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Abstract1 

Distributed optimal control deployed on field control networks is receiving increasing attention 

with the rapid development of the Internet of Things (IoT), including its applications in HVAC 

systems. Information delays refer to the time delays in information exchange between devices 

integrated in communication networks. They could affect the performance of distributed optimal 

control, but are rarely concerned in HVAC field. This study investigates and quantifies the impacts 

of information delays on the performance of distributed optimal control strategies for HVAC 

systems through theoretical analysis and case studies, including a typical central cooling plant and 

a typical multi-zone air-conditioning system. The uncertain information delays are modeled by a 

Markov chain according to the characteristics of networks. Their impacts are quantified by 

comparing the performance of the distributed optimal control strategies involving the information 

delays with ideal performance. Results show that information delays significantly affected the 

convergence rate and control accuracy of the distributed optimal control strategies. These delays 

can result in a difference in optimized cooling tower outlet water temperature of up to 0.6 K and a 

number of iterations of up to180 (about nine times than in ideal conditions). Test results indicate 

the necessity of considering the impacts of information delays when developing distributed 

optimal control strategies for HVAC systems. This necessity exists for both future IoT-enabled 

and current LAN-based field control networks. 
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Nomenclature 

Symbols  Subscripts  
C 
CO2 

specific heat, kJ/ (kg K) 
CO2 concentration (ppm) 

a 
amb 

air 
ambient air 

E energy chi chiller 
f,g,h function co coordinator agent 
INp indoor pollution index com communication process 
Ld Length of information delay Con condenser 
M flow rate, kg/s cpt Computation process 
Md maximum possible delay length ct cooling tower 
N number cwo cooling tower outlet water 
Obj objective value fan fan of PAU 
P power, kW G generation 
Q ventilation air volume, L/s in inlet 
SI Sampling interval Limit upper limit 
T temperature, ℃ opt optimal 
t time cost, s out outlet 
X value range tot total 
x control variable   
    
Greek symbols    
𝛾𝛾 weighting factor   
𝜆𝜆 Lagrange multiplier   

1 Introduction 

The IoT (Internet of Things) is widely recognized as one of the most important directions for 

future technology development and has attracted vast attention from a wide range of application 

fields. Distributed intelligence is an important trend of development in many application fields 

since centralized decision-making causes heavy computational load on central stations, severe 

network traffic and reduced reliability [1]. A number of solutions have been proposed, such as fog 

computing, edge computing and mist computing [2]. In recent years, smart IoT sensors and control 

devices have found increasing application in the building industry and are expected to play a major 

role in the field control networks of the building automation systems (BASs) of the next generation 

[3]. It is therefore important to develop effective means to facilitate online optimal control and 

make use of the huge capacity of the great number of smart IoT sensors/devices distributed in field 

control networks. This is an urgent issue to be addressed for the further development and wider 

applications of BASs and smart buildings, since online optimal control is an essential means of 

enhancing building energy efficiency in actual operation. Many researchers and engineers have 
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made serious efforts to develop optimal control methods and strategies for HVAC (heating, 

ventilation and air conditioning) systems [4], such as model-based optimal control strategies. 

However, these optimal control strategies are generally centralized and have a number of major 

limitations. Firstly, the model-based performance prediction and optimization of these strategies 

must typically be performed on BAS central computer stations, due to the high computational load 

and programming complexity, particularly for complex HVAC systems. Secondly, these control 

strategies often lack generality as they need to be designed for specific systems. This makes it 

inconvenient and costly to adjust or customize these strategies for the application on different 

HVAC systems. Furthermore, the requirement of a central station greatly limits application: it is 

impractical to implement a large number of optimal control strategies on a small number of 

computer stations as there are many local sub-systems to be optimized. Distributed optimal control 

is an effective means to overcome these drawbacks and to be deployed on IoT-enabled field control 

networks. 

Recently, many distributed control strategies have been developed for building services systems 

adopting the concept of multi-agent system because of its scalability and modularity [5]. Individual 

agents that can each perceive their environment and act according to their goals and tendencies [6] 

form a system achieving a common goal through coordination [7]. Most of these studies focus on 

adjusting the set-points of building services systems, such as lighting and HVAC systems, 

according to information collected by agents (e.g. temperature, humidity and occupant behavior) 

to facilitate intelligent energy management while maintaining a comfortable indoor environment 

(i.e. building thermal management) [8,9]. Klein et al. [10], Yang and Wang [11] and Michailidis 

et al. [12] proposed multi-agent systems which collect information about occupant preferences and 

behavior as a basis for the control of HVAC and lighting systems. Yang and Wang [13] proposed 

a multi-agent control system using particle swarm optimization to improve the energy intelligence 

of the multi-zone buildings. Lymperopoulos and Ioannou [14] proposed a distributed adaptive 

scheme for the temperature regulation of multi-zone HVAC systems. However, in these studies, 

only the “software distribution” is addressed - the algorithm is either distributed in different 

computational packages, typically operating on one computer station, or the implementation issue 

is ignored. Few researchers addressed the practical implementation of distributed optimal control, 

the implementation and distribution of decomposed optimization tasks on physical devices. Wang 

et al. [15] and Cai et al. [16] presented a generic structure of an agent-based optimal control 
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strategy for HVAC systems. Both chose to decompose the optimization problems from the system 

level to the components level. Local optimization of each component is conducted by a 

corresponding agent deployed on an individual device; global optimization is achieved by 

coordinating these agents. These studies proposed a basic means of constructing agent-based 

optimal control strategies for HVAC systems. The structure of multi-agent systems and an 

optimization technique for distributed optimization were also provided. However, these studies 

did not consider the requirements and constraints in practical applications when the distributed 

control strategies are implemented on physical platforms, such as the convergence rate, 

computational load distribution and information delays. When developing the distributed optimal 

control strategy, the authors of this paper [17] addressed the convergence rate and computational 

load distribution for the deployment in future IoT-enabled field control networks as well as current 

LAN-based field control networks. However, research on the impacts of information delays are 

still missing. This study will address this problem. 

