
Optimal and Near-Optimal Temperature and Humidity Controls for 1 

Direct Load Control and Proactive Building Demand Response 2 

towards Smart Grids 3 

Rui Tang1, Shengwei Wang1,2* and Kui Shan1 4 

1 Department of Building Services Engineering, The Hong Kong Polytechnic 5 

University, Kowloon, Hong Kong 6 

2 Research Institute for Sustainable Urban Development, The Hong Kong Polytechnic 7 

University, Kowloon, Hong Kong 8 

9 

Abstract: Shutting down part of operating chillers directly in central air-conditioning 10 

systems of buildings to meet the urgent demand reduction needs of power grids has 11 

received increasing attention recently. However, due to limited cooling supply during 12 

above demand response (DR) events, the indoor air temperature and particularly 13 

relative humidity would often increase to unacceptable levels, resulting in the failures 14 

of DR controls. Considering the restriction on power use during DR events, rational 15 

use of limited cooling supply turns out to be the inevitable choice. The feedback 16 

control strategies commonly-used today cannot properly deal with the environment 17 

and system control issues under limited cooling supply during DR events. However, 18 

no study on this problem can be found in the research literature. As the first effort, 19 

two control strategies (i.e., optimal and near-optimal) are developed to address the 20 

environment control issues (concerning both indoor temperature and humidity 21 

controls) under a pre-determined power limiting threshold during DR events. The 22 

optimal control strategy optimizes the air flow set-points of individual AHUs (air 23 

handling units) using model-based prediction and genetic algorithm to achieve the 24 

best possible indoor environment control. The near-optimal control strategy 25 

approaches such best environment control using a simple empirical method. Case 26 

studies are conducted and the results show that the air flow settings have significant 27 

impacts on the indoor environment controlled under limited cooling supply. Both 28 

control strategies can achieve significant improvements in the indoor temperature and 29 

humidity controls as well as significant fan power saving.  30 
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1. Introduction 35 

1.1 Background of research and related studies 36 

The real-time balance between supply and demand sides of a power grid is a 37 

critical system requirement [1]. Any power imbalance will cause severe consequences 38 

in the reliability and quality of power supply (e.g. power outages, voltage fluctuations) 39 

[2]. The latest example happened in Australia in February 2017. Due to huge demand 40 

caused by the highest outdoor temperature in history, the power grid faced with a 41 

great challenge and failed. Facing the challenge from power imbalance, smart grid is 42 

considered as a state-of-the-art technology to incorporate advanced technologies to 43 

offer better flexibility, reliability and security in grid operation [3-5]. The power 44 

control at the consumer side in response to grid requests (e.g., dynamic price and 45 

reliability information) is known as demand response (DR). DR programmes cannot 46 

only benefit the operation of power grids but also offer economic benefits to 47 

end-users [6-10].  48 

Buildings play an important role in DR programmes by actively altering their 49 

load profiles during peak times. Moreover, with the help of advanced technologies 50 

such as building automation systems and smart meters, demand response control 51 

strategies in buildings could be implemented to realize a bidirectional operation mode 52 

between buildings and power grids [11-13]. When pricing changes are informed day 53 

ahead or hours ahead, demand shifting achieved by rescheduling the system operation, 54 

such as resetting the indoor air temperature, is a preferable alternative to reduce the 55 

power demand of air-conditioning systems. Lee and Braun [14] proposed three simple 56 

approaches for estimating building zone temperature set-point variations to minimize 57 

the peak demand during critical demand periods considering the peak demand 58 

reduction. Sun et al. [15] developed a demand shifting control strategy including 59 

building load prediction, cooling charging and discharging controls to reduce the 60 

building peak demand. Su and Norford [16] modulated the power demand of a central 61 

air-conditioning system by adjusting the supply chilled water temperature and hence 62 



the chiller power demand to satisfy the requirements of power grid. However, when 63 

adding an additional generation is extremely expensive or at the time of supply 64 

shortage, such conventional strategies are not sufficient to achieve significant demand 65 

reduction within a very short time, i.e., minutes, resulting from the inherent and 66 

significant delay of cooling charging and discharging control processes [17, 18].  67 

In fact, the power demand of chillers accounts for a large part of power use in 68 

commercial buildings using central air-conditioning systems [19]. Shutting down 69 

some of operating chillers in an air-conditioning system, which is a typical fast 70 

demand response and direct load control method, would be effective for urgent 71 

requests of smart grids. Due to the effectiveness of this fast demand response method 72 

for the urgent requests of smart grids, many studies have been conducted. The authors 73 

of this paper [20] pointed out that imbalanced chilled water distribution among a 74 

central air-conditioning system occurred after simply shutting down some of 75 

operating chillers. A cooling distributor based on adaptive utility function was 76 

developed to deal with this problem. They [21] also proposed a novel control concept 77 

(i.e., supply-based feedback control strategy) for DR events, instead of conventional 78 

control strategies commonly used for central air-conditioning systems, to effectively 79 

avoid the serious operation problems (e.g., imbalanced cooling distribution) and 80 

ensure the expected immediate power reduction after adopting such fast demand 81 

response method. Simultaneously, such fast demand response method has been 82 

applied in real projects, such as by CLP, a major utility company in Hong Kong [22]. 83 

During DR period, the indoor environment would be considered. When a DR strategy 84 

of an air-conditioning system is adopted to benefit the smart grids, indoor thermal 85 

comfort would be potentially sacrificed to unacceptable levels [23]. Zhang et al. [24] 86 

investigated 56 subjects’ thermal comfort during DR conditions and pointed out that 87 

subjects’ thermal comfort zone during DR events was wider than that predicted by 88 

Fanger’s PMV/PPD model. Chu et al. [25] developed a reasonable DR program with 89 

a least enthalpy estimator (LEE)-based fuzzy thermal comfort controller of 90 



air-conditioning systems to control the fan-coil units. Results showed that the 91 

proposed method could ensure the indoor thermal comfort within the acceptable range. 92 

Although significant and immediate power reduction can be achieved by shutting 93 

down part of operating chillers, the indoor environment, particularly for the 94 

temperature and relative humidity, would be influenced obviously and thus essential 95 

to be considered. 96 

1.2 Problem description and motivation of research 97 

Currently, almost commonly-used automatic control strategies for central 98 

air-conditioning systems are demand-based feedback control. Such control logic can 99 

be managed properly in normal conditions when the total demand for each device is 100 

not more than the available cooling and all users can get what they need from their 101 

suppliers. However, when the cooling supply is not sufficient after part of operating 102 

chillers are simply shut down, the failure of conventional fan’s control will occur. 103 

With limited cooling supply, the VAV dampers of indoor spaces would fully open and 104 

hence fans would operate at maximum speeds to maintain the original pressure 105 

set-points. The authors [26] pointed out such phenomenon (i.e., fully open VAV 106 

dampers and over-speeding fans) caused by the limited cooling supply using on-site 107 

measurements of a super-high commercial building. The excessive airflow circulated 108 

by full speeding of fans and cooled down by the limited cooling supply will lead to a 109 

serious increase of supply air temperature. Thus, the supply air with rather high 110 

temperature would almost lose the dehumidification ability. In the subtropical area 111 

such as Hong Kong, the humidity load in summer are always very high. In such a case, 112 

due to the unreasonable fan’s control during DR events, not only the indoor air 113 

temperature (T) increases and deviates from the original set-point, but also the relative 114 

humidity (RH) would increase seriously, as shown in Fig.1. In normal conditions, the 115 

indoor air temperature is maintained at its set-point and RH fluctuates within an 116 

acceptable range. But during DR events (after shutting down part of operating 117 



chillers), the indoor environment would be worse and the fans operate at their 118 

maximum speeds. 119 

 120 

Fig.1 Indoor air temperature and relative humidity with limited cooling supply 121 

