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1. Introduction 24 

A district cooling system (DCS) generates the chilled water centrally and serves a group of 25 

buildings for cooling and dehumidification purposes [1]. It is regarded as a cooling system with 26 

high efficiency due to the concentration effect of cooling loads and the feasibility to integrate with 27 

local energy resources [2, 3]. Appropriate design of DCSs is very important because it determines 28 

the capital cost, operational cost, energy usage, green-house gas emission, and thermal comfort of 29 

users. However, uncertainties exist widely in the design of DCSs and will affect the performance 30 

of DCSs. Without quantifying these uncertainties, the decision on the design of DCSs cannot be 31 

made with confidence. The performance of DCSs may fail to achieve the expectation, together with 32 

high costs and low benefits. It is therefore necessary to develop a design method for DCSs by 33 

quantifying the uncertainties at the design stage, which is the uncertainty-based design optimization 34 

method.  35 

Studies on DCSs at the early design stage 36 

At the early design stage, performance assessment of DCSs is required, especially when the 37 

decision is made between the DCS and conventional individual cooling systems (marked as ICSs) 38 

[4]. District cooling and heating systems (DCHSs) using seawater in China were compared with 39 

traditional cooling and heating systems (such as coal-fired heating system & conventional air 40 

conditioning system) [5, 6]. Performance of a DCHS plant in Japan was verified and compared 41 

with individual systems [7]. Another important task at the design stage is the design optimization 42 

of central cooling plants. However, very limited studies are found in DCSs. Soderman [8, 9] used 43 

a mixed integer linear programming model to optimize the DCS design in an urban area, including 44 

the locations of cooling plants, the cooling capacity of the plants, the cold media storage locations, 45 



etc. Chow et al.[10] tested the feasibility of using ice storage system in a DCS under a specific 46 

tariff. 47 

All the above studies are based on certain conditions without concerning uncertainties. However, 48 

uncertainties exist generally in DCSs at the design stage. Without taking these uncertainties into 49 

account, performance of DCSs will deviate from the expectation. One case is that the capital cost 50 

of a DCS project was reported to be increased again and again because the installation cost of 51 

chilled water pipelines is much higher than the budget. Therefore, it is highly necessary to take 52 

uncertainties into account at the design stage and involve them into the design of DCSs. 53 

Studies on uncertainty analysis in cooling/heating systems of buildings  54 

Uncertainty analysis in building energy systems attracts increasing attention in the past decade. It 55 

can help assess the building energy system performance (i.e. thermal comfort, cost, energy 56 

consumption) by presenting the performance distributions at different probabilities [11-13]. It can 57 

also be used to improve the design or retrofit of building energy systems[14-17].  At the design 58 

stage of cooling/heating systems, the cooling/heating loads are the most important factors that 59 

contain uncertainties. Uncertainties in the cooling loads of one building or ICSs have been studied 60 

thoroughly [18-20]. However, uncertainties in the cooling loads of DCSs are not studied yet. 61 

Design optimization considering uncertainties was reported in building energy fields. Impacts of 62 

the uncertainties on the design of heating, ventilation and air conditioning (HVAC) systems were 63 

investigated by Sun et al. [21]. A multi-criteria design optimization method considering 64 

uncertainties for net zero energy buildings was studied by Sun et al. [22]. The design method for 65 

ICSs based on uncertainty quantification was investigated by the authors [23]. However, for the 66 

design optimization of DCSs, no studies are reported yet.  67 



Summary of limitations of existing studies 68 

From the above review it can be found that the work on the cooling load, and central plant design 69 

of DCSs is rarely reported. No studies are found to address the uncertainties at the design stage of 70 

DCSs, not to mention to involve the uncertainty quantification into the design method. Although 71 

the design optimization method for ICSs was proposed [23], there is still large space to improve 72 

the method by considering more sources of uncertainties and adopting more reasonable samples. 73 