The information delays refer to the time delays in the information exchange between different 

devices over communication networks. In the control field, the impacts of information delays on 

the performance of networked feedback control loops have received attention from researchers and 

engineers since the 1980s, concerning the application scenarios that involve long-distance data 

transmission, via local area networks, between controllers connecting sensors and control actuation 

devices [18]. This issue has received increasing attention in recent years as with the rapid 

emergence of IoT technologies and field networks, more and more feedback control loops are 

established across standalone smart sensors and actuators as well as controllers integrated through 

communication networks [19]. Li et. al. [20] proposed a method for stability analysis of the 

feedback control of a multi-input, multi-output plant with varying network delays. Long et. al. [21] 

analyzed the impacts of time-varying delays on the performance and stability of networked load 

frequency control systems. Nilsson et. al. [22] evaluated the performance of different control 

schemes with varying delays, assumed to be less than the sampling interval, and proposed a new 

scheme for handling these delays using timestamps. Their results show the necessity of accounting 

for information delays while designing the control scheme of feedback control systems.  

Previous studies didn’t consider the impacts of information delays on distributed optimization as 

they focused on “software distribution” [23]. However, information exchange between different 

local control devices integrated in a field control network is essential during distributed optimal 
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control. Global optimization can be affected by information delays. In the optimization field, a few 

researchers have investigated the impacts of delays on distributed optimization algorithms and 

developed robust optimization algorithms capable of coping with communication delays. It has 

been found that information delays can result in these algorithms either converging to incorrect 

values or failing to converge at all [24]. Tsianos and Rabbat [25] proposed two ways to model 

constant delays and uncertain delays. They analyzed the impacts of delays by involving the delay 

models in the distributed optimization algorithm and found that delays slow down optimization. 

Nedi´c et al. [26] investigated the convergence rate of a consensus problem using a common 

consensus algorithm under bounded delay conditions. By introducing additional delays to the 

subgradient projection algorithm, Lin et al. [27] solved the distributed optimization problems with 

arbitrary bounded communication delays. The above algorithms use a diminishing step-size which 

results in a low convergence rate. For algorithms assuming a fixed step-size, Yang et al. [28] 

demonstrated negative impacts on the convergence rate and optimization results due to information 

delays. Zhao et al. [29] pointed out that there always exists a sufficiently small step-size which can 

guarantee convergence of an algorithm under finite constant time delays. Charalambous et al. [30] 

proposed an algorithm which achieves convergence in a small finite number of steps whether 

delays exist or not.  

However, existing studies have not considered the impacts of information delays on hierarchical 

distributed optimization algorithms such as the dual decomposition method and ADMM 

(alternating direction method of multipliers). Moreover, only theoretical analysis has been 

conducted on the impacts of information delays on other kinds of distributed optimization 

algorithms. No study can be found on the delays in distributed online optimal control of HVAC 

systems deployed on local control devices integrated in BAS field control networks. Investigating 

the impacts of information delays here is essential as the information delays could affect the 

performance of the distributed optimal control strategies. It is also essential for the development 

and applications of IoT technologies in the building automation field, which requires reliable and 

energy efficient distributed real-time optimal control strategies. To fulfill these research gaps and 

facilitate the application of distributed optimal control in building filed control networks, this study 

investigates the impacts of the information delays on two typical hierarchical distributed 

optimization algorithms, one based on dual decomposition and the subgradient method and the 

other using ADMM. It quantifies the impacts on the performance of distributed optimal control 
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for HVAC systems implemented on both current and future BAS platforms at the field control 

network level. At first, the potential impacts of the information delays are investigated qualitatively 

by analyzing the mathematical schemes of distributed optimal control strategies with information 

delays involved. These impacts are further quantified through evaluating the performance of the 

distributed optimal control strategies for two typical HVAC systems which account for 

information delays, a central cooling plant and an air-side air conditioning system. The robustness 

of the two commonly used distributed optimization algorithms with uncertain information delays 

are evaluated and compared. 

2 Distributed optimal controls and information delays when deployed on BAS field control 

networks  

2.1 Deployment framework of distributed optimal control strategies for HVAC systems 

Fig. 1 shows the deployment frameworks of the proposed distributed optimal control strategy for 

HVAC systems on the field control networks of current and future BASs respectively. For the 

optimal control of typical HVAC systems and subsystems, distributed optimal control strategies 

can be deployed on integrated local BAS field controllers or devices, such as central cooling plants 

of different configurations, all air systems of constant air volume (CAV) and variable air volume 

(VAV) and dedicated outdoor air systems (DOAS). A distributed optimal control strategy consists 

of a number of agents, each responsible for solving a local optimization problem and implemented 

on their corresponding local control devices (i.e. digital controllers or smart sensors). The optimal 

set-points are achieved by coordinating these agents through information exchange. Using local 

measurements and received information, the component agents will conduct local optimizations 

for the corresponding components and send the local optimization results to the coordinator agent. 

Then, the coordinator agent will check the convergence status according to the received results. If 

it has not converged, the global parameter will be updated and sent to the component agents to be 

used at the next iteration. If it has converged, a signal will be sent to the component agents to 

inform them to execute control actions. Information exchange between the component agents and 

the coordinator agent through field networks is the key issue to achieving global optimization for 

the distributed optimal control. Therefore, the impact of information delays on the performance of 

distributed optimal control strategies should be investigated quantitatively and in detail. 



