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Abstract 10 

The current methods for simulating building energy consumption are often not accurate, 11 

and various types of occupant behavior may explain this inaccuracy. The present study 12 

used the EnergyPlus program to simulate the energy consumption of HVAC systems in 13 

office buildings. Measured energy data from the offices were used to validate the simulated 14 

results. Energy simulation using constant thermostat set point without considering 15 

occupant behavior was not accurate. When a behavioral artificial neural network (ANN) 16 

model was implemented in the energy simulation, the difference between the simulated 17 

results and the measured data was less than 13%. Further simulations demonstrated that 18 

adjusting the thermostat set point and the clothing level of the occupants could lead to a 19 

25% variation in energy use in interior offices and 15% in exterior offices. Energy 20 

consumption could be reduced by 30% with thermostat setback control and 70% with 21 

occupancy control. 22 
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1 Introduction 28 

In the United States, 41% of primary energy consumption occurs in buildings, mainly for 29 

maintaining a comfortable and healthy indoor environment [1]. Current methods for 30 

simulating building energy consumption are often inaccurate, with error ranging from 150% 31 

to 250% [2, 3]. Occupants typically use more energy in reality than that predicted by 32 

simulations [4]. The discrepancy may be caused by the various types of occupant behavior 33 

in buildings [5, 6]. Furthermore, changes in occupant behavior have great potential to 34 

reduce building energy consumption [7]. Therefore, it is important to identify an approach 35 

for estimating the impact of occupant behavior on building energy consumption.  36 

 37 

Occupant behavior in buildings refers to occupants’ presence, movement and interactions 38 

with building systems such as thermostats, windows, lights, blinds and internal equipment 39 

[8]. The existing methods for exploring the effects of occupant behavior on energy 40 

consumption are mostly based on questionnaire surveys, case studies and building 41 

performance simulations [9]. Building occupants can turn the thermostat set point up or 42 

down when they feel cold or hot. However, the occupants’ comfortable temperature range 43 

may not be the same as that in ASHRAE Standard 55, which further impacts energy use 44 

[10, 11]. Similarly, other types of occupant behavior such as occupancy and lighting 45 

schedule have been found to vary considerably among buildings [12]. Previous studies 46 
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have investigated occupant behavior in buildings by using questionnaire surveys and case 47 

studies. For example, Haldi and Robinson [13] conducted a field survey over a period of 48 

eight years in Switzerland to determine occupants’ presence, opening of windows, and 49 

raising of blinds. Laurent and coauthors [14] collected window-opening data in 76 50 

dormitory rooms in three residential buildings in order to predict window operation. An et 51 

al. [15] carried out a large-scale questionnaire survey of the air conditioner on/off control 52 

in 287 residential districts in order to model this occupant behavior with the use of the 53 

Designer’s Simulation Toolkit in a case study. However, questionnaire surveys and case 54 

studies are always time-consuming, and the results for one building may not be applicable 55 

to other buildings. Moreover, the estimation of building energy was done mostly during 56 

the early design stage, when observing actual occupant behavior is impossible [4]. 57 

Therefore, building performance simulation has become a powerful tool for studying the 58 

impact of occupant behavior on building energy use. 59 

 60 

In the building performance simulation, modeling occupant behavior is challenging 61 

because of its complexity [16, 17]. Previous studies have tried to predict the energy 62 

consumption in commercial and residential buildings with the use of various occupant 63 

behavior models, such as linear regression models [18], logistical regression models [19, 64 

20] and statistical models [21-23]. These behavior models usually consider a single impact 65 

factor for building occupant behavior. In recent years, the appearance of a number of novel 66 

behavior models has enabled detailed and dynamic modeling of occupant behavior in 67 

buildings. For example, stochastic models [24-26] represent occupant behavior as a 68 

dynamic process in building performance simulations in both spatial and temporal domains. 69 

Agent-based models [27-29] can consider different variables that affect occupant behavior 70 

and model the differences among occupants. However, most previous studies have focused 71 

on modeling room occupancy schedules [30] and window-opening behavior [7, 13, 14, 31, 72 

32], while neglecting other occupant behavior such as adjusting the thermostat set point. 73 

According to a survey of current occupant modeling approaches in building simulations 74 

[4], 66% of the researchers modeled the thermostat set point as a daily schedule, while 75 

another 16% used a constant for the entire year. Very few researchers have explicitly 76 

acknowledged the occupants’ interaction with the thermostats [4]. For example, Simona et 77 

al. studied the effect of thermostat occupant behavior models on energy use in homes 78 

according to a probabilistic approach [32]. Albert and coauthors developed a lightweight 79 

and adaptive building simulation framework coupled with an agent-based occupant 80 

behavior model to understand the energy effects of comfort related behavior such as 81 

adjusting the thermostat set point. [33]. Burak and coauthors developed and implemented 82 

a thermostat learning algorithm in seven private offices to save energy use [34]. However, 83 

the US Department of Energy Reference Building Models [35] suggested modelling 84 

thermostat set point setback in office buildings. A review paper [8] also pointed out the 85 

oversimplification of existing behavior models for energy simulation. At present, very few 86 

studies have used comfort-related occupant behavior models for energy simulation [9].  87 

