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ABSTRACT 
This paper introduces and assesses the predictive 
accuracy of five occupancy detection methods using 
data gathered through passive-infrared (PIR), CO2, 
door contact sensors, and a camera in an 
intermittently used shared-office space. 
Recommendations for PIR sensor placement and 
optimal delay time choices were developed. A 
recursive data-driven modelling methodology was 
introduced to filter out occupants’ presence from the 
CO2 concentration response of an office space. The 
potential of employing an image recognition-based 
presence detection algorithm was investigated. The 
simplest way of tracking occupancy in shared-office 
spaces – where a single PIR cannot have a direct 
line-of-sight for all occupants – was found to place a 
sensor facing the door with an adaptive delay period 
selecting algorithm. When available, use of 
additional sensing such as a network of PIRs, door 
contact, and CO2 sensors can improve the detection 
accuracy of intermediate vacancy periods. 
 
List of abbreviations 

AHU Air-handling unit 
BAS Building automation system 
BPS Building performance simulation 

HVAC Heating, ventilation, and air-
conditioning 

NDIR Nondispersive infrared sensor 
PIR Passive-infrared 

RFID Radio frequency identification 
VAV Variable air volume 

List of symbols 
  Probability 
  Presence (0 or 1) 
   Time between two consecutive 

movement detections 
    Indoor CO2 concentration (ppm) 
   Measured CO2 concentration (ppm) 
     Outdoor CO2 concentration (ppm) 
    Supply air CO2 concentration (ppm) 
     Number of occupants 
    Pressure of supply air (Pa) 

INTRODUCTION 
Data-driven models that predict the occupancy 
patterns in individual office spaces (i.e., occupancy 
models) have been used in BPS (e.g., Wang et al. 
2005; Page et al. 2008). In order to ensure their 
compatibility with agent-based occupant behaviour 
models (e.g., Reinhart 2004; Rijal et al. 2008; Haldi 

and Robinson 2011), these occupancy models need to 
represent intermediate occupancy and vacancy 
periods realistically. For example, simulated 
occupants in most light switch, window blinds and 
operable window use models are set to undertake 
actions more frequently at arrival or departure 
timesteps; and the occupancy models’ ability to 
predict the timing and frequency of the intermediate 
arrival or departure events is intrinsically dependent 
on the quality of the occupancy observations used in 
developing these models. However, the data used in 
developing occupancy models often were not 
assessed against the ground-truth. 
In addition, detecting occupants’ presence in office 
spaces has become essential for many lighting and 
HVAC control applications � e.g., demand controlled 
ventilation, motion sensor-based lighting control 
(Agarwal et al. 2010). Particularly, incorrect vacancy 
detections for lighting controls can lead to occupant 
annoyance, and in many cases occupants place an 
opaque material to cover the surface of motion 
detectors (O'Brien and Gunay 2014). In addition, 
there has been a surge of research on innovative 
lighting and HVAC controls which simply takes the 
detection of human presence in office spaces for 
granted – e.g., Gunay et al. (2015)’s occupancy 
learning adaptive temperature setback algorithm and 
Roisin et al. (2008)’s lighting control algorithm. The 
effectiveness of such control strategies is strictly 
dependent on the quality of presence detections. 

Background 
PIR sensors are the most common sensor type used in 
office buildings to detect human presence. They 
detect movements from changes in the infrared-
radiation impinging on them (Dodier et al. 2006). 
Given that movements are discrete events, in practice 
a delay value (e.g., 15 to 60 min) is heuristically 
selected to avoid incorrect vacancy detections during 
immobility. After each movement detection, the 
space is assumed occupied for this delay period. The 
uncertainties in occupants’ activeness (frequency of 
detectable movements), office layouts and sensor 
positioning play an unprecedented role over the 
reliability of PIR sensors. These uncertainties force 
controls technicians and programmers to select 
conservatively long delay values – which diminishes 
the energy savings potential. Nagy et al. (2015) 
demonstrated that optimal delay values in different 
space types can differ by a factor of five (4 to 20 
min). 
Within a building controls network, PIR sensors are 
often stacked inside control interfaces such as 