 

7 

 

 

(a) Distributed optimal control deployed on DDC field control networks 

 

(b) Distributed optimal control deployed on smart IoT sensor/device networks 

Fig.1 Illustration of deployment frameworks of distributed optimal control of HVAC systems on current and 

future BASs 

2.2 Description and modelling of information delays in distributed optimization 

Fig. 2 illustrates information exchange between control devices (or agents) in a synchronized 

network and how information delays of different lengths affect an optimization process. In ideal 

conditions, the actual information delays are less than the sampling interval (referred to as “regular 

delays” hereafter). Unless a delay larger than the sampling interval occurs, the intermediate local 

optimization results of the current sampling step can be used by other agents at the next sampling 

step. It is also possible that data is lost during communication as packet loss. In general, 

information delays are caused by the time cost of computation (tcpt) and communication (tcom). 

Since the field controllers or devices generally sample the data from their buffers and process them 

periodically with a predefined sampling interval, the effective delay of the information exchange 

between controllers is discrete in terms of the number of sampling intervals. According to the time 

spent for these processes and the sampling interval (SI), the possible maximum information delay 

(Md) can be obtained using Eq. (1). It is worth noting that the field controllers or devices can store 

some received data in their buffers and will always use the latest available data. Therefore, packet 

loss will not result in a situation where no information is available for the use of an agent.  
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 𝑀𝑀𝑀𝑀 = ��
𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐+𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐

𝑆𝑆𝑆𝑆
�          (𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑)

+∞               (𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) 
 (1) 

Synchronizing the operation of multiple individual local controllers or devices is not easy in 

engineering practice [19]. Normally, in building automation systems, the controllers or devices 

normally operate at the same sampling interval, but their operation is not synchronized. In such 

conditions, even under regular delays, some devices can experience effective information delays 

of one sampling interval when receiving actual data from other devices.  

 
Fig. 2. Information delays in the distributed optimization deployed among devices in a synchronized network  

Markov chains are commonly used to model the uncertain network delays since the current time 

delays are usually related to previous time delays [31]. The Markov chain can be expressed by a 

state space and transition probability matrix. The state space includes all possible values of the 

delays and the transition matrix gives the probabilities of the delays changing from one value to 

another value. In this study, the state space is set to [0, 1, 2] representing the possible lengths of 

effective information delays in terms of the number of sampling steps. A delay of zero steps 

represents a regular delay. The transition matrix is given in Eq. (2).  

 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = �
0.4  0.6  0.0
0.3  0.5  0.2
0.2  0.4  0.4

� (2) 

Packet loss is also included in this model since local devices always use the latest available data. 

This is also the reason that the probability of transition from a delay of zero step to a delay of two 

Computation time: Sampling interval: SI

Sampling intervals
k k+1 k+2 k+3

Communication time:

Agent

Agent i

Agent

Agent j

Regular delay
(Zero sampling interval)

Irregular delay
(One sampling interval)
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steps is zero. This model will be used in tests to quantify the impacts of information delays on the 

performance of distributed optimal control strategies in Section 3 and 4. 

3 Impacts on distributed optimal control for a central cooling plant 

The system involved in this test case is shown in Fig. 3. It consists of three centrifugal chillers, 

three constant speed cooling water pumps and six cooling towers. Each chiller has a cooling 

capacity of 7235kW with a COP of 5.6 at the rated working conditions. The rated water flow rate 

and power load of the condenser cooling water pumps are 410.6L/s and 185kW, respectively. The 

nominal heat rejection capacity and power consumption of the six cooling towers are 5234kW and 

155kW respectively. For these six cooling towers, the first cooling tower is assumed to be a new 

cooling tower with rated efficiency, and different degrees of performance degradation are assumed 

for the other five cooling towers. The heat transfer efficiencies of these five cooling towers are 

95.3%, 89.1%, 84.5% 77.6% and 74.6% of the rated efficiency respectively. The optimization 

objective of the central cooling plant is to find the individual optimal cooling tower outlet water 

temperature (Tcwoi) which minimizes system energy consumption (𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡) as shown in Eq (3). Tcon,in 

is the condenser inlet water temperature. Nct and Nchi are the number of cooling towers and chillers 

in operation respectively. 

 𝑀𝑀𝑀𝑀𝑀𝑀
{𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇}

𝑃𝑃𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝑃𝑃𝑐𝑐ℎ𝑖𝑖,𝑗𝑗
𝑁𝑁𝑐𝑐ℎ𝑖𝑖
𝑗𝑗=1 + ∑ 𝑃𝑃𝑐𝑐𝑐𝑐,𝑖𝑖

𝑁𝑁𝑐𝑐𝑐𝑐
𝑖𝑖=1  (3) 

 Subject to : 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖𝑖𝑖 = 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐 = 1
𝑁𝑁𝑐𝑐𝑐𝑐

∑ 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑁𝑁𝑐𝑐𝑐𝑐
𝑖𝑖=1   

The simplified chiller model proposed by Stoecker [32] is used to predict the power consumption 

of chillers in this study. A simplified model proposed by Wang and Ma [33] is used to calculate 

the heat transfer from the cooling water to the inlet air. 
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Fig .3. Schematic of the condenser cooling system of a central cooling plant concerned 

3.1 Description of the distributed optimal control strategy 

The distributed optimal control strategy is formulated based on the dual decomposition and 

subgradient method [34]. The original optimization problem can be decomposed into a number of 

sub-problems and a master problem. The sub-problems are expressed by Eqs. (4) and (5) and the 

master problem is described by Eq. (6). Mcw is the mass flow rate of the cooling water, C is the 

specific heat, and 𝜆𝜆 is the Lagrange multiplier. 