In addition, DCSs have unique characterises compared with ICSs and the connected buildings are 74 

often with very different functions. Another problem is that the importance of each variable with 75 

uncertainties on the performance of DCSs is still not analysed and compared. Influential variables 76 

need to be identified.  77 

Objectives of this study 78 

According to the above limitations, this study therefore attempts to develop a design optimization 79 

method for DCSs based on uncertainty quantification. The objectives are summarized as follows:  80 

• An uncertainty-based design optimization method is proposed for DCSs by quantifying 81 

uncertainties at the design stage. With the proposed method, the DCS can be then designed and 82 

optimized at different risk levels. The stakeholders can make decisions based on their specific 83 

requirements. 84 

• The method to quantify the uncertainties of the cooling loads of DCSs is developed. 85 

Uncertainties in the input variables for cooling load calculation are categorized and different 86 

methods to address these uncertainties are introduced.  87 

• The importance of variables with uncertainties is analysed and quantified by conducting 88 

sensitivity analysis. Influential factors are identified, which provides a better understanding of 89 



these uncertainties. Attention can be paid to these influential factors to reduce the performance 90 

variation of DCSs. 91 

• The application of the uncertainty-based design method is examined in four aspects, including 92 

the system performance assessment, system sizing, configuration selection and technology 93 

integration. The performance of DCSs using the proposed method is compared with that using 94 

the conventional method. 95 

Organization of this paper 96 

The paper is organized as follows. In Section 2, the uncertainty-based design optimization method 97 

is presented and detailed steps are introduced. In Section 3, methods to conduct the sensitivity 98 

analysis are presented. In Section 4, a case study on a DCS in a new district under planning in Hong 99 

Kong is introduced to demonstrate the uncertainty-based method. In Section 5, the cooling load 100 

distribution of DCSs considering uncertainties is analysed. Results of the sensitivity analysis are 101 

presented. In Section 6, performance of the DCS based on the uncertainty-based design 102 

optimization method is analysed and compared with the conventional design method. Conclusive 103 

remarks are given in the final section. 104 

2. The uncertainty-based design optimization method and steps 105 

The conventional method determines the design schemes of DCSs based on certain cooling loads. 106 

The inputs of the cooling load calculation use values according to the planning information, HVAC 107 

design guidelines or manuals. Sometimes, a safety factor (over 1) may be assigned to the peak 108 

cooling load to determine the capacity of DCSs. Compared with the conventional design method, 109 

the uncertainty-based method attempts to improve the DCS design by quantifying uncertainties at 110 

the design stage. 111 



2.1 Classification of variables with uncertainties and quantification method 112 

Many variables used in the cooling load calculation contain uncertainties. All these uncertainties 113 

can be classified into three groups based on the physical location of these variables. 114 

1) Outdoor weather 115 

In the conventional method, weather data of the typical meteorological year (TMY) are used in the 116 

annual hourly cooling or heating load calculation. However, the actual weather can be very 117 

different. These differences are regarded as uncertainties in the outdoor weather. Cooling loads and 118 

energy consumption of DCSs can be over-estimated or under-estimated by using the TMY data.  119 

2) Building design/construction 120 

At the design stage, limited information about buildings in DCSs is available, such as the gross 121 

floor area, the number of floors or the orientation. Even for such information, values used at the 122 

design stage are very hard to be the same with that actually used when the buildings are constructed. 123 

By meeting the requirements of developers or governments, the building design cannot be the same 124 

for different architects. For example, the building shapes and the material of building envelopes 125 

can vary for different architects. All these differences will affect the cooling loads and then cause 126 

energy consumption deviation. These are regarded as uncertainties in the building 127 

design/construction.  128 

3) Indoor conditions 129 

Internal heat gain from occupants, lighting and plug-in equipment is a primary source of the cooling 130 

load. Values of variables representing the internal heat gain sources are usually selected according 131 



to design guidelines or manuals. However, the actual values will be different from that used at the 132 

design stage. These differences are regarded as uncertainties in the indoor conditions.  133 

2.2 Detailed steps of the uncertainty-based design optimization method 134 

Steps to implement the uncertainty-based design optimization method are illustrated in Fig. 1. 135 

