LI, Wenzhuo; LI, Hangxin; WANG, Shengwei. An event-driven multi-agent based distributed optimal control strategy for
HVAC systems in [oT-enabled smart buildings. Automation in Construction, 2021, 132: 103919.

https://doi.org/10.1016/j.autcon.2021.103919 This is the Pre-Published Version.

An event-driven multi-agent based distributed optimal control strategy for

HVAC systems in loT-enabled smart buildings

Wenzhuo Li, Hangxin Li and Shengwei Wang*

Department of Building Services Engineering, Research Institute for Smart Energy, The Hong
Kong Polytechnic University, Kowloon, Hong Kong.

Abstract: Smart buildings generally adopt a centralized optimal control for heating, ventilation
and air-conditioning (HVAC) systems to improve the building system performance. As a crucial
technology adopted in smart buildings, Internet of Things (IoT) based wireless sensor networks
(WSNs) are promising platforms for implementing novel distributed optimal control to achieve
distributed intelligence effectively. Such a future mist computing paradigm can be hindered by the
limited energy resource of WSNs. The event-driven optimization method activates the
optimization only when events occur. It can save the energy resource of WSNs, and thus pave the
way for implementing the distributed optimal control architecture in loT-based WSNs. This study
therefore proposes an event-driven multi-agent based distributed optimal control strategy for
HVAC systems for implementation in 10T-based battery-powered WSNs. The strategy consists of
two novel schemes. First, an event determination scheme determines the event threshold by
comprehensively considering the system performance and the total energy consumption of
individual sensors implementing the distributed optimal control architecture. Second, an event-
driven distributed optimization scheme solves the optimization problems with distributed
optimization algorithms in 10T sensors of limited data processing capacity when an event occurs.
Comparison and case studies are conducted to compare different strategies and validate the
proposed strategy. Results show that different strategies require very different sensor energy
consumption. The proposed strategy can provide satisfactory system performance while reducing

the energy consumption of 10T sensors.
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1. Introduction

The Internet of Things (l1oT) has attracted increased attention worldwide. It refers to objects with
embedded computing devices that are able to connect to each other and exchange data using the Internet.
10T technology is increasingly applied in various domains, such as health, traffic, logistics, retail,
agriculture, smart cities, smart metering, remote monitoring, and process automation [1]. Recently, in
smart buildings, loT-enabled services and applications [2,3] have been implemented to manage the indoor
environment [4] and energy use of building systems [5]. A $70-150 billion and $200-350 billion
economic impact are anticipated in offices and homes respectively [6]. l0T-based wireless sensor network
(WSN) is a crucial technology adopted in smart buildings.

One of the critical issues for l10T-based WSNs, and especially battery-powered WSNSs, is the limited
energy resources available in individual sensors [7]. Given this, measures including reducing the sensor
energy consumption and energy harvesting (extracting energy from the ambient environment) have been
considered. Heinzelman et al. [8] proposed an energy-efficient communication protocol for wireless
microsensor networks, Low-Energy Adaptive Clustering Hierarchy (LEACH), to distribute the load to all
nodes and reduce global energy usage. LEACH was compared with the conventional protocols including
the direct transmission, the minimum-transmission-energy, the multi-hop routing and the static clustering
to demonstrate its superior performance. Elhoseny et al. [9] proposed a dynamic method to determine
cluster heads and form sensor clusters using the genetic algorithm. The proposed method reduced the
variance of remaining energy in individual sensors, thus extending network life. Roundy [10] investigated
the conversion of ambient vibrations to electricity, which can be used by low power wireless electronic
devices. Raghunathan et al. [11] investigated the key factors in designing solar energy harvesting wireless
embedded systems. The performance of the solar energy harvesting module Heliomote was presented and

evaluated through experiments.

As the counterpart of the widely adopted centralized optimal control approach, the relatively new
distributed optimal control approach solves the optimization problem by coordinating individual agents
in a distributed manner, which matches well with the distributed installation layout of loT-based WSNs
[12]. Besides their implementation in manufacturing [13] and chemical [14] fields, distributed optimal
control architectures have been introduced into building systems, such as heating, ventilation and air-
conditioning (HVAC) systems. Klein et al. [15] implemented a multi-agent comfort and energy system to

reduce energy consumption and improve occupant comfort by coordinating building system device



operations and occupant meeting schedules. Cai et al. [16] proposed and implemented a general multi-
agent control approach in the distributed optimal control of a chiller plant and a multi-zone direct
expansion (DX) air-conditioning system. Su and Wang [17] proposed and implemented an agent-based
distributed optimal control strategy in a central cooling system. Several implementation issues including
energy efficiency, optimization accuracy, convergence rate, computation complexities and computation
loads were discussed. Li and Wang [18] proposed a multi-agent based distributed approach for the optimal
control of multi-zone ventilation systems. According to the mist computing paradigm, the optimal control
problem can be deployed and solved on 10T sensors of limited data processing capacity [19]. In loT-based
WSNSs, sensor energy consumption differ based on whether a centralized or distributed optimal control

architecture is used, which has not been fully discussed in previous studies.