   In addition, much more power is consumed by the over speeding of fans and 122 

therefore potentially relieve the effect of DR control (i.e., power reduction). In fact, a 123 

pre-determined power reduction under a specific pricing incentive is signed ahead in 124 

the agreement with utility companies during a DR event [27]. In some mandatory 125 

incentive-based DR programmes, such as Interruptible/Curtailable (I/C) service, it is 126 

not economical and reasonable for end-users to prevent the unacceptable decrease of 127 

indoor thermal comfort at the expense of paying the penalty owing to unsatisfying the 128 

pre-determined power reduction. Therefore, under a pre-determined agreement on 129 

power use, rational use of limited cooling supply by optimizing the fan’s control to 130 

achieve the best possible indoor environment would be a most effective and 131 

economical choice during DR events. This is the motivation of this study.  132 

1.3 Outline of this research 133 

This study, therefore, develops an online air flow optimization scheme to deal 134 

with above issues during DR events. The function of this scheme is realized by two 135 

strategies, a model-based optimal control strategy and an empirical near-optimal 136 

control strategy. The optimal control strategy is based on model-based prediction and 137 

genetic algorithm (GA) to modulate the air flow settings for individual AHUs (air 138 

handling units) during DR events. And the near-optimal control strategy achieves such 139 
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online optimization using an empirical method. Although this near-optimal strategy 140 

cannot obtain obviously good indoor environment as that using the optimal strategy, it 141 

is simple and convenient for applications and has no specific requirement on control 142 

facilities (as illustrated in §2.3). This study contributes three main innovations, 143 

including: (1) optimal control and near-optimal control strategies are developed for 144 

DR events taking the indoor humidity into account in addition to the indoor air 145 

temperature; (2) air flow settings for AHUs are optimized to improve the indoor 146 

environment during DR events under a pre-determined power limiting threshold; (3) 147 

two control strategies are developed to satisfy different primary needs of building 148 

owners, i.e., best possible indoor environment and simply practical applications. Case 149 

studies are conducted to test and validate the performance of these two proposed 150 

control strategies as well as to quantify the impacts of air flow settings on the indoor 151 

environment (temperature and relative humidity) during DR events.   152 

2. Optimal and near-optimal control strategies for improved indoor 153 

temperature and humidity controls 154 

During DR events, a pre-determined power reduction under a certain incentive 155 

should be achieved, which is signed ahead with utility companies in the agreement. 156 

With pre-defined power reduction and power demand baseline provided by utility 157 

companies, the power consumed by end-users should be maintained at a given power 158 

profile (i.e., power limiting threshold) during DR period accordingly. In this study, the 159 

contribution of the central air-conditioning system to a smart grid is considered, and 160 

the impacts of other parts on the building power demand are not considered.  161 

Considering the impacts of air flowrate on indoor temperature and humidity 162 

(validated in §4.1), two effective methods are developed to optimize the setting of air 163 

flow for each AHU during a DR event in order to optimize the fan’s control and hence 164 

improve the indoor environment in terms of indoor temperature and humidity. 165 

2.1 Schematic of proactive fast demand response control strategy during DR events 166 



The fast demand response strategy adopted in this study is shown in Fig.2. After 167 

part of operating chillers are shut down, the chiller load regulator is responsible to 168 

ensure the measured power demand follow the pre-determined power limiting 169 

threshold. With the predicted power limiting threshold and measured power demand, 170 

a PID controller followed by an amplification factor (K) is employed to realize the 171 

function of chiller load regulator. The control variable is the chilled water flow in the 172 

secondary loop representing the total cooling provided by chillers. The global cooling 173 

distributor is employed to properly distribute the available and limited cooling supply 174 

adjusted by the chiller load regulator among individual AHUs. Similarly, at the 175 

air-side, the online air flow optimization scheme is introduced to determine the 176 

set-points of total air flow of individual AHUs based on the actual measurements. The 177 

local cooling distributor is used to achieve proper air flow distribution (i.e., uniform 178 

indoor air temperature increase) among VAV (variable air volume) terminals 179 

associated to an AHU based on available air flowrate, i.e., flow set-point given by the 180 

online air flow optimization scheme. With optimized air flow delivered, the full 181 

speeding of fans can be effectively avoided. The chiller load regulator, (global and 182 

local) cooling distributors and prediction of power limiting threshold are developed in 183 

the previous study [28]. This study focuses on the online air flow optimization scheme, 184 

which aims at achieving optimal fan’s control for a best possible indoor thermal 185 

comfort under a pre-determined power limiting threshold. 186 

 187 

Fig.2 Schematic of proactive fast demand response control strategy during DR events 188 
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2.2 Optimal control strategy for online air flow optimization scheme   189 

As for optimal control strategy, the online air flow optimization scheme is based 190 

on model-based prediction (explained in §2.2.1) and genetic algorithm optimization 191 

(explained in §2.2.2). It determines the optimal air flow set-points of individual AHUs 192 

in a building to minimize the indoor air temperature and maintain relative humidity of 193 

individual zones within an acceptable range. The schematic of online air flow 194 

optimization scheme is illustrated in Fig.3. At each sampling step, the GA optimizer 195 

starts with a set of random set-point trails within their allowed search ranges at their 196 

first generation. At the computation of each generation, the set of set-point trails is 197 

given to the model-based predictor. The predictor simulates the system thermal 198 

response within next prediction period, which is used by the fitness function to 199 

compute the fitness value. The GA optimizer then produces the next generation 200 

(another set of set-points trails) according to its rules and fitness value at current 201 

generation. Through sufficient generations of computation, the GA optimizer finds out 202 

the optimal set-point trails and they are eventually used to update the current 203 

set-points for process controller.  204 

 205 

Fig.3 Schematic of online air flow optimization scheme 206 
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fan-delivered static pressure (∆𝑝𝑓𝑎𝑛, Pa), the air volume flow rate (V, m3/s) and the 210 

efficiency (𝜂), as shown in Eq.(1) [29]. The fan-delivered static pressure (∆𝑝𝑓𝑎𝑛) is 211 

determined by two components, as shown in Eq.(2). The first is the pressure head on 212 

the VAV air distribution system after the static pressure control sensor (pset, Pa), which 213 

is a constant value in this study. The other component is the pressure loss across the 214 

rest of the VAV supply system, i.e., filters, coil, duct, etc., which is proportional to the 215 

square of the volume flow rate. The characteristic of efficiency is based on the 216 

manufacturers’ data at the full speed operation and extended to the variable speed 217 

operation using the affinity law, as explained in Eq.(3) [30]. During a DR event, the 218 

supply air flow (Vk) is given by the GA optimizer.   219 

 𝑃𝑓𝑎𝑛
𝑘 =

𝑉𝑘∗∆𝑝𝑓𝑎𝑛
𝑘

𝜂𝑘  (1) 220 

 ∆𝑝𝑓𝑎𝑛
𝑘 = 𝑝𝑠𝑒𝑡 + 𝛾 ∗ (𝑉𝑘)2 (2) 221 

 𝜂𝑘 = 𝜂𝑑𝑒𝑠𝑖𝑔𝑛 ∗ [𝑑0 + 𝑑1 ∗ 𝑥𝑘 + 𝑑2 ∗ (𝑥𝑘)2 + 𝑑3 ∗ (𝑥𝑘)3] (3) 222 

where, 𝜂𝑑𝑒𝑠𝑖𝑔𝑛 is the design fan efficiency. xk is the fraction of nominal flow at kth 223 

time step during a DR event. d0-d3 and 𝛾 are the coefficients identified with the 224 

historic recorded data. 225 

Considering the derivation existing between the prediction and real processes, the 226 

prediction model is further corrected in order to improve the accuracy by Eq.(4). 227 

