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ARTICLE INFO ABSTRACT

Keywords: The Intelligent Building Agents Laboratory (IBAL) at the National Institute of Standards and Technology (NIST)
HVAC will be used to develop and evaluate advanced control systems for commercial building heating, ventilation, and
Control algorithms air conditioning (HVAC) applications. Advanced control techniques include model predictive control (MPC) and
Thermal energy storage distributed optimization, both of which can utilize machine learning.

Intelligent agents This study is a first step in the development of more advanced techniques. MPC is used to generate an optimal
schedule for the operation of a cooling plant consisting of ice-on-coil thermal energy storage and two chillers
with different maximum capacities. The schedule is generated offline and then used in the IBAL. The perfor-
mance of the actual system is used to validate the simulation. The simulation is then used to conduct studies
relating to the effect of the time horizon and electrical tariff on the optimal schedule. The results demonstrate
that an agent-based control architecture is effective in defining optimal control of thermal energy storage sys-

tems.

1. Introduction

In 2017 approximately 18% of the energy consumed in the U.S. was
used by commercial buildings [1]; improving the operation of the
heating, ventilation, and air-conditioning (HVAC) systems in commer-
cial buildings can lead to a reduction in energy consumption and/or
operational costs. Significant progress has been made in the integration
of building control systems through the development of standard
communication protocols, such as BACnet and BACnet/IP, but there has
been less progress making them “intelligent” about optimizing building
system-level performance. The study presented here demonstrates an
intelligent, agent-based architecture for optimizing the operation of a
chiller plant with thermal ice storage. The study includes a comparison
of simulation and experimental results. The focus of the optimization is
to reduce operating costs, which may or may not reduce energy con-
sumption, the latter depending on the details of the system design.

Thermal energy storage (TES) can be used to store energy generated
by renewable sources, such as wind and solar, so that energy can be
used at a time when those resources are unavailable, but it can also be
used to manage the load on the electric grid. Utilities will often in-
centivize load shifting by charging lower electric rates at night, thereby
reducing the demand on the grid during peak use hours. Palizban and
Kauhaniemi [2] provide an overview of TES technologies and

applications. The operation of an ice-on-coil TES for load shifting is
considered in the present study. This type of TES uses a chiller to freeze
water during times when electric rates are low and then melting ice to
meet a building cooling load during times when electric rates are high.
This strategy may not reduce energy consumption, but it does lower
operating costs. The integration of TES into a cooling plant requires
consideration of the control strategy and is a good application for in-
telligent agent control.

The following papers describe some of the research into TES control
that is used to inform the design of the TES and Optimization agents
discussed later. Henze et al. [3], used model predictive control (MPC) as
an optimal controller to plan the operation of an office building with
ice-on-coil TES. The operating cost was minimized using dynamic
programming under real-time pricing scenarios. They compared the
optimal results to heuristic control strategies: chiller-priority, storage-
priority, and constant-proportion control. Henze [4] provided an
overview of optimal, rule-based, and heuristic control methods under
uncertainty. Liu and Henze [5] demonstrated a control scheme based on
reinforcement learning that, while not optimal, showed promise for real
world use.

Ooka and lkeda [6] present a recent overview of approaches to
optimal control of active TES systems, such as ice-on-coil TES. In most
cases researchers minimized the operating cost, but some researchers
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Fig. 1. Schematic of the components in the IBAL used in this study.

also considered first costs, life cycle cost, and CO, emission reduction. A
variety of solution techniques are in current use, including dynamic
programming, mixed integer linear programming (MILP), genetic al-
gorithms, quasi-Newton methods, etc. Sun et al. [7], reviewed load
shifting strategies using several different types of energy storage, in-
cluding active TES.

Vetterli and Benz [8] used MILP to investigate the optimal control of
an ice storage system under a variety of electric tariff structures. They
found that adding ice storage to an existing vapor compression system
reduced cost by 11% and allowed a 26% reduction in vapor compres-
sion capacity. Habeebullah et. al [9] studied the implementation of an
ice storage system in Saudi Arabia under a flat rate tariff structure and
under a time-of-use (TOU) tariff. They studied full (ice meets 100% of
daytime loads) and partial (ice meets a portion of the daytime load)
storage strategies. The flat structure yielded no benefit using full-sto-
rage, but some savings using partial storage. The TOU tariff yielded
savings under both strategies. Hajiah and Krarti [10] studied a com-
bined active and passive (i.e., building thermal mass) TES system under
a TOU tariff including a time varying demand charge. They found
substantial savings using TES under this tariff.

