improved by taking
into account the coupled dynamics of HVAC model, which is determined in Figure 4a by the
cross-coupling transfer functions Gi2(s) and Gzi(S). In this case, the parameters of both PI
controller were optimized simultaneously, with an option to include the cross-coupling gains
as well (see Gci2(s) and Geza(s) in Fig. 4a). A multi-objective genetic algorithm was used as
optimisation algorithm, because it allows for overcoming the issue of local optima appearance
and can present the results in the form of Pareto frontier that enable the designer to select
optimal solution based on his/her preference. However, such procedure is more time
consuming, especially when gain-scheduling is concerned, and it is not presented here due to
paper length constraints.
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Figure 5. Comparison of low-level controller performance with and without using gain
scheduling maps.

High-level control system

In order to achieve favourable thermal comfort inside the vehicle cabin while maintaining best
possible efficiency of the HVAC system, a supervisory high-level control system has been
developed. According to the block diagram shown in Figure 6, the high-level control system
regulates the cabin air temperature T¢ by commanding the cooling capacity Qq. The cooling
capacity Qg is then transformed to low-level controller inputs/references, which in this case
include evaporator outlet air temperature reference Teaout,r and air mass flow rate riear (While
in a more general case more inputs are possible, such as ricar in Fig. 6). It is crucial that, in
order to achieve optimal system performance, the design of control allocation map should be
based on use of optimisation. Discrete-time Pl-type cabin air temperature controller G¢ cas(z)
with fixed gains is used in this paper (with an option to add the gain scheduling algorithm in
more general case). Since the cabin air temperature dynamics are slow, the cabin air
temperature controller and control allocation strategy can have higher sampling time than the
low-level controllers (e.g. 10 s vs. 0.1 5).
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Figure 6. Cabin air temperature control block diagram



The optimal control allocation map is obtained by minimising the following cost function for
a wide range of operating points (Qq, Tc):

1
+K 10
coP cop(m T (10)

ea,out,R )

Jou = Koy [PMV (1., T, )

ea,R? "¢

ea,R?

where Kemv and Kcop are weighting coefficients that set the trade-off between the two
conflicting criteria: thermal comfort (PMV) and efficiency (COP). Control variables are
subject to following constraints:

Qd = mea,RCpa (Tea,out,R _Tc)

m <m

ea,R — ""'ea,R,max

<m

ea,R,min —

Tea,out,R,min (mea,R ) < Tea,out,R < Tea,out,R,max (mea,R )

where cpa is the specific heat capacity of air, Qumax is maximum cooling capacity that can be
achieved by HVAC system at the specified cabin air temperature, riearmax and riearmin are
maximum and minimum air mass flow rates, and TeaoutRmax @aNd Teaoutrmin are maximum and
minimum evaporator outlet air temperatures that can be attained at certain air mass flow rate.

(11)

RESULTS

Control variable optimisation (and, similarly, control system simulation analysis) have been
carried out for cool-down scenario at constant vehicle velocity wen = 40 km/h. The objective
of the cool-down scenario is to bring the cabin air temperature down from its initial value that
is equal to ambient air temperature Teo = Ta = 40 °C to the final cabin air temperature of Tcr =
26 °C in 10 minutes, i.e. t; = 600 s.

Control variable optimisation results

Dynamic programming has been carried out with the time step At = 1 s (humber of time
samples N: = 601). The state variable (cabin air temperature) has been discretized with the
resolution of 0.5 °C in the range from 20 °C to 40 °C, the evaporator air mass flow rate
discretization step is 0.01 kg/s between 0.02 kg/s and 0.13 kg/s, and the compressor speed
discretization step is 5 rad/s between 10 rad/s and 210 rad/s.

Three different optimisation cases that have been considered are: (i) PMV minimisation (Kpmv
=1 and Kcop = 0 are set in the cost function (7)), (ii) COP maximisation (Kpmv = 0 and Kcop
= 1), and (iii) combined case of simultaneous PMV minimisation and COP maximisation
(Kpmv = 0.5 and Kcop = 1). The results shown in Figure 7 indicate that for the case of COP
maximisation (red line), the optimal control is such to keep the compressor speed low (Fig.
7d) and to slowly increase it through time to eventually bring the cabin temperature towards
its reference value (dashed line in Fig. 7a). Due to the low compressor speed and a modest
cooling power (a relatively slow fall of cabin air temperature), the evaporator air mass flow
rate (Fig. 7c) should be relatively high. For the case of PMV minimisation, the optimal control
behaviour is to increase the compressor speed and air mass flow rate (Figs. 7d and 7c) at the
beginning of response, in order to lower the cabin inlet air temperature (Fig. 7a) and bring the
thermal comfort criterion PMV (Fig. 7e) towards zero as fast as possible. This results in the
lowest COP (Fig. 7f) until the thermal comfort has been achieved (PMV =0), and afterwards
the COP increases as lower compressor speed and lower air mass flow rate are sufficient to
maintain the PMV around zero. In the combined cost function case (green line), optimal
control expectedly results in compromise between the previous two extreme cases.
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Figure 7. Control variable optimisation results for three optimisation cases: PMV
minimisation only (blue), COP maximisation only (red) and combined PMV minimisation
and COP maximisation (green)