 88 

Therefore, the purpose of this study is to investigate the impact of adjusting thermostat set 89 

point and occupant’s clothing level on the energy use of HVAC systems with real 90 

measurements and use of an appropriate behavioral model. For this purpose, we first 91 

collected energy and occupant behavior data. Then we validated the energy simulation 92 
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model for a real building and implemented an behavioral ANN model. What is more, the 93 

occupant behavior in some other buildings was explored. Finally, we quantified the energy 94 

saving potential and impact of occupant behavior for other control strategies. 95 

 96 

The layout of this paper is organized as follows: Section 2 presents the methods for 97 

collecting data, simulating energy use in the offices and implementing the behavioral ANN 98 

model in the simulation program. Section 3 presents the comparison between the measured 99 

energy use and simulated results. Section 4 and 5 contain a discussion and conclusions of 100 

this study, respectively. 101 

 102 

2 Methods 103 

To study the effects of occupant behavior on energy use by HVAC systems, this research 104 

collected energy and behavior data in five buildings at Purdue University, Indiana, USA. 105 

We used the EnergyPlus program with a behavioral ANN model [10] to simulate the energy 106 

consumption of the HVAC systems in the buildings.  107 

 108 

2.1 Data collection 109 

This research first collected data from the HVAC systems in 20 offices in the Ray W. 110 

Herrick Laboratories (HLAB) building at Purdue University, as shown in Figure 1(a). Half 111 

of the offices were multi-occupant student offices, and the rest were single-occupant 112 

faculty offices. Figure 2 shows the offices used for data collection, which were located on 113 

the first and second floors of the three-story building. Eight offices were located in the 114 

exterior zone, and the others were located in the interior zone. The areas of the offices 115 

ranged from 12.9 m2 to 21.0 m2. The height of the ceiling was 3.05 m. The HLAB building 116 

used a variable air volume (VAV) system for heating and cooling. Each office had an 117 

independent VAV box and a thermostat (Siemens 544-760A) that enabled the building 118 

automation system (BAS) to control the air temperature in the room. The occupants could 119 

adjust the thermostat set point within the range of 18.3� to 26.7�. In the heating mode, 120 

the hot water valve opened, and the air from the air handling unit could be heated by the 121 

reheat coil in the VAV boxes. There was a damper in each VAV box to control the supply 122 

airflow rate. 123 

 124 

(a) (b) 
Figure 1. (a) Photograph of the HLAB building, and (b) geometric model of the HLAB 125 

building for EnergyPlus simulation 126 

 127 
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                          (a)     (b) 
Figure 2. Layout of (a) the first floor and (b) the second floor of the HLAB building. The 128 

dots and squares indicate the single-occupant and multi-occupant offices used for data 129 

collection. 130 

 131 

This research recorded the supply air temperatures, thermostat set points, damper positions, 132 

and room occupancies every five minutes. The lights in each office included ultrasonic and 133 

passive infrared sensors (Lutron LOS-CDT 500WH) on the ceiling. The lighting on/off 134 

status could signify whether or not the offices were occupied. There were temperature 135 

sensors (Siemens QAM2030.010) inside the diffusers in each office to monitor the supply 136 

air temperature, which was 43.3±5.5  for heating and 15.5±2.8 	for	cooling. We used 137 

data loggers (Sper Scientific 800049) in each office to collect the room air temperature and 138 

CO2 concentration data.  139 

 140 

We also used a questionnaire to record the clothing level of the occupants when they were 141 

inside the offices, and the times at which they adjusted the thermostat set points and their 142 

clothing levels. The times at which the occupants arrived at and left the offices were also 143 

recorded. For the possible error from the self-reported time, we also used the collected CO2 144 

concentration data in the office to eliminate the obvious errors. 145 

 146 

To avoid bias in data collection and expand the data sample, we also gathered data in four 147 

other office buildings on the Purdue University campus:  the Materials and Electrical 148 

Engineering (MSEE) Building, Lawson Computer Science (LWSN) Building, Stanley 149 

Coulter (STAN) Hall and Felix Haas (HAAS) Hall. Each building contained more than 100 150 

offices. The HVAC systems in these four buildings were similar to those in the HLAB 151 

building. Each office had an independent VAV box and a thermostat to control the room 152 

air temperature. We collected room air temperature, thermostat set point and humidity data 153 

in each office. The data were recorded every 15 minutes in the MSEE, STAN and HAAS 154 

buildings, and every 10 minutes in the LWSN building. However, the HVAC control 155 

strategies in the four buildings differed from the strategy in the HLAB building. The HVAC 156 

system operated constantly in the HLAB building, and the occupants could adjust the 157 

thermostat set point manually. The LWSN building, by contrast, used thermostat setback 158 

that overrode the manual control at night, from 11 pm to 6 am. Meanwhile, the MSEE, 159 