Luo et al. [11], developed a data-driven modeling methodology for
determining the performance of equipment in a TES system. They used
this model to study optimal and heuristic control algorithms. They also
applied a tariff structure that promoted the use of TES because the night
time rates are substantially lower than the daytime rates. They found
that their optimal strategy saved 5.7%-11.3% of energy costs relative to
the price-priority strategy that was being used in the real shopping mall
where they collected data.

In a direct precursor to the present work, Kelly and Bushby [12]
completed a feasibility study of the use of an intelligent agents infra-
structure to control a HVAC system. An agent obtains information from
the environment, makes a control decision using any number of tech-
niques, and then executes that control decision. In this study they used
17 agents including chiller agents, cooling tower agents, and air
handling unit (AHU) agents. In the simplest case, each agent took turns
deciding their own operation and the rest of the system operated in
response to that decision (e.g., the chiller agent might select a supply
temperature of 10 °C and the AHU agent would have to adjust to cope
with that decision). In this simple case they obtained a reduction in
energy consumption of 21% relative to a baseline. Hou, et al. [13],
developed a distributed MPC technique that uses agents.

This paper presents a distributed agent approach to optimizing the
use of a TES system. The schedule for the operation of equipment is
developed offline using MPC. That schedule is then deployed in the
Intelligent Building Agents Laboratory (IBAL) at the National Institute
of Standards and Technology (NIST) and the differences between the
experimental results and the simulation are examined. The validated
simulation is then used to further investigate the effect of the time
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horizon on the MPC results and the impact of the utility tariff structure,
including TOU and a flat rate, on the potential benefit of TES. This
study demonstrates the use of an agent-based architecture and provides
a starting point for future studies using the IBAL to, for example, de-
velop component models using machine learning and investigate dis-
tributed agent-based optimization.

2. Description of the test facility

The IBAL was developed to demonstrate the application of dis-
tributed intelligent agents in the control of HVAC in commercial
buildings. The laboratory was designed to emulate a small commercial
building and includes equipment such as AHUs, variable air volume
units, electric heaters, pumps, and chillers. The IBAL has an air system
and a water system that are coupled through the cooling coils in the
AHUs. For this study only the water system, which uses a 30% propy-
lene glycol (PG) mixture, is considered. In a real building, a load would
be applied to the water system by the air system via the cooling coils,
but in this case the load is applied via a plate heat exchanger that has
hot water ("72 °C) on one side and PG on the other side. The system is
plumbed as primary-secondary and is described in detail in NIST
Technical Note 1933 [14]. The key details of the layout as used in this
study are shown in Fig. 1. Note that this is a simplified depiction of the
actual system.

HX1 is the heat exchanger that generates a simulated building load
based on the position of valve V11. The load can be met by either
Chillerl, Chiller2, or the ice-on-coil TES. Each chiller has a dedicated
process pump and the TES, when used in the discharging mode, uses the
process pump for Chillerl. The chillers are water cooled by a simulated
cooling tower that supplies 29 °C water. When the TES is in the dis-
charge mode, the mixing valve, V8, is used to create the desired sec-
ondary loop setpoint temperature of 10 °C. This valve is set so that the
TES is bypassed when either chiller is used to meet the load. Either
chiller can be used to charge the TES, but Chillerl is smaller than
Chiller2 and therefore has a lower charge rate.

3. Problem architecture

The problem has been formulated as distributed agents. In this
small, simple problem, there are seven agents:

1) Load Agent - return the predicted building load.

2) Chiller Agents (2) — each chiller has a separate agent that returns
information about the performance of that chiller, including the
power consumption during charging and when meeting a load, the
capacity, and the charge rate.

3) Thermal Storage Agent — return the change in the ice inventory
when the ice is charged or discharged and the power consumption
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Fig. 2. High-level view of the agent architecture.

during discharge.

4) Price Agent — return the cost of electricity based on the specified
tariff.

5) Time Agent — determine time of day for use by the price agent (e.g.,
peak, off-peak, intermediate)

6) Optimization Agent — perform the optimization.