Detailed explanations are introduced as follows. 136 

1) The input variables that have uncertainties are selected and samples are generated. Different 137 

methods are used to quantify uncertainties in the three groups of variables. For the outdoor 138 

weather, historical measurements of weather data are used which is proved to be a better way 139 

to account for uncertainties in the weather [21]. For other variables, normal distributions and 140 

uniform distributions are used. For the normal distributions, Latin Hypercube Sampling (LHS) 141 

method is used to improve the calculation efficiency [24].  142 

2) Samples are imported into the cooling load calculation software. For a DCS, many buildings 143 

with different functions are involved and need to be simulated. For each building, 144 

uncertainties of cooling loads result from the uncertainties in the three groups of variables.  145 

3) The cooling load of the DCS can be obtained. The cooling load of the DCS in one hour is the 146 

sum of the cooling loads of all the individual buildings in this hour. Then the annual hourly 147 

cooling load distribution of the DCS can be obtained. 148 

4) The distributions of the peak cooling load and annual cooling load profile are analyzed. 149 

5) According to the peak cooling load distribution, the capacity of the DCS can be determined 150 

at different risk levels. Based on the annual cooling load distribution, the performance 151 

distribution of the DCS with different configurations and technologies can be obtained. The 152 

optimized DCS is therefore determined by balancing the risk and benefit. 153 



3. Sensitivity analysis 154 

The primary purpose of sensitivity analysis is to identify important variables for outputs such as 155 

the energy consumption, the cooling/heating load, etc. By ranking the importance of input variables, 156 

important ones can be obtained and measures can be followed up to reduce the variation bands of 157 

the design outcomes. Both global and local methods can be used to conduct sensitivity analysis. 158 

Two global methods are adopted in this study due to their ability to handle the interaction of inputs 159 

[25]. 160 

The first method is based on ANalysis of VAriance (ANOVA). The sensitivity analysis contains 161 

three primary steps: 1) To obtain the regression model representing the relationship between the 162 

inputs and outputs; 2) To select significant ones out of all the inputs using parameter screening 163 

methods; 3) To rank the sensitivity of selected variables based on some reasonable sensitivity index 164 

(SI). Parameter screening is necessary to remove insignificant input variables. This is especially 165 

important when there are many inputs but the samples or trials are limited. A very effective 166 

screening method Lasso is used [26] because it can always choose the most correlated parameters 167 

to enter the model. The regression model of the cooling loads of DCSs can be expressed with Eq. 168 

(1). Where, y is the output, x1, x2 …xn are the input variables, a1, a2 … an are the regression 169 

coefficients. 170 

y1=a1xi1+a2xi2……+anxin                                                                (1) 171 

The importance or sensitivity index is calculated using Eq. (2) and Eq. (3). The total sum of squares 172 

(SST) indicates the uncertainty associated with the outputs. SST is consisted with two parts: the 173 

regression sum of squares (SSR) and the error sum of squares (SSE). The ratio of SSR to SST (R2) 174 

indicates the accuracy of the regression model. The uncertainty in the output caused by the variable 175 



j can be calculated by decomposing SSR, which is expressed as SSj. The SI can be obtained using 176 

Eq. (3). A larger SI indicates a higher sensitivity of the variable for the output. Detailed 177 

explanations can be found in the reference [21] .  178 

R2= SSR
SST

                                                                               (2) 179 

SI𝑗𝑗 = 𝑆𝑆𝑆𝑆𝑗𝑗
𝑆𝑆𝑆𝑆𝑆𝑆

× 100%                                                                  (3) 180 

For comparison purposes, another method random forest is used to identify the influential variables, 181 

which is frequently used to rank the importance of variables. Random forest is a very popular and 182 

efficient ensemble learning method for classification, regression and other tasks based on model 183 

aggregation ideas, which is introduced by Breiman [27]. A multitude of decision trees is 184 

constructed considering two randomization processes, i.e., random selection of training samples 185 

and features for tree development. A certain unification scheme will be used to generate the final 186 

outcome, e.g., the majority votes for classification tasks and mean aggregation for regression tasks. 187 

