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Abstract— Sustainable cooling is an increasingly important
part of meeting the cooling demand for thermal comfort in
buildings. Adsorption cooling facade systems (ACFS) are one
approach to address this by utilizing solar energy on the
buildings facade for sustainable indoor cooling. The ACFS’
cooling potential is provided by a facade-integrated adsorption-
desorption cycle, driven by solar irradiation. The performance
of the hybrid nonlinear system highly depends on ambient
conditions. To efficiently operate the system, an operational
strategy is necessary. This paper proposes a model-based oper-
ational strategy using optimal control. The evaluation shows a
performance improvement by up to 45 % for the temperature
peak overshoot above the target value compared to the rule-
based operation.

I. INTRODUCTION

Heat waves and rising ambient air temperatures are pro-
jected to triple the energy demand for space cooling in the
European Union from 2015 to 2050 [1]. Therefore, sus-
tainable solutions are essential to meet the growing cooling
demand. A system class that addresses this challenge are
sorption-systems. In this work, we focus on adsorption cool-
ing facade systems (ACFS), that include a single adsorber
and the working pair water and zeolite 13X [2], [3]. These
systems utilizes solar irradiation on building facades as driver
of the desorption process that directly generates and stores
cooling potential in the facade component. By the time
shifted adsorption process, the cooling capacity is introduced
into the room via an evaporator.

Optimization frameworks are frequently used for optimal
operation of thermal systems in order to minimize costs
for air conditioning or produced emissions. Within those
frameworks, applied methods range from constraint opti-
mization [4], (mixed-integer) linear and nonlinear program-
ming [5]–[7] to model predictive control [4], [7], [8]. A
reason for this range lies within decomposing the overall
problem into sub-problems. This decomposition allows the
use of several solution methods, each tailored to the specific
characteristics of the corresponding sub-problem. In [7],
the sub-problems follow a hierarchical order, representing
a supervisor that utilizes weather forecasts to estimate the

*Funded by the Deutsche Forschungsgemeinschaft (DFG, German Re-
search Foundation) - Project-ID 279064222 - CRC 1244, B04, C06

1Melanie Gschweng and Oliver Sawodny are with
the Institute for System Dynamics, University of
Stuttgart, Stuttgart, Germany {melanie.gschweng,
sawodny}@isys.uni-stuttgart.de
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required heating demand, a reference-tracking part and a
hardware-control.

Papageorgiu et al. [9] present an optimization frame-
work for hybrid systems that utilizes a decomposition in
two sub-problems. First, the sequence of discrete modes is
determined, followed by the optimization with respect to
switching surfaces, conditions, and associated costs.

While the ACFS directly stores cooling potential in the
adsorber, the sorption-based cooling system studied by Bau
et al. [8] includes thermal baths as energy storage. The
temperatures of the sorption cycles main components are set
with water from the thermal baths. Through this influence,
they optimize the phase time of the adsorption-desorption
cycle process with nonlinear model predictive control and
thereby increase the specific cooling power by 31.1%. Even
though nonlinear optimization poses as promising approach,
the strategy from [8] can not directly be transferred to
the ACFS. The design of the ACFS without additional
thermal water reservoirs increases the system’s dependence
on ambient conditions and presents additional challenges
to the operational strategy, such as deviations from the
typical operation cycle. For instance, on a warm but cloudy
day, solar irradiation may be insufficient to start desorption,
resulting in its omission from the cycle.

We apply the approach from [9] to the hybrid ACFS for
the design of a predictive operational strategy. Therefore, the
overall problem is split in two parts. A sequence generation
step to determine the order of the discrete system states,
followed by an optimization step to compute the correspond-
ing switching times. Compared to the rule-based strategy,
the predictive strategy promises performance improvements
through optimization, as shown in [8]. The main contribution
is a model-based operational strategy for the hybrid ACFS.

The work is structured as follows. Section II gives a very
brief overview of the ACFS’ model. Sequence generation and
optimal control for the system are specified in Section III.
The simulation model of the ACFS including subordinate
component controller and supervisor for discrete state tran-
sitions are taken from [2], [10] (cf. Fig. 1). The evaluation
procedure and results are discussed in Sections IV and V,
respectively. Section VI provides a conclusion and outlook.

