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ABSTRACT As the delivery industry undergoes a transition with the introduction of small electric transport
vehicles, it is crucial to maximize their energy efficiency. Especially for vehicles with cooling chambers,
innovative control strategies tailored for the simple onboard hardware are necessary. The presented approach
utilizes two-layer optimization, based on an offline optimization layer and a simple real-time controller.
Offline optimization prior to the driving mission uses dynamic programming to ensure optimal operation.
The approach involves performing backward and forward recursion, computing the cost-to-go matrix at each
step by sweeping through the stage variable. The optimal control trajectory is obtained through forward
dynamic programming in the second sweep. The optimized offline trajectory is stored onboard the vehicle,
defining the control trajectory for a simple real-time control. This approach allows for a holistic optimal
energy management using the limited computational resources in existing transport vehicles. Actual vehicle
data and realistic driving missions are used for validations. The potential of the proposed control architecture
is evaluated in simulations against mixed-integer predictive control and a rule-based proportional-integral
controller. Results indicate energy savings ranging from 12.6 to 14.2% and enhancements in temperature
regulation from 1.1 to 2.8%.

INDEX TERMS Energy management, hierarchical, dynamic programming, model predictive control,
electrical vehicles, mixed-integer, refrigerator system.

I. INTRODUCTION
There are over amillion refrigerated road vehicles worldwide,
vital for delivering goods to supermarkets and pharmacies
daily [1]. The refrigerated transport sector significantly
impacts the environment, contributing to 15% of global fossil
fuel consumption. The annual increase in the number of
refrigerated trucks and the steadily expanding transportation
industry intensifies the issue [2], [3]. Last-mile delivery
poses particular challenges due to variable conditions [4], [5].
In particular, transitioning to alternative drive-train systems is
challenging in the transport sector [6]. Therefore, enhancing
the energy efficiency and preventing food waste due to
temperature fluctuations while being aware of the technical
limitations of the new technologies are key goals of technical
advancement [7].
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Optimal control strategies for auxiliary consumers, such
as cabin heating and battery thermal management, are
well-covered in literature [8], [9], [10]. However, there has
been limited discussion about small-scale electric trucks
that feature an additional cooling chamber. Refrigeration
trucks are usually modified after production, and the battery
management system does not account for the effect of the
cooling chamber. Recent studies presented advanced control
strategies that predict disturbances and tackle conflicting
goals [7], [11], [12]. However, these studies have only solved
individual sub-problems, and no comprehensive approach
exists.

The approach presented here addresses all aspects of
electric refrigerated transport, including consumption of
the drive-train, optimal controller performance, constraint
handling and controller tuning, computational load, as well
as uncertainties in predictions. This is achieved by a novel
hierarchical two-layer comprehensive optimization solution
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for efficient energy and cooling management. Using prior
knowledge of the driving mission and driving conditions,
an optimal strategy is planned offline. This offline opti-
mization is performed by Dynamic programming (DP),
where backward and forward recursion is utilized. Once the
optimized offline trajectory is stored onboard the vehicle,
a simple real-time control suffices to secure good tracking
of the trajectory.

Multiple studies focused on the impact of thermal systems
on consumption in combination with the powertrain, espe-
cially in electric, hybrid, and fuel cell vehicles [13], [14],
[15], [16]. The importance of cabin air conditioning and the
influence of auxiliary consumers on energy strategies have
been demonstrated there. References [14] and [15] show
the high influence on consumption of approx. 20% of the
additional cooling. The research conducted in [14] mainly
covers the utilization of combustion engines in refrigeration
trucks. In turn, [15] has mainly focused on the offline
approach and energy consumption for delivery routes.

In comparison to the approach presented here, the studies
focus primarily on the thermal management of the integrated
battery [17], while others [10], [18] demonstrate thermal
management solutions, such as heating and cooling, for
passenger cabins of electrified vehicles. Advanced solutions
for the vehicle’s battery and Heating, ventilation, and air
conditioning (HVAC) systems were highlighted in [9],
[19], and [20]. However, none of these works presents an
advanced solution for an additional refrigeration system.
The refrigeration system considered in this work offers a
unique approach to the thermal storage (TS) in the shape
of a secondary loop (SL), setting it apart from other works.
Previous studies have explored the impact and modeling of
such a system, including sizing a secondary loop cooling
system for refrigerated vehicles [21], [22], [23]. While these
studies mainly focused on the SL, the present work considers
the complete vehicle system.

Current researches solve similar problems in optimization-
based strategies based on optimal control theory to obtain
global optimality. While Rule-Based (RB) methods can also
be found in literature, their optimality and adaptability for
driving conditions are poor, especially for power allocation
tasks [24]. The main challenge is finding optimal control
strategies for the slow thermal system, which focuses
on a long horizon and the complete driving cycle, and
on the fast dynamics of the vehicle and battery system,
requiring a shorter horizon and a faster computational
solution.

Multiple solutions for solving this problem with
multi-horizon predictive energy optimization exist. An
approach that involves a multi-horizon model predictive
control framework for integrated power and thermal
management for a fuel cell is given in [8]. Solutions
have also been derived for Hybrid Electric Vehicles with
different resolutions in the horizon [25], [26] or implementing
a shrinking horizon model predictive control (MPC) for
long-horizon predictions [9]. Although these works show

improvements in battery lifetime and efficiency, all obtain
the optimal power strategy by minimizing the MPC cost
function under different system constraints. The resulting
online computational burden of existing MPC approaches,
coupled with their high resource consumption, makes
them economically unviable for large-scale or mass-market
applications. The trade-off between optimization accuracy
and cost remains unresolved in current methodologies. The
hierarchical approach proposed in this study aims to address
these limitations by offering a more computationally efficient
solution. This framework prioritizes computational efficiency
and adaptability, overcoming the limitations in real-time
execution and economic feasibility.

A different solution is the separation of the dynamics by
applying a hierarchical approach in two layers [10], [20]:
One optimizing thermal trajectories, the other aiming to
enhance energy efficiency without compromising passenger
comfort or battery performance. Reference [20] presents
a two-layer solution with a nonlinear model predictive
controller (NMPC) in each layer, whereas [10] presents a
scheduling MPC with long horizon in the upper layer and
two tracking MPCs in the lower layer for short horizons.
In [27], a linear MPC is used to control the cooling
compartment, and a mixed-integer MPC controls three
redundant refrigeration systems. These approaches require
powerful onboard hardware for online optimization. For
long horizons, such as driving missions, the MPC solution
achieves only local optimality. Furthermore, refrigeration
systems comprise switching elements and, therefore, require
mixed-integer (MI) MPC [21].

DP is ideally suited to compute globally optimal solutions
for EMS [28], [29], [30]. DP has the advantage of considering
nonlinear, non-convex, mixed-integer model characteristics.
Powerful offline consumption minimization strategies have
been found in the presence of constraints using DP [28],
[31], [32]. Optimal offline solutions for a hybrid electric
fuel cell using DP combined with online RB control have
been presented in [18] and [33]. In [33] a multi-dimensional
database that follows the optimal solution by interpolation
is given. Real-time implementations of DP have undergone
persistent improvement in recent years, especially optimized
grid size and state [34], and modeling [35] promises faster
computation. Nevertheless, especially for multi-dimensional
systems, the computational complexity and demand for prior
knowledge of driving conditions make DP rather unsuitable
for real-time optimization.