thermostats or light switches and mounted on vertical 
surfaces, or they are mounted on ceilings as 
standalone sensors. When they are stacked inside 
control interfaces, the design purpose of the control 
interface dictates where the passive-infrared sensors 
are placed. For example, the light switches in 
commercial buildings are typically placed about 100 
cm above the floor level. For thermostats, this value 
is about 150 cm. Thus, the same motion sensor 
placed inside a wall thermostat rather than a light 
switch will more likely have a lesser coverage of a 
seated occupant. Within a wall thermostat (which 
contains a thermistor sensor), a PIR sensor needs to 
be placed away from terminal HVAC units and 
exterior walls. The controls technicians are often 
expected to make such decisions on the spot during 
the installation with little, if any, guidance.  
Ultrasonic sensors – similar to PIRs – detect human 
movements, and thus suffer from the same types of 
limitations as the PIR sensors with the exception that 
they were reported being more sensitive to motion of 
the inanimate objects (e.g., blowing curtains) 
(Maniccia and Luan 1994). An early study (Maniccia 
1997) reviewed 23 commercially available ultrasonic 
and PIR sensors. Of them, 18 failed to detect 
movements within the manufacturer’s claimed 
coverage range. Almost two decades after this study, 
there is no evidence whether this remains as a valid 
issue. 
The building controls industry has begun to integrate 
CO2 sensors inside some wall thermostat models. 
This renders the potential to infer occupants’ 
presence by filtering out occupants’ influence over 
the CO2 concentration of office spaces. In the 
reviewed literature, this was done via simple physical 
models assuming perfectly mixed indoor air (Wang 
et al. 1999; Aglan 2003; Arora et al. 2015). Although 
the early attempts to estimate the whole-building 
occupancy by taking CO2 readings at the AHU’s 
supply and return air were successful (Wang et al. 
1999), estimating the spatial distribution of 
occupancy at the zone level were found challenging 
(Arora et al. 2015). Transport of CO2 emitted by 
occupants is a transient process. Depending on the 
office furniture layout and the distance between 
occupants and a CO2 sensor, the influence of 
occupants on the sensor’s readings will lag. Although 
room specific anecdotal observations were reported 
for the time lag values in the literature (e.g., 30 min 
(Arora et al. 2015) or 20 min (Dong and Andrews 
2009)), the variables such as ventilation rate or 
window/door positions can affect the CO2 transport 
rate (by changing the process from diffusion to 
advection). Furthermore, estimating occupants’ 
influence on CO2 sensors’ readings may require 
auxiliary information from VAV units’ ventilation 
airflow rate and CO2 concentration, door position and 
corridor CO2 concentration, and air permeability of 
the envelope and outdoor CO2 concentration. As a 
result, CO2 sensors have been treated as a secondary 

source of information after the PIR or ultrasonic 
sensors (Dong and Andrews 2009; Lam et al. 2009; 
Dong et al. 2010). Particularly, in shared office 
spaces – where PIR sensors typically do not have a 
direct line-of-sight to all occupants – inclusion of 
CO2 sensors may improve the accuracy of presence 
detections (Lam et al. 2009). 
Acoustics sensors were also used to detect occupants’ 
presence in office spaces (Padmanabh et al. 2009; 
Nguyen and Aiello 2012). Challenges in 
distinguishing sounds from inanimate sources (traffic 
from outside), acoustic attenuation between 
occupants and the sensor, and lack of acoustic 
sensors in typical building controls networks limit the 
applicability of the acoustic sensors beyond research. 
Advances in computer vision provide opportunities 
to generate high-resolution occupancy information 
(Newsham and Arsenault 2009; Ramoser et al. 2003; 
Erickson et al. 2011; Brackney et al. 2012). Given 
the computational limitations to train image-
processing algorithms inside building automation 
systems, two different approaches were developed: 
(1) a standalone camera mounted on a low-cost 
microcomputer board that executes the image 
processing locally and provides simple 
occupied/unoccupied information to the BAS 
(Brackney et al. 2012) or (2) images coming from a 
camera network (e.g., surveillance) were processed 
inside a central computer (Ramoser et al. 2003; 
Erickson et al. 2011). Brackney (2010)’s image 
processing occupancy sensor adopted the first 
approach and it can be employed within typical 
BASs. Sensors processing images locally and 
recursively in real-time (without storing) are essential 
to alleviate the privacy-related concerns. 
Decision trees and Bayesian statistical inferences 
were commonly employed to blend the information 
gain through various sensors (Dodier et al. 2006; 
Hailemariam et al. 2011; Arora et al. 2015). These 
studies ranked the information gain through different 
sensor types and they typically agreed that PIR 
sensors provide the largest information gain followed 
by plug load, door contact, CO2, and acoustics 
sensors. 
With the innovations in advanced low-cost sensing 
technologies, the focus in occupancy detection 
research has diverted to tracking occupants’ position 
and activities from monitoring spaces (to infer 
anonymous occupancy). For example, Li and 
Becerik-Gerber (2011) and Philipose et al. (2004) 
employed RFID tags, Milenkovic and Amft (2013) 
used ultrasound range finders mounted on computer 
monitors, and Nguyen and Aiello (2012) monitored 
occupancy through pressure sensors placed on seats. 
Tracking individuals – in lieu of monitoring spaces – 
bring about privacy concerns. And, arguably it will 
provide very limited benefits for the operation of 
existing buildings because of (1) the capital cost to 
enhance sensing capabilities and (2) the limited 
spatial resolution of the BAS-integrated building 