II. MODELING PRINCIPLES OF THE ACFS

This section briefly summarizes the key concepts of the
ACFS’ dynamic model. Interested readers can find a detailed
explanation of the ACFS, the dynamical model and the rule-
based strategy in [2].
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Fig. 1: Block structure of the operational setup. Gray boxes
indicate the components of the simulation model from previ-
ous works [2], [3], [10]. Blue boxes represent the two parts
of the predictive strategy from Sec. III.

The ACFS yields a hybrid system model that integrates
continuous and discrete-state dynamics, called modes, to
capture the behavior of the solar driven adsorption-desorption
cycle. The system consists of an adsorber (A), a condenser
(C) and an evaporator (E) as individual components that
are mounted to a room (R). The components A/C/E can
be deliberately coupled or decoupled to transition between
the discrete modes of the sorption cycle. The set Q =
{1, 2, ..., 5} refers to the five discrete modes with the fol-
lowing mapping: 1 Inter-Heating (IH), 2 Regenerating (Reg),
3 Inter-Cooling (IC), 4 Cooling (C), 5 Pumping (P). For
each q ∈ Q the continuous dynamic of state x ∈ R12, input
u ∈ R, and disturbance z ∈ R5 is given by

ẋ = f q(x, u,z, t),

x =
[
TA TC TE XA mC mE T 1−5 TR

]
,

z =
[
Tamb q̇sol

]
.

(1)

The state x contains component temperatures TA/C/E, water
masses mC/E, room temperature TR, and temperatures T 1−5

of the adjacent wall and insulation layers. The adsorber
water uptake XA = mA/mzeo is the adsorbed water mass
mA per mass of dry zeolite mzeo. The dynamical equations
for the ACFS’ components can be found in [2], differential
equation for room, wall and insulation temperatures in [10].
Pressures pA/C/E within the three components are assumed
to correspond to the saturation vapor pressures of water
and are integrated as algebraic equations. The disturbances
are the ambient temperature Tamb and the solar irradiation
q̇sol ∈ R4 on vertical surfaces oriented towards four cardinal
directions. The input u sets the water vapor flow from
evaporator to adsorber according to [10] via an opening
frequency of a connection valve. This vapor flow initiates
cooling of the evaporator and the adjacent room during
system mode Cooling (C). Therefore, u ≡ 0Hz applies for
all other modes (IH, IC, Reg, P).

III. OPERATIONAL STRATEGY

This section focuses on the operational strategy of the
hybrid system. Analogous to [9], we distinguish between
the finite sequence of modes (Sec. III-A) and the subsequent
optimization (Sec. III-B), cf. Fig. 1.

A. Sequence Generator

The system cannot switch between adsorption and des-
orption arbitrarily, as the transitions strongly depend on
surrounding conditions, like solar irradiation. The sequence
generator exploits this restriction and combines it with
knowledge about the sorption cycle of the ACFS to generate
a sequential arrangement of the system modes. The resulting
sequence S is built from the tuples SReg = {(1, 2)}, SC =
{(3, 4)}, and S0 = {(3)}, which are selected and ordered
by the sequence generator with respect to expected ambient
conditions. The tuples consider that the goal of mode 1 (IH)
is to prepare the system to start regenerating (the desorption
process) with mode 2. Likewise, the goal of mode 3 (IC)
is to prepare the system to start cooling (adsorption), mode
4. The intermediate modes, IH and IC, may be skipped in
some cases which is resolved by the predictive planner from
Sec. III-B.

Mode 5, pumping, can be performed at any point in
the sequence and takes comparatively short time (about
10 minutes). Therefore we assume that the decision to start
mode 5 is made by the supervisor and continuous state
controller (cf. Fig. 1). Inter-Cooling, mode 3, is used as
default tuple S0 at the start and end of the sequences, as
well as between the tuples.