One advantage of random forests is that it can avoid over-fitting by using the out-of-bag 188 

observations for validation. Quantification of the variable importance is one of the common 189 

applications of random forests. The principle is to test the increase of the mean error or mean square 190 

error when the inputs are randomly permuted. Detailed processes and explanations can be found in 191 

[27]. 192 

4. A Case study on a DCS in a new development area 193 

A DCS in Hong Kong is taken as a case to demonstrate the uncertainty-based design optimization 194 

method. To accommodate the increasing population and promote the development of Hong Kong, 195 

the government has launched a land reclamation program which turns remote mountain areas into 196 



new development areas. DCSs are proposed to supply cooling for these new development areas. 197 

The planning layout of one district is shown in Fig. 2. Both commercial and residential buildings 198 

are planned in this district. However, only public and commercial buildings will be served by the 199 

DCS, including office buildings, government buildings, hospitals, research buildings, hotels, metro 200 

stations, etc. According to the initial plan and hypothesis, totally 37 buildings are connected to the 201 

DCS and detailed information of these buildings can be found in the reference [4].  202 

A software EPC [28] is used to calculate the cooling load of the DCS, which is developed by the 203 

High Performance Building Group in College of Architecture, Georgia Institute of Technology. It 204 

is based on a reduced-order building energy model, which follows the BS EN ISO 13790:2008 205 

standard. Annual hourly cooling loads of the DCS without uncertainties (marked as the reference 206 

case) are shown in Fig. 3.  207 

Detailed values for inputs used in the reference case and the uncertainty study are shown Table 1. 208 

For the outdoor weather data, the actual measured data from 1979 to 2007 (29 years) are used. For 209 

the building design/construction, the number of floors and the building size are based on the initial 210 

plan. The ranges of thermal properties of building materials are from the design manual for hot 211 

summer and warm winter areas of China (which is the climate for Hong Kong). When there are no 212 

accurate distributions, values in the ranges should be given the same chance so uniform 213 

distributions are adopted. The mean values and variances for variables representing indoor 214 

conditions vary largely in different papers so they are determined based on the local design 215 

guideline, designers’ experiences and assumptions. Totally 580 trials (20 times of 29) are 216 

conducted for the uncertainty study. 217 



To demonstrate the uncertainty-based design optimization method, the DCS is modelled and 218 

several design schemes are compared. Chillers are the most energy-consuming and the 219 

performance curve of chillers is shown in Fig. 4, which is obtained from a simplified regression 220 

model by fitting manufacture data. The chilled water system is assumed to be primary only with 221 

constant-speed flow rate. Pumps for the chilled water system with a hydraulic head of 40m are 222 

selected. For the cooling water system, pumps with a hydraulic head of 20m are selected. 223 

5. Results of the cooling load distribution and sensitivity analysis 224 

Before the cooling load and design results are presented, actual weather data from 1979 to 2007 225 

are compared with the TMY data, as shown in Fig. 5. It shows that the actual data during some 226 

periods distribute evenly around the TMY data, where the TMY data locate in the middle of the 227 

actual measurements and they can be taken as the mean values. During some other periods (most 228 

of the time), the actual data can be much larger or smaller than the TMY data. If the cooling loads 229 

are evaluated using the TMY data, they can be over-estimated or under-estimated. The comparison 230 

demonstrates again that it is necessary to quantify uncertainties of the outdoor weather in the DCS 231 

design.     232 

5.1 Distributions of cooling loads  233 

The frequency and cumulative distribution function (CDF) of the annual average cooling loads are 234 

shown in Fig. 6. It shows that the annual average cooling load varies between 25.5 MW and 34 235 

MW, which is 0.84 and 1.12 times of that in the reference case. The frequency of the load between 236 