In all cases the model used within the agent can be replaced with a
model that may be better designed for the task. For example, the model
used by the Chiller Agent could be replaced by a neural network
(trained offline) that learns the chiller performance from data acquired
over time. A simple chiller model could be used until sufficient data are
collected to train a neural network. The tariff structure can also be
easily changed by modifying the Price Agent.

Fig. 2 provides a high-level view of the agent architecture. The Time
Agent provides information to the Price Agent, which provides in-
formation to the Optimization Agent. The Optimization Agent contains
constraints and the objective function. The constraints require in-
formation from the Load Agent. The Optimization Agent determines the
mode of operation for a series of time steps (i.e. schedule) and com-
municates that to the HVAC System (Fig. 3), which returns the power
consumption for that schedule. The Optimization Agent uses that in-
formation to calculate the objective function and return a better sche-
dule (e.g. lower cost). This iterative process continues until the opti-
mization process converges.

Fig. 3 shows the agents in the HVAC system. Each agent needs to
know the mode of operation and the load. If the thermal storage is
being discharged or charged, the ice inventory is communicated be-
tween the TES Agent and the Chiller Agents. The power consumption is
output to the Optimization Agent. The following sections describe each
agent.

3.1. Load agent

The Load Agent outputs the predicted building load. For the simple
case examined here, the load is 29 kW from 8 a.m. to 12 pm, 35kW
from 12 pm to 4 pm, and 29 kW from 4 pm to 7 pm. Both chillers have
sufficient capacity to meet the 29 kW load, but only Chiller 2 can meet
the 35 kW load. The TES can meet either load assuming it has sufficient

Chillerl Chiller2
Agent Agent

Mode

Power

Consumption
Load P

Fig. 3. Agent architecture of the HVAC system.
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Table 1

Values used in the Chiller Agent models.
Feature Chiller 1 Chiller 2
Charge Rate [kW] 14.6 19
Charging Power [kW] 10.725 12.445
Operating Power [kW] 10.76 13
Capacity [kW] 30 38

inventory. In the future this agent may contain a load prediction model.

3.2. Chiller agent

The key model parameters in the Chiller Agents, acquired from
measurements in the IBAL, are listed in Table 1. The charge rate is used
to determine how quickly the ice inventory increases. The charging
power is the power consumption of the chiller, chiller process pump,
and chilled water supply pump when the chiller is being used to charge
the ice tank (set point temperature = — 6.7 °C). The operating power is
the power consumption of the chiller and the two pumps when the
chiller is being used to meet the building load (set point tempera-
ture = 10°C).

The capacity is the maximum load that the chiller can meet when
operating with a set point of 10 °C. Both chillers use hot gas bypass and
their power consumption is constant at different loads. They have
limited part load capacity and tend to cycle when the load is approxi-
mately 3kW below capacity. These parameter values were acquired
from prior testing. A future refinement will be to develop a data-driven,
grey box model that better captures the transient behavior of the chil-
lers at start-up and predicts when cycling will occur.

3.3. Thermal storage agent

Table 2 contains the key constant parameter values for the TES. The
only power consumed during discharge is for the Chillerl process
pump. The upper bound on the ice inventory is 1 (100%) while the
lower bound is 0.30 (30%). The 100% upper bound corresponds to the
maximum capacity of 274 kW h. The lower bound was selected because
the charging process takes longer when the ice inventory is low because
more of the energy goes to bringing the bulk water temperature down
to the freezing point.

Figs. 4 and 5 show the temperature of PG entering and leaving the
TES as a function of time when charging from 0% and 25% ice in-
ventory, respectively, using Chiller 2. When the TES is fully discharged,
ice does not start to form until approximately 4h after the start of
charging. When charging from a partially charged state, ice starts to
form after approximately 30 min.

A simple heat transfer model is implemented to calculate the change
in ice inventory given the load or chiller charge rate, as shown in Eq.
(1). In this equation A is the change in ice inventory, Q is either the load
(negative) or the charge rate (positive), At is the time step (15 min is
typical), his the latent heat of fusion of water (334 kJ/kg) and M is the
mass of water (2846.35kg). The initial ice inventory is given to the
program and the inventory is updated at each time step depending on
the operation selected for that time step. This simple model only works
well if the ice inventory does not drop so low that the charging process
requires a long start-up time, as discussed previously. A grey box model

Table 2

Values used in the TES Agent models.
Feature Value
Discharge Power [kW] 0.936
Lower Bound on Inventory [-] 0.30
Upper Bound on Inventory [-] 1
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will be developed for the chiller agents to better capture the reality of
the charging process. This will allow the ice inventory to be more fully
utilized.