The generator arranges the tuples for cooling and re-
generation through numerically integrating subsystems with
approximated weather conditions. In both cases, the time
spans during which the ACFS is likely able to cool or
regenerate are determined by evaluating the required pressure
conditions for adsorption and desorption, respectively. Time
periods during which the corresponding pressure condition
is met are labeled as periods with potential for regeneration
or cooling. The starting times of these periods indicate the
order of the tuples. Both subsystems and required pressure
conditions are given in the following.

1) Desorption periods: Time intervals with expected re-
generation potential must fulfill the pressure condition

pA(TA, XA) > pC(TC), (2)

while the adsorber is heated by solar irradiation. The subset
of adsorber and condenser temperatures with the dynamics of
mode 1, Inter-Heating, is sufficient to estimate time periods
where the system can regenerate. The governing dynamical
equations are

ṪA =
1

mAczeo,water(TA)) + kA
Q̇A,1(TA, t)

ṪC =
1

mCcwater(TC)) + kC
Q̇C(TC, t),

(3)

with Q̇A,1/C as the resulting heat fluxes between component
and ambiance that utilize differentiable approximations of
ambient temperature and solar irradiation, constants kA/C

that summarize material properties from [2], specific heat
capacity czeo,water from [11], and specific heat capacity of
water cwater according to [12]. The states representing the
water masses mA/C are constant in mode 1.
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2) Adsorption periods: Time intervals with expected cool-
ing potential must fulfill

pA(TA, XA) < pE(TE). (4)

The dynamical model

ṪA =
1

mAczeo,water(TA)) + kA
Q̇A,3(TA, t)

ṪE =
1

mEcwater(TE)) + kE
Q̇E(TE, TR, t),

(5)

represents the subset of adsorber and evaporator temperatures
during the mode Inter-Cooling. Analog to (3), Q̇A,3/E are the
resulting heat fluxes between component and ambiance that
utilize differentiable approximations of ambient temperature
and solar irradiation, kE summarizes material properties
from [2], and water masses mA/E are constant. Instead of
integrating a dynamic model of the room temperature, (5) is
evaluated for two cases. Case 1 approximates TR with the
approximated ambient temperature T̃amb, and represents a
scenario with high air circulation in the room. Case 2 utilizes
a predefined constant lower bound TR,min to approximate the
room temperature.

B. Predictive Planner

The predictive planner sets up and numerically solves an
optimal control problem over the fixed time period of a single
day and thereby switches between the discrete system modes
according to the sequence S. The nonlinear optimization
problem for operating the hybrid system is

min
ũ(t∗),ϕ(t∗)

{J(x̃, t∗) | ˙̃x = f̃ϕ(t∗)(x̃, ũ, z̃, t
∗),

x̃(0) = x̃0

x̃min ≤ x̃ ≤ x̃max

gϕ(t∗)(x̃, ũ, t
∗) ≤ 0},

(6)

with

x̃ =
[
∆t∗j T ∗

A T ∗
C T ∗

E X∗
A T ∗

1−5 T ∗
R

]
(7)

utilizing scaled entities (denoted with *) according to
ξ∗ = ξ/ξref with separate reference values for times tref ,
temperatures Tref and water uptake levels Xref to enhance
convergence to the optimal solution. In (6) and (7), ∆tj ,
j = 1, .., np are non-negative time intervals for each of
the np modes in S, ϕ(t) = sj is a piece wise constant
function for

∑j−1
m=0 ∆tm < t ≤

∑j
m=0 ∆tm with ∆t0 = 0 s

and sj ∈ Q \ {5}, x̃0 is the initial condition, x̃min and x̃max
are lower and upper limits, respectively, and gϕ(t∗)(x̃, ũ, t

∗)
represents state depended (in-)equality constraints.

The differential equations of each mode in (6) are based
on the dynamics from (1) with ∆̇t∗j = 0 for all j =

1, ..., np. In f̃ , the state depending adsorption enthalpy and
diffusion coefficient of Knudsen-Diffusion are fixed to their
average values over the state ranges XA ∈ [0.2, 0.3] and
TA ∈ [0 ◦C, 150 ◦C] to reduce the model complexity and
improve the convergence of the numerical optimization.
The adsorbers plate fins efficiency is approximated with 1

since state depended values lie in [0.9992, 1.0004]. Water
masses in evaporator and condenser are treated as constant
parameters over the course of one optimization to reduce the
dimensionality of the problem and the number of constraints.
Disturbances z̃ are the differentiable approximations of z,
input ũ directly sets the vapor mass flow from evaporator to
adsorber. Utilizing the input in the proposed way renders the
optimization problem independent of the actual connection
of evaporator and adsorber from [2], [3], [10].