28.5 MW and 30 MW (0.94 and 0.99 times of that in the reference case) is high. It indicates that 237 

the annual average cooling load has a strong probability to fall in such a range. The annual average 238 

cooling load of the reference case is 30.4 MW, corresponding to the CDF of around 0.8. It indicates 239 



that the annual average cooling load considering uncertainties has a probability of 80% to be less 240 

than that of the reference case if it is calculated using similar settings.  241 

The distributions of annual hourly cooling loads for each trial are shown in Fig. 7. The cooling 242 

loads of the reference case are highlighted with red. It can be seen that at the same CDF, the cooling 243 

load of the reference case is larger than the mean of cases with uncertainties. Usually the larger 244 

cooling loads are used to size the DCS. For example, the annual 0.4% cooling design day can be 245 

used to determine the capacity of the cooling system [29]. The cooling load distributions with a 246 

CDF of over 99.6% are shown in Fig. 7b. It shows that the cooling loads vary significantly. If the 247 

DCS is sized based on the load of the reference case, no quantified risks can be obtained. In addition, 248 

Fig. 7b shows that it has a high probability to oversize the DCS if the capacity of the DCS is 249 

determined using the conventional method.    250 

The frequency and CDF of the peak cooling load are shown in Fig. 8. It can be seen that the peak 251 

cooling load varies between 86 MW and 119MW, which is 0.79 and 1.1 times of that of the 252 

reference case. The frequency of the peak load between 98 MW and 104 MW is high, which is 0.9 253 

and 0.95 times of that of the reference case. It means that the peak cooling load has a strong 254 

probability to fall in the range. The peak cooling load of the reference case is 109 MW, 255 

corresponding to the CDF of over 0.9. It indicates that in consideration of uncertainties, the peak 256 

cooling load of the DCS has a probability of 90% to be less than that of the reference case. It proves 257 

again that using the conventional method has a high probability to oversize the DCS. 258 

5.2 Sensitivity analysis results 259 

Sensitivity analysis is conducted to identify important variable with uncertainties for the cooling 260 

loads of DCSs. Results on the annual average cooling loads are shown in Fig. 9. The left figure 261 



indicates that the indoor conditions (the occupant density, lighting density, plug-in load density 262 

and ventilation rate) are the most important for the annual average cooling load of the DCS. 263 

Uncertainties in building design/construction have the least impact. Among the variables of 264 

building design/construction, the most important ones are the window wall ratio (WWR) and 265 

transmittance of windows. It indicates that windows should be designed carefully to decrease the 266 

cooling load and achieve green buildings. Sensitivity analysis results for one building are also 267 

presented and shown in the right figure for comparison purposes. It shows that the importance 268 

ranking is similar. The descending sequence of the importance is also the indoor condition, outdoor 269 

weather and building design/construction.  270 

The importance ranking of input variables on the peak cooling load is shown in Fig. 10. It can be 271 

seen that the most important variable is the ventilation rate of the outdoor air. With higher rankings 272 

of the outdoor dry-bulb temperature and humidity, the uncertainties in the outdoor weather play a 273 

more important role in the peak cooling load of the DCS than that in the peak load of one building. 274 

That is because one year’s outdoor weather data are used in one trial for each building in the DCS, 275 

which is the same in the load calculation of one building. However, variables representing the 276 

building design/construction and indoor conditions are randomly sampled for all the 37 buildings 277 

in one trial. By summing the cooling load of all individual buildings, the randomness of the 278 

uncertainty of each variable is averaged. The uncertainties in the building design/construction are 279 

still less important than that in the other two groups of variables.  280 

Results of the sensitivity analysis using random forests are shown in Fig. 11. The values of the 281 

horizontal axis are the increase of mean squared errors when the variables are permuted randomly. 282 

A larger value mean greater importance for the outputs. In general, uncertainties in the outdoor 283 

weather and indoor conditions have greater impacts on the cooling loads than that in building 284 



design/construction. Uncertainties in the outdoor weather play a more important role in the cooling 285 

load of the DCS than that in the cooling load of one building. The conclusion is similar to that 286 

using the ANOVA method. Detailed ranking for some variable may be different due to working 287 

mechanisms of these two methods.  288 

6. Performance of the DCS using the uncertainty-based design optimization 289 

method 290 

The application of the uncertainty-based design optimization method is examined in four aspects: 291 

system performance assessment, sizing, configuration selection and technology integration. 292 

