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Opportunistic occupancy-count estimation using sensor fusion: A case 1 

study 2 

Brodie W. Hobson1, Daniel Lowcay1, H. Burak Gunay1, Araz Ashouri2, Guy R. Newsham2 3 

1Department of Civil and Environmental Engineering, Carleton University, Ottawa, Canada 4 

2Construction Research Centre, National Research Council Canada, Ottawa, Canada 5 

Abstract 6 

Estimation of occupancy counts in commercial and institutional buildings enables enhanced energy-use 7 

management and workspace allocation. This paper presents the analysis of cost-effective, opportunistic data 8 

streams from an academic office building to develop occupancy-count estimations for HVAC control purposes. 9 

Implicit occupancy sensing via sensor fusion is conducted using available data from Wi-Fi access points, CO2 10 

sensors, PIR motion detectors, and plug and light electricity load meters, with over 200 hours of concurrent 11 

ground truth occupancy counts. Multiple linear regression and artificial neural network model formalisms are 12 

employed to blend these individual data streams in an exhaustive number of combinations. The findings suggest 13 

that multiple linear regression models are the superior model formalism when model transferability between 14 

floors is of high value in the case study building. Wi-Fi enabled device counts are shown to have high utility for 15 

occupancy-count estimations with a mean R2 of 80.1 to 83.0% compared to ground truth counts during occupied 16 

hours. Aggregated electrical load data are shown to be of higher utility than separately submetered plug and 17 

lighting load data. 18 

Keywords: Occupancy detection; Occupancy-count estimation; Sensor fusion; Occupancy-centric controls 19 

1. Introduction 20 

It is estimated that 15 to 30% of the energy used by heating, ventilation, and air conditioning (HVAC) 21 

systems in commercial and institutional buildings is wasted due to inefficiencies in their operation [1-3]. 22 

Considering that HVAC systems in said buildings account for ~15% of the secondary energy use and ~10% of 23 

greenhouse gas (GHG) emissions [3], improvements to their operation represent a key opportunity to reduce 24 

global energy consumption and CO2 emissions.  25 

As stated by Shen et al. [4], the key to improving the operation of HVAC systems is to provide heating, 26 

cooling, and ventilation only when and where they are needed, in the amount that they are needed. Notably, this 27 

is inherently dependant upon having access to high-resolution occupancy information. By knowing the first 28 

arrival and the last departure times, one can schedule the HVAC start and stop times and/or apply temperature 29 

setbacks. By knowing the number of occupants, one can adapt the ventilation rates (i.e., demand control 30 

ventilation). Implementation of such occupancy-centric control strategies are reported to achieve energy savings 31 

of 18 [5] to 55% [6] depending on the building archetype and climatic conditions. Further, occupancy-centric 32 

HVAC controls are reported to reduce the peak energy demand by diversifying the HVAC needs of individual 33 

zones [7].  34 

Despite the importance of high-resolution occupancy information for energy efficient HVAC operation, 35 

there is no perfect, cost-effective sensor to count the number of occupants in a building accurately and non-36 

intrusively. However, sensor fusion is a promising statistical approach to combine imperfect information from 37 

disparate data sources [8]. Rather than deploying sensors dedicated for occupancy detection, sensor fusion can 38 

take advantage of pre-existing data streams (e.g., Wi-Fi access points, CO2 sensors, motion detectors, electrical 39 
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load meters) that are commonly available in existing buildings and expected to be correlated with occupancy, 1 

allowing for cost-effective occupancy-count estimations. This opportunistic approach is referred to as implicit 2 

occupancy sensing [9].  3 

This paper focuses on using implicit occupancy sensing via sensor fusion models to develop occupancy-4 

count estimations for HVAC control purposes. By using the Wi-Fi device count, CO2 concentration, passive 5 

infrared (PIR) motion detector trigger, plug load, and lighting load data from an academic office building, 6 

multiple linear regression and artificial neural network (ANN) models are developed to estimate occupancy 7 

counts. These estimates are compared to ground truth data. The effectiveness of different sensors, sensor 8 

combinations, and the model formalisms for the purpose of occupancy-count estimation is discussed. The 9 

transferability of models developed in one floor and used in another is explored in the case study building 10 

throughout. Criteria are put forward for selecting the most suitable model for occupancy-count estimation, and 11 

these models are identified for the case study building given the data examined. The data used in this study have 12 

been made publicly available as a supplemental file to facilitate the development and validation of different 13 

occupancy sensing methods. 14 

The remainder of this paper is structured as follows: Section 2 examines the state-of-the-art in the field of 15 

occupancy sensing; Section 3 introduces the dataset and methodology; Section 4 presents the experimental 16 

results; Section 5 discusses the findings, limitations, and develops future work recommendations. 17 

2. Literature Review 18 

Traditional occupancy sensing technologies have numerous shortcomings. A majority of occupancy sensors 19 

are motion detectors (e.g., PIRs or ultrasonic motion detectors); thus, they can only detect presence, not the 20 

number of occupants in a space. These sensors are also unable to distinguish between a lack of movement and an 21 

absence of occupants, which can lead to false vacancy detections if the time-out period is too short [10-13]. 22 