The objective function J(x̃, t∗) combines the goals of
maintaining the desired room temperature T̂R and restoring
the cooling potential by reducing the adsorber uptake during
regeneration,

J(x̃, t∗) = θTT
2
reftref

∫ t∗f

0

(T ∗
R − T̂R/Tref)

2dt∗

+ θXXref

∫ t∗f

0

nReg∑
i=1

(H(t∗ − t∗iReg0)−H(t∗ − t∗iRegf ))Ẋ
∗
Adt

∗

︸ ︷︷ ︸
=
∑nReg

i=1 (X∗
A (t∗iRegf )−X∗

A (t∗iReg0))

,

(8)
with Heaviside step function H , nReg ∈ N as number of
mode regenerating in S, and tiReg0 and tiRegf as start and end
times of regeneration1. Both goals are weighted according to
constant θT and piece wise constant θX with θX = 0 when
2 /∈ S, i.e., not regenerating. This trade-off between the two
goals is essential to ensure the continuation of the cyclic
adsorption-desorption process since regeneration reduces the
adsorber water uptake, i.e., restores the cooling potential of
the ACFS. Without addressing this objective, the system
tends towards a system state that does not allow further
cooling.

Physical feasibility is addressed through mode depended
(in-)equality constraints and state limits. The time intervals
are subjects to

np∑
j=1

∆t∗j = t∗f , (9)

to ensure that the mode sequence spans over the complete
time horizon. The state constraints are

TE ≥ T̂E,min (10a)
pE(TE(tC0)) ≥ pA(TA, XA)|tC0

(10b)

0 kg/s ≤ũ(t) ≤ umax (10c)

for ϕ(t) = 4 (Cooling) with desired minimum evaporator
temperature T̂E,min, while ũ(t) = 0 kg/s for ϕ(t) ̸= 4, and

ẊA ≤ 0 (11a)

ṪA ≥ 0 (11b)
pC (TC(tReg0)) ≤ pA(TA, XA)|tReg0

(11c)

for ϕ(t) = 2 (Regenerating). To scale the constraints,
reference pressure pref and input uref = umax are used.

1Compared to [9], the integral formulation for the regenerating objective
can be interpreted as running costs, whereas the summation formulation
corresponds to switching costs.
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Fig. 2: Discretization scheme for a sequence with three
modes sj ∈ S, j = 1, 2, 3 and time points k = 0, 1, ...,K
with K = 12. If applicable, mode depended pressure condi-
tions (cf. (2) and (4)) are posed at g(sj → sj+1) for j = 1, 2.

Analogous to the transition equality conditions from [9],
equations (10b) and (11c) impose state dependent transition
conditions from modes 3 to 4 (cf. (4)), and 1 to 2 (cf. (2)).
Therefore (10b) and (11c) are posed for all transitions times
to modes 2, tReg0, and 4, tC0. Equations (11a) and (11b)
preserve pressure conditions during regenerating.

IV. NUMERICAL METHODS AND EVALUATION

We solve problem (6) with IPOPT from [13], using direct
collocation with implicit midpoint rule for each 24-hour pe-
riod, starting and ending at midnight, such that tf = 84600 s.
The discretization scheme varies dynamically and follows
a mode-dependent scheme with a fixed number of grid
points per system mode as illustrated in Fig. 2. Interval
midpoints tk+1/2 = (tk+1−tk)/2 are used as collocation points
for k = 0, 1, ...,K − 1.

Modes 1 to 3 are discretized using four points, whereas
mode 4 employs ten points to ensure a sufficiently accurate
representation of input ũ while maintaining a reasonable
number of collocation points. Within each mode, the points
are equally distributed over the respective time intervals ∆tj
for j = 1, ..., np, leading to variable step sizes during the
course of optimization and across different modes (cf. Fig. 2).
The scheme of the discretized system dynamics and the
collocation conditions can be found in [14].