HAAS and STAN buildings used occupancy control for the HVAC system in each room 160 

in addition to manual control. The purpose of thermostat setback and occupancy control 161 
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was to save energy. However, these system operations were not directly related to the 162 

occupant behavior of adjusting the thermostat set point. We went to these buildings in 163 

person and observed the room occupancy status and occupants’ clothing levels during the 164 

data collection period.  165 

 166 

2.2 Simulation of energy use by HVAC systems 167 

We first calculated the supply airflow rate by measuring CO2 concentration in each office. 168 

We assumed a completely mixed balance model in the offices. The ventilation is assumed 169 

to be the only air flow path so that the supply air flow rate equaled to return air flow rate. 170 

We measured the CO2 concentration after last occupant left and then there was no CO2 171 

source inside the office. At that time the initial CO2 concentration was higher than C0. The 172 

door was closed and the infiltration rate was neglected comparing with supply air flow rate. 173 

The indoor CO2 concentration follows the equation 174 

 0 i
i

dC
V C C Q

dt                                                 (1) 175 

where V is the room volume, iC  the indoor CO2 concentration, t the time, 0C  the CO2 176 

concentration in the supply air, and Q the supply air flow rate. The CO2 concentration in 177 

the return air was equivalent to that in the indoor space iC . By solving Eq. (1), we obtained 178 
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where ,i initialC is the initial indoor CO2 concentration. We used linear regression to obtain 180 

the supply airflow rate, Q. We used the CO2 concentration data in more than 20 days in 181 

each office to calculate the supply airflow rate by using Eq. (2). The R2 was more than 0.95 182 

for the linear regression. We also referred to the damp position in the VAV box monitored 183 

in each office and the supply fan speed from the BAS. However, the flow rate estimation 184 

may still have uncertainties due to the measurement accuracy of the CO2 sensor.   185 

 186 

Then the sensible heating or cooling rate [36], E, in the offices is 187 

                  ( )p supply roomE C Q T T                                          (3) 188 

where pC  is the specific heat capacity of air,   the air density,  supplyT the supply air 189 

temperature, and roomT  the room air temperature.  190 

 191 

Note that the measured heating and cooling rate was only available for the buildings with 192 

the BAS and room level recording. The HLAB building was designed and built for such 193 

purpose. However, most commercial buildings did not have the BAS and room level 194 

recording. What is more, the measured occupant behavior and energy use was only a part 195 

of the situation. The simulation can explore more possible situations. The purpose of 196 

simulation is to develop a method of using the behavior ANN model to explore the impact 197 

of occupant behavior on energy use for more general buildings even without BAS. 198 

 199 

This research used EnergyPlus (v8.80) to perform the energy simulation for the HLAB 200 

building, with the building geometry model constructed by using SketchUp as shown in 201 

Figure 1(b). The interior walls between the offices were gypsum walls, while the interior 202 

walls between the offices and the corridor were made of glass. The doors of the exterior 203 
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offices and interior offices were made of wood and glass, respectively. The windows of the 204 

exterior offices could not be opened. Table 1 lists the structure and material properties used 205 

for the building envelope in the simulations. The structure information was found in the 206 

HLAB building construction drawings and documents. As for the material properties, we 207 

used the data from the ASHRAE Handbook – Fundamentals [36]. We also used the actual 208 

HVAC system parameters from the building system document such as the maximum 209 

capacity and maximum and minimum supply air temperature. 210 

 211 

Table 1. Structure and material properties of the HLAB building for the simulation 212 

Constructions 
Layers (from exterior to 
interior) 

Thickness 
(mm) 

Conductivity 
(W/m K) 

Density 
(kg/m3) 

Specific 
heat  
(J/kg K) 

Exterior 
window 

Clear float glass 6 0.99 2528 880 
Air cavity 13 0.026 1.225 1010 
Clear float glass 6 0.99 2528 880 

Exterior 
wall 1 

Brick 92.1 0.89 1920 790 
Air cavity 60.3 0.026 1.225 1010 
Rigid insulation 50.8 0.03 43 1210 
Exterior sheathing 12.7 0.07 400 1300 
CFMF stud 152.4 0.062 57.26 964 
Gypsum board 15.9 0.16 800 1090 

Exterior 
wall 2 

Aluminum panel 50.8 45.28 7824 500 
Rigid insulation 50.8 0.03 43 1210 
Exterior sheathing 12.7 0.07 400 1300 
CFMF stud 152.4 0.062 57.26 964 
Gypsum board 15.9 0.16 800 1090 

Interior 
gypsum wall 

Gypsum board 15.9 0.16 800 1090 
Metal stud 92.1 0.06 118 1048 
Gypsum board 15.9 0.16 800 1090 