Although MPC provides real-time optimization capabil-
ities ( [8], [9]), it comes with significant computational
demands. The lack of powerful hardware on current transport
vehicles is a challenge that needs to be addressed. Hierarchi-
cal control structures, as shown in previous studies, highlight
the advantages of separating long-horizon and short-horizon
tasks, particularly in thermal management [10], [20]. DP has
proven effective in handling nonlinear, non-convex problems
in energy management for hybrid and electric vehicles [30],
[31], but it has not been efficiently applied to vehicles
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with refrigeration units containing thermal storage within a
comprehensive system.

The main contributions of this paper are:
1) Dynamic programming is employed to solve the original

nonlinear, non-convex, mixed-integer problem offline. This
optimization results in a control trajectory for the simple
onboard real-time controller with a discretization optimal for
systems with strongly differing time-constants.

2) The cost-to-go matrix in the proposed algorithm is
computed for each step by backwardsDP. The optimal control
trajectory is then obtained in a second step by forward DP.
If a new optimized trajectory needs to be computed due to
disturbances, only the numerically efficient forward recursion
must be repeated.

3) Spatial sampling over the driving cycle is used,
combined with a time-based model for door openings to
accurately account for delivery stops. This enables accurate
modeling of power losses during unloading of the vehicle
with minimum computational complexity.

Overall, a globally optimal trajectory is followed by a sim-
ple real-time control onboard the vehicle, thus ensuring high
performance, minimal power consumption, and economically
attractive implementation. Comparisons to model predictive
control and traditional rule-based control in simulations
clearly demonstrate the advantageous charactersitics of the
proposed method.

The remainder of the paper is organized as follows:
The control strategy is provided in Section II, and system
modeling is given in Section III. In Section IV, the offline
optimization is presented, and the real-time approach is
contained in Section V. In Section VI the alternative
controllers for comparison are shortly presented. Simulation
results are presented in Section VII to show the performance
of the approach. The work ends with a discussion in
Section VIII and a conclusion in Section IX.

II. CONTROL STRATEGY
The designed control strategy is a multi-hierarchical
optimization-based method (MH-Opt) to address the chal-
lenges of real-time optimization, computational load, and
global optimality. The illustrated architecture shown in Fig. 1
represents an integrated control system architecture that
provides route optimization, a cloud-based offline strategy
formulation, and a real-time online control strategy for
electric refrigeration vehicles. The specific disturbance of
door openings to the cooling chamber is explicitly considered
in the offline strategy.

Today’s geoinformation systems, together with real-time
information on traffic congestion, speed limits, and weather
conditions, enable effective route optimization [36], [37].

As shown in Fig. 1, it is assumed that the route of
the delivery mission is planned prior to departure. The
associated elevation profile can be derived from topographic
data. An offline velocity prediction is computed based on a
comprehensive vehicle model together with speed limits and
traffic information.

An offline optimization utilizes this speed prediction as
an input to minimize energy consumption while keeping
the temperature inside the cooling chamber within prede-
fined limits. The cost-to-go matrix graphically represents a
strategic control framework that enables the determination
of an optimal control policy by navigating through different
state transitions. Furthermore, the implemented control algo-
rithm includes a prediction for optimal door-opening event
handling. The optimal solution is then stored as reference
trajectory locally on the vehicle’s control unit, see Fig. 1. Note
that after the offline strategy delivers an optimized reference
and the parameters to the vehicle, no further information flow
to the online strategy exists.

During the delivery mission, a computationally simple
real-time control acts as a regulator to track the opti-
mal trajectory specified by the offline computation. The
parameters of this real-time controller can be optimized
by an auto-tuning algorithm, thus incorporating variable
load and route characteristics and their respective effect on
thermal dynamics. Note that a new offline optimization is
only initiated in the event of significant deviations from
the optimized trajectory (e.g. sudden congestion due to an
accident).

The proposed control strategy facilitates a responsive
vehicular system that adapts to real-time events while
optimizing energy efficiency, temperature control, and oper-
ational parameters. Moreover, only minimal data storage,
computational power, and communication bandwidth are
required onboard the delivery vehicle.

III. SYSTEM MODELING
This section provides a description of the system in math-
ematical terms and serves as the basis for the optimization
model discussed in subsequent sections.

1) SYSTEM ARCHITECTURE AND BOUNDARIES
The principal objective of the control system is to globally
meet the load demand, such as maintaining the cooling
chamber’s temperature at a set value or ensuring that
the outlet temperature of the evaporator’s secondary loop
follows a specified reference trajectory. In the context of
an electric vehicle’s powertrain, this goal corresponds to
effective thermal management that aims for the sustainable
operation of the battery. The complete system is presented in
Fig. 2.

The electric powertrain, powered by a battery pack
and overseen by a Battery Management System (BMS),
incorporates an electric motor with AC / DC converters that
allow the system to charge during recuperation [38], [39].
It is also equipped with auxiliary systems and storage (AUX),
a secondary loop refrigeration unit that works as thermal
storage (TS) and an Internal Cooling Chamber (ICC), critical
for regulating temperatures of the delivered goods, denoted
by the power flows (P) from and the thermal transfers (Q)
within the system.
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FIGURE 1. Overview of the proposed control strategy for offline and real-time controller architecture.References and
parameter vector K are sent to the real-time controller at the initialization of the control algorithm. A simple real-time
controller performs tracking of the optimized reference. When events occur (characterized by strong deviations from the
optimized values) the offline optimization is performed again, and a new initialization is done.

FIGURE 2. Architecture of the electric powertrain of the vehicle. Legend:
battery management system (BMS), auxiliary systems (AUX), secondary
loop thermal storage (TS), and internal cooling chamber (ICC).

2) SECONDARY LOOP REFRIGERATION SYSTEM
In this section, the mathematical model of the refrigeration
system (RS) with a secondary loop is described. The model
is based on [21] and [22] with some adaptations for offline
optimization. The system is described by the following
non-stationary balance equations in continuous time t:

d
dt

ϑcc(t) = ξ1
[
Q̇z(t)− Q̇

aug
ac (t)

]
+ . . .

ξ2 [ϑw(t)− ϑcc(t)] + . . .

ξ3 [ϑamb(t)− ϑcc(t)] + Q̇door(t) (1)
d
dt

ϑout
gly (t) = χ1

[
ϑ in
gly(t)− ϑout

gly (t)
]
+ χ2 Q̇ac(t) (2)

d
dt

ϑw(t) = −ζ1 [ϑw(t)− ϑcc(t)] (3)

with temperatures inside the chamber ϑcc ∈ R,
water–glycol mixture ϑgly ∈ R, of the wall ϑw ∈ R and

ambient air ϑamb ∈ R. Parameters ξi ∈ R≥0, i ∈ {1, 2, 3, 4}
include the properties associated with heat transfer on contact
surfaces. The parameters χi ∈ R, i ∈ {1, 2, 3} implicitly
include the heat capacity of the water-glycol mixture. The
properties of the wall (thermal capacity, thermal conductivity,
thickness) are defined through ζ1 ∈ R≥0. In addition, heat
flows are defined for loads Q̇z ∈ R, the heat exchanger Q̇he ∈

R, the air chiller Q̇ac ∈ R, and for disturbances Q̇door =

ξ4 [ϑamb(t)− ϑcc(t)] sdoor(t).
As the fluid enters the heat exchanger with temperature

ϑout
gly , undergoes cooling, and leaves the heat exchanger with

temperature ϑ in
gly, the relation is given as

ϑ in
gly(t) = ϑout

gly (t)− χ1 Q̇arb
he (t), (4)

Q̇arb
he (t) =

[
α1 ncpr(t)− α2 ϑamb(t) + . . .

