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Abstract 

Most commercial HVAC systems provide ventilation 

assuming near-full occupancy during working hours. As 

conditioning outdoor air requires significant energy, 

reducing the ventilation requirements based on actual 

occupancy can improve energy efficiency without 

significantly impacting occupant comfort. An occupancy-

based predictive control program was implemented in a case 

study building’s BAS to control the outdoor air dampers. 

Changepoint models show the program saved 38.4% and 

10.3% of heating and cooling energy during a 24-week 

implementation period, respectively, with a negligible 

impact on indoor CO2 concentrations or the buildings ability 

to meet temperature setpoints. This study highlights how 

occupancy data can improve building operational efficiency 

without the need for additional infrastructure. 

Introduction 

As many modern workplaces begin to transition towards 

flexible work hours (Zeytinoglu et al., 2019), commercial 

and institutional buildings are hosting a fraction of their 

maximum occupancy on a typical workday (e.g., Barbour et 

al., 2019). Despite this, most heating, ventilation, and air 

conditioning (HVAC) systems still operate on static pre-set 

schedules that assume the building is almost fully occupied 

during working hours (e.g., ASHRAE 90.1-2019), resulting 

in chronic overventilation. Considering that indoor climate 

control systems of these buildings account for up to 40% of 

the buildings’ energy use in Canada (NRCan, 2012), there 

is a growing oppourtunity to reduce energy use and 

greenhouse gas emissions by providing HVAC services at 

an appropriate level for the actual occupancy of the 

building. This is traditionally attempted with demand 

control ventilation (DCV), which depends on CO2 sensors 

to control a variable air volume (VAV) system by increasing 

the airflow rate to zones with higher CO2 levels and 

therefore higher occupancy. However, the accuracy of 

commercial-grade CO2 sensors can often be poor (Shrestha 

and Maxwell, 2009). A study by Fisk et al. (2008) found 

commercial CO2 sensors frequently had measurement errors 

in excess of 20%. Additionally, the lag time between 

occupant arrival and the build-up of CO2 has been identified 

as a weakness to this approach, especially in large spaces 

with highly variant occupancy profiles (Lu et al., 2018). If 

improvements are to be made to the operation of system 

level equipment, such as air handling units (AHUs), the 

actual occupancy of the space must be predicted beforehand 

to ensure adequate indoor air quality (IAQ) is maintained. 

Occupancy-based control of the outdoor air damper in 

AHUs has been shown in simulation to realize significant 

energy savings (Cui et al., 2017). Reducing the outdoor air 

fraction in climates with lengthy heating and/or cooling 

seasons could reduce the temperature differential between 

the mixed air and the desired supply air setpoint, lowering 

the heating and cooling loads. 

In addition to occupancy forecasting and occupant-count 

estimation, an emerging research challenge is to implement 

occupancy-centric control algorithms in commercially 

available building automation systems (BASs) at the system 

level (Park et al., 2019) due to the implementation 

challenges associated with the limited computational power 

of these systems. Additionally, while data sources like Wi-

Fi have been identified as having strong correlations with 

occupant count (e.g., Zou et al., 2017; Çiftler et al., 2018; 

Wang et al., 2018, 2019), the integration of these data 

streams into BASs is not prevalent due to technological 

limitations, and privacy and security concerns. However, a 

ubiquitous data stream within BASs is electrical loads (ISO, 

2005) which – while having a weaker correlation with 

occupant count than Wi-Fi (Hobson et al., 2019) – follow 

high-level trends with occupancy levels throughout the day 

(Rafsanjani et al., 2018). Therefore, combining these two 

disparate data sources may allow for occupancy forecasting 

to be implemented within a commercial BAS without 

additional sensing or control infrastructure. 

This paper explores the implementation of an occupancy 

forecasting technique to control the outdoor air damper 

within a case study building in Ottawa, Canada. Occupancy 

count estimates from Wi-Fi enabled device count data were 

used to identify daily occupancy patterns (Hobson et al., 

2019). These patterns were compared to patterns in 

building-level plug-in equipment and lighting loads to 

determine representative electrical load profiles for high, 

medium, low, and very low occupancy days. A proposed 

rules-based occupancy forecasting approach based on these 

representative profiles (Hobson et al., 2020) was 

implemented as a program in the BAS. Forecast accuracy, 



energy savings, IAQ impacts, challenges and relevant 

anecdotes from the implementation are examined and 

discussed. 