Interior glass 
wall/door 

Glass 6 0.99 2528 880 

Interior 
wood door 

Wood 44.45 0.15 608 1630 

 213 

To enable comparison of the simulated results with the measured data, our simulations used 214 

actual weather data collected at a weather station at the Purdue University Airport, which 215 

was 1.5 km away from the HLAB building. The data were collected hourly and included 216 

outdoor air temperature, dew point temperature, relative humidity, air pressure, wind 217 

speed, wind direction, etc. As for the solar radiation data, we used the data measured on 218 

the roof of the HLAB building from the BAS. 219 

 220 

Since each office had an independent thermostat that allowed occupants to adjust the set 221 

point temperature, our simulations defined each office as a thermal zone. Other indoor 222 

spaces on each floor were merged and simulated as one thermal zone. There were a total 223 

of 47 thermal zones in the simulation model. For all the offices in this study, we set the 224 

room temperature according to the actual thermostat set point from the BAS at each 225 

moment when validating the simulation program. We then implemented the behavioral 226 

ANN model [10] for simulating the occupant behavior of adjusting the thermostat set point 227 

and clothing level.  228 

 229 
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We used the lighting status from the BAS to determine the room occupancy in the single-230 

occupant offices. For the multi-occupant offices, we used questionnaires to record the 231 

arriving and leaving times of each occupant every day.  232 

 233 

In building energy simulation, occupant behavior is one of the uncertainties in the building 234 

energy analysis [37]. When validating the simulation program, we used the actual 235 

thermostat set points, occupancy schedules and clothing level information. For prediction 236 

of energy use, we used the behavioral ANN model [10], which is expressed as: 237 

 238 

Behavior occurrence = f (air temperature, relative humidity, clothing insulation, metabolic 239 

rate)        240 

(4)       241 

where f is the behavioral ANN model trained with the use of the collected data.   242 

 243 

We assumed that that the office occupants could actively adjust the thermostat set point for 244 

their comfort, because the cost of maintaining a comfortable environment is typically not 245 

on their minds. What is more, according to the PMV thermal comfort model, six parameters 246 

have an impact on thermal comfort. Our measurements showed that the surface temperature 247 

of the surrounding walls was almost the same as room air temperature. Our measurements 248 

also showed that the air velocity in the offices was less than 0.2m/s. Therefore, the 249 

behavioral ANN model had four input parameters: air temperature, relative humidity, 250 

clothing insulation, and metabolic rate. For the metabolic rate, the occupants could sit or 251 

walk inside their offices, and the corresponding metabolic rates were 60W/m2 and 252 

115W/m2, respectively, according to the ASHRAE Handbook [36]. So we assumed that 253 

when the occupant arrived the office, the metabolic rates were 115W/m2 and after that, it 254 

was 60W/m2. Other factors such as individual mood was not considered because of the 255 

complexity and difficult of collection and verification. 256 

 257 

For the behavioral ANN model, the number of layers were three. The number of neurons 258 

in the hidden layer was ten. We trained the behavior ANN model with 1254, 1382 and 2303 259 

behavior data points collected from the ten offices in the winter, summer, and the shoulder 260 

seasons, respectively. The overall training accuracy of the ANN model in predicting 261 

behavior was 87.5%. More detailed information about the ANN model can be found in 262 

[10].  263 

 264 

Figure 3 shows the simulation process with the behavioral ANN model. When the 265 

simulation starts, the program first checks whether the office is occupied, since the 266 

behavior occurs only when there is an occupant inside the office. If so, the behavioral ANN 267 

model calculates the probability of behavior occurrence. With this probability, the program 268 

decides whether or not to adjust the thermostat set point. The differences between the 269 

single-occupant and multi-occupant offices lie in two aspects. First, previous studies [10, 270 

38] demonstrated that behavior occurrence in response to a feeling of discomfort was 271 

different in multi-occupant offices than in single-occupant offices. We found that most 272 

occupant in single-occupant offices only took off clothes when entering the offices. When 273 

they stayed in the office and felt uncomfortable, they usually adjust the thermostat set point 274 

to make they feel more comfortable without considering others. However, in the multi-275 
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occupant offices, although some occupants in the same office felt uncomfortable, they were 276 

unsure whether others felt the same. Therefore, typically, they compromised and did not 277 

adjust the thermostat set point. Instead, they adjusted their clothing level to make them feel 278 

comfortable. While occupants could adjust the thermostat set point or their clothing level 279 

in multi-occupant offices, clothing adjustment would impact the thermal comfort of the 280 

occupants but not the building energy use. 281 

 282 

Note that if the room was occupied for less than 5 minutes, such occupancy time would not 283 

appear in the simulation. We collected the room occupancy data every 5 minutes, and in 284 

the simulation the time step was 5 minutes. What is more, in our previous study [10], we 285 

already found that when feeling uncomfortable immediately after entering the office, 286 

occupants preferred to adjust the thermostat set point after some time had passed. So in the 287 

simulation, we updated the occupant behavior every hour. Therefore, if the room is only 288 

occupied by a short time, no occupant behavior occurred. 289 

  290 

 

(a) (b) 
Figure 3. Energy simulation process with the behavioral ANN model for (a) single-291 

occupant office and (b) multi-occupant office.  292 

 293 

With the above methods of data collection, we collected the energy-related data and 294 

occupant behavior data from the HLAB building to learn the actual energy use and 295 

occupant behavior pattern. We also gathered the occupant behavior data from other four 296 

buildings to avoid bias in data collection and expand the data sample. Then with the 297 

methods of energy simulation, we built the HLAB building model with actual material and 298 

structure information for the simulation program. We used the actual parameters of the 299 