actuators (e.g., terminal HVAC units and lighting 
cannot be controlled to maintain cubicle level 
thermal and visual comfort). 

Motivation and scope 
Accurate zone level presence detections play a 
central role in developing data-driven occupancy 
models for BPS tools, and innovative lighting and 
HVAC control strategies. This paper has three main 
goals. Firstly, we want to better understand the error 
in detecting occupants’ presence using PIR sensors. 
Secondly, we want to introduce an opportunistic 
approach to remedy the limitations of a poorly placed 
PIR sensor by using a set of sensors that can be 
frequently found in existing office buildings. Thirdly, 
we want to assess the potential of a computer vision-
based presence sensing technique to detect human 
presence in offices. Predicting the number of 
occupants in a thermal zone is not within the scope of 
this work, because in existing buildings coarseness of 
zone level actuators does not justify such fine tuning. 
To this end, data were gathered from three PIR, a 
door contact, a fisheye lens camera, and two CO2 
sensors in a 17 m2 shared-office space. 
Complementary data from the VAV unit’s pressure 
sensor and the AHU’s supply air CO2 sensors were 
also gathered to formulate a data-driven model for 
CO2-based presence detection. The ground-truth 
occupancy information was acquired with the manual 
interpretation of the camera footage. The data were 
used to develop and assess the predictive accuracy of 
five different occupancy detection algorithms that 
use (1) individual PIR sensors, (2) a network of PIR 
sensors, (3) a PIR and a door contact sensor, (4) a 
PIR and a CO2 sensor, and (5) using an image 
recognition-based occupancy detection algorithm. 

METHODOLOGY 
Occupancy in a 17 m2 office space was monitored. 
Four graduate students used the office intermittently. 
However, with occasional visitors the number 
reached five in a few instances. The room was 
designed to conduct controls experiments. It 
contained its own network of commercial building 
controllers – separate from the existing BAS. During 
the experiments, a commercial BAS archiver stored 
the sensory data � with the exception that the camera 
data was stored in a local computer. Figure 1 shows 
the office and the controls network.  
During these experiments, we used data from three 
PIR sensors. Of them, two were stacked inside 
commercial thermostats mounted on the walls (at 1.2 
and 1.4 m heights). The same wall thermostats 
contained CO2 sensors as well. The CO2 sensors' 
voltage output was converted to the CO2 
concentration readings between 0-2000 ppm by using 
the analog input configuration object provided by the 
thermostat manufacturer. The calibration of the 
sensors were tested against a standalone CO2 data 
logger. We observed that individual sensors were 
biased at different rates with respect to this data 

logger. However, because an occupancy detection 
algorithm needs to make predictions in presence of 
uncertainties typical of commercial BAS 
instrumentation, the sensors were not calibrated 
specifically for this study ― i.e., the instrumentation 
was assumed as-is. Instead of this, we investigated 
the viability of filtering out occupants' presence from 
a CO2 sensor's response in presence of the sensor 
errors. 
Figure 2 presents the sensor locations and their 
coverage ranges. Note that the line-of-sight of PIR 1 
was blocked by the adjacent cubicle; whereas the 
adjacent wall blocked PIR 2’s coverage. These are 
typical conditions in open-space offices. The third 
PIR sensor was a standalone wireless sensor 
communicating with the network through an 
EnOcean-to-BACnet gateway, and it was mounted on 
the ceiling. The coverage cone had a radius of 1.6 m 
at the workplane. The PIR sensors generate an 
instantaneous digital signal upon movement 
detection. Each movement detection was stored 
inside the BAS archiver. A reed switch sensor 
monitored the door state (open or closed). A 
differential pressure sensor was readily available in 
the network to control the VAV unit’s damper 
position. The CO2 concentration of the AHU’s 
supply air was also part of the network database. A 
fisheye lens camera was set to take low-resolution 
photos (320 x 240 pixels) at 1 min intervals. Manual 
interpretation of these images represents the ground-
truth occupancy information. Table 1 provides a 
summary of the characteristics of the sensors used in 
this study. Note that the ground truth data collections 
were interrupted during December 2015 and a 
portion of January 2016.  