 
𝑀𝑀𝑀𝑀𝑀𝑀

�𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖𝑖𝑖�
∑ (𝑃𝑃𝑐𝑐ℎ𝑖𝑖,𝑗𝑗
𝑁𝑁𝑐𝑐ℎ𝑖𝑖
𝑗𝑗=1 − 𝜆𝜆 ∙ 𝐶𝐶𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐�𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖𝑖𝑖�) (4) 

 𝑀𝑀𝑀𝑀𝑀𝑀
{𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐}

∑ (𝑃𝑃𝑐𝑐𝑐𝑐,𝑖𝑖
𝑁𝑁𝑐𝑐𝑐𝑐
𝑖𝑖=1 + 𝜆𝜆 ∙ 𝐶𝐶𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐�𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�) (5) 

 𝜆𝜆 ∙ �𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖𝑖𝑖� = 0 (6) 

The cooling tower agents and chiller agents are designed to solve the corresponding sub-problems, 

while the coordinator agent solves the master problem and determines the convergence status. The 

optimization process of the control strategy is shown in Fig. 4. With the measurements and initial 

value of 𝜆𝜆, the chiller agents and cooling tower agents conduct local optimizations and send the 

achieved local optimization results to the coordinator agent. The coordinator agent determines the 

convergence status and updates the value of 𝜆𝜆 if convergence is not achieved. More detailed 

information about the control strategy can be found in [17]. 

Chiller Cooling tower

Pump

Cooling tower outlet water/ Condenser inlet water

…

Condenser outlet water
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Fig .4. Optimization process of the distributed optimal control strategy 

3.2 Qualitative analysis on the impacts of information delays on distributed optimization  

Uncertain information delays can affect both the control accuracy and the convergence rate of 

distributed optimal control strategies. The impacts on control accuracy mean that the control 

strategy obtains the biased optimal results, which will result in the reduced energy efficiency of 

the target energy system. The impacts on convergence rate mean that more iteration steps are 

needed to achieve convergence of the optimization, which may result in convergence failure within 

the preset optimization interval. In this case, a simple near-optimal strategy will need to be adopted 

to generate set-points, which will also result in the reduced energy efficiency.  

To analyze the impacts of information delays on distributed optimization, formulas for the 

distributed optimization with information delays involved are formulated. It is worth noting that, 

since the optimization interval concerned in the real-time optimal control is short, usually in 

minutes, the system is assumed to be static during the optimization interval. The length of 

information delay is denoted as Ld. In this case, the objective is to find the optimal cooling tower 

outlet water temperature. At step k, the chiller agents and cooling tower agents update their local 
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optimization results with the latest information available, as shown in Eqs. (7) and (8). The 

coordinator agent determines the convergence state and updates the multiplier according to Eqs. 

(9) and (10). 

 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘 = 𝑓𝑓𝑐𝑐ℎ𝑖𝑖�𝜆𝜆𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖� (7) 

 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘 = 𝑓𝑓𝑐𝑐𝑐𝑐�𝜆𝜆𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐� (8) 

 𝐶𝐶𝐶𝐶𝑛𝑛𝑛𝑛𝑘𝑘 = 𝑔𝑔�𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑖𝑖 ,𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐� (9) 

 𝜆𝜆𝑘𝑘 = ℎ�𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑖𝑖 ,𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐� (10) 

 𝐶𝐶𝐶𝐶𝑛𝑛𝑛𝑛𝑘𝑘 = 𝑔𝑔�𝑓𝑓𝑐𝑐ℎ𝑖𝑖(𝜆𝜆𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑖𝑖),𝑓𝑓𝑐𝑐𝑐𝑐(𝜆𝜆𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐)� (11) 

 𝜆𝜆𝑘𝑘 = ℎ�𝑓𝑓𝑐𝑐ℎ𝑖𝑖�𝜆𝜆𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑖𝑖�,𝑓𝑓𝑐𝑐𝑐𝑐�𝜆𝜆𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�� (12) 

Using Eqs. (7) and (8), Eqs. (9) and (10) can be transformed into Eqs. (11) and (12), which show 

how the information delays affect the convergence determination and multiplier update 

respectively. The impacts of information delays on the multiplier update are illustrated in Fig. 5. 

Compared with ideal conditions, the scenarios with irregular information delays lead to faster 

Lagrange multiplier updates in the first several steps, finally converging to biased optimization 

results at a lower convergence speed. Similar phenomena in the distributed optimization of 

economic dispatch problems have been reported in previous studies [35,36]. 

 
Fig .5. Evolution of the Lagrange multiplier  

The impacts on the convergence determination are determined by the magnitude of delays during 

information exchange between chiller agents and the coordinator agent (i.e. 𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖=𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖𝑖𝑖𝑖𝑖 +
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𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐ℎ𝑖𝑖), and that between the cooling tower agents and the coordinator agent (𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐=𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 +

𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ). According to 𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖  and 𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐 , information delays can be divided into two categories, 

‘uniform delay’ ( 𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖 = 𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐 ) and ‘nonuniform delay’ ( 𝐿𝐿𝐿𝐿𝑐𝑐ℎ𝑖𝑖 ≠ 𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐 ). In scenarios with 

nonuniform delays, the local optimal results used for convergence determination by the 

coordinator agent are from the same iteration step. Therefore, if the coordinator agent sends the 

actual optimal result to the cooling tower agents when convergence is achieved, uniform delay will 

not affect the optimization results. In scenarios with nonuniform delays, the coordinator agent 

determines convergence state with the local optimization results of different iteration steps. As 

shown in Fig. 6, due to the nonuniform delay, 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘−𝐿𝐿𝑑𝑑𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  will be generated as the optimal value, 

which results in biased optimization results as shown in Eq. (13). Such impacts have not been 

reported in previous studies, since using the coordinator agent to determine convergence status is 

the mechanism only used in hierarchical optimization algorithms. 