α3 ϑout
gly (t)− α4

]
(5)

parameters referring to the cooling loop are denoted by αi ∈

R≥0, i ∈ {1, 2, 3, 4} and the compressor speed input by ncpr.
The air chiller fan’s status determines the heat transfer Q̇ac

in the heat exchanger between water-glycol mixture and air:

Q̇ac(t) = β1

[
ϑcc(t)− ϑ in

gly(t)
]
sfan(t) + . . .

β2

[
ϑcc(t)− ϑ in

gly(t)
]
[1− sfan(t)] , (6)

where β1 ∈ R≥0 and β2 ∈ R≥0 represent the heat transfer in
case of forced and free convection, respectively. The binary
system inputs are the fan switch and door opening, where si ∈
{0, 1}, i ∈ {fan, door}.
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The effect of the cooling unit on the inside air is given by
the augmented air chiller heat flow Q̇aug

ac ∈ R:

Q̇aug
ac (t) = Q̇ac(t)− Pfan(t) − . . .

[−γ1 ϑcc(t)+ γ2] sfan(t) − . . .

[ γ3 ϑcc(t)+ γ4] [1− sfan(t)] (7)

with γi ∈ R≥0, i ∈ {1, 2, 3, 4} air chiller parameters and the
electrical power input to the air chiller fan,

Pfan(t) = κ1 sfan(t) (8)

where the parameters of the power consumption model are
labeled by κi ∈ R≥0, i ∈ {1, 2, . . . , 6}.
The compressor power is approximated by an affine

approach as

Pcpr(t) =
[
κ2 ncpr(t)+ κ3 ϑamb(t)+ . . .

κ4 ϑcc(t)− κ5] . (9)

The total electrical power demand thus follows to

Pcc(t) = Pfan(t)+ Pcpr(t)+ κ6, (10)

with κ6 ∈ R≥0 representing an arbitrary auxiliary power
parameter.

3) LONGITUDINAL VEHICLE MODEL
The longitudinal vehicle model considers the traction,
aerodynamic drag, rolling resistance, and gravitational force
and is expressed by Newton’s second law for motion

mt
dv(t)
dt
= Feng − Fdrag, (11)

where mt is the mass of the vehicle, dv
dt is the acceleration,

v is the speed, and Feng is the total traction force. Driving
resistance Fdrag is estimated using data obtained from coast-
down tests [40]. Thus, fitting the drag force to a polynomial
function of speed results in, see [41]:

Fdrag(v) = C0 + C1v+ C2v2

C0 = [mtg (µ0 cos θ + sin θ)+
1
2
ρcdAvw2]/map

C1 =

(
mtgµ1 cos θ +

1
2
ρcdAvw

)
/map

C2 =

(
1
2
ρcdAv

)
/map (12)

where g is the acceleration due to gravity, and θ is the road
slope angle. In addition, ρ is the density of air, cd is the drag
coefficient, Av is the frontal area of the vehicle, µ0 is the
coefficient of rolling resistance, µ1 inflation-pressure (truck
tires µ1 = 0.2 s/m). map is the mass influenced by rotating
parts that can be approximated by map = mt · 1.03, and w is
the wind velocity in the longitudinal direction [42].

The traction power PV(t) of the electric motor can be
expressed by the net engine force, the braking force, and the
vehicle speed:

PV(t) = (Fbrake + Feng)v(t) (13)

4) BATTERY MODEL
Power losses of the battery PR0 are caused by the internal
resistance R0 [43], [44]:

PR0 = R0I2b = R0
VOC −

√
V 2
OC − 4PbR0

2R0
(14)

In Eq. (14) the open-circuit voltage VOC is approximated by
a polynomial function of the state-of-charge SoC :

VOC = a1SoC(t)3 + a2SoC(t)2 + a3SoC(t)+ a4, (15)

where ai ∈ R≥0, i ∈ {1, 2, 3, 4}. The SoC(t) is the ratio
between the actual charge, Q = −

∫
Ibdt , and the nominal

charge (or capacity), Qnom.
The total electric power Pb(t) is defined as the sum of

motor power, refrigeration power, auxiliary system power
consumption, and included ohmic losses. To accommodate
for the power losses occurring in the inverter, electric motor,
power converters, and drive-train components, an efficiency
factor η-sgn(PV) is introduced, which is distinct for the
charging and discharging processes:

Pb(t) = η-sgn(PV)PV (t)+ Paux(t)+ Pcc(t) (16)

The rate of change of SoC is proportional to the battery
current, and the non-stationary balance equation for the
battery is given by:

dSoC(t)
dt

=
−Ibη-sgn(PV)

Qnom
= η-sgn(PV)

VOC
√
V 2
OC − 4PbR0

2QnomR0
(17)

5) COMPLETE SYSTEM MODEL
The complete system description results by combining the
differential equations (1)-(3) and (17). The state variable is
defined as x = [ϑcc(t)ϑgly(t)ϑw(t) SoC(t)]T and the control
variable as u = [ncpr(t) sfan(t)]T , and the disturbance as
z = [Pb(t) sdoor(t)]T . The nonlinear system can be expressed
as a state space equation:

ẋ(t) = fdyn(x(t),u(t), z(t))

y(t) = Cx(t) (18)

IV. OFFLINE TRAJECTORY OPTIMIZATION
In this Section, the computation of the offline trajectory is
explained. After an overview on DP the specific implementa-
tion is described, and event-handling for door-openings and
delays caused by traffic is explicated.

A. OVERVIEW ON DYNAMIC PROGRAMMING
DP is a well-known optimization method based on Bellman’s
principle of optimality [45]. It outperforms many other
optimization methods due to its ability to handle multi-
objective/multi-variable problems and to acquire the global
optimal solution based on receding cost minimization,
where complex problems are broken down into smaller
sub-problems [46]. These smaller sub-problems can be
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independently solved, leading to efficient algorithms for
many problems. However, for real-time applications with
long horizons DP can be computationally too expensive.
Furthermore, incorporating multi-state multi-control vari-
ables can pose challenges, as mentioned in [30] and [47].
Due to computational advancements such as the vectorized
method [48], along with improvements in optimal grid
design [49] and suitable model description [35], the DP
algorithm offers a viable approach for offline trajectory
optimization.

B. IMPLEMENTATION OF THE DP ALGORITHM
1) DISCRETE DYNAMIC SYSTEM
The discrete dynamic system is described by (18). Each
continuous state is discretized into finite points, where the
size of the state grid set X and action grid set U depends on
the respective boundaries (hard constraints) of the system and
the increment 1 of the discretization.

The discretization method used is a fourth-order Runge-
Kutta (RK4) algorithm. A discretization of the states describ-
ing the temperatures of 1xi=0.4 ◦C, with i ∈ {1, 2, 3} was
selected, corresponding to the sensor accuracy, and for the
state of charge of 1x4=0.01. For the control input variables,
a discretization of 1u1 = 200 rpm was chosen for the
compressor, aligned with the specifications of the compressor
used in the subsequent comparisons in simulation. As the
fan is a binary state, 1u2=1 is selected. Using the linear
interpolation method in the DP forwards solution, feasible
solutions can be achieved between discrete grid points. The
driving cycle is discretized for the entire distance ranging
from 0 to the end value defined as S with a resolution
of 1s=20m to accurately cover urban areas. Additionally,
extra discretization points are introduced at door openings,
right before and immediately after the stop, to improve
resolution during critical events. For a more detailed exam-
ination of the optimal discretization, which impacts both
computational cost and accuracy, we refer to the relevant
literature [49].