Methods 

Representative occupancy profiles from Wi-Fi data 

(isolated from the BAS) were used to calculate damper 

profiles. Representative electrical load profiles (available in 

the BAS) were used as a proxy for the occupancy level, and 

a classification tree was used to predict day-ahead 

occupancy levels. To overcome the limited computational 

power of the building controllers, these models were trained 

offline using the programming language R (R Core Team, 

2017). The resulting values and Boolean logic from this 

process were translated into the building’s BACnet controls 

programming language, GCL+ (Delta Controls Inc., 2006), 

and implemented in the case study building. It is worth 

noting that this program only effects the damper position 

when the dampers are in their minimum position mode. If 

another operating or safety mode is enabled, the program 

rightfully loses authority over the outdoor air dampers. 

Damper profiles 

The case study building is a 6650 m2 academic office 

building located in Ottawa, Canada (i.e., ASHRAE climate 

zone 6A). It is served by two AHUs (AHU1 and AHU2) 

with a combined outdoor airflow rate of 10,000 L/s at 

minimum damper positions of 40% and 30%, respectively. 

The outdoor air dampers are both opposed blade dampers. 

Assuming the common rule-of-thumb of 10 L/s·person for 

combined outdoor airflow rates from ASHRAE 62.1 

(ASHRAE, 2019b), the building is providing enough 

outdoor air for 1000 occupants during occupied hours. 

Previous work (Hobson et al., 2019) explored different data 

streams for occupancy-count estimation to determine the 

actual occupancy of the case study building. Wi-Fi enabled 

device counts were collected over a seven-month study and 

the trends in occupancy were analysed. Using k-means 

clustering, it was found that four distinct daily occupancy 

profiles were commonly observed in the case study 

building, denoted ‘h’, ‘m’, ‘l’, and ‘L’ for high, medium, 

low, and very low peak daily occupancy, respectively 

(Hobson et al., 2020), see Figure 1. These profiles represent 

the maximum occupancy expected at each timestep for a day 

that falls within each respective cluster. The occupancy 

profiles used in this study were condensed to this handful of 

representative profiles to reduce the program size and 

laboriousness of implementation, as each corresponding 

damper position profile must be hardcoded into a matrix 

within the BAS. It was found that the overall peak 

occupancy rate of the building rarely exceeded 50%, while 

the average peak occupancy rate was between 17% and 

25%. Recall the study by Barbour et al. (2019), which found 

a similar peak occupancy rate of 20% in their case study 

buildings. 

 

Figure 1: Representative occupancy profiles previously 

developed for the building. 

Area (Ra) and person (Rp) outdoor air rate requirements set 

forth in ASHRAE 62-1 (ASHRAE, 2019b) were used to 

calculate minimum breathing zone air rates (Vbz) and thus 

the outdoor air fraction for each of the occupancy profiles. 

As-built drawings of the case study building were used to 

determine the area fraction of the outdoor air requirements 

which are summarized in Table 1, which was approximately 

3000 L/s of the 10,000 L/s provided at the current minimum 

outdoor air dampers’ positions. The remaining 7000 L/s 

accounts for the person outdoor airflow rate requirements 

for 1000 persons, which can be increased or reduced 

depending on the occupancy of the building (e.g., if the peak 

occupancy of the building is actually 500 persons, the 

breathing zone air rate can be reduced from 10,000 L/s to 

the 3000 L/s area outdoor air rate plus half of the 7000 L/s 

person outdoor air rate, or 6500 L/s total).  

Table 1: Area outdoor air rate of the case study building. 