 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑐𝑐𝑐𝑐𝑐𝑐,𝑘𝑘−𝐿𝐿𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  (13) 

 

Fig .6. Impacts of nonuniform information delays on optimization results 

3.3 Experimental and quantitative assessment on the impacts of information delays on 

distributed optimization  

A distributed optimal control strategy for the central cooling plant was developed incorporating 

information delays to quantify their impacts. The delays were modelled using the Markov chain 

constructed in Section 2.2. In the tests, the optimization results, energy performance and the 

convergence rates of the distributed optimal control strategy were obtained and compared with 

those in ideal conditions. Twenty-four working conditions in a spring day and twenty-four working 
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conditions in a summer day were chosen as the test conditions. Since the information delays are 

uncertain and information exchange is required at each iteration, during one global optimization 

interval, there can be hundreds of instances of information exchange, with delays of different 

lengths. In order to present an overview of the impacts of information delays, 1000 simulations 

were conducted for each working condition in the tests. 

Fig. 7 shows the distribution of the biases in the optimization results in the spring and summer test 

conditions. The biases in the optimization results were very small in most optimizations, and the 

biases in the summer test conditions were larger than those in the spring test conditions. The 

maximum biases were 0.2 K and 0.6 K in the spring and summer test conditions respectively. As 

a result, the impacts on power consumption could be neglected in most optimizations, and the 

impacts at the summer test conditions were more obvious as shown in Fig. 8. The maximum 

increase was 0.02% and 0.2% in the spring and summer test conditions respectively. The impact 

on the convergence rate was obvious, and remained similar in the spring and summer test 

conditions as shown in Fig. 9. In ideal conditions, all the optimizations were completed within 40 

steps, satisfying the one-minute optimization interval. However, due to information delays the 

convergence rate was slowed in most optimizations. In the spring test conditions, convergence 

could not be achieved within one minute in 1,533 optimizations, accounting for 6.1% of the total. 

In the worst case, convergence was achieved after 216 steps, about seven times as many as in ideal 

conditions. In the summer test conditions, convergence could not be achieved within one minute 

in 1,652 optimizations, accounting for 6.6% of the total, and in the worst case, convergence was 

achieved after 182 steps, about nine times as many as in ideal conditions. 

   
(a) Spring test day        (b) Summer test day 
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Fig. 7. Statistical distribution of the bias in optimization results under information delays 

  
(a) Spring test day        (b) Summer test day 

Fig. 8. Statistical distribution of the difference in system power consumption under information delays 

  
(a) Spring working conditions        (b) Summer working conditions 

Fig. 9. Statistical distribution of the iteration steps under information delays 
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delays, bias in the optimization results, increase in energy consumption and increase in iteration 

step numbers compared with in ideal conditions. 

3.4.1 Effects of information delay length 

To investigate the effects of the information delay length, the control strategy was tested in 

scenarios with constant information delays of different lengths. The tested uniform and 

nonuniform delay scenarios and the corresponding results are shown in Table 1 and 2 respectively. 

In these tests, the step-size for the update of the Lagrange multiplier was set to 5×10-8, reflecting 

ideal conditions. According to the convergence rate in ideal conditions, the optimal control interval 

was set to one minute. If the convergence cannot be achieved within the preset control interval, a 

near-optimal approach will be adopted, i.e. the cooling tower outlet water temperature will be set 

to 5 K higher than the current wet-bulb temperature.  

According to the results of the tested uniform delay scenarios, the impacts of the uniform delay 

increased dramatically with increases in delay length. As delay length increased from 1 sampling 

interval to 4 sampling intervals, the average bias in optimization results increased from 0.05 K to 

0.44 K and the total energy consumption increase rose from 7,853.3 kWh to 37,397.2 kWh (i.e. 

from 0.06% to 0.28%). As aforementioned, the uniform delay will not affect the optimization 

results if convergence can be achieved. The increase of these impacts was caused by the 

increasingly slowed convergence rate. The average increase of iteration steps rose from 9 to 33 

and the number of non-convergence optimizations increased from 306 to 2,986 (i.e. from 4.50% 

to 43.92%) as the delay length grew.  

Table 1 Statistical performance data of optimal control strategy under different uniform delays 

According to the results of the tested nonuniform delay scenarios, the value of Ldchi had the largest 

effects on the impacts of the information delays. This is because the impacts of the information 

delays on the local optimization of chiller agents are more obvious than those on the local 

Uniform delays Ldct=1 
Ldchi=1 

Ldct=2 
Ldchi=2 

Ldct=3 
Ldchi=3 

Ldct=4 
Ldchi=4 

Average bias in optimization results (K) 0.05 0.23 0.30 0.44 
Maximum bias in optimization results (K) 2.20 2.48 2.93 3.03 
Total energy consumption increase (kWh) 7,853.3 18,589.9 27,518.2 37,397.2 
Increase ratio of total energy consumption 0.06% 0.14% 0.21% 0.28% 
Average increase of iteration step numbers 9 20 28 33 
Number of non-convergence optimizations 306 1163 2145 2986 
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optimization of cooling tower agents. The tested scenarios include two groups: in one group Ldchi 

was larger than Ldct and in the other group it was smaller than Ldct. Under the same lengths of the 

information delays, the impacts in the Ldchi > Ldct scenarios were larger than those in the Ldchi < 

Ldct scenarios. In scenarios where Ldchi > Ldct, the impacts of information delays increased with 

the increase of difference between Ldchi and Ldct as well as the sum of these two delays. In the 

scenario where [Ldct=0, Ldchi=1], the impacts on the optimization results and convergence rate 

were the lowest, and in the scenario where [Ldct=3, Ldchi=4], the impacts were the largest. In these 

two scenarios, the average biases in optimization results were 0.04 K and 0.45 K, the total energy 

consumption difference was 3868.1 kWh and 36581.0 kWh (0.06% and 0.28%), and the number 

of non-convergence optimizations was 184 and 2959 (2.71% and 43.53%) respectively. In the 

scenarios where Ldchi < Ldct, the impacts of the information delays did not always increase with 

the increase of the difference or the sum of the delays. In the scenarios where Ldchi>0, the impacts 

of the information delays almost decreased with the increase of the delays among the cooling tower 

agents and the coordinator agent. This is because the increase in the difference of delays reduces 

the number of non-convergence optimizations. In the scenarios where all optimizations 

convergenced, i.e. the scenarios where Ldchi=0, the increase in the delays among the cooling tower 

agents and the coordinator agent led to the increase in the impacts on optimization results.  
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Table 2 Statistical performance data of optimal control strategy under different nonuniform delays 