 𝑃𝑓𝑎𝑛
𝑘 ′ = 𝑃𝑓𝑎𝑛

𝑘 + 𝑒𝑘−1 (4) 228 

where, 𝑃𝑓𝑎𝑛
𝑘 ′ is the predicted power consumption of fans at kth time step after 229 

correction, kW. e is the correction factor representing the estimated error between 230 

model perdition and real process, kW. At (k-1)th time step, the measurement of fan 231 

power consumption and state variable predicted by the model are compared to obtain 232 

the estimated error (𝑒𝑘−1) for kth time step.  233 

Total chilled water flow model with self-correction 234 

The total chilled water flow (𝑀𝑡𝑜𝑡
𝑘 , kg/s) is realized by the module of chiller load 235 



regulator, which is mainly based on PID algorithm through comparing the measured 236 

system power with the pre-determined power limiting threshold, as shown in Eq.(5). 237 

The discrete PID calculation is used to predict the output of PID controller in the 238 

module of chiller load regulator, as calculated by Eqs.(6-9). At kth time step, if a set 239 

of air flow settings is given, the power demand of fans (𝑃𝑓𝑎𝑛
𝑘 , kW) can be estimated 240 

by the fan power model. Then the system power can be predicted on basis of the 241 

predicted power demand of fans (𝑃𝑓𝑎𝑛
𝑘 ) and the measured power demand of chillers 242 

and (primary & secondary) pumps (𝑃𝑐𝑝
𝑘 , kW). Accordingly, the difference (𝐸𝑘 ) 243 

between the predicted system power and the pre-determined power limiting threshold 244 

is obtained, as calculated by Eq.(10).  245 

𝑀𝑡𝑜𝑡
𝑘 = 𝑀𝑡𝑜𝑡,𝑚𝑖𝑛 + 𝑈𝑃𝐼𝐷

𝑘 ∗ (𝑀𝑡𝑜𝑡,𝑚𝑎𝑥 − 𝑀𝑡𝑜𝑡,𝑚𝑖𝑛) (5) 246 

where, 𝑈𝑃𝐼𝐷
𝑘  is the predicted output of PID controller in the module of chiller load 247 

regulator at kth time step. 𝑀𝑡𝑜𝑡,𝑚𝑎𝑥, 𝑀𝑡𝑜𝑡,𝑚𝑖𝑛 are the maximum and minimum mass 248 

water flow rates circulated in the secondary loop, which are pre-set in the model of 249 

amplification factor (K) in the chiller load regulator, kg/s. 250 

𝑈𝑃𝐼𝐷
𝑘 = 𝑈𝑃

𝑘 + 𝑈𝐼
𝑘 + 𝑈𝐷

𝑘 (6) 251 

where, 𝑈𝑃
𝑘, 𝑈𝐼

𝑘, 𝑈𝐷
𝑘 are the proportional term, integral term and derivative term at 252 

kth time step, respectively.  253 

 𝑈𝑃
𝑘 = 𝐾𝑃 ∗ 𝐸𝑘 (7) 254 

 𝑈𝐼
𝑘 =

𝐾𝑃

𝑡𝐼
∗

(𝐸𝑘+𝐸𝑘−1)

2
∗ ∆𝑡𝑠 + 𝑈𝐼

𝑘−1 (8) 255 

 𝑈𝐷
𝑘 =

𝐾𝑃∗
(𝐸𝑘−𝐸𝑘−1)

∆𝑡𝑠
∗𝑡𝐷+𝑈𝐷

𝑘−1

2
 (9) 256 

where, 𝐾𝑃 ,  𝑡𝐼 , 𝑡𝐷  are the proportional, integral and derivative parameters of PID 257 

controller, respectively. ∆𝑡𝑠 is the simulation time step of supervisory control, s. 258 

 𝐸𝑘 = 𝑃𝑡ℎ𝑟
𝑘 − (𝑃𝑓𝑎𝑛

𝑘 + 𝑃𝑐𝑝
𝑘  ) (10) 259 

https://en.wikipedia.org/wiki/Proportional_control
https://en.wikipedia.org/wiki/Integral
https://en.wikipedia.org/wiki/Derivative


where, 𝑃𝑡ℎ𝑟
𝑘  is pre-determined power limiting threshold during a DR event, kW. 𝐸𝑘 260 

is the difference between 𝑃𝑡ℎ𝑟
𝑘  and predicted system power demand, kW. 261 

Similar with the power model of fans, the model prediction is also further 262 

corrected in order to improve the accuracy, as shown in Eq.(11). 263 

 𝑀𝑡𝑜𝑡
𝑘 ′ = 𝑀𝑡𝑜𝑡

𝑘 + 𝑒𝑘−1 (11) 264 

where, 𝑀𝑡𝑜𝑡
𝑘 ′ is the predicted total chilled water flow at kth time step after correction, 265 

kg/s. e is the correction term representing the deviation between the model predictions 266 

and real processes, kg/s. At (k-1)th time step, the measurement of total chilled water 267 

flow and state variable predicted by the model are compared to obtain the estimated 268 

error (𝑒𝑘−1) for kth time step.  269 

Cooling distributor 270 

After part of operating chillers are shut down, the cooling supply is not enough to 271 

satisfy the cooling demand of end-users. This would lead to the failure of 272 

conventional control strategies and hence limited cooling cannot be distributed 273 

properly [17]. Therefore, cooling distributors based on supply-based feedback control 274 

strategy are employed for cooling distributions in different level systems during DR 275 

events [18]. For the water-side of a central air-conditioning system, the global cooling 276 

distributor is used to distribute the total cooling supply (i.e., predicted total chilled 277 

water flow, 𝑀𝑡𝑜𝑡
𝑘 ′) among AHUs (𝑀𝑠𝑝,𝑖

𝑘 , kg/s). Similar to the air-side, the local cooling 278 

distributor is used to distribute the air flow determined by the online air flow 279 

optimization scheme among VAV boxes associated with one AHU. The principle of 280 

global cooling distributor to predict the chilled water flow of individual AHUs is 281 

shown as an example in Eqs.(12-15).  282 

 𝑈𝑖
𝑘 = 1 −

|𝑇𝑖
𝑘−𝑇𝑠𝑒𝑡,𝑖|

𝑇𝑏𝑎𝑛𝑑
          𝑈𝑖

𝑘 ∈ [0,1] (12) 283 

where, 𝑇𝑏𝑎𝑛𝑑  is a very large deviation between 𝑇𝑖
𝑘  (measured indoor air 284 

temperature, 
o
C) and 𝑇𝑠𝑒𝑡,𝑖 (original indoor set-point, 

o
C), which should be large 285 

enough to fully cover the whole possible indoor temperature range of zones during a 286 