Increasing the time-out period of 5 to 60 minutes after the last detected movement could reduce the frequency of 23 

false vacancy detections [14]. However, increasing the length of this time-out period also increases the 24 

possibility of false occupancy detections; this trade-off reduces the savings potential. Additionally, if the sensor 25 

detects a motion and activates building services such as lighting, the occupants may deem this undesirable and 26 

resort to methods of disabling the motion detector, such as intentionally blocking the sensor to obstruct its line-27 

of-sight [15, 16]. This will either diminish or completely negate the sensors’ functional purpose. Furthermore, 28 

because motion detectors require a direct line-of-sight to detect occupants, they need to be deployed in a fine 29 

grid to ensure their field-of-view is not obstructed by architectural partitions or furniture; this dense 30 

configuration incurs additional cost both for the sensors and labour. To address the binary nature of PIR sensors, 31 

Wahl et al. [11] proposed a system whereby PIR sensors were installed on either side of a door at the lintel level. 32 

This configuration produced an analogue output that could be used to determine if an occupant was entering or 33 

leaving the studied space. The system kept track of the net occupancy within the space of interest. However, this 34 

system suffered from inaccuracies when multiple occupants move through the door simultaneously, if two or 35 

more occupants moved in opposite directions, or if individuals or crowds gathered on either side of the door 36 

within the sensors’ range. Liu et al. [12] also used PIR sensor data combined with a hidden Markov model to 37 

predict room level occupancy with accuracies ranging from 81% to 97%. However, this required a dense sensor 38 

grid and computationally expensive computer algorithms that are only applicable to the studied space. Similarly, 39 

Duarte et al. [13] proposed a network of PIR sensors to establish occupancy patterns in an office building 40 
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testbed. While this system was able to establish high-level occupancy patterns, the resolution was not high 1 

enough to develop zone-level HVAC control strategies and required a dense sensor grid. The first-cost of 2 

installing such a granular PIR system has deterred implementation of these systems in spaces outside those 3 

required by codes – such as the National Energy Code for Buildings in Canada and ANSI/ASHRAE 90.1. This 4 

shows that the method by which motion detectors are implemented currently is not appropriate for occupancy-5 

count estimation for HVAC control purposes. As such, some researchers have turned to the use of CO2 sensors 6 

for inferring occupancy levels [6, 17]. However, problems have been noted with calibrating the models to 7 

account for the latency between occupants’ arrival/departure and the corresponding increase/decrease in CO2 8 

concentration, as well as the sensitivity of this technology to sensor position and reading accuracy. 9 

As such, significant research over the past decade has focused on occupancy-detection studies using new 10 

sensor technologies explicitly built for occupancy counting. Many of these technologies involve optical [5, 18-11 

23] and/or infrared [5, 20, 21] camera-based technologies coupled with complex image recognition algorithms. 12 

However, many of these studies are limited to a single room office-type occupancy [5, 18, 20] with a limited 13 

number of occupants to monitor. Even with low occupancy, Cao et al. [5] specifically note that significant 14 

computational resources are required for this type of image processing approach. The first-cost attached to these 15 

sensors and the related infrastructure, as well as the labour required to integrate them into an existing building 16 

automation system (BAS) cannot be neglected. Additionally, the algorithms used to extract the occupant count 17 

from the camera-based sensors can suffer from inaccuracies when numerous occupants enter the frame, or if 18 

occupants are moving too quickly to be captured by the camera’s framerate, which is typically reduced to a 19 

frame every couple of seconds to reduce the computational resources needed for real-time processing [5, 18-23]. 20 

Like motion detectors, this system cannot detect occupants that are outside the cameras line-of-sight, 21 

necessitating numerous well-placed sensors if adequate occupancy counting is to be expected. Cameras also 22 

inherently raise questions about privacy. Although these studies make use of methods to pixilate and analyze 23 

images without compromising occupant identity, it has been shown that even a perceived threat to privacy 24 

associated with monitoring technologies such as cameras can deter the implementation of said systems [16]. Due 25 

to these many challenges and shortcomings, Petersen et al. [21] acknowledge that the applications of these 26 

technologies should be limited to gathering ground truth data until more robust and privacy conscious occupancy 27 

counting methods are developed.  28 

Another technology used in occupancy-detection studies is radio-frequency identification (RFID) tags. 29 

Carreira et al. [24] used RFID tags and a web-based application to track occupants and their vote to raise or 30 

lower the room temperature by 1˚C. Li et al. [25] also used RFID tags to gather information about occupants’ 31 

location and identity. These studies showed that RFID devices do not suffer from the same line-of-sight pitfalls 32 

as motion and camera-based sensors, however, their direct tracking of individual occupants’ movements only 33 

exacerbate security and privacy concerns. The cost of implementing these sensors and their integration into the 34 

BAS are similarly a barrier to their deployment and implementation when compared to camera-based sensors, 35 

although Li et al. [25] note that sensor cost has decreased substantially over the past several years. Other 36 

proposed proprietary sensing methods include using electrical load data to characterize occupancy. Akbar et al. 37 