HVAC system, outdoor weather data and occupant behavior to validate the simulation. 300 

Finally, with the methods of implementing the behavioral ANN model [10], we simulated 301 

the impact of stochastic occupant behavior such as adjusting thermostat set point and 302 

clothing level on heating and cooling rate of the HVAC system. We could obtained the 303 

simulated energy and their variations in various conditions.  304 

 305 

 306 

3 Results 307 
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This section first compares the heating and cooling rate by the HVAC system for the offices 308 

in the HLAB building as simulated with the use of actual behavior, with the behavioral 309 

ANN model, and with constant thermostat setting. The measured data are also used for 310 

comparison. 311 

 312 

3.1 Comparison of energy simulations with and without the behavior model 313 

It was necessary to validate the building performance simulation program, since there are 314 

many uncertainties in energy simulations [25]. We first validated the energy simulation 315 

program with energy use data measured in the HLAB building for a one-month period in 316 

each of the four seasons of 2018: winter from January 15 to February 14, spring from 317 

March 12 to April 12, summer from June 9 to July 9, and fall from October 11 to November 318 

9. Figure 4 shows the outdoor temperature from January to November of 2018 at Purdue 319 

University. The mean outdoor temperatures were -4.5�, 5.2�, 23.4� and 7.2�, 320 

respectively, in the four seasons. 321 

 322 
Figure 4. Outdoor temperature from January to November of 2018. The shaded regions 323 

represent the simulated time windows. 324 

 325 

To validate the simulation program, we used the collected actual behavior data from BAS 326 

and questionnaire and fed the behavior data in each tine step into EnergyPlus. We 327 

compared the simulated and measured energy use in all the offices in the four seasons. On 328 

January 30 and October 29, the HVAC system was shut down, but these shutdowns were 329 

not reflected in the simulation; therefore, the differences were significant. With the 330 

exception of those two days, the maximum error between simulated energy use and actual 331 

data was less than 13%, as shown in Table 2. The errors may have arisen from many factors 332 

such as door opening. In the simulations we assumed that the office door was closed, but 333 

this may not have been the case. If the door was opened, the measured energy use in the 334 

office would have increased because of infiltration. What is more, the door were not totally 335 

air tight, which added uncertainty to the measured heating and cooling rate.  336 

 337 

Table 2. Comparison between simulated and measured energy use in all the HLAB offices 338 

for a one-month period in each of the four seasons. 339 

Season 

Measured 
heating 
energy 

use 
(kWh) 

Normalized 
measured 
heating 

energy use 
(kWh/m2) 

Simulated 
heating 
energy 

use 
(kWh) 

Normalized 
simulated 
heating 

energy use 
(kWh/m2) Error 

Measured 
cooling 
energy 

use 
(kWh) 

Normalized 
measured 
cooling 

energy use 
(kWh/m2) 

Simulated 
cooling 
energy 

use 
(kWh) 

Normalized 
simulated 
cooling 

energy use 
(kWh/m2) Error 

Winter 5,314 19.9 5,156 19.3 3% 998 3.7 870 3.3 13% 

Spring 2,833 10.6 2,719 10.2 4% 2,261 8.5 2,041 7.7 10% 

Summer 2,102 7.9 1,945 7.3 7% 2,726 10.2 2,565 9.6 6% 

Fall 3,183 11.9 3,083 11.6 3% 1,205 4.5 1,315 4.9 9% 
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 340 

After validating the EnergyPlus program, we ran the simulations with the behavioral ANN 341 

model and compared the simulated results with the measured energy use. Because of the 342 

randomness of the occupant behavior, every simulated result with the behavioral ANN 343 

model was different. If we had run only a few simulations, they may not have been 344 

representative and could not have covered all the possible ranges. Therefore, we ran the 345 

simulations with the behavioral ANN model for 200 times. We used a box whisker chart 346 

to display the simulated results, since this type of chart can illustrate the mean and standard 347 

deviations (SD) for various simulations.  348 

 349 

Figures 5 shows the heating and cooling rate in the 11 offices in the interior zone, the nine 350 

offices in the exterior zone, and all the offices combined, for two selected days in winter, 351 

respectively. The white lines represent the mean of the simulated results. The boxes 352 

represent the mean plus and minus the SD of the simulated results. The whiskers represent 353 

the upper and lower bounds of the simulated results. As Figure 5 shows, the results 354 

simulated with the behavioral ANN model match the measured data closely. The maximum 355 

and mean difference between the simulated results and measured data was 10% and 6%, 356 

respectively. The simulated results with the behavioral ANN model also indicate the energy 357 

use variation due to the occupant behavior. At any time, the variations in energy use could 358 

reach ±1 kW and ±0.5 kW, respectively, for heating and cooling in the interior zone,  and 359 

±0.5 kW and ±0.2 kW, respectively, in the exterior zone, as the gray bars shown in Figures 360 

