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Abstract

This study presents data-driven optimal control strategies
of an ice-based thermal energy storage system in an
existing office building. Firstly, a cooling demand
prediction model for the cycle of 24 hours was developed.
Based on calculated performance of the cooling system
and the predicted cooling demand, optimal load shift
strategies were proposed. The strategies are realized to
achieve operational cost savings under three different
cooling demand scenarios. It is shown that the accurate
load prediction and optimal control strategies can save
8%-47% of the cooling system’s operational costs.

Key Innovations

e The data-driven approach is proposed to
calculate performance parameters of ice-based
cooling systems.

e Optimal allocation of cold generation using a
cooling demand prediction model and optimal
algorithms is presented.

Practical Implications

Check correlation between weather data and cooling
demand of buildings. Then, a non-linear regression can be
used for optimal cold generation leading to daily energy
cost savings.

Introduction

For the several decades, peak load management using
thermal energy storage (TES) systems in buildings has
attracted increasing attention. An ice-based TES system
is one of the most popular technologies currently being
applied to existing buildings in Korea. With the
introduction of the ice-based TES systems, cooling can be
provided either directly by chillers or by discharged cold
from the ice storage tanks. In general, the chillers are
mainly used to store cold in the ice tank during off-peak
night-time hours when a lower electricity price is
provided. One of advantages using ice-based TES is that
the total operating costs of a building’s cooling system
can be reduced by allocating appropriate cold generation
either in daytime or night-time depending on the
building’s peak cooling demand, the capacity of the ice
tank, electricity price, etc. (Luo et al., 2017).

Usually, the aforementioned cooling load shifting control
using TES can be categorized into two: heuristic and
optimal control approaches. The heuristic rules are mainly
based on TES’s capacity and priority. Three groups of
priority-based control are chiller priority control, constant
proportion (chiller vs. storage) control, and storage
priority control. However, the heuristic approach leads to
limited cost savings because the dynamic balance
between energy increase (cold generation) and load shift
is not considered (Sun et al., 2013).

For better control of TES, a simulation model has to be
introduced. For example, Henze et al. (1997) developed a
load shifting control strategy finding optimal charging
and discharging rate leveraging a dynamic programming.
Henze and Schoenmann (2003) developed reinforcement
learning TES controller that can determine when and how
much to charge and discharge the tank based on the
reward obtained from preceding actions. Lu et al. (2015)
presented an optimal scheduling strategy for a Zero
Carbon Building using Mixed-integer non-linear
programming (MINLP) algorithm. In similar studies,
Genetic Algorithm (GA) (Wang et al., 2010; Sanaye et al.,
2013; Barbieri et al., 2012), Mixed-integer linear
programming (MILP) (Fazlollahia et al., 2014; Zhou et al.,
2013; Wakui et al., 2014), and particle swarm
optimization (PSO) (Lee et al., 2009) have been widely
used.

In contrast to the existing studies mentioned above, this
paper presents rather a simple and practical approach
based on the measured data from an existing whole-
building. This study deals with data-driven optimal
control strategies of an ice-based TES system in an
existing building. The building is 14-storey (B4-10F)
office building, with the floor area of 37,055m?. The
building is equipped with two chillers (256 USRT), one
TES (3,060 USRT-h). First, the authors developed a
cooling demand prediction model for the cycle of 24
hours. Based on calculated cold generation capacity of
two chillers and simulated cooling demand, the proposed
approach determines optimal load allocating strategies
that achieve operational cost savings under three different
cooling demand scenarios. The study demonstrates the
importance of accurate load prediction and exploration of
optimal control strategies based on gathered data.

Description of Cooling system

Figure 1 shows the diagram of a central cooling system of
the office building. Table 1 shows the nominal
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specificiations of two chillers and the ice storage tank.
There are two identical chillers with a screw compressor
using R-134 refrigerant. The chillers have two operation
modes: chilled water mode and ice-making mode. For
each chiller, the cooling capacity is rated at 900kW with
a power input of 174.8kW (COP=900/174.8=5.15) during
the chilled water mode stage. During the ice-making stage,
the nominal cooling capacity is decreased to 579.5kW
with the power input of 144.7kW
(COP=579.5/144.7=4.00). The cooling system also
consists of one ice-bon type thermal storage tank, two
circulation pumps, and two heat exchangers. The nominal
capacity of the tank is 3,060 USRT-h (10,760 kwh).