When implementing distributed optimal control strategies in loT-based battery-powered WSNs,
reducing the operation frequency of sensors can reduce their energy consumption, thus assuring an
acceptable battery replacement interval for sensors. 10T sensors can be operated with basic function (i.e.
data collection) as well as advanced functions (i.e. communication, data analysis, computing and decision-
making). Reducing the number of decisions needed through optimization can reduce the operation
frequency of sensors. Conventionally, the proper set-points of control loops in HVAC systems can be
determined with a time-driven optimization method [20]. The optimization action is driven in each time
interval, a pre-determined fixed value. Compared to a shorter time interval, a longer time interval leads to
less frequent optimization computation. Therefore, the energy resources of loT-based battery-powered
WSN:s are less frequently used [21], but the optimization performance may be worse due to the untimely
reaction to the various operating conditions [22]. For cases with stable operating conditions, a shorter time
interval may not improve the optimization performance significantly but can waste the energy resources
of the loT-based battery-powered WSN, thus is not necessary [23]. The time interval is generally
determined by experience, and thus cannot be used to ensure a proper trade-off between satisfactory

optimization performance and minimized use of energy resource in loT-based battery-powered WSNSs.

In contrast with a time-driven optimization method, optimization can also be triggered when pre-
determined events occur, which is referred as the event-driven optimization method. The event-driven
method originates from discrete event systems [24], and it has been widely applied in many fields such as
sampling [25] and estimation [26]. The event-driven optimization method, integrating the event-driven
and optimization methods, was proposed by Cao [27,28], and is more flexible when handling uncertainties.

Xu et al. [21] defined two events in the developed model-based periodic event-triggered mechanism (ETM)
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as a novel building operational optimization approach. Optimization actions were triggered if the actual
occupied time was different from the predicted time or if the PMV value deviated from the comfortable
range. The results using ETM showed a significant reduction in communication and computational
resource usage, with acceptable system performance degradation compared to the time-triggered method.
Wang et al. [23] defined two events for optimal control HVAC systems, part-load ratio (PLR) change and
chiller on/off switching. The threshold for PLR change was determined by testing the energy saving
percentage of different PLR changes (from 5% to 15%) compared to time-driven optimization. The event
“PLR change by 7%” offered a relatively high energy saving percentage in cases, and thus was finally
determined. Wang et al. [29] proposed the design approach to establish the event, policy and action space
for event-driven optimization in HVAC systems. The performance score, combined with the energy and
computation savings compared to the benchmark case, was used to determine the threshold of an event.
Wang et al. [30] used the random forest (RF) to identify the relationship between the Euclidean distances
of decision variables and state variables as well as their variations. State variables with higher percentage
increases of the mean square error represented a higher importance, and thus were selected as events. Hou
et al. [31] developed a systematic method, in which sensitivity analysis, linear regression and a
comprehensive search were used, to determine the event/action space and the event-action map. By
properly determining the events, it is expected to find a trade-off between the satisfactory optimization
performance and minimized use of energy resource of the loT-based battery-powered WSN, which has

been rarely considered in previous studies.

This study therefore proposes an event-driven multi-agent based distributed optimal control strategy
for HVAC systems for implementation in loT-based battery-powered WSNs. It consists of two core
schemes, including an event determination scheme and an event-driven distributed optimization scheme.
This study has four major contributions. (1). A new event determination scheme is adopted to determine
the event by comprehensively considering the system performance and sensor energy consumption in loT-
based battery-powered WSNs implementing the distributed optimal control architecture. (2). A new event-
driven distributed optimization scheme is adopted to solve optimization problems using distributed
optimization algorithms deployed in 10T sensors of limited data processing capacity only when events
occur. (3). As loT-based battery-powered WSNs become increasingly integrated in optimal control of
building systems, sensor energy models are introduced into building field to estimate sensor energy
consumption and to provide a reference for the effective use of the limited energy resources available in

individual sensors. (4). A comparison is conducted between the centralized and distributed optimal control

4



strategies in the aspects of sensor operation and energy consumption, the latter quantified both for each

mode and in total for each sensor.