404
hy M €]
A more complex and realistic model for the TES was implemented at
Drexel University based on other work [15-18]. The model returns the
temperature of the PG leaving the TES based on the inlet temperature,
mass flow rate, parameters in Table 2, and empirically determined
constants. The ice inventory is then calculated from the inlet tem-
perature, outlet temperature, and mass flow rate in a manner similar to
Eq. (1). These two models compare within 10% over the range of ice
inventory levels allowed in the current study.

4. Tariff
Table 3 is a summer tariff structure in Maryland from the year 2000.
Table 3

Time metered medium general service schedule M-GT from Pepco in the year
2000 [19].

Period Time Rate

On-Peak 12pm to 8 pm 0.04235 $/kWh

Intermediate 8 am to 12 pm 0.03419 $/kWh
8 pm to 12 am

Off-Peak 12 am to 8 am 0.01168 $/kWh

On-Peak Demand 12pm to 8 pm 10.15 $/kW

Max Demand All month 3.80 $/kW
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This structure was selected for the initial study because it encourages
the use of TES, but a more recent flat structure will be discussed in a
later section. This tariff is implemented in the Price Agent and the
period (off-peak, on-peak, intermediate) is determined by the Time
Agent. It is a TOU tariff in both energy and demand charges.

5. Optimization

The problem is formulated as a mixed integer linear program
(MILP). The system can operate in one of five modes (Nyoqes = 5) to
meet a building load:

1) Charge the ice tank using Chiller]l (Chargel)

2) Charge the ice tank using Chiller2 (Charge2)

3) Discharge the ice tank to meet a load (Discharge)
4) Use Chillerl to meet a load (Ch1)

5) Use Chiller2 to meet a load (Ch2)

MPC is an optimization technique that uses a model of the system
(Chiller and TES agents) that captures dynamic system behavior to
calculate the performance of the system (objective function) over a time
horizon. In this problem the horizon is two days and the dynamic model
uses a 15-min time step.

The optimization process, implemented in the Optimization Agent,
is composed of a solver, constraints, and an objective function. Each
piece is discussed in detail in the following sections, but at a high-level:

e Solver: generate an operating schedule composed of a mode of op-
eration for each 15-min interval over two days; use the value of the
objective function to improve the proposed schedule while meeting
the system constraints.

e Constraints: define physical limitations on the schedule the solver
proposes; the solver could otherwise propose a schedule that is non-
physical.

® Objective Function: calculate a single metric to evaluate the pro-
posed schedule; in this case, sum the cost of operating the system for
each 15-min interval over two days.

The optimization problem is designed to determine which, if any
mode, to select at each time step with the goal of minimizing the overall
cost of electricity during the time horizon. The output of the
Optimization Agent is the schedule for the entire two-day horizon.

5.1. Objective function

The objective function is a combination of the cost of electricity, py,
and a penalty function; the general form is given in Eq. (2). N is the
number of time steps in the horizon of the optimization problem. For
this study the time step is 15min and the horizon is two days, so
N = 192.

N
J = min Z Dy + penalty
k=1

(2

It is implemented as shown in Eq. (3). The energy charge, ppase ks
and the penalty function are scaled by the horizon in days (nDays = 2
days). The demand charge, pgemand; iS scaled by the number of days in
the month. Demand charges are based on the maximum half hour
power consumption during each of the periods defined in the tariffs in
Table 3 — on-peak and maximum monthly demand - during the entire
month. The three terms are converted to a per day scale so that they
have equal weight.

1 < )2
J= zpbase,k + demand +

penalty
nDays = 31

nDays 3)

The energy charge is calculated by multiplying the electric rate for
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Mode Start Time Stop Time Load [kW] Power [kW] Change in Ice Inventory [%]
Predicted Measured Predicted Measured Predicted Measured

4 8 am 12pm 29 23.8 10.76 10.9 NA

3 12 pm 4 pm 35 29.8 0.936 0.95 -58.5 -52

3 4pm 4:30 pm 29 24 0.936 0.95

4 4:30 pm 7 pm 29 24 10.76 10.9 NA

1 12:15 am 8 am 0 0 10.725 10.6 42.9 43

4 8 am 12 pm 29 23.9 10.76 10.8 NA

3 12pm 4pm 35 30.9 0.936 0.95 -53 -53

4 4pm 7 pm 29 24 10.76 10.9 NA

each time of the day, penergy,x» Dy the energy consumption (Q*At)
during that time period. In the model At is 15 min and in the test it is
10s.