Table 1: Specifications of chillers, ITS and pumps

Equipment Capacity Type
Chiller 900kW (chilled water mode) Screw
579.5kW (ice-making mode) | compressors
ITS 3,060USRT-h (10,760kWh) Ice-bon
Pump 3,010 liter/min Constant

There are four operation modes denoted by (M1-M4) are
currently used in the building as follows (Table 2): M1
mode represents the ice tank charging mode by the
chillers. During the M1 mode, two chillers were used to
charge the ice tank. M2 mode represents ice-discharging
where cold is provided from the ice tank with no chillers
operating, while M3 mode represents a cooling mode
where cold is provided from chilled water directly
provided by the chillers. Please note that during M3 mode,
only one chiller is used to provide direct cooling in the

Tuullcr, b Ti.ulcl, b
0 [
r Chiller]
: Chiller2 |
A L Y
I‘ l
'\
Ice thermal
storage tank
Pump 1
Pump 2

- AHUI
e cnser 29
i o) >—

building. M4 stage represents a cooling mode where two
chillers and the ice tank are used simultaneously for
cooling of the building.

Table 2: Operational modes of ice-based TES system

Modes Chiller state Ice storage tank state
M1 On Charging
M2 Off Discharging
M3 On Not operating
M4 On Discharging
Methodology

Figure 2 shows the approach taken in this study. First, the
BEMS data was used to develop a load prediction model.
Then, the performance of the system was calculated based
on the operational BEMS data. Then, optimal strategies
were developed to allocate optimal cold generation
(Qqgen)to the chillers and the ice storage tank. An objective
function and constraints were determined based on the
data analysis described above.

Existing Control

The cold gnerated by the chillers or the ice-tank are
denoted by Qgen are as shown in Eq. (1):

Qgen = t13:5() Cp,b “Pp Vi (Tinlet,b - Toutlet,b) (1)
where C, , and p,, are specific heat capacity and density
of brine (40% concentration); V,, is the flow rate of brine
at the sampling time of 15 minutes (1 day = 96 samplings);
and delta T, represents the difference between inlet and
outlet brine temperatures measured as shown in Figure 1.
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Figure 1: System diagram of ice-based TES system.
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Figure 2: Proposed optimal control of an ice-based TES system.
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The cold sent to AHUSs via heat exchangers (denoted by
Qsuppty) are also formulatd as shown in Eq. (2):

qupply = Z?:SO Cp,w “Pw W (Tinlet,w - outlet,w)(z)
where C,,, and p,, are specific heat capacity and density
of chilled water; V, is the flow rate of chilled water at the
sampling time of 15 minutes (1 day = 96 samplings); and
delta T,, represents the difference between inlet and

outlet chilled water temperatures measured as shown in
Figure 1.

Figure 3 shows the existing control of the chillers and ice-
tank for two typical weeks (July 11-17, August 8-14). As
shown in Figure 3(a), during off-peak week in summer,
the cold provided by the ice storage tank was inconsistent.
Especially on Tuesday and Wednesday, it is observed that
there cold was overproduced. During the peak periods as
shown in Figure 3(b), cooling capacity of 6,414.3kWh on
average was stored by night-time operation which is far
less than the maximum capacity of the ice storage tank
(Table 1). This was because the maximum duration of
night-time operation was 7 hours (23:00-06:00) as the air-
handling units started operating at 6 A.M. for the purpose
of pre-cooling. The remainder of cooling demand was
covered by day-time chiller control. It is noteworthy that
for day-time chiller operation, only one chiller was used.
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(a) Off-peak cooling period (July 11- July 17).
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(b) Peak cooling period (Aug. 8-Aug. 14)
Figure 3: Qsupply and Qgen during summer season.

Chiller’s COP at nighttime and daytime

Figure 4(a) shows the range of total Qgen provided by two
chillers during M1 mode. As mentioned above, the
chillers can be operated in two different modes: chilled
water mode and ice-making mode. As shown in Figure
4(b)-(d), the operation mode of the chillers was changed

from chilled water mode to ice-making mode at 01:30 a.m.