2) COST FUNCTIONS
There are two different costs introduced to formulate the
total cost Js for a specific distance step s during travel:
The running cost g(x, u), which occurs at each step from
distance 0 to S − 1, and the terminal cost G(x) that
occurs only at the end of the journey. In the following,
all variables used in cost functions are normalized using
the Min-Max scaling. Furthermore, the running cost con-
sists of several parts which should cover different control
aspects.

The running cost for the reference temperature and the
power losses is defined as follows:

g(x,u)1 = ∥x1 − x1,ref∥2Q1
+ ∥x4∥2Q2

+ Q3 PR0(Pb, u)

(19)

In addition, running costs for a temperature window are
also defined as soft constraints to the running cost as
follows.

g(x,u)2 =

{
Q4, if |x1| > x1,ref × (1+1x1)
0, otherwise

(20)

Additional costs are incurred as the battery state of charge
SoC approaches the minimal value. Further costs are also
incurred for the water-glycol thermal storage to prevent
damage to the water pump:

g(x,u)3 =

{
Q5, if x2,4 < x2,4min +1x2,4
0, otherwise

(21)

For all states, higher costs will also be accounted for when
they reach the defined boundaries:

g(x,u)4 =


Q6, if

4∑
i=1

(
xi > ximax ∨ xi < ximin

)
0, otherwise

(22)

Since the vehicle and the refrigeration system use the same
battery, there exists also a maximum power constraint:

g(x,u)5 =

{
Q7, if Pb ≥ Pbmax

0, otherwise
(23)

The terminal cost function is defined as:

G(xS ) = ∥x1 − x1,S∥2Q8
+ ∥x4 − x4,S∥2Q9

(24)

Each weighting, denoted as Qi ∈ R≥0 where i ∈
{1, 2, . . . , 9}, is chosen based on the control objective: either
energy consumption can be minimized or control quality can
be maximized. A good balance between these objectives is
usually desirable.

3) DEFINITION OF THE DP OPTIMIZATION
The DP algorithm can be formulated in a compact way. For
every combination of initial state vectors x0, the total cost
Js(x0) is equal to Js(xs), which is given by the last step of the
algorithm and proceeds backward in time from period S−1 to
period 0.

Js(xs,us) =

{ ∑5

i=1
g(xs, us)i + Js+1(f (xs,us)) s ̸= S

G(xS ) s = S

(25)

Optimal offline optimization aims to minimize battery power
losses for the planned trip and maintain the temperature
window while considering system dynamics, as well as
physical hard and operational soft constraints. The optimal
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optimization problem can be stated as follows:

min
us∈Us(xs)

Js(xs,us)

s.t. xs+1 = fdyn(xs,us, zs)

xs+1 ∈ χs+1, s = 1, . . . , S

us ∈ U , s = 1, . . . , S

∀xs ∈ X , s = 1, . . . , S

∀s ∈ S (26)

The sets U andX are obtained by quantizing the states and
inputs of the system, respectively. These sets consist of fea-
sible values that adhere to the system’s specified constraints,
including hard and soft constraints for temperature windows
and maximum battery power, state of charge, and terminal
temperature.

The result of the optimization is an optimal action matrix
U , and an optimal state matrix of Xopt also a multidimen-
sional cost the cost-to-go matrix, for each quantization step
s ∈ S.

4) DP ALGORITHM
Fig. 3 illustrates the algorithm to determine the best control
trajectories for the cooling chamber of a refrigerated truck.
It incorporates both backward and forward calculations.

FIGURE 3. DP algorithm explanation for backward and forward
calculations on a refrigerator truck.

During the DP backward phase, computations are executed
in a reverse sequence. The cost-to-go for each state in the
state space is calculated using the cost function Eq. (25) and
the available action space to create a cost-to-go matrix for
each point in the grid in the state space S. The DP backward
loop continues until the starting point of the driving cycle

s = 0 is reached. Additionally, transition costs between
all states are calculated and stored in lookup tables for the
forward algorithm and the event handling during real-time
operation.

In theDP forward phase, the algorithm begins at the current
position in the driving cycle, x0 = xs, and continues until
the end S. At each step s, the lookup tables are loaded with
the feasible state set X , the action set U , and the cost-to-go
matrix. The DP forward algorithm then identifies the lowest
cost and the optimal action.

Deviations from the original optimized trajectory can be
detected by defining simple thresholds. This can be caused
by closed streets, traffic jams, etc. In that case, an event
triggers an updated DP forward computation. It utilizes the
stored-statematrices from the backward phase and progresses
with forward calculations, initializing the system with the
current measured state.

The new optimal control trajectory is sent to the delivery
vehicle, allowing optimal operation under changed condi-
tions. In order to ease understanding of the computations and
the information flow of the offline algorithm, the pseudo-code
of this algorithm is presented in Algorithm 1.

Algorithm 1 Pseudo-Code DP Algorithm
Input: 1: grid sizes; S: total steps;M: driving missions
1: initialize state and action grids x0, u0,J
2: define costs G(xS ), g(x,u)
3: for s = S − 1 to 0 do ▷ Backward phase
4: for each state xs in state space S do
5: for each control input us in action set U do
6: xs← fdyn(xs,us, zs) update state transition

costs
7: Js(xs,us)← compute cost matrix and store
8: U ,X ← us store state, input in sets
9: end for
10: end for
11: end for
12: ifevent detect ∧∅← optimal reference then
13: set initial state xs = x0 ▷ Forward phase
14: for s = 0 to S do
15: xs,us, Js← X ,U , J load sets and cost matrix
16: us← argminJs(xs) optimal control for

minimum cost
17: xs+1 = fdyn(xs, us, zs)← update state
18: end for
19: end if
Return:optimal reference

C. EVENT HANDLING
In Fig. 4a a typical vehicle loading/unloading scenario is
shown. In the top sub-plot, the vehicle is at a stop. The
bottom sub-plot represents the state-space with velocity
as the vertical axis and distance on the horizontal axis.
The state space is discretized into Xbins, and the transition
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FIGURE 4. Exception Handling for different driving scenarios.

functions f (xk , uk ) and f (xk , uk , 1t) are depicted. These
functions describe the system’s progression over time with
andwithout the inclusion of time increments1t , respectively.
The shaded regions, 1si and 1si+1, denote the spatial
change over discrete time intervals, illustrating the system’s
transition across states. Notably, the diagram signifies a
shift from space-based to time-based control during a stop,
incorporating the door opening time by initializing the state
using a lookup table.

In Section IV-C two cases for event triggering are shown,
illustrating the adaptive management of a vehicle’s SoC in
response to varying traffic conditions. The upper portion
of the diagram depicts a specific event. The right sub-plots
describe two cases: the first is traffic-free, where the vehicle
follows a pre-planned, optimal path as indicated by label 1.
The second case, labeled 2, shows the vehicle caught in an
unexpected traffic jam, leading to a departure from the pre-
planned trajectory.

In the lower right sub-plot, the vehicle’s SoC is plotted
against the distance traveled. Two SoC trajectories are
depicted: the dashed line represents the planned SoC levels
under traffic-free conditions, while the solid line represents
the actual SoC trajectory, which includes the impact of a
traffic jam. When a threshold is crossed, it triggers an update
in theDP algorithm (forward computation only). The diagram
visualizes the vehicle’s ability to adjust its optimal operation
strategy to unforeseen events.

The event handling mechanism is crucial for interpreting
the dynamics involved in the vehicle’s stopping process,
taking into account both spatial and temporal elements to
enhance the control strategy’s responsiveness to real-world
events.