[26] applied  k-nearest neighbor (KNN) or support vector machine (SVM) machine learning classification 38 

algorithms on data from a ZigBee smart energy unit, which submeters electrical loads down to the appliance 39 

used at the desk level. It was found that this method could detect whether an occupant was present or absent 40 

from their desk with 94% accuracy. Labeodan et al. [27] deployed an office chair with various sensing 41 
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technologies that allowed it to detect when the occupant was seated. However, in both these cases, the scalability 1 

of this method is questionable as every workstation would require an additional sensing unit; this method would 2 

also only work in cases where every occupant has a desk or workstation with plug-in equipment. Therefore, 3 

these kinds of systems may not be practical for many occupancy types where non-habitual users or the broader 4 

public represent a large fraction of the buildings occupants. 5 

To address the weaknesses of any individual sensor technology, numerous studies have been conducted that 6 

take advantage of sensor fusion. Sensor fusion is a technique that combines data collected from multiple sensors 7 

and sensor technologies to provide enhanced performance over any single sensor. These studies have looked at 8 

different combinations of sensors and data, ranging from indoor air temperature [20, 28-34], indoor relative 9 

humidity [18, 29, 31-36], CO2 levels [18, 28-35, 37], volatile organic compound (VOC) concentrations, [28, 31, 10 

32, 36], PIR trigger events [28, 30-33, 35, 36, 38], lighting loads [28, 30-33, 35, 37], noise levels [30-33, 36, 39], 11 

Wi-Fi device counts [30, 34, 40-44], and other sensors such as door triggers [30, 35, 38] and Bluetooth device 12 

counts [40, 41, 45]. This data is then analyzed using different machine learning algorithms to generate 13 

occupancy-count estimations with a high enough resolution to attain HVAC energy savings anywhere from 18 14 

[5] to 55% [6]. However, many buildings do not monitor parameters such as VOC concentration or noise levels. 15 

Door entry and exit activity is not monitored in many buildings with public or semi-public access. Bluetooth has 16 

also been shown to be less prevalent than Wi-Fi enabled devices [46] and therefore less useful for occupancy-17 

count estimation [47]. As Bluetooth and Wi-Fi depend on signal propagation, both suffer from potential dead-18 

zones or poor coverage in buildings with large amounts of internal mass. Privacy concerns with the use of these 19 

signals remains a tangible barrier to their widespread use. These studies were also performed either in an 20 

experimental testbed or using ad hoc sensor arrays in a pre-existing built environment; this additional hardware 21 

drives up the cost of detecting occupants within the building. It would be advantageous to explore leveraging 22 

existing data streams within buildings using in-situ sensors further, as these opportunistic data streams would 23 

reduce the cost needed to facilitate occupancy-count estimation. Additionally, the models in these studies were 24 

developed for a single space over the measured occupancy period, without consideration for how these models 25 

will perform if implemented in a different context. Overall, these studies showed that a limitation of sensor 26 

fusion is that models can differ vastly in terms of their predictive accuracy due to a variety of factors [16]. The 27 

model formalism chosen and its complexity can substantially affect the model accuracy. Similarly, the data 28 

streams, sensors, and sensor combinations available for analysis will have different levels of utility for 29 

occupancy-count estimation purposes. Furthermore, the calibration of a model with space-specific ground truth 30 

data will impact its ability to determine occupancy levels. As the ground truth data collection process is invasive 31 

and resource/time intensive, it would be advantageous to explore the transferability of models to another context. 32 

This might include if a model trained and validated in one space at a certain time can be applied in an entirely 33 

different temporospatial context.  34 

This paper contributes to the state-of-the-art by analyzing and quantifying the effects these parameters have 35 

on the predictive accuracy of sensor fusion models. This study uses in-situ commercial sensors already installed 36 

in the case study building and ground truth data, without any other ad hoc data recorded. A dataset with over 200 37 

hours’ worth of manual ground truth occupancy counts is used to assess the potential of sensor fusion-based 38 

implicit occupancy sensing. Models are developed for all possible sensor-type combinations. These models are 39 

implemented on different floors of the building to explore their transferability, which – to the authors’ best 40 

knowledge – has not been previously studied.  41 
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3. Methodology 1 

3.1. Building Layout and Dataset 2 

The analysis was carried out on four floors of an academic office building in Ottawa, Canada. Each floor 3 

varies slightly in configuration and size, see Figure 1 and Table 1, respectively. Note that the PIR and CO2 4 

sensors are commercial grade wall units mounted at approximately 1.6 meters in height, with the exception of 5 

the ceiling mounted PIR units in the washrooms of floor A and C. 6 
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 1 

Figure 1: Floor and sensor configuration for (a) floor A, (b) floor B, (c) floor C, and (d) floor D. 
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Table 1: Floor size and use breakdown. 1 

Occupancy Type 
Approximate Area (m2) 

Floor A Floor B Floor C Floor D Σ 

Private/Semi-private 176 160 129 250 715 (17%) 

Laboratory/Classroom 427 618 377 389 1811 (43%) 

Utility 98 80 144 96 417 (10%) 

Communal 290 281 294 417 1283 (30%) 