During the chilled water mode (23:00-01:30), Qgen
provided by chillers gradually decreased as the incoming

brine temperature decreased (Figure 4(c)). During the ice-
making mode (01:30-06:00) Qgen Was far less than the
nominal capacity of the chillers, which is caused by cold
brine inlet temperature. The COP values of the chillers
during M1 mode, as shown in Figure 4(d), was calculated
by dividing median values of Qgen With median values of
electricity consumption. The COP values were far less
than the nominal performance. Please note that the
median values of Qgnand COP values are used for the
following optimization problem.

Chilled water mode lce-making mode

(a) Total Qgen by two chillers.

Chilled water mode Ice-making mode
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(b) Electricity consumption of chillers.

Chilled water mode Ice-making mode

Chiller inlet temperature(C)
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(c) Chillers’ brine inlet temperature.

Chilled water mode Ice-making mode
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(d) COP of chillers at night-time.

Figure 4: Performance of chillers during night-time
operation.
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Figure 5 shows the performance curve of the chillers on
the day-time operation. The x-axis is the part load ratio
(PLR) and the COP curve is estimated to be a logarithmic
function as shown in Eq.(3) and Figure 5:

COP = 0.9675 - In(PLR(%)) — 0.9404  (3)

In this study, it was assumed that the chillers operate
under 100% load ratio on day-time. This was because the
COP tends to increase as the PLR increases and the COP
is appromixately 3.5 when the PLR is close to 100%.
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Figure 5: Day-time performance curve of the chillers.

In addition, the performance of the cold delivery is
influenced by many unknown factors. In this study, the
actual overall efficiency of the cold delivery has to be be
assessed from operation data. Operation data on Qgen for
the peak cooling season (03/08/20-28/08/20) is shown in
Figure 6. In this study, the overall cold delivery efficiency
is defined as Qsupply /Qgen (EQS.(1-2)). The slope of the
straight line represents overall system efficiency and the
value is estiamted to be 0.825. This means that 82.5% of
generated cold is delivered to AHUSs, while 17.5% of the
generated cold is lost or inefficiently transferred in the
cold delivery processes of the building.
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Figure 6: Overall cooling system’s operational
efficiency.

Prediction of Qsupply

Accurate prediction of Qsupy is essential for adequate
cold generation. Figure 7 shows the correlation between
daily average outdoor air temperature and Qsuypply in
summer (01/07/20-31/08/20). Qsupply tends to increase as
the average outdoor air temperature increases. Linear

regression model was selected to predict daily Qsupply and
the R-squared score is 0.89.
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Figure 7: Prediction of Qsupply

Proposed optimal control strategies

Table 2 shows the electricity cost rate of South Korea.
Night-time cost rate is 45.2 won/kWh which is much
lower than the day-time cost rate, 88.4 won/kWh. The
pricing rate enables the load shifting to reduce operation
costs.

Table 2: Electricity cost. (KRW: Korean Won)

Time Cost(KRW/kWh)
Day time (09:00 — 23:00) 88.4
Night time (23:00 — 09:00) 45.2

The objective function is to minimize operation costs of
the chillers by allocating Qgen for the chillers and ice
storage tank and defined as Eq. (4):

95

ObjF. = minz C; X E;
i=0

_ . Qgen,day Qgen,night,i
= mln{ZX Cday ' COP gy + ZY Cnig/it' COPpiofes (4)
night,i

where Cgay and Chignt are electricity prices during day-time
and night-time respectively (Table 2); E is electricity
consumption of the chillers; and i represents the i time-
step (15min) of a day. Qgen, day IS cold generated during
direct cooling mode; Qgen, night iS cold generation by
charging the ice stroage tank; X and Y represent an
operation span ( 1 span = 15 minutes) of the chillers
during day-time and night-time respectively; COPg,y and
COPhigh: have been described in Figures 4-5.