Performance of the DCS is analyzed and compared with that based on the conventional design 293 

method. 294 

6.1 Performance assessment of DCSs  295 

The performance of DCSs can be evaluated based on the annual cooling load distribution. Accurate 296 

estimation of the energy consumption of DCSs is important for the government, investors and users. 297 

The government needs to know how much electricity will be required by constructing this new 298 

district and whether the existing grid has enough capability. The investors need to know when the 299 

investment can be paid back and how much benefit they can get. For users, the annual energy 300 

consumption relates closely to the bills to pay.  301 

The energy consumption distribution of the DCS at different risks is shown in Fig. 12. It can be 302 

seen that the energy consumption varies between 47 (106 kWh) and 61 (106 kWh) (0.84 and 1.1 303 

times of that of the reference case). It has a high frequency between 51.8 (106 kWh) and 55 (106 304 

kWh) (0.93 and 0.99 times of that of the reference case), which means that it has a strong 305 



probability to fall in the range. The energy consumption of the DCS in the reference case is also 306 

shown in Fig. 12, corresponding to the CDF of about 0.8. It means that the annual energy 307 

consumption of the DCS considering uncertainties has a probability of 80% to be lower than that 308 

of the reference case. In other words, the energy consumption of the DCS can be over-estimated 309 

with a chance of 80% using the conventional method. By using the uncertainty-based design 310 

method, the stake holders can obtain the energy consumption of the DCS at different risk levels.    311 

6.2 Sizing optimization of DCSs  312 

By using the uncertainty-based design optimization method, the DCSs can be sized with quantified 313 

confidence. The capacity of the DCS at different risk levels is shown in Fig. 13. It shows that the 314 

capacity of the DCS reduces with the increase of unmet hours, which are hours that the cooling 315 

loads exceed the capacity of the DCS. For a given number of unmet hours, the required capacity 316 

of the DCS increases with the decrease of allowed risks. According to such quantified information 317 

shown in Fig. 13, the DCS can be sized based on the risk requirements of decision makers. For a 318 

given capacity, the uncertainty-based design method can provide the quantified risks under certain 319 

number of unmet hours. For example, if the DCS has a capacity of 105 MW, the number of unmet 320 

hours can hardly be over 16 per year and has a chance of 5% to be over 5 per year (or a chance of 321 

95% to be less than 5). For a specific number of unmet hours, the capacity can be obtained at 322 

different risk requirements. For example, if the number of unmet hours is set to 10, the risk that the 323 

number exceeds 10 can be reduce to 0 if the capacity of the DCS is no less than107MW. If designers 324 

want to keep the risk less than 10%, the capacity should be not less than 101MW. By using the 325 

uncertainty-based design optimization method, the DCS can be sized based on quantified risk and 326 

comfort requirements. In contrast, the conventional method can tell nothing more except offering 327 

certain design capacities.      328 



6.3 Configuration selection of DCSs  329 

Another important task of design optimization is to select the configuration of DCSs. The 330 

configuration relates to the operational cost of DCSs in the life cycle. It is often suggested to install 331 

chillers with different capacities in ICSs to guarantee high energy efficiency at partial loads. The 332 

capacity of DCSs is usually much larger than that of ICSs and much more chillers need to be 333 

installed. The necessity to install chillers with different capacities in the DCS is investigated by 334 

using the uncertainty-based design optimization method. In the DCS of this study, totally seven 335 

chillers are selected, referring to a DCS project in Hong Kong which has a similar capacity. Five 336 

chillers with an individual capacity of 17500 kW (5000 ton) and two chillers with an individual 337 

capacity of 8750 kW (2500 ton) are selected, which is marked as Configuration 1. The performance 338 

of Configuration 1 is compared with the DCS using seven identical chillers with an individual 339 

capacity of 15000 kW (marked as Configuration 2). The energy saving by Configuration 1 is shown 340 

in Fig. 14. 341 

From Fig. 14 it can be seen that the energy saving is about 1.6% in the reference case. No further 342 

information is provided by the conventional design method. However, by using the uncertainty-343 

based design optimization method, the energy saving distribution at different risk levels can be 344 

obtained. Fig. 14 shows that the energy saving varies between 1.2% and 2.5%, which is not 345 

promising and hard to be over 2.5%. Considering complicated control and maintenance issues, 346 