DR event. Its value is set to be 10°C. 𝑈𝑖
𝑘 is the utility value, which is an economic 287 

concept applied in this allocation problem. ai is a parameter representing the 288 

thermodynamic characteristics of ith zone and calculation method is introduced in the 289 

reference. 290 

 𝑀𝑈=1,𝑖
𝑘 = 𝑀𝑤,𝑖

𝑘 − √
1−𝑈𝑖

𝑘

𝑎𝑖
 (13) 291 

 𝑀𝑈=1,𝑖
𝑘 = 𝜆𝑀𝑈=1,𝑖

𝑘−1 + (1 − 𝜆)𝑀𝑈=1,𝑖
𝑘  (14) 292 

where, 𝑀𝑈=1,𝑖
𝑘  is the required chilled water flow of ith zone to maintain the original 293 

utility value, that is, when the indoor air temperature is at its original set-point, kg/s. 294 

𝑀𝑤,𝑖
𝑘  is the measured chilled water flow of ith zone at kth time step, kg/s. Because the 295 

measurements always have obvious noise and fluctuation, a simple data filter is 296 

applied to update 𝑀𝑈=1,𝑖
𝑘  in order to fulfill the need of practical on-site applications, 297 

as shown in Eq.(14). λ is the forgetting factor selected to be 0.95 in this study. 298 

 𝑀𝑠𝑝,𝑖
𝑘 = 𝑀𝑈=1,𝑖

𝑘 + √
1−𝑈̅𝑠𝑝

𝑘

𝑎𝑖
  (15)     299 

where, 𝑈̅𝑠𝑝
𝑘  is the target utility value of all zones at kth time step, which is the 300 

expected utility value of all zones if utility values of all zones are controlled to be the 301 

same. The value is determined based on the available cooling capacity (i.e., total 302 

chilled water flow, 𝑀𝑡𝑜𝑡
𝑘 ). 𝑀𝑠𝑝,𝑖

𝑘  is the chilled water flow set-point for ith zone at kth 303 

time step, kg/s. 304 

AHU model 305 

The function of the AHU (air handling unit) model is to calculate the temperature 306 

(𝑇𝑎,𝑜𝑢𝑡, 
o
C) and humidity (𝐺𝑜𝑢𝑡, kg) of the supply air. The classical number of transfer 307 

unit (NTU) and heat transfer effectiveness (𝜀) methods are applied to realize the heat 308 

transfer calculation. Two different methods are used for the heat conversion 309 

coefficient on the air side in dry and wet regions, respectively [31]. 310 

In the dry regime, the temperature and humidity of supply air are computed as 311 

follow: 312 



 𝑁𝑇𝑈 =
𝑈𝐴

𝐶𝑚𝑖𝑛
=

𝐴

𝐶𝑚𝑖𝑛(𝑅𝑎+𝑅𝑚+𝑅𝑤)
 (16) 313 

 𝜀 = 𝑓(𝑁𝑟𝑜𝑤,
𝐶𝑚𝑖𝑛

𝐶𝑚𝑎𝑥
, 𝑁𝑇𝑈) (17) 314 

 𝑄 = 𝜀𝐶𝑚𝑖𝑛(𝑇𝑖𝑛 − 𝑇𝑤,𝑖𝑛) (18)  315 

 𝑇𝑎,𝑜𝑢𝑡 = 𝑇𝑖𝑛 −
𝑄

𝐶𝑝𝑚𝑎𝑖𝑟
 (19) 316 

 𝐺𝑜𝑢𝑡 = 𝐺𝑖𝑛 (20) 317 

where, A is the total heat transfer surface area, m2. Cp is inlet air mass specific heat, 318 

kJ/(kg·K). 𝐶𝑚𝑖𝑛, 𝐶𝑚𝑎𝑥 are the minimum and maximum capacity rates between air 319 

and water, kW/K. Q is the heat transfer occurred in AHU, kW. Nrow is the number of 320 

the row. Ra, Rm and Rw are the heat transfer resistances of air side convection, coil 321 

metal and water side convection, which can be gained from manufactory’s data, 322 

(m2K)/kW. 𝑇𝑖𝑛, 𝑇𝑤,𝑖𝑛 are the inlet air and water temperatures of AHU, 
o
C. 𝐺𝑖𝑛, 𝐺𝑜𝑢𝑡 323 

are the inlet and outlet air humidity of AHU, kg. 𝑚𝑎𝑖𝑟  is the mass flow rate of supply 324 

air, kg/s (i.e., trial value of air flow setting given by the GA optimizer, as shown in 325 

Fig.3).  326 

In the wet regime, a fictitious air flow is assumed, which has a specific heat equal 327 

to the average saturation specific heat (cs, specific heat of saturation moisture air at the 328 

average temperature of air inlet wet bulb temperature and water inlet temperature, 329 

kJ/(kg·K)). The air capacity flow rate (Caf , kW/K) and air convection coefficient of the 330 

fictitious air flow (ha,wt, kJ/(kg·K)) are as follows: 331 

 𝐶𝑎𝑓 = 𝑚𝑎𝑖𝑟𝑐𝑠 (21) 332 

 ℎ𝑎,𝑤𝑡 = ℎ𝑎
𝑐𝑠

𝐶𝑝
 (22) 333 

Then, the temperature and humidity of supply air are computed using the same 334 

approach: 335 

 𝑁𝑇𝑈𝑓 =
𝑈𝐴

𝐶𝑚𝑖𝑛,𝑓
=

𝐴

𝐶𝑚𝑖𝑛,𝑓(𝑅𝑎,𝑤𝑡+𝑅𝑚+𝑅𝑤)
 (23) 336 

 𝜀𝑓 = 𝑓(𝑁𝑟𝑜𝑤,
𝐶𝑚𝑖𝑛,𝑓

𝐶𝑚𝑎𝑥,𝑓
, 𝑁𝑇𝑈𝑓) (24) 337 



 𝑄𝑤𝑡 = 𝜀𝑓𝐶𝑚𝑖𝑛,𝑓(𝑇𝑖𝑛 − 𝑇𝑤,𝑖𝑛) (25) 338 

 𝑇𝑎,𝑜𝑢𝑡 = 𝑇𝑖𝑛 −
𝑆𝐻𝑅∗𝑄𝑤𝑡

𝐶𝑝𝑚𝑎𝑖𝑟
 (26) 339 

 𝐺𝑜𝑢𝑡 = 𝐺𝑖𝑛 −
(1−𝑆𝐻𝑅)∗𝑄𝑤𝑡

𝐻𝑣𝑎𝑝
 (27) 340 

where, SHR is the sensible heat ratio. SHR takes the same value calculated in the same 341 

inlet condition in the steady-state case using the bypass factor method. 𝐻𝑣𝑎𝑝 is water 342 

vaporization heat rate, kJ/(kg·s).  343 

Adaptive dynamic building model 344 

With predicted temperature and humidity of supply air and air flow rate for each 345 

zone, the indoor air temperature and humidity can be obtained as differential 346 