2. The proposed event-driven multi-agent based distributed optimal control strategy

This section first presents the optimal control problem of heating, ventilation and air-conditioning
(HVAC) to be solved by the proposed strategy. Then, the outline of the event-driven multi-agent based
distributed optimal control strategy is presented in section 2.2. Two core schemes, the event determination

scheme and event-driven distributed optimization scheme, are illustrated in detail in sections 2.3 and 2.4.
2.1. Problem statement

The control objective of HVAC systems is to maintain a satisfactory indoor environment quality (IEQ)
in individual rooms with minimized energy use of HVAC system. Using the weighted sum approach, the
multi-objective optimization problem is expressed as the objective function in Equation (1). Where, n is
the number of rooms, Objieq,i is the objective function of IEQ in room i, £ is the weighting factor, Objxvac
is the objective function of energy use of HVAC system. Different types of HVAC systems (e.g. Variable
Air Volume (VAV) air-conditioning systems and dedicated outdoor air systems (DOAS)) are responsible
for maintaining different IEQ indicators (e.g. indoor temperature and CO, concentration) by optimizing
set-points of different control loops (e.g. temperature set-points and outdoor air volume of individual
rooms). At the current stage, such an optimal control problem is solved by the central station in a
centralized optimal control architecture. The optimization decision-making is conducted based on a time-
driven optimization method. By contrast, the proposed strategy aims to solve this optimal control problem
by 10T sensors of limited data processing capacity in a distributed optimal control architecture. The
optimization decision-making is conducted based on an event-driven optimization method to save the
energy resource of 10T sensors in battery-powered WSNSs. Besides its novelty, the proposed strategy is

also generally applicable for the optimal control of different types of HVAC systems.
Obj =¥i_1 Objiggi+B - Objuyac 1)
2.2. Outline of event-driven multi-agent based distributed optimal control strategy

An outline of the proposed event-driven multi-agent based distributed optimal control strategy is
shown in Figure 1. It is integrated with the event-driven optimization method and the distributed
optimization method. By analyzing real-time operational data of the system, it is judged whether a pre-

determined event has occurred. If no event occurs, no optimization will be conducted and the previous



set-points of the system will be maintained. If an event occurs, optimization will be conducted to determine
the optimal set-points of the system given specific control objectives for the current condition. Two core
schemes, the event determination scheme and event-driven distributed optimization scheme, distinguish
the proposed strategy from those proposed in previous studies. In the event determination scheme, an
event is determined by considering the system performance and the sensor energy consumption in loT-
based battery-powered WSNs implementing the distributed optimal control architecture. In the event-
driven distributed optimization scheme, if an event occurs, optimization will be realized by distributed
optimization algorithms in loT-based battery-powered WSNs.

| System real-time operational data |

Event determination scheme

* System performance

* Energy consumption of
individual sensors

The event occurs?

Maintaining the || Event-driven distributed
previous set-points||  optimization scheme

Figure 1. Outline of the event-driven multi-agent based distributed optimal control strategy

2.3. Event determination scheme

This section elaborates the formulation of the performance score, considering system performance

and the total energy consumption of each sensor, to determine the event for the proposed strategy.

2.3.1. Performance score

The proposed strategy is based on the assumption that the more the current system state (Sk) deviates
from the previous system state (Sk-1), the more the optimal current set-points of the system (Opt.Setx)
deviate from their previous values (Opt.Setk.1). Thus, the necessity of optimization is increased. In this
study, a change of system state is defined as an event [32]. In operation, if the deviation between
measurements of the selected system state variable at previous and current sampling times (i.e. ASk=|Sk-

Sk-1]) is greater than the preset event threshold, an event is detected.



If a large threshold is selected, the optimization will not be triggered frequently, which may result in
degradation of system performance due to optimization delays. Under the distributed optimal control
architecture, the optimization problem is solved by coordinating distributed agents on individual sensors.
Thus, the sensor energy consumption can be reduced by reducing the optimization computations triggered.
In contrast, if a small event threshold is selected, the optimization will be triggered frequently, improving
system performance but increasing sensor energy consumption. Therefore, there is a trade-off problem in
selecting the proper event threshold to ensure satisfactory system performance while minimizing sensor

energy consumption.

A performance score (PS) is defined to quantify the performance of the optimal control strategy

adopting a specific event threshold, as expressed in Equation (2). It consists of two parts. 3%, PSSYSj is

the sum of m different system performance scores to evaluate the system performance. For the j system
performance score, it is defined in section 2.3.2. PS,.,s0r IS the sensor energy score used to evaluate
sensor energy consumption. The objective is to minimize the performance score by selecting the best event
threshold for the control strategy. The specific event threshold which allows the strategy offering the best

performance score (i.e. the lowest PS) is identified as the best event threshold.

1
PS = _(Z;n=1 PSsys,j + PSsensor) (2)

m+1

2.3.2. System performance

The system performance score (PSsysj) evaluates the system performance given by the strategy
adopting a specific event threshold, compared to the most satisfactory system performance given by the
benchmark strategy. The system performance is evaluated by several system performance indicators,
including IEQ indicators to be maintained and energy use of concerned HVAC systems. In this study, a
time-driven multi-agent based distributed optimal control strategy with a small time interval is adopted as
the benchmark strategy. The system performance score (PSsys,) is calculated using Equation (3). Ij is a
system performance indicator given by the strategy adopting a specific event threshold. Ijg is a system

performance indicator given by the benchmark strategy.
PSsys,j = |Ij,th - Ij,Bl/Ij,B 3)

2.3.3. Sensor energy consumption



The sensor energy score (PSsensor) €valuates sensor energy consumption under the strategy adopting
a specific event threshold, compared to that under the benchmark strategy. Since the benchmark strategy
adopts a small time interval, it requires the maximum sensor energy consumption. The sensor energy score
(PSsensor) 1S computed using Equation (4). Esensorth 1S Sensor energy consumption under the strategy

adopting a specific event threshold. Esensor,B IS Sensor energy consumption under the benchmark strategy.