Configuration 1 may be not suitable in the DCS. From the curve of CDF it shows that the energy 347 

saving in the reference case can be under-estimated with a chance of about 80%, which indicates 348 

that Configuration 1 has a probability of about 80% to save as much energy as that of the reference 349 

case. By using the uncertainty-based design optimization method and following results in Fig. 14, 350 

the decision makers can select appropriate configuration of DCSs with quantified risks. 351 



6.4 Technology integration of DCSs  352 

DCSs are often integrated with different technologies to reduce the operational cost. Accurate cost 353 

saving prediction of the integrated system is very important for investors, which will affect the 354 

payback period of the investment. The uncertainty-based design optimization method can provide 355 

the cost saving distribution of the integrated system at different risk levels. Performance of the 356 

DCS integrated with the ice storage system is investigated in this study to illustrate the uncertainty-357 

based design optimization method. The systematic COP of the ice storage system is assumed to be 358 

3. The peak period is from 8 a.m. to 8 p.m. on weekdays and the rest of time is off-peak period. 359 

The electricity price is 0.16 $/kWh for the peak period and 0.08 $/kWh for the off-peak period. 360 

Annual operational costs of the DCS with the ice storage system are shown in Fig. 15. 361 

Fig. 15 shows that the annual operational cost of the DCS with the ice storage system varies in a 362 

quite large range, i.e. between 5.4 (106 $) and 7.2 (106 $). The frequency of the cost between 6 (106 363 

$) and 6.5 (106 $) is high, which means that the annual operational cost of the DCS has a strong 364 

probability to be in this interval. The annual operational cost of the reference case is also illustrated 365 

in Fig. 15, corresponding to the CDF of over 0.8. It means that the annual operational cost of the 366 

DCS with the ice storage system has a probability of 80% to be lower than that of the reference 367 

case. Without quantifying the uncertainties at the design stage, the annual operational cost has a 368 

strong possibility to be over-estimated.  369 

7. Conclusions 370 

An uncertainty-based design optimization method for DCSs is proposed in this paper by 371 

quantifying uncertainties in the outdoor weather, building design/construction and indoor 372 

conditions. By using the uncertainty-based design optimization method, the performance of DCSs 373 



can be evaluated with quantified confidences. The sizing and configuration of DCSs can be 374 

determined based on the risk and benefit analysis. Uncertainties in the indoor conditions are the 375 

most influential for the cooling loads of DCSs. Uncertainties in building design/construction have 376 

the least impact on the cooling loads of DCSs, among which the uncertainties in windows are the 377 

most important.  378 

The originalities of this paper are summarized as follows: 379 

• An uncertainty-based design optimization method for DCSs is developed, which is the first 380 

time to involve the uncertainty quantification into the design of DCSs. 381 

• An improved method is proposed to quantify the uncertainties of the cooling load of cooling 382 

systems. Historical weather data are used to quantify uncertainties in the weather. Uncertainties 383 

in the building design are also considered, which is never done before.  384 

• Influential variables are identified for the cooling loads of DCSs and ICSs. Similarities and 385 

differences are analyzed. 386 

The uncertainty-based design optimization method can be generalized in DCSs. The relative results 387 

are useful for DCSs in subtropical areas. However, distributions should be checked based on local 388 

design practice and policy before using this method in other areas, especially on the important 389 

variables identified by the sensitivity analysis. Occupant’s behavior attracts increasing attention 390 

recently because it affects the cooling/heating loads and then the energy consumption of buildings 391 