Control strategy results

Control strategy simulation results shown in Figure 8 have been obtained for three
characteristic cases of tuning the cost function (10) used in control allocation optimisation:
PMV minimisation (Kpmv = 1 and Kcop = 0), (ii) COP maximisation (Kemv = 0 and Kcop = 1),
and (iii) combined case of simultaneous PMV minimisation and COP maximisation (Kemv =
0.5 and Kcop = 1) with fixed cabin temperature Pl controller gains Ky = 125, K; = 0.01. Cabin
air temperature response shown in Figure 8a (dashed lines) is similar for all three cases due to
the same PI controller used. However, the allocated control inputs, i.e. the evaporator outlet
air temperature shown (Fig. 8a, solid lines) and the evaporator air mass flow rate (Fig. 8f), are
dependent on weighting coefficients Kpmy and Kcop. For the case of COP maximisation (red
line), the compressor speed (Fig. 8c) is kept low, which results in highest efficiency (Fig. 8e,
dashed lines), similarly to DP results shown in Figure 7. However, the evaporator air mass
flow rate (Fig. 8f) is kept low here, in order to lower the cabin air inlet temperature (Fig. 8a,
solid lines) i.e. to meet the high cooling capacity demand, which was not the case in Fig. 7.
For the case of PMV minimisation (blue line) thermal comfort (Fig. 8e, solid lines) is
achieved at fastest rate but this case results in lowest efficiency. The results of combined cost
function case (green line) fall between previous two extreme cases, which was also the case in
control variable optimisation. Figures 8b and 8d show that the performance of superheat
temperature control is satisfying, and it could be further improved by applying more complex
cross-coupling control.

The performance of high-level control strategy in terms of transient behaviour of cabin air
temperature highly depends on cabin air temperature P1 controller parameters. Figure 9 shows
simulation results for three different PI controller integral gain tunings: K; = 0.005 (red line),
Ki = 0.01 (green line) and Kj = 0.02 (blue line) and the combined-criteria cost function (Kemv
= 0.5, Kcop = 1). The cabin air temperature response (Fig. 9a, dashed lines) is faster for higher
integral gain K, because the cooling capacity demand effort is higher (Fig 9b). This also
results in faster thermal comfort achievement but deteriorates efficiency (cf. Fig. 9c). The
increased cooling capacity demand (higher Kj) is optimally satisfied with lower evaporator
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outlet air mass flow rate (Fig. 9e) which enables lower evaporator air outlet temperature (Fig.
9a, solid lines). Fig. 9d shows distribution of operating points over the COP map, from which
follows that slowest PI controller tuning results in highest efficiency as the operating points in
that case are grouped further to the left (higher COP).
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Figure 8. Control strategy simulation results for the case of PMV minimisation (blue line),
COP maximisation (red line) and combined cost function case (green line); the superimposed
cabin temperature controller has the fixed parameters.
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Figure 9. Control strategy simulation results for the case of three different PI controller
tunings: Ki = 0.005 (red line), Ki = 0.01 (green line) and Kj = 0.02 (blue line), while the PMV
vs. COP trade-off is fixed (to combined penalization).
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The above analysis of the results presented in Fig. 9 imply that besides the penalization
factors Kpmv and Kcop of cost function (10), the cabin air temperature controller tuning can be
effectively used in setting the trade-off between thermal comfort and efficiency to bring the
controller performance even closer to the DP benchmark. Additionally, it suggests that
different hierarchical structures might be worth considering, e.g. focusing the allocation on
COP maximisation and setting the thermal comfort by varying the bandwidth of air
temperature controller, or possibly including a PMV controller instead of cabin air
temperature controller.

CONCLUSION

A hierarchical thermal comfort control strategy including optimisation-based control
allocation algorithm that accounts for vehicle HVAC system efficiency has been developed
and compared with globally optimal dynamic programming-based control variable
optimisation results. Analysis of the results shows that it is possible to achieve favourable
trade-off between thermal comfort and HVAC efficiency in optimisation-based feedback
control strategy that is qualitatively comparable to globally optimal solution by properly
tuning the control strategy parameters (in this case, the optimal allocation cost function
weighting coefficients and superimposed cabin temperature controller bandwidth/gains).

Ongoing work includes extending the control variable optimisation tool with (i) additional
state-variables to take into account possibly slower HVAC dynamics that could occur with
different HVAC system architectures, and (ii) including additional control variables that may
improve the system performance. Similarly, optimisation-based control allocation strategy
performance improvements related to inclusion of additional control inputs and corresponding
tuning of cabin air temperature controller parameters are an ongoing activity. Finally, a
thorough multi-objective optimisation-based low-level controller tuning/scheduling, taking
into account coupled HVAC dynamics, should be considered as a final refinement of the
overall control strategy.
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