PSsensor = sensor,B/(Esensor,B - Esensor,th) (4)

Energy consumption of a sensor (Esensor) IS calculated by summing up the energy consumption for
sensing (Esens), message transmission (Ew), message receiving (Ern) and data processing (Epro) [33], as
shown in Equation (5).

Esensor = Lsens + Etx + ET'X+EpT‘O (5)

Esens IS calculated using Equation (6) [7]. k is the length of a message. Vad (=2.7 V [7]) is the supply
voltage. lsens (=25 mA [7]) is the total current required for sensing. Tsens (=0.5 ms [7]) is the time duration

for sensing.

Esens = k *Vaa * Isens * Tsens (6)

Ew and Ex are calculated using the first order radio model, as shown in Equations (7) and (8) [8]. Eelec
(=50 nJ/bit [8]) is the energy dissipated to transmit or receive a message. Eamp (=100 pJ/bit/m? [8]) is the
energy dissipated by the transmit power amplifier. d is the transmission distance. y is the path loss exponent
relating to the transmission distance, which is set as 2 for a relatively short distance and 4 for a relatively

long distance [34].
Etx = Eglec "k + Eamp * k- dY (7)
Erx = Eelec * k (8)

Epro is calculated using Equation (9) [35]. N is the number of clock cycles per task. C (=0.67nF [35])
is the average capacitance switched per cycle. I, (=1.196 mA [7]) is the leakage current. np (=21.26 [7])

is a constant. V1 (=0.2 V [7]) is the thermal voltage. f is the sensor clock speed.
2 2ad\ y
Epro = NCVig + Vaa | loe™T (F) )

2.4. Event-driven distributed optimization scheme



The process to realize the distributed optimal control with the multi-agent system paradigm has been
claborated in detail in the previous work by this paper’s authors [18]. As illustrated in section 2.1, the
multi-objective optimization problem of the system concerning specific control objectives is
mathematically formulated in a centralized form, i.e. Equation (1). According to the multi-agent system
paradigm, Equation (1) with coupled constraints is decomposed into a number of optimization sub-
problems to be processed in distributed agents using the decomposition theory, e.g. alternating direction
method of multipliers (ADMM). There are multiple room agents with optimization sub-problems of
maintaining IEQ indicators, the HVAC agent with an optimization sub-problem of reducing energy use
and the central coordinating agent with simple rules for updating parameters. Using the exhaustive method,
individual room agents conduct local optimization to determine their own set-points for maintaining IEQ
indicators, and the HVAC agent conducts local optimization to determine its own set-point for reducing
energy use. To guarantee the optimization accuracy, which means the optimal set-points in distributed
optimal control are very close or equal to those in centralized optimal control, the iteration is conducted
as shown in Figure 2. At each iteration I, room agents and the HVAC agent conducts local optimization
in parallel by using the information of other agents updated in the last iteration. With this coordination
process, local optimums converge to the global optimum iteratively.

Initialization
|
Solve local optimizations in parallel: I=1+1
* Each room agent T

« HVAC agent

Parameter update
* The central
coordinating agent,

Yes

Reach the maximum iteration number?

2

No

Reach the convergence ?

Yes i

Solution identification

Figure 2. Flowchart of iteration for distributed optimization



3. Performance comparisons implementing existing centralized and different distributed strategies

Section 3.1 presents an outline of the comparison studies, including the HVAC system of concern and
the configurations of loT-based WSNs implementing the centralized and distributed optimal control
architectures respectively. Section 3.2 presents the existing centralized and different distributed strategies
to be compared. Section 3.3 presents the comparison of building system performance and sensor energy
consumption using time-driven strategies adopting centralized and distributed optimal control
architectures. Section 3.4 presents the comparison of building system performance and sensor energy
consumption using distributed optimal control strategies adopting different event thresholds.

3.1. Outline of the comparison studies
3.1.1. Brief introduction of dedicated outdoor air systems (DOAS)

Dedicated outdoor air systems (DOAS), a popular type of HVAC system, are selected to conduct the
comparison studies. The control objective of DOAS is to maintain indoor CO- concentration, an important
indicator of IEQ, with minimized energy use of DOAS [36]. Therefore, the objective function of IEQ in
room i (Objieg,i) and the objective function of energy use of HVAC system (Objuvac) are shown in
Equations (10) and (11). Where, CO2; is the steady-state CO, concentration of room i, CO2_imit is the CO;
limit (i.e. 800 ppm [42]), Ecniner is the equivalent chiller energy use and Eran is fan energy use. The set-
points of DOAS to be optimized are the outdoor air of individual rooms and the primary air-handling unit
(PAUV).