Total 991 1139 944 1152 4226 

 2 

All floors contain a mixture of private and semi-private office spaces, as well as classrooms, study spaces, 3 

washrooms, and space for utilities/IT services. These office spaces and some laboratories are used by professors 4 

and graduate students during the entire year, whereas the classrooms are typically only used during the academic 5 

year (i.e., from September to mid-April). The sensor grid density and granularity also vary between floors; 6 

sensor counts are shown in Table 2. On floor B, the sensors are disproportionally concentrated in the office 7 

spaces on the west side of the floor. The sensor counts are nearly double that of floor B on floors A and C, and 8 

the sensors on these floors are distributed over a larger proportion of the floor area. 9 

 10 

Table 2: Floor sensor type and count breakdown. 11 

Sensor Type 
Number of Sensors 

Floor A Floor B Floor C Floor D 

Wi-Fi 3 5 2 4 

CO2 26 13 20 16 

PIR 26 10 21 19 

Plug Meter 1 1 1 1 

Light Meter 1 1 1 1 

 12 

The data from these sensors are accessible through the BAS, including individual CO2 sensor readings, 13 

individual PIR activations, and instantaneous floor-level lighting and plug loads, all provided in a concurrent 14 

five-minute timestep. Individual Wi-Fi-enabled device counts are also provided in the same five-minute timestep 15 

from the IT network for each Wi-Fi access point. These counts include all mobile devices and ambient devices 16 

such as wireless printers and laptops connected to or attempting to connect to the Wi-Fi access points, referred to 17 

as associated devices. Note that these data were anonymized before being provided, and therefore no MAC 18 

addresses were monitored or stored during the data collection campaign. The CO2 sensors’ readings were 19 

verified using a reference CO2 logger and were found to have a mean absolute error of 96 ppm. The functionality 20 

of each PIR sensor was also individually verified. Coverage maps were provided by IT services to verify that the 21 

Wi-Fi access points did not have any dead-zones on each floor. Models were developed using these data as-is. 22 

The data were selected for the concurrent times that ground truth was available. 23 

In order to verify and compare the models developed using the sensor data, ground truth occupancy counts 24 

were collected for each floor. Three cameras were used, with one at the elevator lobby and one at each stairwell 25 

to ensure all entrance and exit points were monitored. This footage was then manually reviewed by a researcher 26 

and the timing of the entry and exit events were manually logged. Note that for privacy reasons, the cameras 27 

used did not record any audio and the footage was deleted immediately after being logged. The methodology 28 
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was reviewed and approved by Carleton University’s Research Ethics Board. Data collection was performed for 1 

floors A, B, C, and D between the periods shown in Table 3. The data from these observation periods was then 2 

grouped to match the same five-minute timestep as the BAS data. Overall, 208.5 hours of ground truth 3 

observations were recorded. 4 

 5 

Table 3: Data collection period(s) for each floor, all in 2018. 6 

Floor Date(s) & Time(s) Peak Occupancy 

A 

Fri, 2-Mar 7:56-12:56 
26 

Sat, 3-Mar, 7:31-12:56 

Wed, 15-Aug, 17:25 to Fri, 17 Aug, 15:15 38 

B 

Tue, 13-Feb, 7:18-11:08 

72 Fri, 16-Feb, 7:33-11:13 

Mon, 26-Feb, 7:28-12:38 

Mon, 30-Jul, 16:00 to Wed, 1-Aug, 14:00 37 

C Tue, 15-May, 15:31 to Thu, 17-May, 14:31 21 

D Mon, 18-Jun, 14:05 to Wed, 20-Jun, 11:40 67 

3.2. Model Formalisms 7 

The data collected was reduced to a simplified dataset with the following six common datatypes for each 8 

floor: 1) the number of associated Wi-Fi devices, 2) the ensemble mean of the CO2 concentration (ppm), 3) the 9 

fraction of PIR sensors triggered, 4) the plug load (kW), 5) the lighting load (kW), and 6) the aggregated 10 

electrical load (i.e., the sum of the plug and lighting loads). This final datatype was added to explore the value of 11 

having the lighting and plug loads on one submeter for the purpose of occupancy-count estimation versus having 12 

these load types aggregated. Note that in the cases where either the plug or lighting load was considered as a 13 

predictor of occupancy, the electrical load was not considered and vice versa, as this would be redundant. To 14 

further facilitate comparison, the refined dataset underwent feature scaling in the form of a min-max 15 

normalization before analysis. The focus was on the subset of data collected between 6 am and 10 pm, as this is 16 

when occupants were generally observed on all floors. Including data from the overnight period in model 17 

development could artificially inflate the predictive accuracy of the model; a model that can predict that a 18 

building is unoccupied overnight (a relatively trivial exercise) should not be conflated with a model that can 19 

accurately predict occupancy throughout the day. Such a model is not necessarily useful in commercial and 20 

institutional buildings where overnight occupancy is minimal. A similar approach is adapted by Wang et al. [34] 21 

in their model development. 22 

Using enumerative combinatorics, all 39 possible unique combinations of the six datatypes were identified. 23 