 

Ldct<Ldchi 
Dif = 1 Dif = 2 Dif = 3 Dif=4 

Ldct=0 
Ldchi=1 

Ldct=1 
Ldchi=2 

Ldct =2 
Ldchi=3 

Ldct=3 
Ldchi=4 

Ldct=0 
Ldchi=2 

Ldct=1 
Ldchi=3 

Ldct=2 
Ldchi=4 

Ldct=0 
Ldchi=3 

Ldct=1 
Ldchi=4 

Ldct=0 
Ldchi=4 

Average bias in optimization 
results (K) 0.04 0.19 0.32 0.45 0.17 0.32 0.44 0.30 0.45 0.44 

Maximum bias in optimization 
results (K) 2.20 2.48 2.75 2.98 2.48 2.68 2.97 2.68 2.80 2.80 

Total energy consumption increase 
(kWh) 3,868.1 16,338.4 26,877.1 36581.0 13,923.0 26,184.6 34,782.5 23,065.7 35,108.3 33539.3 

Increase ratio of total energy 
consumption 0.03% 0.12% 0.20% 0.27% 0.10% 0.20% 0.26% 0.17% 0.26% 0.25% 

Average increase in iteration step 
numbers 8 20 28 33 19 27 32 26 32 31 

Number of non-convergence 
optimizations 184 1091 2033 2959 901 1891 2794 1642 2710 2582 

Ldct>Ldchi Ldct=1 
Ldchi=0 

Ldct=2 
Ldchi=1 

Ldct=3 
Ldchi=2 

Ldct=4 
Ldchi=3 

Ldct=2 
Ldchi=0 

Ldct=3 
Ldchi=1 

Ldct=4 
Ldchi=2 

Ldct=3 
Ldchi=0 

Ldct=4 
Ldchi=1 

Ldct=4 
Ldchi=0 

Average bias in optimization 
results (K) 0.01 0.02 0.14 0.29 0.015 0.04 0.13 0.03 0.05 0.04 

Maximum bias in optimization 
results (K) 0.14 1.67 2.48 2.68 0.33 1.44 2.27 0.36 1.46 0.36 

Total energy consumption increase 
(kWh) 23.4 1,549.1 13,725.6 26,317.9 107.6 1,605.2 11,930.0 225.8 1,296.4 413.3 

Increase ratio of total energy 
consumption 0.00% 0.01% 0.10% 0.20% 0.00% 0.01% 0.09% 0.00% 0.01% 0.00% 

Average increase in iteration step 
numbers 1 8 19 28 1 8 18 -1 8 -1 

Number of non-convergence 
optimizations 0 63 818 1916 0 58 707 0 38 0 
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3.4.2 Effects of step-size 

To investigate the effects of the step-size for the update of the Lagrange multiplier on the impacts 

of information delays, the control strategy was tested with different step-sizes. Tests were 

conducted in two scenarios with typical information delays and the corresponding statistical results 

are shown in Table 3 and Table 4 respectively. The first scenario involves uniform delays with the 

largest sum of delays where [Ldct=4, Ldchi=4], and the other scenario involves nonuniform delays 

with the largest difference of delays where [Ldct=0, Ldchi=4]. The step-size varies from 1×10-8 to 

5×10-8 with an increment of 1×10-8. 

It can be seen that the best choice of the step-size in ideal conditions, i.e. 5×10-8, was not the best 

choice when information delays exist. Using an appropriate step-size can reduce the impacts of 

information delays on the optimization results and the convergence rate. The best choice of step-

size was 2×10-8 under both test scenarios, as it had the least impacts on the convergence rate and 

a negligible impact on optimization results. In the two test scenarios, the average increase of 

iteration step numbers was 18 and 17, and the number of non-convergence optimizations was 397 

and 350 (5.84% and 5.15%) respectively.  

Table 3 Statistical performance data of optimal control strategy using different step-sizes under 
uniform delays 

Table 4 Statistical performance data of optimal control strategy using different step-sizes under 
nonuniform delays 

Step-size 1×10-8 2×10-8 3×10-8 4×10-8 5×10-8 
Average bias in optimization results (K) 0.47 0.08 0.27 0.36 0.44 

Maximum bias in optimization results (K) 2.93 2.20 2.80 2.82 3.03 

Total energy consumption increase (kWh) 23,449.7 6,924.6 22,719.9 28,743.7 37,397.2 

Increase ratio of total energy consumption 0.18% 0.05% 0.17% 0.21% 0.28% 

Average increase of iteration step numbers 30 18 25 29 33 

Number of non-convergence optimizations 3,198 397 1,514 2,262 2,986 

Step-size 1×10-8 2×10-8 3×10-8 4×10-8 5×10-8 
Average bias in optimization results (K) 0.48 0.08 0.26 0.39 0.44 

Maximum bias in optimization results (K) 2.97 2.48 2.70 2.80 2.80 

Total energy consumption increase (kWh) 23,941.6 6,409.5 21,115.4 30,507.4 33,539.3 

Increase ratio of total energy consumption 0.18% 0.05% 0.16% 0.23% 0.25% 

Average increase of iteration step numbers 30 17 25 28 31 
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4 Impacts on distributed optimal control of a multi-zone air-conditioning system 

The second test case is the impacts of information delays on the distributed multi-objective optimal 

control of a multi-zone air-conditioning system with a dedicated outdoor air system (DOAS) using 

fan-coil units (FCU), as shown in Fig. 10. The optimization objective is to minimize the energy 

consumption of the primary air handling unit (PAU) while maintaining indoor air quality through 

optimizing the ventilation air volume of individual rooms (Qi) and the total PAU ventilation air 

volume (Qtot). The objective function is shown in Eq. (14). INp is the indoor pollution index, E is 

the energy consumption, and 𝛾𝛾 is the weighting factor.  