[30-32]. How to quantify it and involve it into the design of building cooling or heating systems, 392 

or DCSs is also worth of concern. In addition, the design of DCSs relates to many aspects and only 393 

uncertainties in the cooling load are concerned in this paper. Uncertainties in the performance of 394 

subsystems or components of DCSs also affect the system performance. The comprehensive design 395 

optimization method considering all these uncertainties should be further studied. 396 
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Fig. 1 Steps of the uncertainty-based design optimization method 471 

 472 

Fig. 2 Initial planning scheme of the new district investigated in this study 473 
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Fig. 3 Annual hourly cooling loads of the DCS in the reference case 475 
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 477 

Fig. 4 Performance curve of chillers at different part load ratios 478 
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Fig. 5 Actual weather data from 1979 to 2007 vs. TMY 480 

 481 

Fig. 6 Distribution of the annual average cooling loads 482 
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(a)                                                                                       (b) 484 
Fig. 7 Annual cooling load distribution 485 

 486 

 487 

Fig. 8 Distribution of the peak cooling load of the DCS 488 
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Left: Annual average cooling load of the DCS; Right: Annual average cooling load of one office building 490 

Fig. 9 Importance ranking of the input variables for the annual average cooling load 491 
 492 

  493 

Left: Peak cooling load of the DCS             Right: Peak cooling load of one office building 494 

Fig. 10 Importance ranking of the input variables for the peak cooling load 495 
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 497 

Fig. 11 The ranking of variable importance using random forests 498 
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Fig. 12 Distributions of energy consumption of the DCS considering uncertainties 500 
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 502 

Fig. 13 Capacities of the DCSs at different risk levels and numbers of unmet hours 503 
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Fig. 14 Energy saving distribution by the DCS using chillers with different capacities 505 

 506 

 507 

Fig. 15 Annual operational costs of the DCS integrated with the ice storage system 508 
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Table 1 Information of inputs used in the reference case and uncertainty study 511 

Group Abbreviation Parameter Reference case 
Uncertainty study 

Distribut-
ion Values 

Outdoor 
weather 

Drybulb temp Dry-bulb temperature of 
outdoor air TMY Actual data:1979~2007 Humidity Humidity of outdoor air 

Radiation Global radiation 
Building 
design/ 

construct
-ion 

Building floor Building floors Based on the plan Relative 
normal (1,0.04) 

 Building 
length Building length Based on the plan Relative 

normal (1,0.04) 

 WWR Window wall ratio 0.5 Uniform (0.3,0.7) 

 Uwall Conductivity of wall 
(W/(m2.K) 1.5 Uniform (1,1.5) 

 Uwindow Conductivity of window 
(W/(m2.K) 3 Uniform (1.5,3) 

 Uroof Conductivity of roof 
(W/(m2.K) 0.9 Uniform (0.4~0.9) 

 Wallabsp Wall absorption coefficient 0.9 Uniform (0.4~0.9) 
 Roofabs Roof absorption coefficient 0.8 Uniform (0.4~0.8) 
 Wintran Window solar transmittance 0.8 Uniform (0.4~0.8) 

Indoor 
condition 

Occupant Occupant density 
Ranging from 4~15 

m2/person for different 
types of buildings 

Relative 
normal (1,0.04) 

Lighting Lighting density 
Ranging from 10~20 
W/m2 for different 
types of buildings 

Relative 
normal (1,0.04) 

Equipment Plug-in equipment density 
Ranging from 8~20 
W/m2 for different 
types of buildings 

Relative 
normal (1,0.04) 

Ventilation 
rate Ventilation rate 

Ranging from 1~4 
ACH for different 
types of buildings 

Relative 
normal (1,0.04) 

Note: for the uniform distribution (a, b), a and b are the lower limit and upper limit; for the normal 512 
distribution (c, d), c is the mean and d is the variance; the relative normal distribution means that 513 
the samples of the variable are obtained by multiplying the value in the reference case by certain 514 
factors [21]. These factors fit the listed distribution in the Table. 515 
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