The effectiveness of each combination for occupancy count-estimation is explored. Note that for floors A and B, 24 

separate models were developed for each of the winter and summer semester to explore how different occupancy 25 

levels in the same space would affect the quality of the resulting model (e.g., will the trends observed in the 26 

summer models hold true in the higher occupancy winter models, and vice versa?). Each of the 39 datatype 27 

combinations were then modelled using multiple linear regression and ANN formalisms for each floor, with 28 

additional models for floors A and B as mentioned. The data was randomly split into 70% and 30% for training 29 

and validation, respectively, and 10-fold cross-validation was performed. The models were then fitted to the 30 
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datatypes for the floor they were generated from, as well as all other floors. This allows for the predictive 1 

accuracy of a model developed in one space to be evaluated when applied to another space. The resulting fits 2 

were then compared to the ground truth data. This means that 39 datatype combinations were considered over six 3 

different floor scenarios, with 234 unique models developed for each model formalism, referred to as the ‘intra-4 

floor’ fits. Then, each of the models developed for a single floor were tested on all other floors, for a total of 5 

1170 fits for each model formalism, referred to as the ‘inter-floor’ fits. In total, there were 1404 fits for each 6 

model formalism, for a total of 2808 fits developed over the course of this study. 7 

The ANN models are two-layer feed forward neural networks developed and applied using the R functions 8 

neuralnet and compute from the ‘neuralnet’ package [48]. The single hidden layer uses sigmoid activation 9 

functions and contains a varying number of neurons depending on the number of sensors considered in the 10 

model. This scales a neural network’s complexity to match the amount of data considered. This approach is 11 

adapted from Heaton [49] and involves sizing the hidden layer to be two-thirds the size of the input layer (i.e., 12 

the number of sensor-types considered) plus the size of the output layer (i.e., one or the occupancy-count 13 

estimation). The output layer uses a logistic function. The parameters of the ANN are then determined using the 14 

resilient backpropagation method with weighted backtracking. Training of the network was terminated when the 15 

partial derivatives of the error function reached 10-6 or 1000 iterations were performed without convergence. The 16 

multiple linear regression models were developed and fitted using the R functions lm and predict from the ‘base’ 17 

package [50], with the intercept coerced through the origin to account for the data normalization (i.e., minimum 18 

observed values should correspond to minimum observed occupancy). The coefficient of determination (R2) and 19 

normalized root mean square error (NRMSE) were computed for the fits produced by these models to assess 20 

their predictive accuracy relative to the ground truth data and to facilitate comparison between each other. 21 

4. Results 22 

4.1. Multiple Linear Regression Models 23 

Figure 2 presents the distribution of the R2 for the 1404 fits developed from the multiple linear regression 24 

models (i.e., 36 for each of the 39 sensor combinations). The R2 values reported in this figure are those of both 25 

the intra-floor and inter-floor fits resulting from the multiple linear regression models. Generally, it is observed 26 

that the models developed from sensor combinations that contain floor-level associated Wi-Fi device counts 27 

have a considerably higher R2 and lower NRMSE than those without. The maximum and mean R2 for all Wi-Fi 28 

only fits were 96.1 and 74.1%, respectively. The mean R2 is 80.1% if only the intra-floor fits are considered. 29 

These fits have the highest mean R2 and lowest mean NRMSE when only a single sensor-type is considered in 30 

all six floor scenarios studied. The highest observed R2 is 96.5% with a NRMSE of 5.9%, corresponding to the 31 

sensor fusion of the Wi-Fi, CO2, PIR, plug and lighting load data from the intra-floor fit for floor B (i.e., the 32 

model from floor B used to predict floor Bs occupancy count). The highest observed R2 and the corresponding 33 

NRMSE resulting from a model used from one floor to another (i.e., inter-floor model) was 94.7% and 7.5%, 34 

respectively, for the sensor fusion of Wi-Fi, PIR, and plug load data from the inter-floor fit between floor D for 35 

floor B in the winter semester. The lowest observed R2 is 11.7% with a NRMSE of 26.4%, corresponding to the 36 

sensor fusion of the PIR and plug load data from the intra-floor fit for floor C (i.e., the model from floor C used 37 

to predict floor Cs occupancy count). This range of accuracies suggest that multiple linear regression models are 38 

suited to producing occupancy-count estimations using sensor fusion, depending on the sensors available. 39 

 40 
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Figure 2: Range of R2 values produced by multiple linear regression. 2 

4.2. Artificial Neural Network Models 3 

As above, Figure 3 shows the distribution of the R2 of the 1404 fits for the ANN models. The coefficients of 4 

determination reported in these figures are those of both the intra-floor and inter-floor fits resulting from the 5 

ANN models. It remains the case that the models which contain associated Wi-Fi device counts have a higher 6 

mean R2 and lower NRMSE than those without. The maximum and mean R2 for Wi-Fi only fits were 97.4 and 7 

71.4%, respectively. The mean R2 is 83.0% if only intra-floor fits are considered. These fits have the highest 8 

mean R2 and lowest mean NRMSE when only a single sensor-type is considered in all six floor scenarios 9 

studied. The highest observed R2 is 97.5% with a NRMSE of 5.0%, corresponding to sensor fusion of the Wi-Fi, 10 