 
Figure 1: The office and controls network. 

Analysis presented in this paper entails the 
development and assessment of five different 
occupancy detection methods using: (1) PIR sensors 
individually, (2) PIR sensors as a network, (3) a PIR 
and a door contact sensor, (4) a PIR and a CO2 sensor 
individually, and (5) an image processing-based 
presence detection algorithm. While interpreting CO2 
measurements, a simple data-driven graybox model 
was built. A camera-based presence detection 
algorithm was developed using Matlab’s Image 



Recognition Toolbox. Details of the detection 
algorithms are presented in the results and discussion 
section. 

 
Figure 2: Sensor locations and their coverage ranges. 

Table 1: Characteristics of the sensory data. 
Sensors Properties Sampling 

PIR 1 & 2 

5 m range 
100° horizontal 
and 80° vertical 
coverage 

Between August 28 to 
January 22  
Event-based sampling 

PIR 3 
Detection cone 
radius 1.6 m for 
workplane 

Between October 21 
to January 22  
Event-based sampling 

CO2 1 and 
CO2  2 

0-2000 ppm self-
calibrating NDIR 

Between August 28 to 
January 22 
1 min per sample 

Door Reed switch 
sensor 

Between August 28 to 
January 22 
1 min per sample 

Pressure Differential 
pressure sensor 

Between August 28 to 
January 22 
1 min per sample 

CO2  AHU 
supply air 

0-2000 ppm self-
calibrating NDIR 

Between August 28 to 
January 22 
1 min per sample 

Camera 180° vision  
320 x 240 pixels 

Between September 
10 to January 22 
1 min per sample 

RESULTS AND DISCUSSION 
When a PIR sensor detects a movement, the 
probability of presence becomes one. As the time 
elapses in absence of a movement detection, the 
likelihood of presence decreases. Commonly, we 
introduce a delay period based on our prior 
experience such that if a movement is detected, the 
room is assumed occupied over this delay period. 

Figure 3 presents the individual movement detections 
over an illustrative 12 h period by the three PIR 
sensors. With the 10 min delay, the PIR sensors were 
converted to occupancy time-series. In reality, there 
were seven intermediate vacancy periods. Except the 
3.2 h break in the morning and the 0.9 h break in the 
afternoon, the breaks were usually less than 10 min. 
Detections made using PIR 1 was only able to 
capture four of the intermediate breaks; and we could 
detect three and four intermediate breaks with the 
PIR facing the door (PIR 2) and the PIR on the 
ceiling (PIR 3), respectively. Perhaps even more 
importantly, the PIR 1 failed to detect the first arrival 
of the day. This is likely because its vision was 
obstructed by the edge of the cubicle near the door 
(see Figure 2). This underlines two major limitations: 
(1) PIR sensors alone can fail to capture short 
intermediate breaks, as they cannot distinguish them 
from mere immobility. (2) A PIR sensor should be 
carefully positioned so that all seated areas can be 
within its coverage. However, we acknowledge that 
this may not be always possible in an open-space 
office space. In cases where a single PIR has to be 
used and it cannot have a direct line-of-sight to all 
cubicles, placing a sensor facing the entrance would 
at least guarantee to capture each occupants’ arrivals 
and departures. Not having PIR coverage to certain 
occupants would create a disproportionate annoyance 
– in contrast to those who were within the PIR 
coverage.   

 

 

 

 
Figure 3: Movement detections over an illustrative 12 h 

period by (a) PIR 1, (b) PIR 2, (c) PIR 3; and (d) the 
ground-truth occupancy for the same period. 