pbase,k = penergy,k [%]*Qk [kW]*At [hr] (4)
The demand charge is calculated by summing the demand charges
for each of the periods defined in the tariff.
pdemand = max Q [kW]*pdemand,onPeak + maXQ [kW]*pdemand.month
on—peak month (5)
The penalty function prevents the optimization from selecting a
schedule in which the mode frequently cycles on and off. Before this
term was added, the optimization would often select a schedule in
which a mode was selected for a minimum up time as defined by the
constraints, then turned off for a minimum down time, then turned on
for a minimum up time, and so on. The mode was used for the same
total amount of time, but the model did not consider the real-world
impacts of turning equipment on and off. The penalty is scaled by: 1)
the peak energy charge so that it is in units of $, and 2) 0.5 so that the
penalty is only incurred for half of the on-off cycle (i.e., it is only pe-
nalized for turning the mode off or on, not both). The variable x in-
dicates if the mode is on (1) or off (0).

N Nimodes

DD ket — Xl

k=2 i=1

max enei )
penalty = (;) s

(6)

5.2. Constraints

The first three constraints are shown in Eq. (7). The first constraint
ensures that only one mode, x, is selected during any time step. The
second constraint limits the ice inventory to between 100% charge (1)
and 30% charge (0.30). The third constraint ensures that if there is a
load, L, then the mode selected must have a capacity, C, that is greater
than or equal to the load. Without this constraint, the load would
simply go unmet since that is the least expensive operation.

Zfi"i"d“ CirXik = Lk
030 <I <10

Somodes € exie > Li %)

The minimum up-time (U;) constraint is presented in Eq. (8) and is
used to ensure that once a mode is selected it remains on for the spe-
cified period [20,21]. The minimum up-time for each mode was se-
lected based on experience using the equipment in the IBAL and is
presented in the equation in terms of time steps of 15 min.

Xik — Xik-1 < Xiy

Vyé€lk, min(N, k + U, — 1)]
Vie [L Nmodes]

Vkel2 N]

U=16,6,4, 2, 2] (€)]
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Similarly, Eq. (9) defines the minimum down-time (D;) constraint.
This constraint prevents a mode from being deselected and then im-
mediately reselected. Based on experience with the equipment in the
IBAL, the minimum down-time was set to just one time step.

Xik-1— Xig S 1 — Xig

Vge |k, min(N, k+ D; — 1)]
Viell,s]

Vke|[2 N]

D=1]1,1,1,1,1] )

5.3. Solver

The optimization problem was implemented in YALMIP [22], an
open source tool that can be used to build an optimization problem in
the format required by various solvers in MATLAB. The MILP solver
intlinprog [23,24] is used in this work.

6. Comparison of optimized and actual operation

Table 4 summarizes the results of the simulation and experiment.
The first column is the mode selected for the time span defined by the
next two columns. The predicted and measured loads, power con-
sumption, and change in ice inventory are shown in the remaining
columns. The ice inventory is only shown for the periods when the TES
is being charged or discharged. The relative uncertainties of the load
and power measurements are approximately 6% and 0.2%, respectively
[14]. The load was overpredicted on the first day and this resulted in an
overestimate of the reduction in the ice inventory. On the second day
the measured change in ice inventory was essentially the same as the
predicted change, even though the load was lower than predicted. In
this case it is likely that the actual load was at the higher end of the
uncertainty band and therefore closer to the prediction than the mean
value indicates. The uncertainty of the ice inventory measurement also
means that the measurement does not perfectly match the prediction.

The ice inventory prediction is compared to the measured data,
which have been filtered to remove some noise, in Fig. 6. The absolute
uncertainty of the ice inventory measurement is estimated as + 3%.
The first set of discharge data shows that the rate of discharge was
initially similar to the predicted rate, but it became less steep over time
and did not melt to the predicted level. The charge data are therefore
vertically offset from the prediction, but the slope is parallel, indicating
that the predicted and measured rate of charge were similar. The rate of
discharge for the second period is very close to the predicted rate, in-
dicating that the measured load was likely higher than the mean in
Table 4.