A. Evaluation
The predictive strategy is compared to the rule-based strat-

egy from [2] using identical initial and ambient conditions.
Two perspectives of the predictive strategy are evaluated.
First, the solution of the optimal control problems for each
individual day (called optimization) and second, continuous
simulations based on the solution of the optimization (called
tracking). The latter involves tracking the optimized transi-
tion times and evaporator temperatures without the simplifi-
cations introduced for numerical optimization. Starting from
the second day, the initial conditions of the states for the
predictive strategy are extracted from the tracking solution
of the previous day. The sequence generator provides initial
conditions for the time intervals of the modes in the deter-
mined sequence S. The system behavior of the rule-based
strategy is known to converge to a daily cycle over a series
of repetitions of the same day (e.g., [2], [3]). The initial
conditions for the conducted study are from the final state
of such a steady-state cycle.

B. External Disturbances
As ambient conditions for air temperature and solar ir-

radiation, a summer real week (17.06.2023 - 23.06.2023,
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Fig. 3: Ambient temperature and solar irradiation in south
east orientation for a summer week from 2023 in Stuttgart
[15].

Fig. 3) is extracted from the data source [15]. The data is
repeated ten times and concatenated for simulation to allow
the system to reach a steady-state cycle, thereby minimizing
transient behaviors resulting from initialization. However, for
the evaluation, only the 10th repetition is considered.

The selected week is a mixture of warm and hot days,
combined with varying levels of sunshine in a Central
European representative climate. The hourly data from [15]
is linearly interpolated to simulate the ambient conditions.
For optimization, a fourth degree polynomial approximates
the temperature data of each day. Polynomials of degree
six approximate the solar irradiation between sunrise and
sunset, with differentiable transitions between daytime and
nighttime.

The proposed approximation refers to the hourly data
as weather forecast and is transferable to real applications.
A prototype of the ACFS is built in Stuttgart, Germany.
For this location, the German Weather Service (https:
//opendata.dwd.de/) provides hourly weather data for
the next ten days.

V. SIMULATION RESULTS AND DISCUSSION

The presented results illustrate the behavior of the ACFS
and its influence on the room temperature. The areas of
evporator, condenser and adsorber are 1m2 each, the air
change rate between ambiance and room is 2 per hour. The
room has lightweight walls with parameters from [16] and
a size of 1m x 1m x 2.4m so that the evaporator covers the
entire ceiling. Other parameters are listed in Tab. I.

Figure 4 illustrates the temperatures of the ACFS com-
ponents and the room, as well as the water uptake of the
adsorber for T̂R = 20 °C and T̂E,min = 15 °C. The predictive
strategy maintains the temperature near the target value as
good as (or slighty better than) the rule-based strategy while
storing, in average, an increased cooling potential. Neither
strategy is able to maintain the target value for the entire
week. This limitation arises from the system design with
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17.06.18.06.19.06.20.06.21.06.22.06.23.06.24.06.

0.24

0.26

0.28

Time (UTC)

W
at

er
up

ta
ke

(-
)

(b) Adsorber water uptake, decreases during regeneration (desorp-
tion) and increases during cooling (adsorption).
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Fig. 4: System behavior for the rule-based strategy and both perspectives of the predictive strategy (referred to with
optimization and tracking).

a single adsorber2 in combination with the dependence on
ambient conditions for mode transitions and the absence
of a heating source. Therefore, deviations are acceptable,
while minimizing temperature rises above the target value
is a key objective. The predictive strategy reduces the maxi-
mum exceeding of the desired room temperature by 1.09 °C
compared to the rule-based strategy which equals a peak
reduction by around 45%.

Taking into account predictive information about the
course of the day enables a more effective operation of the
system, as demonstrated by the behavior on June 20. Given
the expected ambient conditions, the predictive strategy
employs two cooling phases with regeneration in between,
while the rule-based approach uses one cooling phase. The
additional cooling phase around 6:30-7:00 reduces the room
temperature below the target temperature, which minimizes
both the maximum and average deviation from the target
value throughout the day.