The second most important choice that we make 
regarding PIR sensors – after deciding where to place 
them – is the delay period. In Figure 3, we illustrated 



the conversion of movement detections to occupancy 
time-series using an arbitrary 10 min delay. For the 
full dataset (not the illustrative 12 h shown in Figure 
3), Figure 4 presents the accuracy of presence and 
absence predictions at different delay values. The 
accuracy of presence predictions equals the ratio of 
correct presence detections, and the accuracy of 
absence predictions equals to the ratio of correct 
absence detections. They were computed by 
contrasting the detected occupancy time-series to the 
ground-truth. As the length of the delay period 
increases, the accuracy of presence detections 
increases at a reducing rate. Note that high accuracy 
presence detections are essential for occupant 
comfort – should the detections are employed for 
controls. In contrast, the accuracy of absence 
detections decreases – meaning that we start 
interpreting absence periods as presence periods – as 
the length of the delay period increases. From 
controls point of view, this causes a reduction in the 
potential energy savings. According to Nagy et al. 
(2015), delay values for lighting controls should be 
selected to achieve a minimum presence detection 
accuracy of 95% for occupant comfort. Depending 
on the purpose of the occupancy detections, larger 
presence prediction errors can be acceptable. For 
example, incorrect detection of the intermediate 
vacancy periods, despite being a major source of 
occupant annoyance for lighting controls, may not 
cause a noticeable thermal discomfort given that 
buildings respond to thermal loads slowly. 
However, even when an acceptable detection 
inaccuracy is decided, it is challenging to choose the 
delay value for a PIR sensor achieving it. The PIR 
delay value achieving 95% accuracy in detecting 
presence ranged from 14 to 20 min (see Figure 4), 
while there is no guarantee that a fourth sensor will 
be in this range. Naturally, the ground-truth 
occupancy information for the calibration of PIR 
sensors’ delay are not readily available in practice. 
This naturally forces controls technicians to select 
conservatively long delay values. Note that selecting 
a 60 min time delay can incorrectly interpret 22% of 
the unoccupied periods as occupied. This value is 
14% for a 30 min time delay.  

 

 

 

 
Figure 4: Accuracy of presence and absence detections as 
a function of the delay value using (a) PIR 1, (b) PIR 2, (c) 
PIR 3, (d) all three PIRs simultaneously. Note that x-axes 

are in log-scale. 

Nagy et al. (2015) proposed a practical way of 
estimating the optimal delay value in operation. 
Recall that probability of presence      becomes one 
as soon as a movement is detected and then it starts 
decreasing as the time elapses without a new 
movement detection –        . Here, we will denote 
the time between two consecutive movement 
detections as   . For the ease of discussion, in line 
with Nagy et al. (2015) we will take the optimal 
delay value as the minimum delay achieving 95% 
accuracy. We wish to compute the    value that 
would provide a 5% chance of presence – so that we 
can select it as the optimal delay value. Bayesian 
inference suggests                        where 
        is the empirical likelihood distribution for 
   during true occupied instances. Because we 
cannot truly observe occupancy, we assume that 
               . The handicap of this assumption is 
that the PIR sensor must cover all occupants – or at 
least their arrivals and departures – in order to be 
effective. For example, PIR 1 does not have a clear 
line-of-sight to two of the cubicles and the door. As 
shown in Figure 5, the movement detections by PIR 
1 tend to be separated by a small    (i.e., frequent 
movement detections). However, the distribution of 
   will chronically fail to represent true optimal time 
delay, because it fails to monitor two of the 
occupants. Although more than 95% of the 
movement detections by PIR 1 were separated by 
less than 9 min (see Figure 5.a), the choice of 9 min 



delay would result in incorrect interpretation of an 
occupied office as unoccupied at 15% of the 
occupied times (see Figure 4.a). The assumption 
                appears to be a reasonable 
approximation for PIRs 2 and 3 (see Figure 5.b and 
c). Therefore, a self-adaptive time-delay learning 
algorithm can be developed and implemented for 
PIRs that can monitor all cubicles and/or face the 
door. However, learning the distribution of the 
movement detections to estimate the optimal delay 
can be problematic in cases where a PIR sensor fails 
to monitor some of the cubicles. 
When we used all three PIRs at the same time, the 
optimal delay became 5 min (Figure 4.d). This 
underlines the potential of using PIR sensors as a 
network to improve the accuracy of presence 
detections. Recall that the minimum delay value that 
can achieve 95% accuracy in predicting presence by 
using individual PIR sensors were between 14 and 20 
min. Also, 95% of the time intervals between 
movement detections were less than 5 min (Figure 
5.d). Therefore, optimal delay estimates by learning 
the distribution of the time intervals between 
movement detections appears to be more appropriate 
with a PIR sensor network than individual PIR 
sensors. When available, more than one PIR sensor 
should be employed in open-space offices in 
occupancy detection and the optimal delay time can 
be approximated through learning the distribution of 
the time intervals between movement detections 
recursively. 
 