5 and 6. The relative variation was the ratio between the absolute variation and the heating 361 

or cooling rate. And these variations accounted for more than 25% of the total energy 362 

consumption of the HVAC system in the interior zone and more than 15% in the exterior 363 

zone. Therefore, adjusting the thermostat set point had a greater impact on energy use in 364 

the interior offices than in the exterior offices.  365 

 366 

 367 

 368 
(a) 369 
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 370 

 371 
(b) 372 

 373 

 374 
(c) 375 

 

Figure 5. Comparison of total heating and cooling rate on two selected days in winter for 376 

(a) 11 offices in interior zone, (b) 9 offices in exterior zone, and (c) all the 20 offices. 377 

 378 

Figures 5(c) and 6 compare the simulated and measured energy use on the two selected 379 

days in winter and summer, respectively. The simulations used the behavioral ANN model, 380 

constant temperature set point, and actual behavior. The results that were simulated with 381 

the use of actual occupant behavior were closest to the measured data, which is completely 382 

understandable. The simulations with the behavioral ANN model also performed well. 383 

Most of the time, the measured energy fluctuated within the lower and upper bounds 384 

predicted by the behavioral ANN model. However, the simulation with constant thermostat 385 
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set point exhibited a large discrepancy with the experimental data. The relative error was 386 

as large as 30%.  The reason was that some occupants set the thermostat set point much 387 

higher or lower than 22.8� (73�) in order to feel comfortable. They did not reset the 388 

thermostat when they left the office, and this behavior wasted considerable energy. That is 389 

why the measured energy use was higher than the predicted energy using constant 390 

thermostat set point, to some extent [4]. 391 

 392 

 393 

 

 

Figure 6. Comparison of heating and cooling rate in all the 20 offices for the two 394 

selected days in summer 395 

 396 

Note that Figure 6 portrays a large fluctuation in the actual heating energy use in summer. 397 

When we checked the heat exchanger in the HLAB building, we found that although the 398 

water temperature set point was 54.4�, the supply water temperature fluctuated greatly and 399 

could sometimes be as high as 76.7�. This water-temperature control issue caused the 400 

fluctuation in the heating energy use in the HLAB building.  401 

 402 

Figure 7 summarizes the measured energy use and the results of the simulations using 403 

actual behavior and the behavioral ANN model, for a one-month period in each of four 404 

seasons. In winter and in the shoulder seasons (spring and fall), the heating energy was 405 

greater than the cooling energy, and vice versa in the summer. Furthermore, in the winter 406 

and shoulder seasons the variation in energy use due to occupant behavior was greater for 407 

cooling than for heating. Meanwhile, the variation in energy use in the summer was smaller 408 

than in other seasons. This difference occurred because heating energy in the summer was 409 

mostly used when the interior offices were unoccupied and in the exterior offices at night. 410 

In these cases, occupant behavior seldom affected the energy use of the HVAC system. 411 
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 412 
Figure 7. Comparison of measured and simulated total energy use in the HLAB offices 413 

for a one-month period in each of the four seasons. 414 

 415 

3.2 Simulation using the data collected in the four buildings 416 

After analyzing the impact of occupant behavior on energy use by the HVAC system in 417 

the HLAB building, we analyzed the occupant behavior in the other four buildings. We 418 

used the BAS in the four buildings to collect room air temperature, thermostat set point 419 

and humidity data. Changes in the thermostat set point represented raising or lowering of 420 

the set point by occupants. Figures 8(a), (c) and (e) display the collected behavior data in 421 

psychrometric charts for the summer, fall and winter, respectively, of 2018. The colors and 422 

shapes of the dots represent different kinds of behaviors. We obtained 1259 data points for 423 

a period of ten days in the summer, 3415 data points for a thirty-day period in the fall, and 424 

1758 data points for a fourteen-day period in the winter. Since the data collection time in 425 

summer was limited, the humidity ratio variation was small, and the data were more 426 

concentrated. We used these parameters to train the behavioral ANN model [10] for the 427 

four buildings. Figures 8(b), (d) and (f) show the comfort zones predicted by the behavioral 428 

ANN model in the three seasons, respectively. The blue zone illustrates the temperature  429 

and humidity ranges which 88% of the occupants did not adjust the thermostat set point or 430 

their clothing level; the green and orange zones represents the conditions under which 76% 431 

and 15% of the occupants made no adjustments, respectively. The lower and upper bounds 432 

of the absolute humidity in the comfort zones were the minimum and maximum of the 433 

absolute humidity found in the data. A comparison of the comfort zones with those 434 

obtained from the HLAB building [10] reveals that the comfortable temperature range was 435 

larger in the four buildings. For an 80% comfortable rate, the temperature ranged from 20� 436 

to 25.6� in the four buildings in summer, whereas the range for the HLAB building was 437 

from 21.1� to 24.4� [10]. The occupant behavior occurrence in the four buildings was 438 

lower than that in the HLAB building, which led to a wider comfort zone in the four 439 

buildings.  440 

 441 
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(a) (b) 

(c) (d) 