V. REAL-TIME CONTROL
All nonlinear and mixed-integer optimizations are covered
by the offline optimization using DP. Consequently, real-time
control of the refrigeration system in the vehicle only needs
to secure accurate tracking of the pre-computed trajectory
in the presence of disturbances. A two-degree-of-freedom
controller is therefore chosen as illustrated in Fig. 5.

FIGURE 5. Real-time control block diagram with event detection.

The offline trajectory is downloaded to the delivery
vehicle. The reference values for compressor ncpr and fan
sfan are fed into the feedforward path. In the feedback loop
a standard discrete Proportional-Integral-Derivative (PID)
controller calculates the control signal ufb as follows:

ufb(k) = K u
p e

u(k)+ K y
pe

y(k)+ Ki
N∑
i=0

ey(i)Ts

+ Kd
ey(k)− ey(k − 1)

Ts
(27)

where ufb(k) denotes the feedback control signal and
ey(k) = ys − yrefs is the error signal. In the same way

VOLUME 12, 2024 183925



A. Poks et al.: Energy Management in Refrigerated Electric Small Transport: A Hierarchical Approach

eu(k) = us−urefs represents the deviation of the control signal
us from its reference value urefs . The controller gains K y

p , K u
p ,

Ki, and Kd define the closed-loop dynamics.
Furthermore, compressor speed constraints are imple-

mented by Eq. (28):

nrefcpr(k) = max
(
nmin
cpr ,min

(
nmax
cpr , ñrefcpr(k)

))
. (28)

A suitable integrator anti-windup mechanism is also
employed. In Fig. 5 an event detection mechanism is used
to continuously monitor the differences between the offline
solution and the actual system outputs. As mentioned before,
the event-handling process will be triggered if the specified
hysteresis threshold for the deviation is exceeded.

VI. CONTROL FOR COMPARISON
In this section, alternative control strategies used for compar-
ison are shortly described.

A. RULE-BASED CONTROL
The heuristic strategy, referred to as RB within this work,
is designed to be of minimal complexity while managing
fan switching to charge and unload the thermal storage in
the secondary loop. The RB strategy employs a rule-based
hysteresis proportional–integral controller, which represents
an advanced industrial standard compared to the simple
on–off controllers still commonly used in many commercial
mobile refrigeration applications.

To ensure a fair comparison, the RB controller is also pro-
vided with predictive route information, such as disturbances
over the same horizon length, N. The binary state of the fan
sfan is defined as ON→ 1 or OFF→ 0. The switching rules
are defined by:

sfan(k) =



0 if (∃i ∈ {1, 2, . . . , n} : Ni = 1)
∨ sdoor = open,

1 if (ϑcc|min < ϑcc < ϑcc|max )
∨ (ϑgly < ϑgly|min )

∧¬(∃i ∈ {1, 2, . . . , n} : Ni = 1)
∧ sdoor ̸= open.

(29)

Compressor speed ncpr is determined by a conventional
discrete PID controller:

ncpr(k) = Kpey(k)+ Ki
k∑
i=0

ey(i)Ts + Kd
ey(k)− ey(k − 1)

Ts

(30)

Additionally, saturation of the control signal and
anti-windup are implemented.

B. MIXED-INTEGER MPC
Model Predictive Control (MPC) is an effective control
strategy that employs a model of the system to forecast future
outputs. It determines the best control actions by minimizing

a quadratic cost function over a limited horizon, incorporating
elements of future inputs, outputs, and disturbances. For
additional information, refer to [50].

1) RECEDING HORIZON MPC
TheMPC formulation used here is based on prior results [21],
[27], but utilizing a mixed-integer framework, revising the
cost function, and incorporating the vehiclemodel. In contrast
to [27] the non-linearity of the system model presented in
Section IV is taken into account in the control design. In order
to cover the non-linear nature of the system, successive
linearization is applied to the model described in (18) using
the Taylor series expansion at an operating point.

˙̃x = f (x̃, ũ, z̃), ỹ = h(x̃, ũ, z̃)

where x̃, ũ, z̃ ∈ µ0 describe the current operating point.
For each time step k , the dynamics of the nonlinear system

are approximated by linear models characterized by the
Jacobians Ak|k and Bk|k Ek|k :

Ak =
∂f (xk , uk , zk)

∂xk

∣∣∣∣
µ0=x̃,ũ,z̃

Bk =
∂f (xk , uk , zk)

∂u(k)

∣∣∣∣
µ0=x̃,ũ,z̃

Ek =
∂f (xk , uk , zk)

∂u(k)

∣∣∣∣
µ0=x̃,ũ,z̃

dk = f (x̃, ũ, z̃)− Ak x̃k − Bk ũk − Ek z̃k .

gk = h(x̃, ũ, z̃)− Ck x̃k (31)

where Ck = [1 0 0 0] and k ∈ N+.
The resulting Jacobian matrices are discretized using

the exponential matrix method eATs , with a sampling time
of Ts. The matrices are calculated based on the current
state and control input in order to provide a locally linear
representation of the nonlinear dynamics. This allows for
the approximation of dynamic behavior by a linear time-
varying (LTV) model, [51], [52]. By appropriately extracting
the system matrices Ak ,Bk , and Ek as well as the equilibrium
offset terms dk and gk , one obtains the linear time-invariant
system:

xk+1|k = Ak|kxk|k + Bk|kuk|k + Ek|kzk + dk|k
yk+1|k = Ck|kxk|k + gk . (32)

The predicted output can be expressed in matrix form,
obtained along the sequence of operating points as
follows:

ŶYY (k) = FFFxxx(k)+8uUUU (k)+8zZZZ (k),

183926 VOLUME 12, 2024



A. Poks et al.: Energy Management in Refrigerated Electric Small Transport: A Hierarchical Approach

where the matrices FFF, 8u and 8z are computed as:

ŶYY (k) =


ŷ(k + 1|k)
ŷ(k + 2|k)

...

ŷ(k + N |k)

 ,UUU (k) =


ũ(k)

ũ(k + 1)
...

ũ(k + N − 1)



FFF =


C̃Ã
C̃Ã2

...

C̃ÃN



8i =


C̃B̃i · · · 0
C̃ÃB̃i · · · 0

... · · ·
...

C̃ÃNp−1B̃i · · · C̃ÃNp−Np B̃i


where i ∈ {u, z}.

The predictive control variables are computed by minimiz-
ing the cost function JMPC with the reference signal yrefk over
the prediction horizon; see Eq. (33).

JMPC(uk , xk , zk ) = ∥δcc∥2Q1
+ ∥δgly∥

2
Q2
+

N−1∑
k=0

∥yk − yrefk ∥
2
Q3

+ ∥uk∥2R1,2 + ∥zk∥
2
R3 − ∥SoCk∥

2
Q4

(33)

The objective is then to determine the control vector u =
[u, . . . , uN ] in such a way that an error function between
the set-point and the predicted output is minimised and
simultaneously satisfying the constraints. δgly and δcc are
slack variable to utilise soft constraints. The MI-MPC is a
special case of MPC, where an input can only adopt integer
values (sfan).

min
us,...,us+N

JMPC(uk , xk , zk ) (34a)

s.t. xk+1 = Akx+ Bku+ Ekz+ dk (34b)

ncpr|min ≤ ncpr|k ≤ ncpr|max (34c)

ϑcc|min − δcc ≤ ϑcc|k ≤ ϑcc|max + δcc (34d)

SoCmin ≤ SoCk ≤ SoCmax (34e)

ϑgly|min − δgly ≤ ϑgly|k (34f)

x0 = xk k (34g)

sfan ∈ {0, 1} ∈ U (34h)

δcc ≥ 0, δgly ≥ 0

Sock , ϑcc, ϑgly ∈ X
∀k = 0, . . . ,N − 1 (34i)

The specific implementation to compute the mixed-
integer quadratic programming (MIQP) problem at each
discrete-time step using the branch and bound (B & B)
algorithm made use of the Gurobi solver [53] and CasADi
toolbox [54].