 

 

 

 
Figure 5: Frequency of movement detections during 

intermediate occupancy by using (a) PIR 1, (b) PIR 2, (c) 
PIR 3, and (d) all three PIRs simultaneously.  

In commercial buildings, integrated access control 
can provide information about the door position in 
private or shared-office spaces. Figure 5 illustrates 
the relationship between the door position and 
occupancy. When a manually controlled door is in 
closed or open state, occupants may or may not be 
inside the office. However, the manual door 
opening/closing actions can provide useful 
information regarding the direction of the occupants’ 
movement – if processed with a PIR sensor facing 
the door. Although a door closing action does not 
guarantee that the space is completely vacated, it 
permits us to make slightly more aggressive delay 
period choices. 
After a door closing action if a movement has not 
been detected until the next door opening action, it is 
assumed that the space was vacated with the last door 
closing action. The ratio of these events to the total 
number of door closing actions can be learned in 
recursion inside a building controller. For the data 
gathered during these experiments, more than 90% of 
the door closing actions resulted in an unoccupied 
office. In other words, for this office there is less than 
10% chance of presence after a door closing event. In 
addition, more than 50% of the movements detected 
by PIR 2 were separated with a time interval less 
than 3 min. Therefore, 3 minutes after a door closing 
event, if a movement has not been detected, the space 
was most likely (~ 95%) vacated. Figure 6 illustrates 
the influence of including this information from a 
door sensor on the accuracy of PIR 2. Normally, the 
PIR 2 can still be used with a 15 min delay as 



estimated in Figure 4.b. However, after a door 
closing action if the PIR 2 does not detect any 
movements for 3 min, we can assume that the office 
is unoccupied. This assumption did not affect the 
accuracy of the presence detections – i.e., it remains 
about 95% for a 15 min delay during intermediate 
occupancy. However, this resulted in increasing the 
accuracy of absence detections by 6%. In other 
words, we were able to truly interpret 98% of the 
unoccupied periods in lieu of 92% with the addition 
of a door sensor. This is equivalent to being able to 
employ occupancy-based control strategies for an 
extra 390 h/year. 

 

 
Figure 6: Door position, the movement detections by PIR 

2, and the ground truth 

 
Figure 7: Effect of door sensor on the accuracy of absence 

detections at different PIR delay values. 

In general, commercial buildings are slightly 
pressurized with ventilation air, so that part of the 
room air is forced into the corridor, the return air 
grille, and exfiltrate into the outdoor air. Depending 
on the magnitude and orientation of wind and door 
position, the pressurization can reverse and the 
corridor and outdoor air can infiltrate into the room 
air. Due to differences in CO2 concentration of 
ventilation, ambient, and corridor air, the room CO2 
concentration varies in time. Figure 8 schematically 
illustrates these processes in a perimeter office space. 
Here, the goal is to filter out occupants’ impact on 
CO2 concentration from the CO2 response of the 
space. This information is used to complement a PIR 
sensor.  

 
Figure 8: Mass transfer processes affecting the CO2 

concentration in a perimeter office space. 

Figure 9 presents the occupancy, door position, 
indoor and supply air CO2 concentrations over a five 
day period. During this period, the VAV unit’s 
supply air pressure was 10 Pa. Using the sensory 
data, a data-driven dynamic model that can 
characterize the CO2 concentration response of the 
office was formulated as follows: 