Eqs.(28-29) [32]. 347 

 𝑀𝑖𝑐𝑝
𝜕𝑇𝑖𝑛

𝜕𝑡
= 𝑚𝑎𝑖𝑟,𝑖𝑐𝑝(𝑇𝑠𝑢𝑝,𝑖 − 𝑇𝑖𝑛) + 𝑄𝑠,𝑖 (28) 348 

 𝑀𝑖
𝜕𝐺𝑖𝑛

𝜕𝑡
= 𝑚𝑎𝑖𝑟,𝑖(𝐺𝑠𝑢𝑝,𝑖 − 𝐺𝑖𝑛) + 𝐷𝑖 (29) 349 

where, 𝑀𝑖 is the total mass of indoor air of ith zone, kg. 𝑐𝑝 is the specific heat of air, 350 

kJ/(kg · K). 𝑇𝑠𝑢𝑝,𝑖  and 𝐺𝑠𝑢𝑝,𝑖  are the temperature and humidity of supply air 351 

(i.e.,  𝑇𝑎,𝑜𝑢𝑡  and 𝐺𝑜𝑢𝑡  calculated by AHU model). 𝑇𝑖𝑛 , 𝐺𝑖𝑛  are the indoor air 352 

temperature and humidity. 𝑄𝑠,𝑖, 𝐷𝑖 are indoor heat (kW) and humidity loads (kg/s) 353 

of ith zone. 354 

Because of heat and humidity loads (𝑄𝑠,𝑖,  𝐷𝑖) are slowly-varying variables, they 355 

are assumed to be constant during a very short period. Therefore, the Eqs.(28-29) can 356 

be expressed approximately as below by replacing the derivative terms approximately 357 

with finite difference terms. The indoor air temperature and humidity at (k+1)th time 358 

step can be predicted by Eqs.(30-31). Where, ∆𝑡𝑠 is the time step of supervisory 359 

control. The superscript k+1, k, k-1 are the last, current and next simulation time step 360 

of supervisory control, respectively. 361 

 𝑇𝑖𝑛
𝑘+1 = 𝑇𝑖𝑛

𝑘 + [
𝑚𝑎𝑖𝑟,𝑖

𝑘

𝑀𝑖
(𝑇𝑠𝑢𝑝,𝑖

𝑘 − 𝑇𝑖𝑛
𝑘 ) +

𝑄𝑠.𝑖

𝑀𝑖𝑐𝑝
]∆𝑡𝑠 (30) 362 



 𝐺𝑖𝑛
𝑘+1 = 𝐺𝑖𝑛

𝑘 + [
𝑚𝑎𝑖𝑟,𝑖

𝑘

𝑀𝑖
(𝐺𝑠𝑢𝑝,𝑖

𝑘 − 𝐺𝑖𝑛
𝑘 ) +

𝐷𝑖

𝑚𝑖𝑐𝑝
]∆𝑡𝑠 (31) 363 

 𝑄𝑠,𝑖
𝑘 = 𝑀𝑖𝑐𝑝

𝑇𝑖𝑛
𝑘 −𝑇𝑖𝑛

𝑘−1

∆𝑡𝑠
−

𝑚𝑎𝑖𝑟,𝑖
𝑘−1 +𝑚𝑎𝑖𝑟,𝑖

𝑘

2
𝑐𝑝(𝑇𝑠𝑢𝑝,𝑖

𝑘−1 − 𝑇𝑖𝑛
𝑘−1) (32) 364 

 𝐷𝑖
𝑘 = 𝑀𝑖𝑐𝑝

𝐺𝑖
𝑘−𝐺𝑖

𝑘−1

∆𝑡𝑠
−

𝑚𝑎𝑖𝑟,𝑖
𝑘−1 +𝑚𝑎𝑖𝑟,𝑖

𝑘

2
(𝐺𝑠𝑢𝑝,𝑖

𝑘−1 − 𝐺𝑖𝑛
𝑘−1) (33) 365 

2.2.2 Optimization using genetic algorithm (GA) 366 

Due to limited cooling supply during DR events, the cooling distributors are 367 

employed for the cooling distribution among different zones (one zone served by one 368 

AHU) in order to make sure indoor air temperatures of zones with the same 369 

temperature sacrifice (i.e., the increased value from the original set-point). Genetic 370 

algorithm (GA) is widely used in the optimization for the design and control of 371 

air-conditioning systems [33]. GA is a population-based stochastic global search 372 

technique inspired from the biological principles of natural selection and genetic 373 

recombination [34]. Each individual in the population, usually called chromosome, 374 

stands for a potential solution in the problem space. The chromosome is usually 375 

represented as a binary string which can capture both continuous and discrete 376 

variables. The fitness of an individual is related with its objective function value and 377 

it is used to determine the probability of each individual to be selected for 378 

reproduction. Then, crossover and mutation processes are applied on the selected 379 

individuals to produce a new population. The crossover process exchanges some 380 

genetic materials between two chromosomes, while the mutation process may flip the 381 

values of some bits at random. The above procedure is repeated until the maximum 382 

number of generations is reached. 383 

In this study, the fitness function of GA optimizer is to minimize the average value 384 

of indoor air temperatures of all zones by identifying the optimal air flow settings of 385 

AHUs, as established in Eq.(34). The constraints for this optimization are shown in 386 

Eqs.(35-36). 387 

 min  
1

𝑛
∑ 𝑇𝑖𝑛

𝑘+1𝑛
𝑖=1  (34) 388 



 𝜑𝑖𝑛
𝑘+1 ∈ [𝜑𝑚𝑖𝑛,𝑖𝑛, 𝜑𝑚𝑎𝑥,𝑖𝑛] (35) 389 

 𝑉𝑠𝑒𝑡,𝑖
𝑘+1 ∈ [0.7𝑦𝑖, 1.3𝑦𝑖] (36) 390 

where, 𝑇𝑖𝑛
𝑘+1 and 𝜑𝑖𝑛

𝑘+1 are the indoor air temperature and relative humidity of ith zone 391 

at (k+1)th time step. 𝜑𝑚𝑖𝑛,𝑖𝑛 and 𝜑𝑚𝑎𝑥,𝑖𝑛 are the lower and upper limits of acceptable 392 

indoor relative humidity. 𝑉𝑠𝑒𝑡,𝑖
𝑘+1 is the set-point of air flow for ith zone at (k+1)th time 393 

step, which is the optimal setting, kg/s. 𝑦𝑖  is the air flow of ith zone just before the DR 394 

event, kg/s. The set-point, 𝑉𝑠𝑒𝑡,𝑖
𝑘+1, is in the range between ±30% of that right before the 395 

DR event. If more air flow is delivered, the original supply static pressure set-point 396 

may not meet the requirement, while too little air flow may result in insufficient fresh 397 

air during DR events. The genetic algorithm is used to search for the optimal values of 398 

variables (i.e., air flow set-points, 𝑉𝑠𝑒𝑡,𝑖
𝑘+1) that minimize the fitness function.  399 