2) SHRINKING HORIZON MPC
Classical MPC design uses a receding horizon of constant
length, providing consistency and robustness for various

control tasks. Alternatively, the horizon may extend to
the end of a given trajectory, therefore shrinking as time
progresses. As demonstrated by [55], it can be sufficient to
design a shrinking horizon suitable for reaching a destination
optimally.

We decompose the problem formulation into sub-problems
and apply shrinking horizon MI-MPC iteratively, signifi-
cantly reducing the computational complexity. In addition to
the optimal control formulations from, the shrinking horizon
MI-MPC is illustrated in the following:

min
u,T

J (uk ,T ; xk ) = JMPC(uk , xk , zk )+ T + Q5δ
2
h

s.t. eq.(34b)

eq.(34c)− eq.(34i)

T + δh = N × Ts,

δh ≥ 0

x(T ) = xref
∀k = 0, . . . ,N − 1

In this optimization problem next to the optimal control input
u an optimal predictive horizon T is obtained. The objective
function is also extended by a slack variable δh which is
relaxing the strict additional constraint on the horizon length.
The included termQ5δ

2
h penalizes significant deviations from

the desired horizon length.

VII. SIMULATION RESULTS
In this Section, the proposed approach is analyzed and
compared with several real-time strategies, including
mixed-integer shrinking and constant-receding model-based
controllers, and an enhanced rule-based strategy, across two
real-world driving cycles used in delivery of cooled goods.
First, the simulation setup is presented and the objectives
of the delivery cycle are given to assess the hierarchical
approach. This is followed by a performance evaluation
against other control strategies, as outlined in Section VII-D.
The results reported in this section refer to simulations
performed usingMatlab R2023a on a computer with 2.7 GHz
of base CPU speed and 32 Gb of RAM.

A. MODEL PARAMETERS
This study’s simulation of a real-world driving cycle includes
a refrigeration-modified e-NV200 small truck, depicted in
Fig. 6, with a nominal power of 80 kW and a battery capacity
of 40 kWh [56].

Various driving cycles, like the a Worldwide harmonized
Light vehicles Test Cycle (WLTC) or Real Driving Emissions
(RDE), have been used to ascertain the power train and
battery parameters, which parameterize the vehicle and
battery models. The values for longitudinal driving resistance
were obtained through a coasting measurement and can be
found in Table 1. The vehicle’s measurement data, along with
the state of charge, were aligned using a polynomial model
through the common least squares fitting technique [57]. The
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FIGURE 6. Experimental testbed with refrigerator truck. The air
temperature at the measurement testbed can be regulated to remain
constant at ϑamb = −5◦C, 23◦C and 30◦C.

outcome of this parameterization is shown in the subsequent
figure.

FIGURE 7. Testbench WLTC measurements and evaluation of battery
model at ϑamb = 23◦C. Top: Comparison to measurement and fit of open
circuit voltage (VOC ) model. Bottom: Comparison to measurement and fit
of state of charge (SoC) model.

As illustrated in Fig. 7, an excellent match is achieved
between model and measurements. The upper graph
shows the actual open circuit voltage, denoted as VOCmeas ,
with the fitted voltage model, VOCfit , achieving an 87.5% fit.
The lower graph displays the comparison of the measured
State of Charge (SoCmeas) against the fitted model (SoCfit),

demonstrating a high fidelity of 98% to the measured data.
In this study, we do not investigate the validation of the model
of the cooling chamber since this is shown in [21]. For sake of
completeness, all system parameters of the modeled cooling
system are listed in the appendix, see Table 4. The specific
parameters for the battery, control-related system limitations,
and vehicle model can be found in Table 1.

TABLE 1. Simulation parameters.

B. SELECTION OF DRIVING CYCLES
The two driving cycles under investigation were selected
to represent typical delivery routes which start at a logistic
center, lead into the urban area with multiple stops, and lead
out of the city to end at the logistic center. The relative
positive acceleration (RPA =

∫
v·a+ dt∫
v dt ) was used to assess

each cycle’s suitability. In [58] a high correlation between
RPA and energy consumption in battery electric vehicles
was suggested. The first cycle had an RPA of 0.23 m/s2,
indicating urban driving with heavy traffic and a medium
climb. The second cycle had an RPA of 0.4 m/s2, representing
sub-urban driving with a significant elevation profile. Both
cycles are shown in Fig. 8. The cycles contain between ten
and fourteen delivery stops, lasting in average 60 seconds
with 8-20 seconds door openings each. The average duration
of the mission was 2.5 hours of driving, with an average
distance traveled of 90 km and an average speed of 35km/h.
We utilized AVL Route Studio to create realistic driving
cycles for delivery routes using a sampling time of 1 second.
The environmental conditions are based on weather data from
Vienna (ϑamb = 23.8◦C) and Salzburg (ϑamb = 21.2◦C)
from June to August to cover the worst-case scenario [59].

The characteristics of the two driving cycles are detailed
in Fig. 8. The upper graph shows the vehicle’s speed and
corresponding elevation, while the second graph depicts
electrical power and door opening times.

The results of the presented control strategy are shown
in detail for the first driving cycle in Fig. 9. The sampling
distance is 1s = 20m, and the reference temperature of the
cooled compartment is 1 ◦C centigrade with a temperature
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FIGURE 8. Showing the speed and elevation profiles of example driving cycles, including power distribution and delivery stops during the
driving scenarios.

window of 1ϑ = 1◦C. The temperatures of the system
ϑcc, ϑgly, ϑw during the complete driving cycle are shown
in the upper graph. Given that the primary control objective
is to compensate the impact of door openings and maintain
the box temperature ϑcc within the specified temperature
range, it is reasonable to concentrate on the behavior during
disturbances. In the graph provided in Fig. 9, the focus is
placed on the intervals between 25.4 km and 26.6 km, as well
as 63.4 km and 64.6 km.

The left column in Fig. Fig. 9 depicts a door opening
that lasts for 19 seconds, while the right right column shows
results for a door opening that lasts for 16 seconds. The top
row depicts the temperatures for the full delivery cycle.

The second row of the figure provides a detailed overview
of the controlled temperatures. This demonstrates that the
control strategy applies a predictive storage method in
the thermal storage (water-glycol storage) prior to a door
opening. Before any door opening occurs, this approach
guarantees that the temperature in the glycol water storage
ϑgly is charged within the permissible temperature limits of
the water pump, which are represented by the constraint of
ϑgly. The controlled temperature inside the refrigerated truck

ϑcc is maintained within the required range, except for the
duration of the door openings. These results are achieved
through predictive fan switching and simultaneous optimal
compressor control, as depicted in the last two rows of Fig. 9.

The third row of the Figure displays the SoC of the system,
and the fourth row shows the durations of the door openings.