(e) (f) 
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Figure 8. Collected behavior data (left) and comfort zone (right) obtained with the 442 

behavioral ANN model: (a) and (b) summer, (c) and (d) fall, and (e) and (f) winter.  443 

 444 

We found that the comfort zone in the four buildings was different from that in the HLAB 445 

building. Previous studies [39, 40] have also found that using different thermal comfort 446 

models could affect the prediction of building energy consumption. Therefore, we trained 447 

the behavioral ANN model with a different set of data and used this model to simulate the 448 

impact of occupant behavior on energy use in the HLAB offices. We compared the energy 449 

simulations for one typical year in the HLAB offices between differently trained models. 450 

The weather data was typical meteorological year (TMY3) for the energy simulation, and 451 

the other settings were the same as we used in Section 3.1. Table 3 compares the energy 452 

use predicted by the different behavioral ANN models in the HLAB offices for a one-year 453 

period. The simulation using the model trained by the data in the four buildings exhibited 454 

greater variation than the simulation using the model trained by the data in the HLAB 455 

building. This difference was due to the lower behavior occurrence and wider comfort zone 456 

as shown in Figure 8. Lower behavior occurrence indicates higher tolerance for the indoor 457 

environment. At high or low air temperatures, occupants may adjust the set point less 458 

frequently. The new, wider comfort zone means that the ranges in possible thermostat set 459 

point and room air temperature were larger, so that the energy use would be more extreme. 460 

Therefore, the impact of occupant behavior on energy use increased. 461 

 462 

Table 3. Comparison of simulated total energy use with different behavioral ANN models 463 

in the HLAB offices for a one-year period. 464 
 Simulated heating energy use  Simulated cooling energy use 

Model 
used in 
simulation 

Mean 
(kWh) 

Normalized 
Mean 

(kWh/m2) 

Variation 
(kWh) 

Normalized 
variation 

 (kWh/m2) 

Mean 
(kWh) 

Normalized 
Mean 

(kWh/m2) 

Variation 
(kWh) 

Normalized 
variation 

 (kWh/m2) 
ANN 

model of 
the HLAB 
building 

34,205 128.3 2,718 10.2 15,908 59.7 2,128 8.0 

ANN 
model of 
the four 

buildings 

32,398 121.5 3,427 12.9 14,380 53.9 1,742 6.5 

Difference 5.3% 5.3% 26% 26% 9.6% 9.6% 18% 18% 

 465 

 466 

3.3 Simulation of setback and occupancy control 467 

The above results show that occupant behavior had a major impact on building energy 468 

consumption, and we were able to simulate the impact. Section 2.1 demonstrated that the 469 

four buildings used thermostat setback and occupancy control to reduce energy use by the 470 

HVAC systems. Since the HLAB building did not use such strategies, it was interesting to 471 

determine how much energy could be saved with thermostat setback control and occupancy 472 
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control. We simulated a typical year in the HLAB offices and compared the simulated 473 

results with and without the use of these control strategies. The schedule for setback was 474 

from 6 am to 11 pm. The schedule for occupancy control was the same as the actual lighting 475 

occupancy schedules collected from the BAS in each HLAB office. We still used the 476 

behavioral ANN model to simulate the impact of occupant behavior on energy use. 477 

 478 

Figure 10 shows the simulated results under different control strategies in the 20 HLAB 479 

offices for two selected days in summer. The red and blue bars represent the heating and 480 

cooling energy use, respectively. When setback was used, the energy use at night was zero, 481 

but it was very large when the HVAC system started to work in the morning. Setback did 482 

not have a significant impact in daytime. In comparison with thermostat setback, using 483 

only occupancy control in each HLAB office reduced energy use to a greater extent. This 484 

occurred because most of the HLAB offices were unoccupied; the professors and students 485 

may have been working in other locations. However, these energy saving results were not 486 

typical and may not be applicable to other office buildings. 487 

(a) 

(b) 

(c) 

 

 
Figure 10. Comparison of measured and simulated heating (left) and cooling (right) 488 

energy use under different control strategies in the HLAB offices for two selected days in 489 

summer: (a) existing 24-hour constant-temperature control strategy; (b) thermostat 490 

setback; and (c) occupancy control 491 

 492 
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Table 4 summarizes the simulated total energy use under different control strategies in the 493 

HLAB offices for a one-year period. Currently, the occupants can set the thermostat set 494 

point within the range of 18.3oC to 26.7oC and adjust it freely when they feel uncomfortable. 495 

When the occupants leave the office, the setting does not change, and the room condition 496 

is maintained in that state. The simulated energy use with thermostat setback could reduce 497 

heating energy use by 36% and cooling energy use by 20% in the HLAB offices over a 498 

period of one year. Meanwhile, occupancy control could reduce heating energy use by 71% 499 

and cooling energy use by 73% over a one-year period. Previous studies found that 500 

thermostat setback could save energy around 20% to 30% [41-43], and the occupancy 501 

control could save 20% to 70% [44-47]. The energy saving was also related to the building 502 

type, HVAC system type and outdoor climate. Table 4 also shows that the variation in 503 

energy use was smaller for both thermostat setback and occupancy control, but the relative 504 

variation was larger than under the current strategy. This occurred because the energy use 505 

was zero at night for thermostat setback and during unoccupied times for occupancy control. 506 