2.3 Near-optimal control strategy for online air flow optimization scheme 400 

The main difference between the optimal and near-optimal control strategy is the 401 

requirement of the control facility. The above optimal control strategy can find out the 402 

best possible solutions but the prediction and optimization (using GA) processes 403 

should be achieved with the help of personal computers (PC). When building 404 

automation systems (BAS) are only employed with the direct digital controller (DDC) 405 

and only some simple control logic can be implemented, a near-optimal control 406 

strategy using an empirical method is therefore developed. Undoubtedly, the indoor 407 

environment optimized by this near-optimal strategy would be not obviously good as 408 

that using the optimal control strategy. But this simple strategy is no specific 409 

requirement for the control facilities and accordingly convenient to be implemented 410 

for DDC directly in real applications.  411 

   The near-optimal control strategy optimizes the air flow settings of AHUs based 412 

on an empirical method. Generally, the air flow of each fan would decrease for the 413 

balance of power demands between water and air sides of an air-conditioning system 414 

when system total power demand is limited during a DR event. The design air flows 415 

and system rated power demand are considered as a reference and the air flow setting 416 



of a zone during a DR event is proportional to its design value based on the ratio 417 

between given power limiting threshold and system rated power demand, as shown in 418 

Eq.(37). 419 

 𝑉𝑠𝑒𝑡,𝑖 = (
𝑃𝐷𝑅

𝑃𝑟𝑎𝑡𝑒𝑑
) × 𝑉𝑑𝑒𝑠𝑖𝑔𝑛,𝑖 (37) 420 

where, 𝑉𝑠𝑒𝑡,𝑖 is the air flow setting of ith zone. These settings are unchanged during 421 

an entire DR event. 𝑉𝑑𝑒𝑠𝑖𝑔𝑛,𝑖 is the design air flow of ith zone. 𝑃𝐷𝑅 is the average of 422 

power limiting threshold profile during the DR event. 𝑃𝑟𝑎𝑡𝑒𝑑 is rated power demand 423 

of an air-conditioning system including chillers, pumps and fans.      424 

3. Test platform 425 

Computer-based simulation is an effective means to test and validate the proposed 426 

control strategy in this study. A virtual simulation platform is built to simulate a 427 

high-rise commercial building integrated with a smart grid using dynamic models 428 

developed on TRNSYS [35]. This simulation platform employs detailed physical 429 

models including the building envelope and major components (e.g. chillers, pumps, 430 

fans, hydraulic network, air ducts, AHUs) of a central air-conditioning system. The 431 

dynamic processes of heat transfer, hydraulic characteristics, water flow and air flow 432 

balance schemes, energy conservation and controls among the whole system are 433 

simulated. The GA is programmed by MATLAB and used to attain the optimal control 434 

signals through the existing interface Type 155 on TRNSYS. Three important 435 

parameters including “PopulationSize”, “TolFun” and “Generations” are assigned 436 

with the values of 50, 1×10−6 and 200, respectively. The parameter “PopulationSize” 437 

indicates the number of individuals; “TolFun” is the termination tolerance; and 438 

“Generations” represents the maximum number of generations. 439 

The central chiller plant concerned in this study is a typical primary 440 

constant-secondary variable chilled water system. It consists of four identical chillers 441 

with rated capacity of 4080 kW, four primary pumps and four secondary water pumps. 442 

Each chiller is associated with a primary chilled water pump of constant speed (172.5 443 



L/s). Six air-conditioned zones with different cooling load profiles cooled by six 444 

AHUs are selected to illustrate the problems to be solved and to test the proposed 445 

control strategies as well. The areas of the six zones are 1600m2, 1600m2, 1600m2, 446 

2400m2, 1200m2, and 1600m2 respectively. The ceiling height of each zone is 3.5 m. 447 

The window-to-wall ratio is 0.5. Each AHU is equipped with one supply and one 448 

return air delivery fans. The fresh air flow set-point of the AHU is set at a constant 449 

value according to the ASHRAE Standard 62.1-2013. The original indoor air 450 

temperature set-point in normal condition is set to be 24℃. The office hour of the 451 

building is between 08:00AM and 18:00PM and the DR period is set to be two hours 452 

between 14:00PM and 16:00PM in a typical summer day in Hong Kong. The outdoor 453 

weather condition of the test day is shown in Fig.4. During DR events, shutting down 454 

part of operating chillers is adopted to provide immediate power reduction responding 455 

to urgent requests of smart grids. 456 

 457 

Fig.4 Outdoor dry-bulb temperature and solar radiation in the test day 458 

The power baseline profile and the corresponding power limiting threshold profile 459 

for the building during the DR event including four parts, i.e., chillers, primary pumps, 460 

secondary pumps and air delivery fans, are shown in Fig.5. The power limiting 461 

threshold is given considering the indoor air temperature limit (i.e., 27ᴼC) during the 462 

DR event [28]. For the power rebound (PR) period, the air flow settings in these two 463 

proposed control strategies maintain the same as the values right before the DR event 464 

till the indoor air temperatures recover to the set-points in normal conditions.  465 
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 466 

Fig.5 Baseline profile and power limiting threshold during a DR event 467 

At the start of the DR event, one of four operating chillers, one of four primary 468 

pumps and two of four secondary pumps are shut down. In the simulation tests, the 469 

sampling interval of online air flow optimization scheme using optimal control 470 

strategy is 60 seconds. The sampling intervals of the cooling distributors/load 471 

regulator and simulation time step are 1 second. 472 

4. Test and Validation  473 

4.1 Impacts of air flowrate on indoor air temperature and humidity  474 

In this session, tests to investigate the impacts of air flow setting on the indoor air 475 

temperature and relative humidity were conducted when the power consumption of 476 

the building was maintained at a pre-determined power limiting threshold during a 477 

DR event. Seven case studies were conducted. The values of air flow rates of 478 

individual zones right before the DR event were considered as the reference when 479 

changing the air flow settings. In addition to the reference case, tests under six 480 

different air flow rates of all AHUs (zones) were conducted, including: -45% (reduced 481 

by 45% from reference case), -30%, -15%, +15% (increased by 15% from reference 482 

case), +30%, +45% and +60%.  483 

Fig.6 presents the average and maximum values of indoor air temperature and 484 

relative humidity under different air flow settings. The temperature and relative 485 

humidity in a zone were represented by the return air temperature and relative 486 
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humidity of the zone (AHU). The average/maximum indoor air temperatures and 487 

relative humidity presented were the corresponding values of the averages of six 488 

zones during the secondary hour of the DR event (i.e., the critical period). As the air 489 

flow increased, the (average and maximum) indoor air temperatures first rose and 490 

then decreased while the opposite tendencies happened to the relative humidity. In the 491 

reference case, the average indoor air temperature and relative humidity were about 492 