 𝑚𝑚𝑚𝑚𝑚𝑚
𝑄𝑄𝑖𝑖,𝑄𝑄𝑇𝑇𝑇𝑇𝑇𝑇

𝑂𝑂𝑂𝑂𝑂𝑂 = ∑ 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖n
𝑖𝑖=1 + 𝛾𝛾 ∙ 𝐸𝐸 (14) 

subject to: ∑ 𝑄𝑄𝑖𝑖n
𝑖𝑖=1 = 𝑄𝑄tot 

 

Fig. 10. Schematic of the air conditioning system concerned 

In this test case, CO2 is the pollutant concerned. The pollution index is defined as Eq. (15), which 

is related to the difference between the steady-state CO2 concentration (CO2i) and the 

recommended limit (CO2limit) of 800 ppm [37].  

 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 = max{0,𝐶𝐶𝐶𝐶2𝑖𝑖 − 𝐶𝐶𝐶𝐶2𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙}2 (15) 

The steady-state CO2 concentration can be obtained according to the CO2 concentration of ambient 

air (CO2amb) and the CO2 generation of the occupants (MCO2G) as shown in Eq. (16).  

 𝐶𝐶𝐶𝐶2𝑖𝑖 = 𝐶𝐶𝐶𝐶2𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑀𝑀𝑀𝑀𝑀𝑀2𝐺𝐺∙𝑁𝑁𝑖𝑖
𝑄𝑄𝑖𝑖

 (16) 

Room 1 Room 2 Room 6

…

PAU

FCU FCU FCU

Number of non-convergence optimizations 3,223 350 1,329 2,095 2,582 
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The energy consumption of PAU (E) can be calculated through Eq. (17), it is the sum of the needed 

chiller energy consumption to generate the required cooling (Echi) [38] and the energy consumption 

of the fan (Efan). 

 𝐸𝐸 = 𝐸𝐸𝑐𝑐ℎ𝑖𝑖 + 𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓 (17) 

4.1 Description of the distributed optimal control strategy 

In this test case, two distributed optimization algorithms were adopted to formulate the distributed 

optimal control strategy, a subgradient method based on dual decomposition and the alternating 

direction method of multipliers (ADMM). The first one is simpler with lower computational load 

and communication load, while the second one requires weaker assumptions to guarantee 

convergence. The impacts of the information delays on the performance of the distributed optimal 

control strategies using the two algorithms were tested and compared. Fig. 11 illustrates the 

optimization processes of the distributed optimal control strategies using the two methods. It can 

be found that the main difference is that, using ADMM, more information exchange between 

component agents and the coordinator agent is required. More detailed information regarding the 

control strategy can be found in [39]. 

 

(a) Subgradient method    (b) ADMM 

Fig. 11. Optimization process of the distributed optimal control strategies using different methods 

4.2 Comparison on impacts of information delays using different optimization methods 

In order to compare the impacts of the information delays on the performance of the two optimal 

control strategies, they were tested using the same uncertain information delays as well as the same 

critical condition with constant information delays. The uncertain information delays are modelled 

using the Markov chain constructed in Section 2.2, and the constant information delays are set to 
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the possible maximum length,  2 sampling intervals. Eleven working conditions (working hours) 

in a spring day and eleven working conditions in a summer day were selected as the test working 

conditions. The occupancy profiles of the six rooms are shown in Fig. 12. 

 
Fig. 12. Occupancy profiles of the six rooms concerned 

4.2.1 Impacts of uncertain information delays 

The test results show that information delays had a larger impact on the control strategy using 

ADMM than when using the subgradient method. This is due to the fact that the amount of 

information exchange required by ADMM is larger than that required by the subgradient method. 

Fig. 13 shows the impacts of the information delays on the optimization results of the two control 

strategies in spring and summer working conditions respectively. It can be found that the biases in 

the optimized ventilation air volume using ADMM was larger than that using the subgradient 

method. As a result, the increase in the achieved objective value using ADMM was larger than 

that using the subgradient method in the tests as shown in Fig. 14. Using the subgradient method, 

in the spring and summer working conditions, the maximum biases in optimized ventilation air 

volume were 1.08 L/s and 1.11 L/s, and the maximum increase in the achieved objective values 

were 1.79% and 0.07% respectively. While using the ADMM, the maximum bias in optimized 

ventilation air volume was 6.07 L/s and 4.49 L/s, and the maximum increase in the achieved 

objective values was 50.33% and 1.03% respectively. The reason that the maximum increase in 

the achieved objective value in the spring working conditions was much larger is that the objective 

value achieved in ideal condition was much smaller. Fig. 15 shows the impacts of information 

delays on the convergence rate in the spring and summer working conditions respectively. The 

information delays resulted in the increase in the number of iteration steps in most of the test 
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scenarios using the two methods, and the impacts on the strategy using ADMM was larger than 

that on the strategy using subgradient method. In ideal conditions, the numbers of iteration steps 

using the ADMM and subgradient method were similar, around 20 steps in testing. With the 

information delays involved, in the spring and summer working conditions, the median of the 

iteration steps using ADMM was around 62 and the maximum number of iteration steps was 147 

and 148 respectively. When using subgradient method, the median of the iteration steps was 

around 40 and the maximum number of iteration steps was 51 and 59 respectively.  