� � � �1 2 3

4

in
sa in sa out in occ

m in

dC
C C p x C C x N x

dt
C C x

 � � � �

 �
  Eqn.1 

where     (ppm) is the indoor CO2 concentration,     
(ppm) is the concentration of the supply air,     (Pa) 
is the pressure sensor reading across the VAV unit, 
     (ppm) is the outdoor CO2  concentration taken as 
a constant 400 ppm,      is the number of occupants, 
and    (ppm) is the measured CO2 concentration 
from sensors CO2 1 or CO2 2. The non-physical 
parameters         are weighing factors mapping 
model inputs onto measured output. The first 
component                 acts as a proxy for the 
role of ventilation air on the rate of change in the 
indoor CO2 concentration. Note that pressure sensors 
in VAV units are used to control airflow rate (i.e., 
square root of pressure drop is proportional to the 
airflow rate). The second component              
represents the role of outdoor air infiltration on the 
rate of change in the indoor CO2. The third 
component        represents the role of the 
occupants on the rate of change in the indoor CO2. 
Given CO2 emissions from the occupants, it is logical 
to expect that the indoor CO2 concentration becomes 
higher than the CO2 concentration of the supply air. 
However, readings of CO2 2 were always lower than 
the CO2 of the supply air (see Figure 9). This can be 
explained by the aforementioned sensor bias. To 
account for this, we introduced an unknown 
parameter representing the sensor bias   . We 
estimated the model parameters         recursively 
using a particle filter (see Table 2). The model made 
predictions at one minute timesteps using a prior 
estimate of the parameters. The prior estimates of the 
parameters were rough guesses to initialize the filter. 
In the end of each minute, a new set of measurements 
were made available to the filter. Each time a new 
measurement was taken, the measured CO2 
concentration was compared with the predictions 



made by using the prior parameter estimates. Based 
on this comparison, the parameter estimates were 
updated. This procedure was repeated iteratively. 
Given the particle filter is recursive and the model 
shown in Eqn. (1) is simple, one can easily embed 
this as a self-calibrating model inside an existing 
building controller. The model together with these 
parameter estimates were employed to make 
predictions over a 5 day prediction horizon. Results 
shown in Figure 10 indicate that over this time 
horizon the model was able to predict the CO2 
response with a mean absolute error of ~25 ppm with 
CO2 1 and ~40 ppm with CO2 2. 

 
Figure 9: Indoor and supply air CO2 concentrations, door 

position, and number of occupancy over a week. Door 
position 1 indicates the door is open and 0 indicates that it 

is closed. 

Table 2: The parameters of the model shown in Eqn. (1). 
The parameters are shown in mean ± standard deviation 

format.  

Sensor 
            
 

        
      

              

CO2 1 3.05±0.04 0.38±0.09 35.7±3.7 -36.0±4.0 
CO2 2 1.11±0.01 0.30±0.03 24.6±0.8 -86.0±0.5 

 

 

 
Figure 10: The predictions made by the model shown in 
Eqn. (1) using the parameter estimates shown in Table 2 
for (a) CO2 1 and (b) CO2 2 sensors. The shaded-area 

represents the standard error in model predictions. 

The PIR and CO2-based occupancy detection method 
was formulated as follows: (1) if a movement is 
detected, the room is assumed occupied over a delay 
period, (2) if a movement was detected in the 
previous delay period but a new movement was not 
detected, call the CO2 model (see Eqn. 1) to 
determine whether the space is still occupied. The 
results shown in Figure 11 indicate that the use of the 
CO2 sensors slightly improved the accuracy of 
presence detections – particularly when the PIR delay 
period was less than 15 min. Together with the 
interior CO2 sensor (CO2 1), the PIR 2 delay time 
achieving 95% accuracy in detecting presence 
reduced from 14 to 10 min. This reduction was only 
2 min (from 14 to 12 min) with the use of CO2 sensor 
facing the door. These reductions in PIR delay times 
account for some minor improvements in extending 
the time periods correctly interpreted as absence.  
We also formulated an image recognition-based 
presence detection algorithm. The algorithm inputs 
low-resolution photos (320 x 240 pixels) taken by a 
fisheye-lens camera at 1 min intervals. It then 
converts the true-colour images to grayscale and 
identifies the edges of the objects as illustrated in 
Figure 12. It also places a circle at the corner of each 
object in the images. Upon identifying edges and 
corners, the number of changing pixels was identified 
by subtracting sequential images. If the number of 
changing edge and corner pixels exceeds a certain 
threshold value for three of the nearest (in time) five 
images, we assume that there is a movement 
detection.  

 
Figure 11: The influence of using CO2-based occupancy 

detections together with PIR 2 over the presence detection 
accuracy.   