PIR, and lighting load data from the intra-floor fit for floor B during the winter semester (i.e., the model from 11 

floor B used to predict floor Bs occupancy count). The highest observed R2 and corresponding NRMSE resulting 12 

from a model used from one floor (i.e., inter-floor fit) to another was 94.5% and 8.2%, respectively, for the 13 

sensor fusion of Wi-Fi and plug load data from the inter-floor fit between floor D for floor B in the winter 14 

semester. The lowest observed R2 is less than 0.1% with a NRMSE of 31.8%, corresponding to the PIR data 15 

from the intra-floor fit for floor B (i.e., the model from floor B used to predict floor Bs occupancy count). This 16 

range of accuracies suggest that ANN models are similarly suited to producing occupancy-count estimations 17 

using sensor fusion, depending on the sensors available.  18 
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Figure 3: Range of R2 values produced by artificial neural network models. 3 

5. Discussion 4 

5.1. Model Formalism Comparison 5 

By visual inspection, the trends in the coefficient of determination for both model formalisms bear a 6 

resemblance to one another when the same floor is considered. Of the 1404 fits developed for each formalism, 7 

ANNs had a higher R2 on a fit-by-fit basis for 56%. The mean difference in R2 and NRMSE between the fits 8 

using ANNs and the fits using multiple linear regression is 1.7% and 0.8%, respectively. This suggests that ANN 9 

models have comparable accuracy to their multiple linear regression counterparts in the case study building. 10 

However, if the intra-floor fits are examined in isolation (i.e., the models developed and used on the same floor), 11 

there is a shift in favour towards ANN models for both the coefficient of determination and normalized root 12 

mean square error. In this case, ANN models had a higher R2 and lower NRMSE on a fit-by-fit basis for 93% of 13 

cases, with a mean change relative to their multiple linear regression counterparts of 11.8% and -2.7%, 14 

respectively. The opposite is true when the inter-floor fits are examined (i.e., the models developed on one floor 15 

and used on another). In this case, multiple linear regression models had a higher R2 and lower NRMSE on a fit-16 

by-fit basis for 50.9% and 64.0% of cases, with a mean change relative to their ANN counterparts of 0.4% and -17 
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1.6%, respectively. This suggests the following regarding the use of either model formalism to produce sensor 1 

fusion models for occupancy-count estimation: 2 

•  ANN models appear to offer higher accuracy over multiple linear regression models in 93% of 3 

the cases where the model is fitted to its own floor, making them suited to situations where 4 

ground truth data is available for calibration in the case study building; and 5 

•  multiple linear regression models offer comparable accuracy to their ANN counterparts when 6 

models are fitted to a different floor, making them a candidate for transferability between 7 

floors and therefore suited to situations where ground truth data is not available for calibration 8 

for that floor in the case study building. 9 

Therefore, for this building and the suggested application of these models, multiple linear regression is the 10 

superior model formalism. This is due to their comparable accuracy to ANNs with reduced complexity, and the 11 

ease of implementation associated with the limited need for expensive, time consuming, and invasive ground 12 

truth data collection. 13 

5.2. Sensor Utility Comparison 14 

The intra-floor fits (i.e., the models developed and used on the same floor) generally benefit from including 15 

as many sensor datatypes as possible in their model. However, it is evident in both Figure 2 and Figure 3 that 16 

increasing the number of sensor typologies considered in the model formalism does not always equate to a 17 

higher R2; a similar trend is observed in the root mean square error. Therefore, additional sensor data are 18 

advantageous if ground truth data are available, whereas less sensor data (i.e., one to two sensor datatypes) 19 

typically produce inter-floor fits with a higher mean R2 value. The utility of sensor data produced by sensors for 20 

occupancy-count estimation is linked to the sensors’ configuration and/or density. Note that the magnitude of 21 

this sensitivity depends on the sensor-type considered. If this configuration and/or density varies significantly 22 

between spaces, then models developed with these sensors’ data between spaces will suffer from inaccuracies. 23 

Including numerous sensor-types in models developed between spaces may therefore result in a compounding of 24 

these inaccuracies, which is why fewer sensor datatypes typically result in fits with a higher mean R2 and lower 25 

NRMSE between floors. 26 

By visual inspection of Figure 2 and Figure 3, it is apparent that associated Wi-Fi device counts are 27 

beneficial for floor-level occupancy-count estimation. Recall that sensor fusion models that contain associated 28 

Wi-Fi device counts have a higher mean R2 and lower mean NRMSE than those without. The fraction of PIR 29 

sensors triggered alone offers the lowest potential for occupancy-count estimation. However, the range of R2 30 

values produced by the model which uses this datatype alone is narrowest in four out of six cases for both 31 

multiple linear regression and ANN formalisms. This suggests that the fraction of PIR sensors triggered is not 32 

strongly linked to the sensors’ configuration as models developed on one floor performed similarly on others. 33 

The utility of these PIR data increased when included in sensor fusion models with other datatypes, especially 34 

when ANN models are used. This may be attributable to the fact that the fraction of PIR sensors triggered has a 35 

non-linear relationship with occupancy count (i.e., a mean R2 of 32.3% using linear regression), whereas the 36 

non-linear functions used in computing ANN models are able to account for other, non-linear relationships these 37 

data have with occupancy count. The mean CO2 level also increased in utility when included in sensor fusion 38 

models and had the second highest mean R2 of the stand-alone sensor datatypes for predicting occupant count. 39 