Occupancy Category 
Area 

(m2) 

Area Outdoor Air 

Rate, Ra (L/s) 

Lecture classroom 472 142 

University/college 

laboratory 
700 630 

Computer lab 670 744 

Cafeteria/fast-food dining 74 67 

Corridor 1437 431 

Lobby/prefunction 150 45 

Office space 1486 446 

Storage/utility 1092 327 

Total 6650 2831 

When in economizer mode (i.e., when the outdoor air 

fraction is at or near 100%), a one-to-one linear relationship 

between the outdoor air damper position and outdoor air 

fraction has always been used in the case study building.  



 

Figure 2: Damper position and air fraction for opposed 

blade dampers. 

 

 

Figure 3: Damper position profiles for (a) AHU1 and (b) 

AHU2 

However, the relationship between the outdoor air fraction 

and the outdoor air damper position is not necessarily linear, 

especially at the lower airflow rates that are the subject of 

this study. The ASHRAE Handbook of Fundamentals 

(ASHRAE, 2017) specifies a family of curves for installed 

flow characteristics of different dampers with different 

control authority based on experimental data from the Air 

Movement and Controls Association (AMCA, 2006). Felker 

and Felker (2009) note the actual installed characteristics of 

dampers typically fall in between the 1% and 10% damper 

authority (DA1 and DA10) curves, see Figure 2. The DA10 

curve was used in this study as it is a conservative estimation 

of the amount of airflow that will be achieved at each 

damper position (i.e., the outdoor air fraction should always 

be higher than the damper position when using this curve in 

lower airflow regimes). The outdoor air fraction for each 

occupancy profile was then translated into its respective 

damper position profile using this relationship, see Figure 3. 

The new minimum damper position is between 17% and 

31% from zero to maximum observed occupancy for AHU1 

and 13% and 25% for AHU2. Recall the previous minimum 

damper positions were 40% and 30%, respectively, 

regardless of occupancy levels. To reduce wear on the 

actuators and network traffic on the BAS, the profiles were 

discretized into multi-hour increments, and the maximum 

damper position for each increment was used for the entire 

increment period as shown in Figure 3. Higher occupancy 

increments were extended by an hour before and after as a 

conservative form of pre-conditioning. 

Occupancy forecast 

A forecast was developed to determine when each damper 

position profile should be used. Plug-in equipment and 

lighting load data available within the case study building’s 

BAS were examined at the same time as the previous 

occupancy study (Hobson et al., 2020). Mean daily 

electrical load profiles were developed from the days 

clustered under each occupancy profile, see Figure 4.  

 

Figure 4: Representative plug-in equipment and lighting 

load profiles previously developed for the building. 

Each day of the study was assigned to an appropriate letter 

based on which daily profile had the lowest sum of square 

errors (SSE) compared to the BAS metered load. Motif and 

discord identification were used on the string of letters to 

determine commonly repeated weekly patterns in these 

electrical load data as a proxy to occupancy. The letters for 

these weekly patterns were analysed to develop a 

classification tree following the same methodology of the 

previous study, see Figure 5. Using this forecasting method  



 

Figure 5: Classification tree for day-ahead occupancy 

prediction using previous week of electrical load profiles. 

on the previously recorded data showed that days were 

successfully classified 70.4% of the time with a mean 

occupant-count estimation error of 47 ± 69 persons at 95% 

confidence. It should be noted that Notably, the forecast was 

heavily biased towards over-classification of occupancy due 

to conservative assumptions made in the development of the 

occupancy and electrical load profiles.  

Implementation 

The representative electrical load profiles from Figure 4 

were hardcoded into a matrix in the GCL+ program. Each 

day, the daily electrical load profile was recorded at hourly 

intervals. The sum of the square errors (SSE) between the 

recorded daily electrical load profile and each of the 

representative profiles from Figure 4 were computed. Due 

to limited program size (i.e., 10,240 bytes) the number of 

timesteps that could be used to calculate the SSE was 

limited. To determine the number of timesteps and which 

timesteps to be used, the previously recorded data were 

analysed using a forward stepwise approach. This revealed 

that the electrical loads at 1 pm, 5 pm, and 7 pm contributed 

significantly to forecast accuracy, with a successful 

classification rate of 67.7% using only the three timesteps 

compared to the 70.4% achievable when all 24 hourly 

timesteps were used, see Figure 6. This reduced the 

dimensions of the electrical load profile matrix to four by 

three (i.e., four profiles with three values) while 

simultaneously decreasing the polling rate for recording the 

electrical loads to only three times per day. 