26.9ᴼC and 64%, respectively. If the air flow obviously decreased (to -45%), the 493 

indoor temperature would increase. More power consumed by water-side of the 494 

air-conditioning system to provide more cooling but the less air flow caused by the 495 

decrease of power demand of fans could not deliver cooling supply completely, as 496 

shown in Fig.7. Moreover, the relative humidity also experienced a slight decrease 497 

mainly caused by the indoor temperature increase.  498 

By contrast, when much more air flow was delivered as the condition of the DR 499 

event (caused by the full speeding of fans), the cooling provided by water-side was 500 

decreased seriously and hence the indoor temperature increased significantly although 501 

excessive air flow was circulated. The rates of cooling supply decrease and indoor 502 

temperature increase went up along with the air flow increased because of the 503 

third-order relationship between fan power and its air flow delivered. For the relative 504 

humidity, the high supply air temperature caused by the excessive air flow and limited 505 

cooling supply would potentially reach the level almost lost the dehumidification 506 

ability. When the indoor humidity load was very high and not effectively removed by 507 

the supply air, the relative humidity would seriously increase until the increase rate of 508 

indoor temperature exceeded the humidity load increase. In Fig.6, after the air flow 509 

increased by 30%, the maximum indoor temperature reached 29℃ (i.e., more than 2℃ 510 

increase) and the maximum relative humidity approached to the peak (i.e., over 80%). 511 

Then, the relative humidity began to decrease considering the fact that almost no 512 

cooling could be provided and the indoor temperature seriously increased.  513 



 514 

Fig.6 Average and maximum values of indoor air temperatures and relative humidity 515 

during a DR event – under a pre-determined power limiting threshold 516 

 517 

Fig.7 Power demands of chillers, pumps and fans during a DR event – under a 518 

pre-determined power limiting threshold 519 

Overall, with a determined total power demand, the higher power consumption 520 

of air delivery fans (i.e., air-side) for providing more air flow would reduce the power 521 

consumption of chilled water system (i.e., water-side) and cooling supply. The 522 

reduced cooling supply but massive air flow would lead to the temperature increase of 523 

supply air and also exacerbate the decrease of dehumidification ability of supply air. It 524 

is worthy of noticing that the setting of air flow rate for each AHU has obvious 525 

impacts on indoor air temperature and relative humidity. A higher or lower air flow 526 

setting is not an optimal selection for the indoor environment under a pre-determined 527 

power limiting threshold. There exists a best possible indoor environment realized by 528 

the air flow settings during a DR event.  529 
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4.2 Validation of proposed optimal and near-optimal control strategies 530 

In this session, the indoor air temperatures and relative humidity in three cases are 531 

presented with different strategies for air flow settings of AHUs during the DR event, 532 

including: conventional feedback control strategy (i.e., reference case), near-optimal 533 

control strategy and optimal control strategy.  534 

Reference case – under conventional feedback control strategy during a DR event 535 

If using the conventional feedback control strategy in the condition of limited 536 

cooling supply, the fans would be fully operating to maintain the original static 537 

pressure set-points because of fully opened VAV dampers. Although maximum air 538 

flows were delivered to individual zones, not only the indoor air temperatures and the 539 

relative humidity increased significantly but also the power consumption of the 540 

air-conditioning system obviously increased and even relieved the effect of DR 541 

controls (i.e., power reduction, as shown in Fig.14). As shown in Fig.8, the indoor air 542 

temperatures of all zones approached to 28℃ during the DR period, and relative 543 

humidity was over 80% (increasing about 20% compared with that right before the 544 

DR event). In addition to the unacceptable indoor environment, the system power 545 

consumption during the DR period did not reduce and was even higher than the 546 

original profile without a DR control (i.e., baseline). Therefore, it is important to 547 

adopt alterative control to avoid such poor operation and control in DR events.  548 



 549 

Fig.8 Indoor air temperature (a) and relative humidity (b) profiles of individual zones 550 

during a DR event – under conventional feedback control strategy 551 

Near-optimal control strategy – under empirical air flow settings during a DR event 552 

In this case, the settings of air delivery fans during DR events were maintained at 553 

constant values determined by the near-optimal control strategy. Such empirical 554 

setting could avoid unreasonable environment control and speeding of fans and also 555 

simplify the optimization process but it cannot achieve a best possible indoor 556 

environment.  557 

   Fig.9 presents the indoor air temperature and relative humidity profiles of all six 558 

zones, represented by that of return air of individual AHUs, during the DR event. The 559 

indoor environment was obviously better than that in the reference case. The indoor 560 

air temperatures of all six zones were below 27℃, and relative humidity was much 561 

lower than that in the reference case (i.e. only increased slightly in the DR event, 562 

below 65%). Fig.10 presents the air flow rate of individual zones determined by the 563 

near-optimal control strategy. The air flow rates of individual AHUs were set as 564 

constant using the near-optimal control strategy to avoid massive air flows circulated 565 

in AHUs during the DR event.  566 
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 567 

Fig.9 Indoor air temperature (a) and relative humidity (b) profiles of individual zones 568 

during a DR event – under near-optimal control strategy  569 

 570 

Fig.10 Air flow rate of individual zones during a DR event – under near-optimal 571 

control strategy  572 

Optimal control strategy – under optimal air flow settings during a DR event 573 

Using the proposed optimal control strategy, the profiles of indoor air temperature 574 

and relative humidity during the DR event are shown in Fig.11. With the optimal air 575 

flow settings, the indoor air temperature of each zone during the critical period of DR 576 

event fluctuated around 26.3℃, which was significantly improved in comparison to 577 

the reference case (i.e., decreased for nearly 1.5℃) and the near-optimal case (i.e., 578 

decreased for about 0.8℃). Moreover, the indoor relative humidity of zones with 579 

20

22

24

26

28

30

12 13 14 15 16 17 18
In

d
o

o
r 

A
ir

 T
em

p
er

a
tu

re
 (℃

)

Time (h)

Zone 1

Zone 2

Zone 3

Zone 4

Zone 5

Zone 6

40

45

50

55

60

65

70

75

80

12 13 14 15 16 17 18

In
d

o
o

r 
R

H
 (%

)

Time (h)

Zone 1

Zone 2

Zone 3

Zone 4

Zone 5

Zone 6

27℃

DR PR

(a)

(b)

DR PR

0

4

8

12

16

20

12 13 14 15 16 17 18

A
ir

 F
lo

w
 R

a
te

 (k
g

/s
)

Time (h)

Zone 1

Zone 2

Zone 3

Zone 4

Zone 5

Zone 6

DR PR



optimal settings was significantly improved compared with the reference case 580 

(reduced from about 80% to less than 60%) and obviously lower than that using 581 

near-optimal strategy (reduced from about 65% to less than 60%) during the DR event. 582 

In fact, the indoor relative humidity of zones with optimal settings did not increase 583 

but slightly decreased compared with that right before the DR event.  584 

 585 

Fig.11 Indoor air temperature (a) and relative humidity (b) profiles of individual zones 586 

during a DR event – under optimal control strategy  587 

The air flow rates of zones determined by the optimal control strategy during the 588 

DR event are shown in Fig.12. Compared with the values used for the near-optimal 589 

control strategy, the air flows of zones were varying to achieve a better indoor 590 

environment during the DR period. During the power rebound (PR) period, the air 591 

flows for zones were set to be nearly the same as that of the corresponding zones right 592 

before the DR event in order to avoid the overspending of fans. Such air flow settings 593 

were used until the indoor air temperatures reached their original set-points and PR 594 

period ended. 595 
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 596 

Fig.12 Air flow rates of individual zones during a DR event – under optimal control 597 

strategy 598 

Fig.13 presents the comparison of the temperature and dehumidification ability of 599 

supply air among these three cases. The dehumidification refers to the removed 600 

humidity load by the AHU. Using the conventional control strategy in the reference 601 

case, the failure of fans’ control resulted in excessive air flow circulated in each AHU. 602 