The proposed strategy decreases the average deviation
from the desired room temperature to approx. 0.44 °C for
optimization and 0.62 °C for tracking. The average deviation
with the rule-based strategy is slightly higher with 0.68 °C.
Differences between tracking and optimization arise due
to temperature drops around 0.1 °C to 0.3 °C below the
target temperature during tracking. This appears especially

2The first prototype of the ACFS uses this design and focuses on
demonstrating the overall principle. Planned research projects will address
multi-adsorber systems to overcome this limitation.

during time periods, where the optimization approximately
keeps the target temperature, e.g., June 18, 14:00-21:00
or June, 21, from 11:00 (Fig. 4c). Using the optimization
results as feed forward control overestimates the necessary
cooling demand. Two reasons arise from differences in the
disturbance estimation and due to the evaporator temperature
control from [10]. June 21st has the largest fluctuations in
solar irradiation on the adsorber (see Fig. 3) which leads
to differences in the adsorber temperature between tracking
and optimization. This difference may indirectly influence
the provided cooling demand. In addition, the controller for
the water flow from evaporator to adsorber is directly taken
from [10] without adjustments. However, the evaporator
temperature tracking performance is not ideal. This leads to
a temperature below the optimized evaporator temperature
and increases the cooling capacity. Future applications must
be equipped with a room temperature control in order to
compensate for unexpected disturbances, such as lengthening
of meetings. Combining this controller with an improved
evaporator temperature reference tracking should minimize
the deviations of the room temperature. The average adsorber
water uptake lies around 0.248 and 0.281 for predictive and
rule-based strategy, respectively (cf. Fig. 4b). This reduced
uptake of the predictive strategy implies additional cooling
potential which results from superior desorption (regenera-
tion of the adsorber) or increased efficiency during cooling
(adsorption).

Observable adsorber and condenser temperature differ-
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ences in Fig. 4a between the strategies result from varying
sequences of the system modes. For June 17 and 18, only
the predictive strategy includes the system modes 1 and 2,
e.g., tuple SReg, in the transition sequence. Thus, compared
to the rule-based strategy, the adsorber temperature increases
during Inter-Heating, mode 1, and the condenser temperature
increases during regeneration. This also implies that the rule-
based strategy does not regenerate during those two days as
seen in Fig. 4b.

Due to the nonlinear dynamic of the ACFS, the optimiza-
tion process may struggle to find the optimal solution. In such
cases, it oscillates around a potential minimum without con-
verging to it and terminates after 3000 iterations. In Fig. 4,
four days fall into this category. For two of the 70 days,
the optimization converged to an infeasible solution, where
the rule-based strategy is used as a fallback. The convergence
problems result from the trade-off between the two objectives
and the interaction with the pressure constraints. Reformu-
lating the optimization problem could guarantee convergence
but would require model simplifications. Linearizing around
a trajectory presents a promising approach to improve the
numerical stability of the optimization problem.

VI. CONCLUSION

This study presented an optimal operation strategy for
a hybrid sorption system. Daily operation is split in two
parts: A sequence generator to sort the discrete system modes
and a subsequent optimal control problem. A tracking setup
uses the optimization results as feed forward control for the
original simulation model of the ACFS. The predictive strat-
egy improves efficiency of the single-adsorber-design facade
system by increasing the average amount of stored cooling
potential while minimizing temperature deviations compared
to the rule-based strategy. While a rule-based strategy is
comparably straightforward for the studied single-adsorber-
system, multi-adsorber systems with thermal and material
couplings increase the complexity of designing rule-based
operational strategies. The proposed design strategy can be
adjusted to such systems but will need further refinement
to address convergence issues of the nonlinear optimization
problem, especially with increasing problem dimensionality
through system advances. Future works will therefore study
a division of the presented optimal control problem in
hierarchical sub-problems, starting with estimations of the
cooling demand that lead to reference trajectories for the
evaporator temperature. Especially in case of multi-adsorber-
systems, those reference trajectories will be then used to
determine mode sequences and transition times.
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Hotmaps. Heating & Cooling Outlook Until 2050, EU-28 (2019).
doi:10.24406/PUBLICA-625.
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