The predicted and measured power consumption are nearly iden-
tical, which is expected because the prediction was based on prior
performance data for the pumps and chillers. As shown in Table 5, the
cost based on the measured data is slightly greater than predicted due
to the greater power consumption in the experiment. Note that the last
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Fig. 6. Predicted and measured ice inventory. The measured inventory has been
filtered to remove noise.

Table 5
Predicted and Measured Cost.
Demand [$] Energy [$] Total [$]
Predicted 150.10 6.64 156.74
Measured 156.74 6.85 163.24
Perfect Load Prediction 150.10 5.63 155.73
No TES 181.91 9.97 191.88

two rows of the table are discussed below.

Fig. 7 is a summary of the predicted operation. The top figure shows
the predicted load, the center figure shows the energy and demand
costs over time, and the bottom figure shows the schedule. It is ap-
parent that the optimizer chooses to operate the chiller during lower
cost periods (when possible given other constraints) and the TES during
higher cost periods.

In this test the experiment ran the schedule shown in Fig. 7, so even
though the ice melt was lower than expected on the first day, the system
did not continue to use ice until it reached the predicted inventory. This
behavior demonstrates two important considerations: 1) the control

Journal of Energy Storage 23 (2019) 89-97

system can start with a schedule generated offline, but that schedule
needs to be updated during actual operation to more fully utilize the
thermal storage; 2) a better prediction of the building load will result in
a more optimal schedule. The schedule shown in Fig. 8 was generated
by running a new optimization using the actual load measured in the
laboratory. This is the result that would arise if there was perfect pre-
diction of the load. The schedule is only slightly different from the
original and the total operating cost is only slightly lower. Over the
course of a month, however, that difference could become more sig-
nificant. The bottom line is that it would be beneficial to update the
schedule during operation.

If the TES is not present, then only Chillerl and Chiller2 can be used
to meet the load and the cost would 18% greater than the predicted cost
and 15% greater than the measured cost. The demand charge is a sig-
nificant driver of the cost, but it is constant for the month. The energy
charge for two days is 33% and 31% greater than the simulated and
measured charges with the TES, respectively.

7. Different horizons in simulation

One of the key elements of MPC is the horizon over which the
control decisions are made. In a system containing a TES the overall
time horizon is on the order of days because a charge/discharge cycle
requires at least one day. Fig. 9 shows the schedule generated using the
load profile in Fig. 7 for horizons of 1, 2, 3, and 4-days. As shown in
Fig. 10, the schedule is driven by the need to maintain the ice inventory
above 30%. When the horizon is 1-day, the ice is used to its fullest
(given the constraints). For a 2-day horizon, by the end of the second
day the ice is used to approximately 30% and the smaller chiller,
Chillerl, charges the ice. For a 3-day horizon, the ice inventory is
driven to the minimum at the end of the horizon and at the end of the
first day. Since the ice is used more on each day, it is charged using
Chiller2, which uses more power and therefore the demand charge
increases. The 4-day horizon has similar behavior to the 3-day horizon.

When using TES two time scales need to be considered: a long time
scale, over days, and a shorter time scale, over hours. The longer time
scale accounts for the impact of long term needs on daily operation and
the shorter time scale allows the schedule to be updated based on the
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Fig. 7. Load, cost, and schedule generated by the simulation using the tariff in Table 3.
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Fig. 8. Load, cost, and schedule generated by the simulation when using the measured load.

measured loads. In the simplest case, a discharge period could be ter-
minated based on the ice inventory level rather than time, thereby
accounting for inaccuracies in the load prediction, or the entire opti-
mization could be re-run with updated inputs. This latter option would
be dependent on having a sufficiently fast (on the order of minutes)
solver. This study did not focus on the solver, but for context, the 1-day,
2-day, 3-day, and 4-day optimizations required 0.71, 8.9, 54.3, and
123 min, respectively. Online optimization using longer horizons would
be difficult using the current problem formulation and solver.

demand = $150.1, energy = $2.31

8. TOU vs flat tariff

The tariff used up to this point is based on one that existed in
Maryland nearly 20 years ago, and that tariff encouraged the use of load
shifting because it included an on-peak demand charge that resulted in
substantially more cost for operating equipment during the afternoon
hours. A current rate structure in Maryland, presented in Table 6, is a
flat energy rate for all hours of the day and a flat demand charge for the
maximum 30-min period in a month.

demand = $150.1, energy = $6.64
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Fig. 9. Schedule for a horizon of (top left to bottom right): 1-day, 2-days, 3-days, and 4-days.
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Table 6
Current tariff in Maryland [19].