C. CONTROLLER TUNING FOR COMPARISON
To ensure a fair performance comparison of different
controllers, both rule-based and model-based strategies are
evaluated. The following assumptions are made: i) All control
techniques use the same initial conditions. ii) The a state-
of-the-art configuration of the controller is used for each
controller. iii) The performance of the controllers is evaluated
for the disturbance response of the door openings. The Tuning
of control parameters significantly impacts the controller’s
performance and accuracy. Therefore, in order to ensure a fair
comparison of these controllers, we employ the same Genetic
Algorithm (GA) optimizer to fine-tune these parameters. The
goal is to evaluate the controllers’ performances under the
same tuning conditions.
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FIGURE 9. Performance of the multi-hierarchical control approach during the first driving scenario, emphasizing the thermal results of the proposed
control strategy and detailed views of two disturbance events.

In the GA the following criteria are evaluated:

maximum error: εϑmax = max
t∈[0,T ]

|εd (t)|

average error: εϑRMS =

√
1
T

∫ T

0
εd (t)2dt

settling time: εtset =
∣∣y(t ′)− yT∣∣ ≤ ϵ · |yT| ∀t ′ ≥ t

with t > 0 and T defines the gap between the disturbances.
εd presents the deviation from the reference value y(t) and
y(T ) defines the steady value at the end of the gap. Transients
should decay to within a specified small percentage of y(T )
and remain in that range, typically around ϵ = 5%. The

following cost function is utilized for the GA optimization:

JGA = εϑ max + εϑRMS + εt set (35)

A population size of 150 and a maximum of 100 generations
are used. The resulting optimized parameters can be found
in Table 2. Furthermore, for the rule-based and MI-MPC
approaches, a prediction horizon of N=30 is used, with
a sampling distance of 20 m. For MI-SHMPC, an initial
horizon of N=200 is employed to maintain a reasonable
computational time. An explanation of the horizon length will
be provided in Section VII-D4.
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Theweights for the offline solution compare Section IV-B2
are chosen to Q1=100 and Q2,3=10, for state window, are
chosen to Q4,5=200 and for boundaries Q6,7 = 200 and for
the terminal costsQ8,9 = 50. The hard constraints are defined
according to the limitations of the system as shown in Table 1.

TABLE 2. Parameter values for the real-time controllers.

D. PERFORMANCE COMPARISON
1) COMPARISON FOR DOOR OPENING
Fig. 10 illustrates a comparative analysis of four distinct
control strategies: MH-Opt, RB, MI-SHMPC, and MI-MPC,
across a distance before and after a door opening (from
21.2 km to 22.2 km). The analysis is based on various
performance metrics and operational constraints, with a
particular focus on temperature deviation.

In the upper graph of Fig. 10, the temperature in the cooling
chamber (ϑcc) resulting from the door opening is shown for
each control strategy over the specified distance. Initially, all
strategies follow a similar trend of utilizing thermal storage in
the water-glycol cycle before the disturbance occurs. The RB
strategy comes close to the maximum temperature constraint,
while the MH-Opt strategy significantly loads the thermal
storage by controlling the compressor speed, as depicted
in the second and third graphs. The MI-SHMPC strategy
utilizes the thermal storage slightlymore and achieves a faster
steady state compared to MI-MPC. Both strategies employ a
model-based approach and require more control effort of the
compressor, especially after the disturbance, as evident in the
third graph. The results in Fig. 10 confirm the effectiveness
and suitability of all control strategies without violating state
and input constraints. Further analysis of the simulation data
will show the advantages and disadvantages of these control
strategies.

2) COMPARISON BASED ON PERFORMANCE INDICATORS
Fig. 11 shows a comparative analysis of the different control
strategies (MH-Opt, Rule-based, MI-SHMPC, and MI-MPC)
in three performance metrics: error, overshoot, and settling
time in the two distinct delivery cycles of Fig. 8, denoted cycle
1 and cycle 2.

The first box-plot in Fig. 11 displays output errors
in degrees Celsius for each control method. Especially
the RB-control shows large variations. Although it mostly
stays within the acceptable temperature limit, it shows a
significantly higher error compared to the other methods.
The MH-Opt method consistently maintains a lower range
of errors across both cycles, showing a 10-fold improvement

FIGURE 10. Performance comparison: Temperature of the cooling
chamber, glycol temperature, compressor speed, and switching behavior.

in lower error and, therefore, less deviation from the target
temperature. Compared to MI-SHMPC and MI-MPC, the
error is 1.2 to 2.8 times smaller. The results of the predictive
methods are within the required boundaries, even if some
values touch the limits.

The second box-plot compares overshoot, which is crucial
in systems where lower temperatures can lead to damage to
goods. Once again, during cycle 1, the Rule-based method
exhibits significant overshoot compared to other methods.
This is due to the simple hysteresis-based switching, making
it challenging to achieve predictive switching and a globally
optimal solution. There are no significant differences visible
between the two advanced control strategies.

The third box-plot illustrates the settling time in seconds,
which measures how quickly the system returns to a steady
state within the temperature window after a door opening.
Shorter settling times are generally preferred. The plots show
that the MH-Opt yields similar results to advanced model
predictive methods, offering faster settling times compared
to the rule-based strategy. Although the distribution over
the cycle appears to be lower for the MH-Opt method, the
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FIGURE 11. Performance evaluation online strategy. Error, overshoot and
settling time.

MI-SHMPC settling process achieves an even smaller settling
time.

Fig. 11 clearly shows that MH-Opt control consistently
displays strong performance across different driving mis-
sions. Furthermore, advanced mixed-integer model-based
control strategies show similar results with some insignificant
advantages.

3) COMPARISON BASED ON ENERGY CONSUMPTION
INDICATORS
Fig. 12 provides an analysis of the four control strategies
in terms of their energy usage metrics. In the top plot,
the bar graphs illustrate energy consumption in watt-hours
(Wh), with each bar accompanied by a percentage indicating
the increase in energy consumption compared to the MH-
Opt approach. It is evident that MH-Opt exhibits the
lowest energy usage. In contrast, the RB control shows an
excess consumption of 12.6% to 14.5%, even though the
primary focus of MH-Opt was optimal control performance.
The MI-SHMPC and MI-MPC exhibit a smaller excess
consumption of 6.9% to 8.3%. The advantage of the shrinking
horizon over the receding horizon approach with a constant
window size is not significant.

The bottom plot of Fig. 12 is another representation of
these results. It shows a bar graphh of the SoC at the end
of the delivery cycle. Again, deviations from the results of
MH-Opt are given in percentages, absolute values are given
in the caption.

FIGURE 12. Comparison of energy consumption and SoC end value for all
control strategies and for each driving cycle (blue: cycle 1 where
MH-Opt: 27.26 Wh/km, RB:31.21 Wh/km, MI-SHMPC: 29.07 Wh/km,
MI-MPC: 29.40 Wh/km; orange: cycle 2 where MH-Opt: 26.85 Wh/km,
RB: 30.24 Wh/km, MI-SHMPC: 28.96 Wh/km, MI-MPC: 29.03 Wh/km).

4) COMPARISON BASED ON COMPUTATION TIME
Fig. 13 illustrates the computational time for each control
strategy for delivery cycle 1. The red dashed line represents
the worst-case limit within which a feasible optimal solution
must be found. If this limit is exceeded, either a sub-optimal
or a fallback solution would have to be utilized, respectively.
Note that the numbers were achieved using a computer with
multi-core processor running at 2.7GHz.

From the upper plot of Fig. 13 shows the average computa-
tional limit where it becomes evident that theMH-Opt andRB
methods have an almost negligible computational time of less
than 0.01 seconds, ensuring real-time capability throughout
the entire driving scenario. This is further supported by the
computational time over the total travel distance in the lower
plot of Fig. 13 that shows a spatial-dependent computational
limit.