However, the range of values predicted from models using only the mean CO2 readings across different floors 40 

was large, with a 65% and 70% difference between maximum and minimum values for multiple linear regression 41 
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and ANN formalisms, respectively. This suggests that the quality of the resulting fit is highly sensitive to sensor 1 

configuration and/or density, and therefore mean CO2 data do not lend themselves well to transferability from 2 

one space to another.  3 

Floor-level plug, lighting, and aggregated electrical load also exhibited varying levels of utility in sensor 4 

fusion models. In general, floor-level lighting load data were more indicative of occupancy than floor-level plug 5 

load data. This may be because light levels fluctuated by a factor of more than four on average, whereas plug 6 

loads exhibit a fluctuation by a factor of less than two on average. Floors B and D has manual on and automatic 7 

off lighting controls, whereas floor A and C has automatic on and off controls. Interestingly, this did not 8 

necessarily equate to a stronger correlation between lighting load levels and occupancy for floor A and C that 9 

might be expected from an automatic on/off control scheme. With regards to plug load data, it is suspected that 10 

submetering of these loads down to the room or workstation level would likely increase their individual 11 

contribution to the sensor fusion models, as was noted by Akbar et al. [26]. Models with aggregated electrical 12 

load data as opposed to separately submetered plug and lighting load data had a mean R2 that was 0.7% and 13 

2.6% higher for multiple linear regression and ANN model formalisms, respectively. The range of R2 values was 14 

also 24.6% and 19.3% smaller for multiple linear regression and ANN model formalisms on average, 15 

respectively. This suggests that aggregated electrical data has higher utility for occupancy-count estimation 16 

purposes. Ryu et al. [37] also found that electrical load data had higher information gain for occupancy-detection 17 

purposes than lighting or plug loads metered separately.  18 

As the sensor configuration on each individual floor did not change between the summer and winter 19 

semester, it was hypothesized that the model from one semester should transfer well to the other semester. 20 

However, the fits developed from the summer semester models generally have lower mean R2 values when 21 

compared to their winter counterparts. Floor A had a mean reduction in R2 of 13.4% and 14.0% for multiple 22 

linear regression and ANN models between summer and winter, respectively. Recall from Figure 1 that the 23 

private offices on floor A are concentrated to one side, with laboratory and classroom spaces on the other. 24 

Sensors are distributed fairly evenly between these spaces. However, occupancy patterns in the private offices 25 

exhibit far less fluctuation between winter and summer compared to laboratories and classrooms. Therefore, 26 

because the sensor data have been combined into parameters – such as fraction of PIR sensors triggered across 27 

the entire floor, or the whole floors mean CO2 concentration – the lack of activity on one half of the floor biases 28 

these models, producing fits with a lower mean R2. This reduction may therefore be attributable to a change in 29 

occupancy patterns between semesters. Floor B had a mean reduction in R2 of 8.9% and 7.5% for multiple linear 30 

regression and ANN models between summer and winter, respectively. One possible explanation is that the large 31 

computer lab on floor B was used over the summer to host a camp program for youth. It is likely that these youth 32 

did not have any Wi-Fi enabled devices, thus reducing the utility of the fits that contain Wi-Fi enabled device 33 

counts as a parameter. Therefore, if only the fits containing Wi-Fi enabled device counts are examined, there is a 34 

10.4% and 13.9% reduction in the mean R2 value for multiple linear regression and ANNs, respectively. If the 35 

fits developed from models that do not contain Wi-Fi enabled device counts are considered, there is only a 3.7% 36 

and 0.8% reduction in the mean R2 value for multiple linear regression and ANNs, respectively. This suggests 37 

that Wi-Fi enabled device counts are useful for occupancy sensing only in a context where Wi-Fi devices are 38 

prevalent. Furthermore, the layout of the building or floor should also be considered in the cases where 39 

occupancy may be concentrated in a particular location during a particular time. This consideration is especially 40 
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important if ground truth collection overlaps with an atypical day, as was the case with floor B during the 1 

summer semester. 2 

5.3. Model Selection Criteria 3 

The following criteria were developed for selecting the ‘best’ sensor combination for occupancy-count 4 

estimation using sensor fusion in the building studied: 5 

1) High lower quartile (Q1) R2 values (see Figure 2 and 3) – to ensure that the models are transferable 6 

and can be used in other spaces without recalibration to new ground truth data 7 

2) High R2 and low NRMSE of the model fit – to ensure that the models are accurate 8 

3) Sensor configuration available and cost 9 

Using criterion 1 and 2, the top three models are identified in Table 4. In addition, Wi-Fi alone is examined for 10 

its novelty and aggregated electrical loads are examined for their widespread availability and ease of access. As 11 

it has been established that multiple linear regression is the superior model formalism, the R2 of these models are 12 

reported. Illustrative examples of the fits developed from associated Wi-Fi device count and electrical load data 13 

are provided in Figure 4. Note that in Table 4, associated Wi-Fi device count alone ranks higher than the Wi-Fi 14 

and electrical as well as the Wi-Fi and CO2 combinations. This further reinforces the findings that associated Wi-15 