Period Time Rate

On-Peak
Intermediate

0.0876 $/kWh
0.0876 $/kWh

12pm to 8 pm
8:00 am to 12 pm
8 pm to 12 am

Off-Peak 9:30 pm to 8:30 am 0.0867 $/kWh
On-Peak Demand 12 am to 8 pm 0 $/kw
Max Demand All month 3.1333 $/kW

The 1, 2, 3, and 4-day schedules when this tariff is implemented in
the Price Agent are shown in Fig. 11. The schedules are similar in that
each one selects a single day to use as much ice as possible and never
charges the TES. There is simply no incentive to use TES under this
price structure. The overall operating costs are lower — the 2-day cost is
37% of the 2-day cost under the old price structure.

Under this scenario, the only way to benefit from TES is to in-
corporate it into the design of the facility. Considering the IBAL, this
scenario can be modeled by removing modes 2 and 5, which use
Chiller2, and adding a mode where Chillerl and the TES can be used at
the same time to meet a load that exceeds the capacity of Chillerl. This
is a scenario where the chiller has been downsized based on the in-
clusion of TES. Under this scenario, the cost of operating for two days is
$50.36 vs $57.66 (using the schedule in Fig. 11). Most of the savings are
due to the lower demand cost of $33.71 because Chiller2, and its higher
power consumption, is no longer used. Under this scenario the opti-
mizer also tends to primarily use Chillerl to meet the load, adding the
ice when necessary to meet a load that exceeds the chiller’s capacity,
rather than using only ice. The Chillerl capacity is high enough to meet
most of the load, so the ice melts slowly enough that it does not have to
be charged at night, even if the horizon is extended to 5-days.

If the capacity of Chillerl is cut to 75% (22.5 kW) so that the TES is
used more extensively, the 2-day cost is $33.71 + $21.99 = $55.70.
The demand charges are still lower, but the energy cost increases be-
cause now the TES is charged overnight. In this scenario, the TES is also
used by itself to meet the load for at least a brief period of time.
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9. Conclusions

This study has successfully demonstrated the use of a distributed
agent architecture to optimize an HVAC system in the IBAL, an ex-
perimental facility at NIST. In this case, the operation of a TES system
was optimized using MPC with an agent-based architecture. A simula-
tion of the system was validated and then used to examine the effect of
the time horizon in the MPC calculation on the optimal schedule and
the differences between a flat electrical tariff and a time-of-use tariff.

The operational cost based on the measured power consumption
exceeded the simulated cost by approximately 4%, providing a vali-
dation of the simulation. As expected based on prior research, when
TES was used with a time-of-use price tariff it reduced operating costs
relative to a system with only chillers by approximately 18%. The va-
lidated simulation was used to evaluate the effect of the MPC horizon
on the optimal schedule. The results show that the optimizer will select
a schedule that brings the ice inventory to a minimum level at the end
of the horizon. For a single day horizon, this means the ice will be
melted by the end of the day. In real operation, if the optimizer does not
know that there is another day ahead, then the ice will not be charged
for that next day. A multi-day horizon is recommended to most fully use
the TES. Finally, the effect of the tariff structure on the optimal sche-
dule was examined. A flat tariff structure discourages the use of TES. In
that case TES is only beneficial, at least in terms of electric cost, if it is
accounted for at the design phase to decrease the capacity of the chiller.

One of the most important aspects of future work will be to leverage
the distributed agent architecture to implement distributed optimiza-
tion, perhaps through use of the proximal method [13]. The agents
themselves will also be improved so that they can learn the perfor-
mance of the subsystem they represent from experimental data, pro-
viding better models for simulation. Better models will be critical to
more fully utilize the ice tank, for example. If the ice inventory drops
below a yet unknown level, the charge rate for the chiller is not con-
stant and the chiller model will need to capture this transient behavior
to avoid under-predicting the time required to charge the TES. This
architecture will provide the flexibility required as more equipment is
brought into the simulation with the ultimate goal of optimizing whole
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demand = $33.71, energy = $5.64
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demand = $40.86, energy = $16.8
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Fig. 11. Schedules for current tariff in Maryland for 1, 2, 3, and 4-day horizons.

building operation.
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