As a result, the supply air temperature was rather high (over 20ᴼC) and the 603 

dehumidification ability was almost lost (near to zero). Although much more power 604 

was consumed and even relieved the effect of the DR control, the indoor temperature 605 

and relative humidity were rather bad. But with optimal and near-optimal control 606 

strategies, the air flows delivered by fans were effectively controlled/optimized and 607 

the supply air temperature significantly decreased. Then the dehumidification ability 608 

of supply air had significant improvements particularly using optimal control 609 

strategies, which the removed humidity load was nearly equal to the level in normal 610 

condition.     611 

 612 

Fig.13 Temperature and dehumidification ability of supply air among three cases 613 

during a DR event 614 
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The comparison of indoor air temperature and relative humidity among these three 615 

cases is shown in Table 1. In general, using the near-optimal and optimal control 616 

strategies, the indoor air temperatures and relative humidity were significantly 617 

improved during the DR event. Compared with the reference case, the near-optimal 618 

strategy could reduce the average and maximum indoor air temperatures about 0.8
o
C 619 

and 1
o
C respectively. The average and maximum relative humidity were both 620 

improved about 15% during the DR event. Using the optimal control strategy, both 621 

the average/maximum temperatures were improved nearly 1.5
o
C and the 622 

average/maximum indoor relative humidity reduced about 20% in comparison to that 623 

in the reference case. The optimal control strategy also achieved over 0.5
o
C reduction 624 

in average indoor air temperature and about 5% reduction in relative humidity 625 

compared with that using the near-optimal strategy. It is worthy of noticing that with 626 

the optimal control strategy, the reduction of average indoor air temperature during 627 

the DR event exceeded the threshold of human perception of temperature difference 628 

(i.e., 0.5
o
C). Moreover, the indoor relative humidity was also improved although it 629 

was not so much, less than 5%. Therefore, using optimal control strategy, the 630 

occupants could perceive the improvement of indoor thermal comfort, particularly for 631 

the indoor air temperature. It can be also found that near-optimal strategy is a 632 

convenient means, which can achieve reasonably good indoor environment and fan 633 

controls.  634 

Table 1 Comparison of three cases on indoor air temperature and relative humidity 635 

  Reference case Near-optimal 

control strategy 

Optimal control 

strategy 

Temperature 

increased 

Average (ᴼC) 27.65 26.88 26.34 

Improved (K)  0.77 1.31 

Max (ᴼC) 27.91 26.98 26.54 

Improved (K)  0.93 1.37 

Relative 

humidity 

Average (%) 77.51 63.19 59.64 

Improved (%)  14.32 17.87 

Max (%) 81.12 64.81 60.87 

Improved (%)  16.31 20.25 



The power demands of the air-conditioning system using the near-optimal and 636 

optimal control strategies are shown in Fig.14. Using the conventional control 637 

strategy during the DR event, the system power demand almost relieved the effect of 638 

the DR control and even exceeded the baseline profile because of the significant 639 

increase of power consumption of air delivery fans. The near-optimal and optimal 640 

control strategies could effectively ensure the system power demand well follow the 641 

pre-determined power limiting threshold during the DR event. During the DR event, 642 

the average power demand was reduced approximately from 6000kW to 4500kW, 643 

about 25%, and meanwhile ensured the indoor environment using the proposed 644 

control strategies. It was worthy of noticing that the indoor environment (i.e., 645 

temperature and relative humidity) could be obviously improved by optimizing the air 646 

flow settings for individual AHU fans without extra power demand required. Hence, 647 

these two proposed control strategies not only ensure an acceptable indoor 648 

environment, but also explore the potential of power reduction for the benefits of 649 

building owners (in terms of cost saving) and the smart grids (in terms of grid power 650 

balance and overall grid efficiency).  651 

 652 

Fig.14 Power demands of air-conditioning system during a DR event under different 653 

control strategies  654 

5. Conclusions 655 

In the condition of limited cooling supply during DR events, indoor air 656 

temperature and relative humidity would potentially increase and even to 657 
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unacceptable levels, while the conventional feedback controls commonly used today 658 

for indoor environment and air-side systems cannot effectively use the limited cooling 659 

supply to achieve proper indoor environment control. Therefore, an online air flow 660 

optimization scheme is developed for the controls of indoor environment and air-side 661 

system during direct load control or fast demand response events. Two strategies are 662 

proposed for this scheme, optimal control strategy and near-optimal control strategy, 663 

in order to meet the different requirements in real applications. The optimal control 664 

strategy, which is based on model-based prediction and genetic algorithm (GA) 665 

optimization, can adjust air flow set-points of individual AHUs properly to achieve 666 

the best possible indoor environment (i.e., temperature and relative humidity) under 667 

limited cooling supply and pre-determined power limiting threshold. The near-optimal 668 

control strategy can approach such best environment control using a simple empirical 669 

method, which is very convenient to be implemented in engineering practice.  670 

Test results also show that the air flow settings of AHUs have significant impacts 671 

on the indoor air temperature and relative humidity under limited cooling supply and 672 

under pre-determined power limiting threshold. With the conventional feedback 673 

control strategy during DR events, the indoor temperature and relative humidity 674 

increase seriously while the system power demand might not reduce effectively due to 675 

the over-speeding of fans. Using the proposed near-optimal and optimal control 676 

strategies, the average indoor air temperatures reduced about 0.77ᴼC and 1.31ᴼC 677 

during the DR event, while the maximum relative humidity reduced more than 16% 678 

and 20%, respectively. Moreover, the power demands of the air-conditioning system 679 

can be well controlled below the pre-determined power limiting threshold. These two 680 

proposed control strategies can improve the indoor thermal comfort effectively and 681 

ensure the success of the DR controls. At the same time, the proposed strategies 682 

provide the possibility to achieve more power reduction during DR events (given by 683 

significantly reduced fan power demand).  684 



Application issue: the proposed control strategies effectively solve the system 685 

control and indoor environment control (i.e., indoor temperature and relative humidity) 686 

problems for central air-conditioning systems when shutting down part of operating 687 

chillers is adopted as a fast demand response method for urgent requests of smart 688 

grids. Meanwhile, the pre-determined power reduction signed ahead with utility 689 

companies can be ensured.  690 

The proposed control strategies have a wide application and are not limited to 691 

some certain areas/conditions. The system control and indoor environment control 692 

problems occurred during fast DR events are caused by the inherent system control 693 

logic of conventional strategies, which is based on the assumption that the total 694 

cooling supply is sufficient. The limited cooling supply after shutting down part of 695 

operating chillers leads to the failure of commonly-used control strategies and hence 696 

results in the system operation problems. The indoor air temperature will increase and 697 

fans are out of control. For the areas/conditions with low humidity load (e.g., dry 698 

outdoor weather conditions), indoor relative humidity is not a critical problem 699 

because of the increased indoor temperature. By contrast, for the areas/conditions 700 

with high humidity load, the reduced dehumidification ability of supply air would 701 

lead to the indoor relative humidity increase and even to unacceptable levels. 702 
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