TheMI-SHMPC reduces computational time with reduced
horizon. However, until 20 km the computational effort
is too large for real-time application. Violations of the
computational time limit also occur during disturbances for
both model-based approaches.

5) SENSITIVITY ANALYSIS
This section examines the impact of uncertainties on energy
consumption and temperature regulation. The robustness
of the proposed approach is evaluated by varying both
environmental conditions and model parameters. Given the
approximations inherent to the complex DP optimization
employed, empirical comparisons are reasonable for a
sensitivity analysis.
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FIGURE 13. Computational time t̄CPU of different control strategies. Top:
Computational time in average mean time. Bottom: computational time
tCPU over distance of cycle 1. Simulation setup: MATLAB R2023a, CPU
speed 2.70 GHz, and 32.0 GB of RAM.

Model parameters of the simulation model are chosen
differently from those used in control design. Specifically,
parameters/inputs are varied by ± 10%, and the corre-
sponding results are presented in Table 3. The magnitude
of variation is chosen such that it no events are triggered
(see IV-C).

TABLE 3. Analysis of sensitivity with respect to input and parameter
uncertainties, respectively.

Table 3 displays energy consumption sensitivity for the
refrigeration unit (E) and the mean absolute error (MAE)
of the controlled cargo room temperature ϑamb for different
control methods under standard and uncertain conditions. The
MH-Opt approach maintains competitiveness with MPCs

despite minor losses in optimality. It ensures robustness
by recalculating in response to significant uncertainties
and identifies deviations through SoC monitoring. The
RB controller is significantly more sensitive to the given
variations.

VIII. DISCUSSION
Overall, the MH-Opt approach demonstrates excellent per-
formance, as shown in Fig. 10, Fig. 11 and Fig. 12. It can
compete with other state-of-the-art control strategies for
thermal plants with thermal storage in terms of energy
savings, without the need for hardware adaptations on-board
the vehicle. MH-Opt is well-suited for reducing both energy
costs and loss of goods due to temperature violations
in applications of refrigeration vehicles. The hierarchical
approach uses a dynamic programming (DP) algorithm
for offline optimization, allowing for a theoretically global
optimal solution, which outperforms most heuristic methods
in this matter. Unlike MPC, the DP algorithm offers simple
and flexible integration in discretization through adaptive
grid sizing, compare [49]. Additionally, a cost-to-go matrix
triggered by specific events is employed, a feature not
typically found in MPC formulations. Rule-based methods
are commonly used in the field of transport logistics.
However, due to the complexity and nonlinearity of the
system, achieving energy-optimal operation with heuristic
rules can result in a complex and difficult to define rule set,
particularly when considering multiple types of vehicles and
refrigerated units.

Note that the presented approach achieves energy savings
of approximately 12.6% to 14.5% compared to conventional
control methods, and 6.9% to 8.3% compared to MI-SHMPC
andMI-MPC. Although advanced predictive control schemes
are considered state-of-the-art, they utilize a horizon that
covers only part of the driving mission. For effective
use of thermal storage with slower dynamics, a longer
optimization horizon is advisable. However, shorter sampling
rates are necessary to accurately describe door openings.
Furthermore, the results of the MI-SHMPC indicate that
further extension of the initial horizon is not feasible; see
Fig. 13. Consequently, this leads to longer computation times
or necessitates powerful hardware, which is not commonly
found in current vehicles to leverage the potential of an MPC.
In contrast, the DP optimization covers the entire remaining
drivingmission, leading to even better performance and lower
energy consumption. This is mainly due to the optimal use
of thermal storage throughout the entire driving mission,
while still being able to react to door openings with smaller
discretization steps.

This work is based on simulations that are parametrized
with both real-world measurements and literature values.
Nevertheless, a real-world implementation needs further
investigation and adaptation. Large parameter uncertainties
of the prediction models and the real-world system could be
handled by either online parameter learning or a disturbance
observer [60], [61] to adapt the prediction model for
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offline reference calculation. In practical implementation,
numerous uncertainties can be mitigated by recalculation
of the offline solution, ensuring robustness under varying
conditions. However, expertise is necessary to determine the
optimal threshold that balances solution accuracy with the
frequency of recalculation (triggered by events). It is also
important to identify the upper limit of recalculations that
could necessitate a reevaluation of the optimized route, taking
into account changes in vehicle consumption estimates. The
recalculation process is outsourced to the cloud, making
this approach viable for vehicles with limited computational
resources, as many logistic centers already use systems
like GPS and internet connectivity for their fleets. Frequent
recalculation may increase cloud activity and communication
load, which can pose challenges for larger fleets. However,
as cloud computing continues to improve, this constraint will
likely be eliminated in the near future, enabling the practical
application of this approach even for larger fleets. Although
an event-based re-computation of the optimal trajectory is
included in the proposed methodology, the effect of small
disturbances along the mission will be detrimental to the
performance. This is especially true if deviations always stay
below the threshold value for triggering the re-computation.
The quantification of the robustness to small but persistent
disturbances will, therefore, be an important topic of future
research.

Another challenge for larger fleets is the variation in
characteristics of both the vehicles and the refrigeration sys-
tems. Identifying suitable models is required, similar to other
model-based methods (e.g. MPC). This ultimately involves
software adaptation without requiring hardware changes for
different types of refrigeration systems or vehicles operating
in different climates, allowing this approach to be scalable for
larger fleets.

The potential energy savings per transport vehicle at the
local level are quite promising, especially when viewed from
a global perspective. Although not the main focus of this
work, several studies have highlighted the global impact
of CO2 emissions from refrigerated food transport, under-
scoring the growing importance of the approach presented
here [62], [63], and [64].

IX. CONCLUSION
The research presented in this paper aimed to provide a
globally optimal solution for the operation of a refrigeration
system on a small electric delivery truck. An important
economical constraint for such a solution is the compatibility
with low-cost control hardware onboard the vehicle. The
proposed solution consists of an offline optimization of the
complete trajectory of the refrigeration system, which is
computed prior to the delivery mission. This ensures global
optimality for the nominal mission. In the case of unknown
disturbances, only the less computationally intensive part of
the optimization needs to be re-run.

This approach only requires a standard control hardware
onboard the vehicle’s refrigeration system (e.g. PID-control)

together with a small memory for the optimized trajectory.
Furthermore, a wireless connection to upload the posi-
tion of the vehicle and internal states, and to download
a new trajectory in the case of severe disturbances is
required.

The implementation of the dynamic programming (DP)
optimization algorithm can be flexibly chosen: A dedicated
computing facility at the logistics center is equally feasible
as a cloud-computing solution. This feature helps to set up a
specific implementation of the proposed methodology.

In conclusion, the study validates that the proposed hierar-
chical optimization strategy is an efficient and cost-effective
approach to managing temperature and energy in refriger-
ated electric transport under dynamic conditions and with
limited hardware resources. This opens up opportunities for
future research to investigate improvements in computational
strategies and exploitation of environmental information
to further enhance performance in real-world delivery
applications.

APPENDIX.
A. ABBREVIATIONS
The following abbreviations are used in this manuscript:

DP Dynamic programming.
GA Genetic Algorithm.
MIQP mixed-integer quadratic programming.
MPC Model Predictive Control.
PID Proportional-Integral-Derivative.
RB Rule-Based.

B. PARAMETERS OF THE MODEL
In Table 4 the parameters for the model are shown.

TABLE 4. Model parameter values.
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