ObjIEQ,i = maX{O, COZL - COZLimit}Z (10)

Objuvac = Echitier + Eran (11)

In this study, the average COg, the maximum CO; and daily energy use of the DOAS are used to
evaluate building system performance. They are also system performance indicators to calculate system
performance score. Six rooms are served by one PAU. Thus there are six room agents, one PAU agent
and one central coordinating agent. It is worthy noticing that the energy use in DOAS is mainly contributed
by PAU, thus the HVAC agent in section 2.4 is directly renamed as the PAU agent. The occupancy profiles
and outdoor weather in a typical workday in the comparison studies are shown in Figure 3. The comparison
studies are conducted on a TRNSYS-MATLAB co-simulation testbed. In TRNSY'S, indoor real-time CO>

variation is simulated under varying weather, occupancy and PAU control. In MATLAB, the objective
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functions concerning specific optimization sub-problems of room and PAU agents and updating rules of

the central coordinating agent are programmed.
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Figure 3. Occupancy profiles and outdoor weather in the comparison studies

3.1.2. The centralized optimal control architecture

The configuration of individual 10T sensors implementing the centralized optimal control architecture
is shown in Figure 4. Under the centralized optimal control architecture, individual sensors transmit
messages via a gateway to the central station for optimization decision-making [37,38]. 10T CO2 sensors
are installed in individual rooms (S1 to Se in Room 1 to Room 6) and 10T airflow meter is installed on the
PAU (Spau) respectively. The transmission distances between individual sensors and the gateway (di. -
de,c and dpau,c) are shown in Figure 4. The length of a message is assumed to be 800 bits [39-41].
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Figure 4. Configuration of individual 10T sensors implementing centralized optimal control architecture

3.1.3. The distributed optimal control architecture
The configuration and locations of individual 10T sensors implementing the distributed optimal

control architecture are shown in Figure 5. Room agents and the PAU agent are implemented on IoT CO>
sensors (S1 - Se) installed in individual rooms and the 10T airflow meter (Spau) installed on the PAU
respectively. A coordinating agent facilitating the communication among other agents is implemented on

a coordinator sensor (Sco). Messages are transferred between room agents as well as the PAU agent and

the coordinating agent, and distances between them (d1,q4 - de g and dpau,q) are shown in Figure 5.
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Figure 5. Configuration and locations of individual 10T sensors implementing distributed optimal

control architecture
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Besides message transmission/receiving, the room agents, PAU agent and the coordinating agent
conduct advanced data processing. Room agents and the PAU agent adopt an exhaustive method for
optimization. The central coordinating agent conducts simple arithmetic operations for parameter update.
By referring to Equation (9), sensor energy consumption for data processing is proportional to the number
of clock cycles per task, which depends on the performance of the central processing unit (CPU). In this
study, simulation tests are performed on a personal computer (PC) with a CPU clock speed of 3.5 GHz.
The CPU clock speed of typical 10T sensors is 191 MHz, much lower than that of a PC. The number of
floating point operations (FLOPS) is used to assess the computation loads of the optimization tasks, which
is independent from the CPU performance. The number of FLOPs is eventually used to calculate sensor

energy consumption for data processing.

Since the distributed optimization method iterates a number of time before identifying the solutions
to the optimization problems, the message and advanced data processing tasks are repeated. In this study,

15 iterations are assumed for each optimization step.

3.2. Existing centralized and distributed strategies used in comparison studies
Five existing optimal control strategies for multi-zone DOAS are tested and compared in the
comparison studies. These strategies are described as listed in Table 1.

Table 1. Descriptions of centralized and distributed strategies used in comparison studies

Strategy Description

CT1 The Centralized optimal control strategy with the time interval of 1 minute

D11 The multi-agent based distributed optimal control strategy with the time
o interval of 1 minute

DES The multi-agent based distributed optimal control strategy with the event
- threshold of ACO; to be 5 ppm

bE3 The multi-agent based distributed optimal control strategy with the event
- threshold of ACO; to be 3 ppm

DE>2 The multi-agent based distributed optimal control strategy with the event
- threshold of ACO; to be 2 ppm
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e Strategy C_T_1 is a typical optimal control strategy, which is widely investigated and implemented
for multi-zone DOAS in the literature. The optimization is realized by centralized optimization
algorithms in a central station. The optimization is conducted with the time interval of 1 minute.

e Strategy D_T_1 is a relatively new optimal control strategy for multi-zone DOAS, as proposed in the
previous work of this paper’s authors [19]. The optimization is achieved using distributed optimization
algorithms in 10T sensors of limited data processing capacity in battery-powered WSNs. The
optimization is also conducted with the time interval of 1 minute. Such a high optimization frequency
assures that variable operating conditions are handled timely. Thus, the system performance given by
Strategy D_T_1 is considered to be the best. It is therefore used as the benchmark strategy in this study.