The profile with the lowest SEE (i.e., the closest match to 

the daily profile) was taken as the representative profile for 

that day. This process was repeated each day, with the 

profile membership data being recorded each day of the 

week in a seven-character long vector. A series of ‘IF’ 

statements developed from the classification tree then 

examine the seven-character long vector once at 10 pm (i.e.,    

 

Figure 6: Forward stepwise selection of timesteps for 

GCL+ forecast. 

network traffic is low) to predict the occupancy level for the 

next day (i.e., high, medium, low, or very low occupancy). 

The damper positions that correspond to this predicted 

occupancy are then used throughout the day to control the 

outdoor air damper. These damper positions are stored in a 

four by six matrix (i.e., the four profiles and damper 

positions for six discrete time increments illustrated in 

Figure 3). One limitation of this method is that the forecast 

cannot make predictions for the first week of 

implementation as the program has not yet been able to 

record the electrical load data off which the forecast is 

based. To overcome this, when the program is initialized, 

the seven-character long profile membership vector is 

initially filled with dummy data that corresponds to five 

high ‘h’ occupancy weekdays and two low ‘l’ occupancy 

weekend days (i.e., a conservative weekly profile). 

Therefore, the first week after initialization is based on this 

dummy data (i.e., until it is overwritten with recorded data). 

Results and discussion 

Data for the case study building were collected from the 

third week of August until the beginning of February (i.e., 

24-weeks) from the previous year (baseline year) and during 

the same period for the implementation year for 

comparison. These data include chiller electrical use data, 

AHU fan power data, as well as building level plug-in 

equipment and lighting loads and bulk metered electrical 

load data. Note that the outdoor air damper program was 

turned off in error from November 17th to December 20th 

during the implementation year. Operational data from this 

period are neglected from both the baseline and 

implementation year in the analysis. The building is served 

by a district heating system; steam flow and temperature 

data were available for the building’s heat exchanger. CO2 

sensors in 125 zones and temperature sensors in 138 zones, 

as well as AHU operational data, were also available. Wi-Fi 

enabled device counts were also collected for this study via 

IT services; no MAC addresses were monitored or stored 

over the course of this study as per the institution’s research 

ethics board. 

Accounting for the changes in climate between the baseline 

and implementation year is critical to ensure the appropriate 



levels of savings are attributed to the new outdoor air control 

program. Note that the implementation year had 

comparatively milder weather than the baseline year; the 

baseline monitoring period had 2454 heating degree days 

(HDD) and 157 cooling degree days (CDD), whereas the 

implementation year had 2131 HDD and 96 CDD during the 

24-week study period. Switchover from heating to cooling 

occurred October 2nd and October 9th during the baseline and 

implementation year, respectively.  

Comparing the outdoor air damper positions from the 

baseline year and implementation year reflects the lower 

minimum damper positions, see Figure 7. While it may be 

expected that the building’s AHUs spent more time in the 

minimum position mode during the colder baseline year, 

they actually spent 12.0% and 16.6% of hours collectively 

in minimum position mode during the baseline and 

implementation period, respectively. This was due to a soft 

fault in the economizer program of the AHUs that was 

discovered and altered during the implementation process. 

This fault was causing the units to go into the economizer 

mode when the return air temperature exceeded the outdoor 

air temperature, regardless if it was heating or cooling 

season. As such, the unit was often fully economizing at low 

outdoor air temperatures; this caused the supply air 

temperature to remain at the lower end of the temperature 

threshold (13°C), resulting in increased loads on the 

building’s perimeter heaters to reach zone setpoints. On a 

particularly cold day during the implementation period 

when the program was erroneously turned off, the extreme 

volume of cold outdoor air caused a heating coil in one of 

the units to freeze. This fault was identified by facilities 

personnel who were able to manually reset the unit without 

incident, at which point the outdoor air damper program was 

reimplemented. 

 

Figure 7: Outdoor air damper positions from the baseline 

(before) and implementation (after) period. 