   
(a) Spring working conditions       (b) Summer working conditions 

Figure. 13 Statistical distribution of the bias in optimized ventilation volume under information delays 

  
(a) Spring working conditions   (b) Summer working conditions 

Figure. 14 Statistical distribution of the difference in the objective value under information delays 
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(a) Spring working conditions   (b) Summer working conditions 

Figure. 15 Statistical distribution of the number of iteration steps under information delays 

4.2.2 Impacts of information delays under critical conditions 

Both control strategies were tested on a typical year with constant information delays of two 

sampling intervals. According to the requirements of optimal control in practical applications and 

the convergence rate in ideal conditions, the optimal control interval was set to one minute in the 

tests. If convergence is not achieved within one minute, a simple ventilation strategy is adopted: 

the ventilation air volume is set to 22L/s for each room according to the design occupancy and 

room size. Table 9 shows the statistical results of the tests. The constant information delays 

obviously affected ventilation volumes and convergence rate of both control strategies, with the 

impacts on the control strategy using ADMM being larger. Using the subgradient method, the 

average biases in total ventilation volume and individual ventilation volume were 70.22 L/s and 

1.23 L/s respectively. Using ADMM, the average biases in total ventilation volume and individual 

ventilation volume were 87.40 L/s and 2.16 L/s respectively. The average increases in the number 

of iteration steps of the two control strategies were similar (i.e. 41 and 43 respectively) while the 

number of non-convergence optimizations using ADMM was 3,927 (i.e. 97.81%), which is 148 

larger than that using subgradient method. 
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Table 9 Statistical performance data of two control strategies under constant information delays 

of two sampling intervals 

Optimization algorithm Subgradient method ADMM 
Average bias in total ventilation volume (L/s) 70.22 87.40 
Maximum bias in total ventilation volume (L/s) 144.15 180.72 
Average bias in individual ventilation volume (L/s) 1.23 2.16 
Maximum bias in individual ventilation volume (L/s) 44.44 44.44 
Average increase in iteration step numbers 41 43 
Number of non-convergence optimizations 3,779 3,927 

Fig. 16 shows the distribution of the CO2 concentration in the six rooms in the test working 

conditions using the set-points given by the control strategies using the subgradient method and 

ADMM respectively. It can be found that in ideal conditions, both control strategies successfully 

maintained CO2 concentration around 800 ppm, the recommended upper limit, except for three 

non-convergence optimizations. Due to information delays, only the CO2 concentration in Room 

5 was maintained around 800 ppm, and the CO2 concentration in other rooms were much higher 

than the recommended upper limit in most of the test working conditions. This indicates that the 

control strategies failed to achieve a proper compromise between maintaining the indoor air quality 

and energy consumption due to the information delays, although the energy consumption when 

using the strategies under the information delays was reduced as shown in Fig. 17. 

 
(a) Subgradient method     (b) ADMM 

Figure. 16. Statistical distribution of CO2 concentration in six rooms using two control strategies under 

information delays 
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Figure. 17. Statistical distribution of energy consumption using two control strategies under information delays 

5 Conclusions 

The impacts of information delays on the performance of distributed optimal control for HVAC 

systems deployed on field control networks are investigated through qualitative analysis and 

quantitative assessment using two case studies. The information delays are caused by the time cost 

of local optimization and the information exchange between devices as well as the asynchronous 

operation of different devices. Due to the information delays, the optimal control strategies resulted 

in biased optimization results or failed to achieve the optimization results within the preset optimal 

control interval. These impacts can result in reduced energy performance for the distributed 

optimal control strategies. The lengths of information delays and the step-size for the update of the 

Lagrange multiplier are two critical factors which could significantly affect the impacts of the 

information delays. Considering these two factors when developing distributed optimal control 

strategies could improve the reliability and energy performance of the distributed optimal control 

strategies. Moreover, the distributed optimal control strategy using the subgradient method shows 

greater robustness than when using ADMM under the same information delays. According to the 

test results and analysis, detailed conclusions can be drawn as follows: 

o Information delays could affect the performance of the distributed optimal control strategy 

significantly. Under uncertain information delays, the maximum bias of optimized cooling 

tower outlet water temperature was up to 0.6 K, the largest number of iteration steps increased 

to 180 (about nine times of that in ideal conditions), and the power consumption of the cooling 

plant was increased by 0.2%. 
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o The impacts of information delays increased dramatically with an increase in information 

delay length. With an increase in delay length from 1 sampling interval to 4 sampling intervals, 

the average bias in optimization results increased from 0.05 K to 0.44 K, the increase of annual 

energy consumption rose from 7,853.3 kWh to 37,397.2 kWh (0.06% to 0.28%) and the 

number of non-convergence optimizations increased from 306 to 2,986 (4.50% to 43.92%).  

o The best step-size for the update of the Lagrange multiplier determined in ideal conditions is 

not the best choice when information delays exist. Proper selection of the appropriate step-

size effectively reduced the impacts of information delays and therefore improved the energy 

performance. The annual energy consumption increase was reduced from 37,397.2 kWh to 

6924.6 kWh (from 0.28% to 0.05%). 

o The impacts of information delays on the performance of distributed optimal control strategies 

using ADMM is much larger than that using the subgradient method since ADMM requires 

more information exchange than the subgradient method. Under the same uncertain 

information delays, using ADMM and the subgradient method, the maximum biases in 

optimized ventilation air volume were 6.07 L/s and 1.08 L/s, and the maximum numbers of 

iteration steps increased from 18 and 17 to 147 and 51 respectively. 

It is worth noticing that although the energy savings achieved by using distributed optimal control 

strategy is not significant compared with the near-optimal control strategy, which is 70967.61 kWh 

(i.e. 0.53%) in ideal conditions, it will not lead to any additional cost after the control strategy is 

implemented. Having confirmed the impacts and identified the critical factors, further research 

efforts will be devoted to developing delay-tolerant methods for the distributed optimal control 

strategies of building HVAC systems to eliminate or reduce the impacts of information delays to 

allow for practical implementation. 
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