e Strategy D_E_5 is a multi-agent based distributed optimal control strategy only adopting the event-
driven distributed optimization scheme. Optimization is conducted whenever the deviation in indoor
CO: between the previous and current sampling times (ACQOy) is larger than 5 ppm.

e Strategy D_E_3is similar to Strategy D_E_5, except the event threshold (ACOy) is changed to 3 ppm.

e Strategy D_E_2is similar to Strategy D_E_5, except the event threshold (ACOy) is changed to 2 ppm.
It is worthy noticing that the resolution of the CO: sensor, defined as the smallest detectable
incremental change of input parameter that can be detected in the output signal, is generally smaller
than 2 ppm. Thus ACO- to be 2, 3 and 5 ppm are applicable to be the event thresholds and the events
are detectable.

3.3. Comparison of time-driven strategies adopting centralized and distributed optimal control
architectures

Table 2 presents a comparison of the sensor operation mode and the corresponding energy
consumption when adopting the centralized and distributed optimal control architectures. The test results
of both centralized and distributed optimal control strategies with the time interval of 1 minute (i.e.

Strategy C_T_1 and Strategy D_T_1) are presented and compared.

The centralized optimal control strategy, Strategy C_T_1, completes optimization and obtains the
optimal solution at each operation state in a central station using the centralized optimization method in a
one-time effort. Individual sensors transmit the collected data to the central station via the gateway. No
advanced data processing needs to be performed in these sensors. In each optimization interval (i.e. 1

minute), both sensing and message transmission are conducted once. As shown in Table 2, sensors
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consumed energy of 38.88 J/day for sensing, and 0.40 J/day for message transmission. A total energy of
39.28 J/day was consumed. This calculated value conformed to the actual energy consumption of typical

IoT CO2 sensors currently used in real cases.

The distributed optimal control strategy, Strategy D_T_1, needs several iterations (15 in this study)
to complete optimization at each operation state using the distributed optimization method. The room
sensors and the PAU sensor collect the data and transmit/receive messages to/from the coordinating sensor.
The local optimization task, i.e. an advanced data processing task, is conducted on individual room sensors
and the PAU sensor. The arithmetic operations for parameter update, i.e. another advanced data processing
task, is conducted on the coordinating sensor. In each optimization interval (i.e. 1 minute), the sensing is
conducted once by the room and the PAU sensors, and no sensing is conducted by the coordinating sensor.
Meanwhile, the above mentioned message exchange and advanced data processing are repeated for about
15 rounds (i.e. 15 iterations). As shown in Table 2, each of the room and PAU sensors consumed 38.88 J
of energy per day for sensing. Each of the room and PAU sensors consumed 3.92 J of energy per day for
message exchange, while the coordinating sensor consumed 29.00 J/day. Each of the room and PAU
sensors consumed 1438.29 J of energy per day for advanced data processing, while the coordinating sensor
consuming 0.03 J/day.

It can be concluded that, under the centralized optimal control architecture, energy of sensors was
mainly consumed for sensing and message transmission. Under the distributed optimal control architecture,
energy of room and PAU sensors was mainly consumed for advanced data processing. The energy of the

coordinating sensor was mainly consumed for message exchange.

Table 2. Comparisons of sensor energy consumption implementing the centralized and distributed

optimal control architectures

Optimal control Distributed
architecture Centralized .
Room and PAU sensors Coordinating Sensor
. Round per
1 1
Sensing optimization interval
Lo Sensors N
Message Devices involved Room and PAU sensors <> Coordinating Sensor
. <>The gateway
transmission Round per
receivin 1 15
Mode /receiving optimization interval
Exhaustive search for Arithmetic operations
Task type o
Advanced data optimization for parameter update
processing Round per 0 15
optimization interval
Sensing 38.88 38.88 0
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Energy Message transmission/receiving 0.40 3.92 29.00
consumption
(J/day)

Advanced data processing 0 1438.29 0.03

Table 3 presents a comparison of the building system performance and sensor energy consumption
(i.e. percentages of their battery capacities) when adopting the centralized strategy (i.e. Strategy C_T_1)
and distributed strategy (i.e. Strategy D_T_1) with the time interval of 1 minute. The building system
performance regarding the average CO., the maximum CO; and the daily energy use of the DOAS were
close under the two strategies. This matches the conclusions of previous work by this paper’s authors [18].
Concerning the sensor energy consumption, an AA size alkaline battery of 1500 mAh was employed in
each sensor. On average, a sensor consumed about 0.48% of its battery capacity per day when
implementing the centralized optimal control architecture. It was estimated that the battery of a sensor
could last for about 208.33 days, i.e. nearly 7 months. On the other hand, a sensor consumed about 16.04%
of its battery capacity per day when implementing the distributed optimal control architecture. It was
estimated that the battery of a sensor would be exhausted in about 6.23 days. Such a short replacement

interval is neither practical nor acceptable in application.