Forecast accuracy 

After the implementation period, Wi-Fi enabled device 

count data were retroactively examined to determine a 

baseline for the occupancy forecast accuracy. The analysis 

showed that a handful of days exceeded the highest expected 

occupancy profile, with 12 total occupied hours spent above 

the high ‘h’ occupancy threshold over the entire 24-week 

study period. It was found 50, 22, 15, and 80 days during 

the study period could be classified as high ‘h’, medium ‘m’, 

low ‘l’, and very low ‘L’ occupancy, respectively, see 

Figure 8a. This was then compared to the electrical load 

forecast-based results from the implementation period. The 

program classified 101, 3, 13, and 50 days during the study 

period as high ‘h’, medium ‘m’, low ‘l’, and very low ‘L’ 

occupancy, respectively, see Figure 8b. The overall 

prediction accuracy for the forecast implemented was 58%. 

However, it should be noted that the forecasts were intended 

to be conservative; 97% of forecasted days had an observed 

occupancy that was at or below forecasted levels, see Table 

2. 

Overall, the accuracy of the electrical load-based occupancy 

level forecast was lower than expected. This is in part due 

to the fact that the algorithm had to be initialized at the start 

Table 2: Confusion matrix for occupancy forecast. 
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Figure 8: Occupancy profiles (a) measured retroactively 

with Wi-Fi and (b) forecasted during the implementation 

period with electrical load. 



 

Figure 9: Changepoint model for baseline year. 

of the study period and reinitialized during the week of 

December 20th as the outdoor air damper program was 

erroneously turned off; this led to the over-classification of 

ten days of low ‘l’ and very low ‘L’ occupancy days to high 

‘h’ during the initialization process, reducing the apparent 

forecast accuracy. However, despite the highly conservative 

nature of the program, significant energy savings were still 

achieved, which may largely be attributed to the outright 

reduction in outdoor air fraction associated with even the 

highest new outdoor air damper profile. 

Energy savings 

Energy use data for the implementation period were 

compared to energy use data from the previous year during 

the same period. Three-parameter univariate changepoint 

models (Gunay et al., 2019) were used to account for the 

temperature differences between the two years. Note that the 

heating energy use from the steam loop data include heating 

coils and perimeter heaters. Fitting the implementation year 

temperature data to the changepoint models for the baseline 

year (Figure 9) indicates that the building would have used 

an estimated 85 MWheq for cooling and 297 MWheq for 

heating if there was no implementation. Actual cooling and 

heating energy use during the implementation year were 76 

MWheq and 183 MWheq, representing 10.3% and 38.4% 

savings, respectively. This change is reflected in the lower 

slopes of the changepoint models shown in Figure 10. Two 

distinct groupings of points emerge; the upper family of 

heating days is characteristic of the energy use on days 

following the high ‘h’ occupancy profile, whereas the lower 

family represents the heating days where low ‘l’ and very 

low ‘L’ occupancy was predicted. Note that the fan energy 

profiles show a negligible decrease in fan energy 

consumption of 2.8% (from 71 MWh to 70 MWh using the 

baseline model and the implementation year itself, 

respectively).  

 

Figure 10: Changepoint model for implementation year. 

Comfort impact 

In addition to changes in energy use, changes in indoor air 

quality were explored. CO2 concentrations from 125 zones 

were compared between the baseline year and 

implementation year, see Figure 11. A mean increase of 33 

ppm was observed for occupied hours during the 

implementation year. The increase in hours where indoor 

CO2 concentration exceeds atmospheric CO2 concentrations 

by 700 ppm – the threshold set out in ASHRAE 62-1 

(2019b) –  was from 0.06% to 0.23% of occupied hours from 

before and after implementation, respectively. Further work 

needs to be done to determine how much of this increase is 

attributable to the outdoor air program versus drift in the 

CO2 sensor accuracy over time.  