The detection accuracies of presence and absence 
were investigated over a range of threshold values 
(see Table 3). Analogous to the relationship between 
PIR sensors and the delay time, when the threshold 
value is increased, the accuracy of the presence 
detections decrease and the accuracy of the absence 
detections increase. The results shown in Table 3 
indicate that when a threshold value yielding 95% 
accuracy for presence detections was selected, about 
92% of the vacancy periods were truly interpreted as 
absence periods. Note that this is very similar to the 
performance of a PIR sensor facing the door (PIR 2). 
Therefore, image recognition-based presence 
detection can be a promising alternative to traditional 
PIR sensors – by tackling some of the limitations 
related with their line-of-sight and ability to detect 
nearly immobile occupants. With the development of 
microcomputer-based image recognizing sensors that 
input and process images locally and output simple 
present/absent signals, computer vision-based 
presence detectors may become more common in 
buildings. It is expected that the detection accuracy 
of this technique would increase if the photos were 
taken at a higher frequency, albeit at an increased 
computational load. As a future work, we plan to 
study the effect of image frequency on the predictive 
accuracy of the algorithm. In addition, we will 
investigate ways to automate the threshold value 
selection procedure. 
Table 3: Threshold values used in image recognition-based 

presence detection algorithm. The threshold represents 
percentage of the total number of pixels changing between 

sequential images. 

Threshold 
(%) 

Accuracy of 
presence 

detections (%) 

Accuracy of 
absence 

detections (%) 
12 96 89 
13 94 96 
14 90 98 
16 83 99 

 

 
Figure 12: An illustration of the image post-processing by 
identifying the edges of each object at each picture frame.   

CONCLUSIONS 
Accurate zone level presence detections is central to 
develop data-driven occupancy models for BPS tools, 
and innovative lighting and HVAC control strategies.  
Data from three PIR, a door contact, and two CO2 
sensors and a fisheye lens camera gathered in a 
shared-office space. The data were used to introduce 
and assess the predictive accuracy of five occupancy 
detection methods.  
When it is possible, a PIR sensor should be carefully 
positioned so that all seated areas can be within its 
coverage. In cases where a single PIR has to be used 
and it cannot have a direct line-of-sight to all 
cubicles, placing a sensor facing the entrance would 
at least guarantee to detect each occupants’ arrivals 
and departures. In this study, a single PIR sensor 
facing the door correctly interpreted 95% of the 
occupied periods and 93% of the unoccupied periods 
with a 14 min delay. If there are multiple PIR sensors 
available inside one room, we can reduce the delay 
period and increase our ability to detect absence. In 
this study, we could reduce the PIR delay that can 
achieve 95% accuracy during occupied periods to 5 
min by using the three PIR sensors together.  
The distribution of the time between consecutive 
movement detections can be used to approximate the 
optimal PIR delay period when PIRs are positioned 
to monitor all cubicles and/or face the door. For 
example, if 95% of the consecutive movement 
detections were separated by a time interval less than 
10 min, choosing a 10 min PIR delay would correctly 
interpret about 95% of the occupied duration as 
presence periods. This approximation renders the 
potential of developing self-calibrating PIR sensors 
that can autonomously determine their optimal delay 
periods. However, this approach appeared to be 
problematic in cases where a PIR sensor fails to 
monitor some of the cubicles. 
We can detect departures by blending the door 
closing actions as a secondary source of information 
with a PIR sensor. Upon the detection of a departure 
with a door closing action, we can shorten the PIR 
sensor's delay periods. In this investigation, this did 
not affect the accuracy of the presence detections. 
However, we were able to increase the accuracy of 
absence detections by 6% of the unoccupied times. 
This was equivalent to being able to employ 
occupancy-based control strategies for an extra 350 
h/year. 
Occupants’ impact over the CO2 concentration 
response of the office was filtered out by using a 
simple data-driven model trained with a particle 
filter. The model-based information about occupants’ 
presence was used in tandem with a PIR sensor. The 
results indicate that the use of CO2 sensors slightly 
improve the accuracy of presence detections – 
particularly when the PIR delay period was less than 
15 min. The improvement was more evident with a 
CO2 sensor located away from the door. 



Image-recognition-based presence detection appears 
to be a promising alternative to traditional PIR 
sensors as it can tackle some of the limitations related 
with detecting nearly immobile occupants. Computer 
vision-based presence detectors may become more 
common in buildings with the development of 
microcomputer-based image recognition sensors – 
that can process images locally and output simple 
presence information to the building controls 
network.  
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