Please note that there are constraints on X and Y. As the
business hours of the office building are from 09:00 to
20:00, it is assumed that day-time chiller operation occurs
during the business hours and the upper limit value of X
is 44 (11 hours x 4 time-steps per hour) (Eq.(5)). In
addition, because as ice tank charging operation could last
up to 7 hours (23:00-06:00), the upper limit of Y is set to
28 (7 hours x 4 time-step per hour) (Eq.(6)). It must be
guaranteed that the cold generation must be sufficinetly
enough to handle Qg1 With the overall cold delivery
effciency of 0.825 taken into account (Eq.(7)):

0<X<44 (5)
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0<Y<28 (6)

(ZX Qgen,day + ZY Qgen,night) 0.825 = qupply (7)
For solving Eqgs.(4)-(7), genetic algorithm (GA) was
chosen. GA is a class of meta-heuristic searching
algorithms and is known to effciently solve general
optimization problems (Ooka et al., 2015). GA has been
widely applied to building control problems because of its
ability to cope with non-linear characteristics. In this
study, GA was used to optimize the objective function
described Eqg. (4) with constraints Egs. (5)-(7).

An example of the proposed optimal control strategy is
presented in Figure 8 when Qsuypyy IS 7,457kWh.
Compared to the existing control, the proposed control
utilizes the higher COP at daytime even though electric
cost is much higher in daytime than nighttime. By
adpoting this strategy, 12.5% of energy saving could be
achieved. Please note that the proposed control strategy
presented in this paper is simulation-based, which will be
substantiated in a future implementation.
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Figure 8: Proposed optimal control strategy
(qupply: 7,457kWh, date 04/08/20)

Results

The optimal control strategies were investigated based on
predicted Qsuppiy for 54 days in summer. Then, estimated
operational cost saving rates were calculated using the
proposed control strategies (Table 3). In case of low-level
scenario, it can be inferred that the existing control
generally overproduces the cold during the nighttime in

order to minimize any risk of lacking chiller water during
daytime operation. Therefore, significant cost saving
(33.1% in Table 3) can be achieved by appropriate
prediction of Qsuppy, resulting in decreasing nighttime
operation from 28 to 16. In case of mid and high-level
scenarios, it is noteworthy that the optimal control finds
more daytime operation (18 vs. 20) in spite of the high
electric price during daytime. The reason is, as shown in
Figure 4, that the optimal control selects better COP in
daytime than at nighttime.

Figure 9 shows estimated cost saving rates for three
different Qsuppiy levels during cooling seasons (low, mid,
high). Please note that estimated cost saving rates vary
significantly with  Qsuppiy. In  addition, significant
uncertainty in estimated cost saving also exist. In case of
low-level scenario, as mentioned above, significant cost
saving is realized by accurate prediction of Qsypply and
appropriate production of the chiller water at nighttime.
In cases of mid and high-level scenarios, the amount of
energy savings is still non-negligible (4.3-10.4%, Table
3). This is mainly achieved by solving for the objective
function with GA (Eg. 4).
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Figure 9: Energy saving of the proposed control

Table 3: Estimated cost saving rates of the proposed control (KRW: Korean Won)

Operation
kWh n (KWh 1, KR .
o Quunnly (KWh) Quen (KWh) Cost (1,000 KRW) Saving rate (%) (number of time-steps)
supply (J T

level . L Existing | Proposed ([1-B/A] *100) - Existing - Proposed

Measured | Predicted | Existing | Proposed ?) ®) Night Day Night Day

time time time time
Low 3,239 3,664 5,267 4,422 2,511 1,680 331 28 0 16 0
Mid 6,418 6,464 7,251 7,830 2,861 2,563 104 28 4 27 7
High 8,786 8,889 10,732 10,755 2,771 2,652 4.3 28 18 27 20
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Conclusion

This study presents a data-driven approach for developing
optimal control strategies of an ice-based TES system of
an existing office building. For the optimization problem,
daily Qsuppiy prediction model was developed. Under three
Qsupply SCENArios, the cost saving rates were 8.0%-40.0%
that demonstrates the importance of accurate cooling
demand prediction for developing the optimal control
strategies. Also, it is found that cold generation can be
optimally allocated between the ice storage tank and the
two turbo-chillers over the course of 24 hours, leading to
additional operation cost savings. Under the high-level
cooling demand scenario, the cost saving potential was
8.5% despite the fact that the existing and proposed
control strategies have almost the same total cold
generation (10,733kWh vs. 10,755kWh).

For future work, uncertainty of performance parameters
should be considered to discuss control reliability. As
shown in Figure 1, the performance of chillers is under
significant uncertainty. Therefore, the optimal control
strategy that can reflect the stochastic characteristics of
buildings will be further studied.
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