Table 3. Performance comparisons of different strategies in the comparison study

Time System performance )
L ) ) | Total energy consumption "
Strategy Optimization Driven interva Average ] Energy use of individual sensors (% of Performance
method method or event Maximum score
vt CO, C0s (ppm) of DOAS capacity per day)
threshold | (ppm) (kWh/Day)
CT_1 | Centralized Time- 627 840 39.63 0.48
. At=1 min
DT1 driven 625 836 39.96 16.04
DES ACO2=5 637 949 42.02 0.59 0.31
Distributed pem
istribute . Z
D E3 Event ACO2=3 624 859 41.54 1.19 0.29
driven ppm
DE2 ACO-=2 627 839 40.60 2.30 0.30
ppm

3.4. Comparison of distributed optimal control strategies adopting different event thresholds

Figure 6 shows the optimization frequencies of distributed optimal control strategies adopting
different event thresholds (i.e. Strategy D_E_5, Strategy D_E_3 and Strategy D_E_2). Table 3 presents a
comparison of the building system performance and sensor energy consumption of these strategies. It can
be found that the event threshold has a significant impact on building system performance and sensor

energy consumption (and sensor battery replacement interval), elaborated in more detail below.
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e Strategy D_E_2 adopts the lowest event threshold. The optimization frequency was the highest.
Individual room agents conducted local optimization tasks about one to six times at each optimization
interval. This means that the event was not always activated in all room agents at the same time. The
building system performance using Strategy D_E_2 was closest to the "best" building system
performance under the benchmark strategy (i.e. Strategy D_T_1). Specifically, when adopting Strategy
D_T_1 and Strategy D_E_2, the average CO> were 625 and 627 ppm, the maximum CO> were 836
and 839 ppm and the daily energy uses of the DOAS were 39.63 and 40.60 kWh respectively.
Concerning the sensor energy consumption, it was the highest. The average daily energy consumption
of each sensor was about 2.30% of its battery capacity, and the battery replacement interval was
estimated to be about 43.48 days.

e Strategy D_E 5 adopts the largest event threshold. The optimization frequency was the lowest.
Individual room agents conducted local optimization tasks about one to four times at each optimization
interval. The system performance using Strategy D_E_3 was the worst. It gave the highest average
CO2, maximum CO; and daily energy use of DOAS. Concerning the sensor energy consumption, it
was the lowest. The average daily energy consumption of each sensor was about 0.59% of its battery
capacity, and the battery replacement interval was estimated to be about 169.49 days.

e Strategy D_E_3 adopts the event threshold between those of Strategy D_E_5 and Strategy D_E_2.
The optimization frequency was also in between them. Individual room agents conducted local
optimization tasks about one to five times at each optimization interval. The system performance and
sensor energy consumption using Strategy D_E_3 lied between those using Strategy D_E 5 and
Strategy D_E_2. Specifically, the average CO2 was 624 ppm, the maximum CO, was 859 ppm and
the daily energy use of DOAS was 41.54 kWh. The average daily energy consumption of each sensor
was about 1.19% of its battery capacity, and the battery replacement interval was estimated to be about
84.03 days.
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Figure 6. Optimization frequencies using different strategies

The performance scores of different strategies concerned are summarized in Table 3. The average
CO2, maximum CO, daily energy use of DOAS and the sensor energy consumption were
comprehensively considered. It can be found that Strategy D_E 3 offered the smallest (i.e. 0.29)

performance score among the strategies. The best threshold (ACO.) eventually identified was 3 ppm.

4. Case study and performance validation of the proposed strategy

As elaborated in Section 2, an event-driven multi-agent based distributed optimal control strategy is
proposed to maintain the satisfied system performance while reducing sensor energy consumption in
battery-powered WSNs. To test and validate this strategy, a case study was conducted. The performance

of the proposed strategy is assessed by comparing with the benchmark strategy in this case study.
4.1. Outline of the case study

The same DOAS was used for the case study. The occupancy profiles and outdoor weather in another
typical workday are shown in Figure 7. Using the most proper event threshold (ACO2=3 ppm) identified,
the proposed event-driven multi-agent based distributed optimal control strategy, i.e. Strategy D_E_3, is
validated by comparing it with the benchmark strategy, i.e. Strategy D _T 1 (the multi-agent based
distributed optimal control strategy with the time interval of 1 minute).
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4.2. Building system performance

Figure 8 shows the optimized outdoor air volume of individual rooms in the case study using Strategy
D T 1 and Strategy D_E_3 respectively. Figure 9 shows the indoor CO, concentration of individual

rooms. The building system performance using these two strategies regarding the average CO2, maximum

8:00
9:00

10:00

11:00
3 12:00

Ti

e

13:00

14:00

15:00

16:00
17:00
18:00
19:00
20:00
21:00

CO2 and daily energy use of the DOAS are summarized in Table 4.