Changes in indoor air temperature for 138 zones were also 

examined, see Figure 12. While the mean zone air 

temperature did not change significantly before and after 

implementation, the time spent within ± 1°C of the 22°C 

typical setpoint decreased from 73.8% to 70.0% (3.8% 

reduction) after implementation. However, this change in 

ability to meet setpoints may be partially attributable to the 

milder climate conditions during the implementation year, 

which led to a prolonged shoulder season (recall that 

switchover from heating to cooling occurred October 2nd 

and October 9th during the baseline and implementation 

year, respectively) and several seasonally warm days during 

the heating season. To explore this phenomenon, 

temperature data from 32 zones in another academic office 

building located on the same campus as the case study 

building were examined. It was similarly found that the 

mean zone air temperature did not change significantly, 

however the number of occupied hours spent within ± 1°C 

of the setpoint decreased from 65.9% to 63.5% (2.4% 

reduction) during the same study period. 



 

Figure 11: Changes in CO2 concentration. 

 

Figure 12: Changes in indoor air temperature. 

Unresolved issues 

Reducing the outdoor air fraction and increasing the return 

air fraction increased the mixed air temperature during the 

study period, reducing the heating coil output to meet 

temperatures within the supply air temperature setpoint 

range (13°C to 20°C). As a result, supply air temperatures 

during the implementation year were higher than the 

baseline year. The baseline year had a mean temperature of 

16.1 ± 4.1°C with 39.1% of hours spent in the upper half of 

the setpoint range (>16˚C),  compared to 16.5 ± 4.7°C with 

50.9% of hours spent above 16˚C during the implementation 

year. This significantly reduced the loads on the perimeter 

heaters and resulted in energy savings. A disadvantage of 

the implemented program was that higher return air (and 

hence higher supply air) temperatures would occur as the 

building’s average room temperature increased, reducing 

the availability of cooling in problem zones and in some 

instances causing localized overheating, especially during 

very low ‘L’ occupancy days where the outdoor air 

temperature rose above 0°C. This problem could potentially 

be addressed by increasing the airflow rate at the zone level 

in rooms where this issue was identified, or by introducing 

an override during days that match these criteria to ensure 

adequate outdoor airflow for cooling purposes. 

While overly-excessive ventilation rates have little benefit 

to occupant comfort or satisfaction, well-ventilated 

buildings (e.g., above 10 L/s·person) have been associated 

with  better human factor outcomes (Charles and Veitch, 

2002). If ventilation can be reduced to levels that still 

provide IAQ benefits, significant savings may still be 

possible. For example, the minimum design ventilation rate 

in this case study was 13 L/s·person (6500 L/s for an 

assumed 500 maximum occupants), which was sufficiently 

low to generate HVAC savings. Marginally increasing this 

ventilation rate may mitigate changes to the building’s IAQ 

with a small cost to energy savings. The optimal balance 

between these two factors warrants further investigation. 

Additionally, while the energy benefit of reducing the 

outdoor air fraction outright based on occupancy is 

apparent, the savings directly attributable to the forecasting 

method used should be further explored. As the variability 

of occupancy in a space increases, so does the energy 

savings potential (Ouf, O’Brien and Gunay, 2019). While 

the case study building had highly variable occupancy 

levels, the occupancy patterns of an academic office 

building are relatively predictable and may not require such 

complex forecasting mechanisms where a schedule may be 

reliably used. Therefore, while the case study building 

facilitated a useful methodological exercise in creating these 

rules-based forecasts, the benefits of such an approach 

should be thoroughly explored for other occupancy types 

and patterns. 

Conclusion 

This study found that the case study building was providing 

enough ventilation for 1000 occupants constantly during 

occupied hours, whereas the peak one-time occupancy 

during the entire study period was less than 600 occupants. 

A GCL+ script was deployed on the BACnet controllers 

within the BAS to create a simple program for predicting 

occupancy, based on clustering and motif identification of 

Wi-Fi and electrical load data. This program was 

conservative, classifying 97% of days at or above their 

actual occupancy. However, the program was still able to 

reduce heating and cooling energy use by 38.4% and 10.3%, 

respectively, with a 33 ppm increase in CO2 concentrations 

and a 3.8% reduction in hours spent within ± 1°C of 

temperature setpoints (likely attributable to the milder 

climate during the implementation year). This case study 

highlights an example of the benefits to be gained by 

including occupancy information in building operations. 
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