Therefore, the impact of occupant behavior on energy use with thermostat setback and 507 

occupancy control was significant. 508 

 509 

Table 4. Comparison of simulated total energy use under different control strategies in 510 

the 20 HLAB offices for a one-year period. 511 
 Simulated heating energy use Simulated cooling energy use 

Control strategy 
Mean 
(kWh) 

Normalized 
mean 

(kWh/m2) 

Variation 
(kWh) 

Normalized 
variation 
(kWh/m2) 

Relative 
variation 

Mean 
(kWh) 

Normalized 
mean 

(kWh/m2) 

Variation 
(kWh) 

Normalized 
variation 
(kWh/m2) 

Relative 
variation  

Current control strategy 34,205 128.3 2,718 10.2 8.0% 
15,908 

 
59.7 

2,128 
 

8.0 13.4% 

Thermostat setback 21,980 82.4 2,090 7.8 9.5% 9,751 36.6 1,560 5.9 16.0% 

Occupancy control 10,197 38.2 1,430 5.4 14.0% 4,045 15.2 750 2.8 18.5% 

 512 

4 Discussion 513 

In this study, we used behavioral ANN models to simulate occupant behavior and 514 

employed the actual energy use of the HVAC systems in HLAB offices to assess different 515 

control strategies. We used questionnaires to record self-reported behavior and clothing 516 

level. However, sometimes the occupants may have forgotten to record the data, which 517 

would have affected the behavioral modeling and simulated energy results [48]. In addition, 518 

we used the assumed occupant load and computer load in the simulations without 519 

accounting for individual differences. We only used the simplified metabolic rate values 520 

for sitting and walking without accounting for differences in gender and age of occupant. 521 

The simplification of these factors may have influenced the behavior occurrence and the 522 

energy use of the HVAC system.  523 

 524 

For the energy use of HVAC system, we only considered the sensible heating and cooling 525 

rate for each room. We did not consider the energy of mixing with fresh air, central heating 526 

and cooling, which was almost unaffected by the occupant behavior in the VAV system.  527 

 528 

The present study used actual occupant behavior to train the behavioral ANN model, and 529 

then utilized this model to evaluate the energy use deviation in the offices. The behavioral 530 

ANN model considered various impact factors including indoor environmental parameters, 531 

clothing level and metabolic rate. Since these factors also determined the occupants’ 532 
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thermal comfort, this model could be considered a comfort-related behavior model [9]. 533 

Since the relationship between the occupant behavior and determining factors can be very 534 

complicated, we used ANN models which was a powerful method to deal with highly 535 

complex datasets. Although logistic regression [19, 20] can also be used, ANN models are 536 

more nonlinear. We could control the number of neurons and layers to adjust the model 537 

complexity and avoid overfitting. The limitation was that the complex model was hard to 538 

train and use since it had more parameters in the hidden layer to be determined. The ANN 539 

model could also be used for simulating other occupant behavior such as opening a window. 540 

Since the behavioral ANN model requires training data in order to learn the occupant 541 

behavior before it can be used, the application of the model to a newly constructed building 542 

or a building in the design stage would require the collection of occupant behavior data in 543 

some similar buildings in advance. 544 

 545 

Personalized behavior models are more suitable and have a higher prediction accuracy to 546 

predict occupant behaviors [49, 50]. However, developing personal model in every 547 

individual office would make the simulation too complicated. In this study, we only 548 

distinguished the single-occupant and multi-occupant offices. Using personal behavior 549 

models is a possible improvement that can be considered in the future. 550 

 551 

5 Conclusions 552 

This study validated an energy simulation program and compared the energy use simulated 553 

with behavioral ANN models with the energy use measured in the HLAB building and four 554 

other buildings on the Purdue University campus. The investigation led to the following 555 

conclusions: 556 

1) The simulated energy results were validated by comparing them with data measured 557 

in the HLAB building for a one-month period in each season of 2018, and the 558 

relative error between the simulated and actual energy use was less than 13%. 559 

2) The simulated energy consumption using the behavioral ANN model exhibited 560 

variation as a result of  occupant behavior in the HLAB offices. The variation was 561 

25% in interior offices and 15% in exterior offices. 562 

3) The energy consumption data obtained from the other four buildings on the Purdue 563 

University campus revealed lower behavior occurrence among the occupants of 564 

these buildings. The behavioral ANN model thus calculated a wider comfort zone 565 

and a higher variation in energy use for these buildings than for the HLAB building.  566 

4) The data collection in the other four buildings on the campus occurred under a 567 

strategy of thermostat setback and occupancy control, whereas the HVAC system 568 

operated constantly in the HLAB building and the occupants could adjust the 569 

thermostat set point manually. Applying thermostat setback to the HLAB building 570 

would reduce the energy consumption by 30%, while occupancy control would 571 

provide a 70% reduction.  572 
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