The building system performance given by Strategy D_E_3 was not as good as the "best" building
system performance given by the benchmark strategy (i.e. Strategy D_T 1), but was close to it. The
average CO2 was 626 ppm and the maximum COz was 860 ppm using Strategy D_E_3, whereas the
average CO2 was 636 ppm and the maximum CO> was 849 ppm using Strategy D_T_1. In practice, the
indoor COs is prescribed as being at an excellent level when it is lower than 800 ppm and at a good level
when it is between 800 and 1000 ppm [42]. The daily energy use of DOAS using Strategy D _E 3 was
59.60 kWh, which was slightly higher than that using Strategy D_T_1 (i.e. 57.05 kWh).
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Figure 8. Optimized outdoor air volume of individual rooms in the case study using Strategy D
Strategy D
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Figure 9. Indoor CO concentration of individual rooms in the case study using Strategy D_T_1 and
Strategy D_E_3

Table 4. Comparison of Strategy D_E_3 and Strategy D_T 1

Building system performance Sensor energy consumption
Strategy | Driven method |  Average Maximum | Energy use of DOAS Average sensor eonergy Maximum battery
CO> (ppm) CO> (ppm) (kWh/day) consumption (% of replacement
2 capacity per day) interval (day)
DT1 Time-driven 636 849 57.05 16.13 6.20
D E3 Event-driven 626 860 59.60 1.08 92.59

4.3. Total energy consumption of individual sensors

Figure 10 shows the optimization frequencies using Strategy D_T 1 and Strategy D_E_3. The
optimization frequency was significantly reduced by adopting the event threshold (ACO2=3 ppm)
compared with the case using the fixed time interval (At=1 minute). The reduced optimization frequency

results in a reduction of sensor energy consumption. As shown in Table 4, on average, each sensor
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consumed about 1.08% of its battery capacity per day under Strategy D_E_3, which was significantly
smaller than the value of 16.13% when using Strategy D_T 1. The battery replacement interval was
estimated to be about 92.59 days under Strategy D_E_3, significantly greater than under Strategy D_T 1
(i.e. 6.20 days).

D_T_1 min

D_E_3 ppm

Room agents with activated events

22:00
23:00

Figure 10. Optimization frequencies using Strategy D_T 1 and Strategy D_E_3
5. Conclusions

An event-driven multi-agent based distributed optimal control strategy for HVAC systems to be
implemented in loT-based battery-powered WSNs is proposed. It consists of two novel schemes, the event
determination scheme and the event-driven distributed optimization scheme. The event determination
scheme determines the event threshold by properly trading-off system performance and sensor energy
consumption in loT-based battery-powered WSNs implementing the distributed optimal control
architecture. The event-driven distributed optimization scheme solves the optimization problems using
distributed optimization algorithms deployed in 10T sensors of limited data processing capacity only when
events occur. The sensor energy consumption when implementing centralized and distributed optimal
control architectures are compared. The impacts of adopting different event thresholds in distributed
optimal control strategies are investigated. The case study is conducted to test and validate the
performance of the proposed strategy. Based on the experiences and results of the comparison and case

studies, the conclusions can be summarized as follows:

e Under the centralized optimal control architecture, the energy of sensors was mainly consumed for
sensing (i.e. 38.88 J/day) and message transmission (i.e. 0.40 J/day). Under the distributed optimal

control architecture, the energy of the room and PAU sensors was mainly consumed for advanced data
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processing (i.e. 1,438.29 J/day), while the energy of the coordinating sensor was mainly consumed for
message exchange (i.e. 29.00 J/day).

e It is crucial to consider sensor energy consumption in a battery-powered WSN when developing
distributed optimal control strategies. Sensor energy consumption implementing the distributed
optimal control architecture is significantly higher than if implementing the centralized optimal control
architecture (increasing from 0.48% to 16.04% of its battery capacity per day). Thus the battery
replacement interval under a distributed optimal control architecture (i.e. 6.23 days) is too short to be
practical or acceptable in application.

e The proposed event determination scheme can effectively determine a proper event threshold. The
performance score of the distributed optimal control strategy when adopting an event threshold of 3
ppm was the smallest (i.e. 0.29). The building system performance was acceptable (i.e. average CO>
level: 624 ppm, maximum COz level: 859 ppm and DOAS daily energy use: 41.54 kwWh). Meanwhile,
the average sensor energy consumption was moderate (1.19% of its battery capacity per day) and had
an acceptable battery replacement interval in practice (84.03 days).

e The proposed event-driven multi-agent based distributed optimal control strategy can assure both
satisfactory system performance and reduced average sensor energy consumption. In the case study,
when compared with the benchmark strategy, the proposed strategy could offer a slightly lower but
still acceptable building system performance (i.e. average CO: level: 626 ppm, maximum COz level:
860 ppm and DOAS daily energy use: 59.60 kWh). However, this strategy significantly reduced the
average sensor energy consumption from 15.62 % to 1.08% of its battery capacity per day, and

extended the battery replacement interval from 6.20 days to 92.59 days.
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