Fi device counts are beneficial for occupancy-count estimation, and that a multiple linear regression formalism 16 

can be sufficient to develop a useful model. Fits containing only aggregated electrical load data are observed to 17 

have a lower R2 and higher NRMSE than the models with associated Wi-Fi device counts; regardless, in the 18 

absence of other sensors data, this data type can still be used as a regressor for occupancy-count estimation.  19 

The third criterion noted but not included in this table is sensor configuration availability and cost. This 20 

criterion represents an area where significant differences may be observed between buildings, or even floors of 21 

the same building as in this case study. For example, while Dong et al. [16] note that Wi-Fi is considered an 22 

‘expensive’ sensor for occupancy-count estimation, there is virtually no additional hardware cost if these sensors 23 

are already installed in the building for other purposes (i.e., access points for internet connectivity). This is the 24 

crux of implicit occupancy sensing. Metering of electrical loads is already common practice at the building level, 25 

however this study examines submetering at the floor-level. This raises the question: if installing submeters at 26 

this kind of resolution is only a moderate cost [16], can this cost be justified given the added benefit it may have 27 

for occupancy-count estimation? As this study examines every sensor combination possible given the sensor-28 

types examined, facility managers in the case study building could use these findings to determine the expected 29 

level of accuracy they can achieve for occupant sensing given the sensors or data available to them. 30 

Table 4: Selected sensor combinations for occupancy-count estimation using linear regression and sensor 31 

fusion. 32 

Ranking  

(out of 39) 
Sensor(s) R2 Q1 (%) Mean R2 (%) 

1 Wi-Fi + Light 69.1 72.8 

2 Wi-Fi 68.7 74.1 

3 Wi-Fi + Electrical 67.1 72.1 

4 Wi-Fi + CO2 65.3 72.6 

35 Electrical 34.5 44.6 

 33 
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Figure 4: Illustrative example of ground truth and predicted occupancy count over time, for Wi-Fi enabled 1 

device count and electrical load data for floor D using linear regression. 2 

5.4. Unresolved Issues 3 

While this study has shown that implicit occupancy sensing can be accomplished using sensor fusion, there 4 

are several research questions and issues to be resolved, namely: 5 

•  How can real-time access to Wi-Fi counts be facilitated? 6 

While Wi-Fi shows great promise for occupancy-count estimation purposes, there is often a gap between 7 

facility managers and IT services when it comes to integrating this information into the BAS. As modern 8 

buildings have their BAS and Wi-Fi networks on the same local area network (LAN), increased communication 9 

between these parties may facilitate future use of Wi-Fi access points as implicit occupancy sensors for HVAC 10 

control purposes. However, addressing this problem will still not benefit buildings where occupants do not have 11 

Wi-Fi enabled devices. Privacy concerns remain an important issue. There are also considerations that need to be 12 

made for the expected prevalence of Wi-Fi enabled personal mobile devices across different cultures, socio-13 

economic backgrounds, and over time. These differences are expected to have a great impact on the usefulness 14 

of Wi-Fi for occupancy-count estimation depending on these contextual factors. 15 

•  How much ground truth data is needed to develop an adequate model? 16 

As ground truth collection is a labourious, expensive, and invasive, it would be beneficial to establish the 17 

threshold of data needed to develop a sufficiently accurate model. This may prove to enhance the quality of 18 

models or reveal the point at which the extra data start to have diminishing returns. 19 

•  To what degree do occupants need to be counted to realize HVAC savings? 20 

The ventilation in buildings is typically controlled by dampers with a discrete number of positions. As such, 21 

an absolute occupancy count may not be necessary to realize HVAC savings. For example, it may be sufficient 22 

to cluster the occupancy count into states such as high, medium, or low. A worthy research question would be 23 

how accurate these models must be to consistently identify the correct occupancy state, and the relationship 24 

between the number of states, model complexity, and the resulting HVAC savings. 25 

•  How does sensor grid density and data timestep affect model quality? 26 

While the accuracy of models developed in one space and applied to another was examined for the case 27 

study building, it is impossible to quantify the proportion of the change in the models’ accuracies that can be 28 

attributed to different sensor grid densities between floors, as this change is a result of numerous confounding 29 

factors. Additionally, the data used in this study was taken at five-minute timesteps, which may be higher 30 
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resolution than many traditional BAS systems are capable of logging. The effect of changing these parameters 1 

would be a worthy research question. 2 

•  Where and when are these specific models applicable? 3 

While this study showed that models could be developed in one floor and used in another in the case study 4 

building, the transferability of these models was still within a single building with an academic office-type 5 

occupancy across all floors. A worthy research question would be how these models would perform in a 6 

completely different building of the same occupancy type, or a building of a different occupancy type altogether. 7 

6. Conclusions and future work 8 

This study has shown that sensor fusion models can be used to develop occupancy-count estimations using 9 

opportunistic data streams in the building studied, namely Wi-Fi access points, CO2 sensors, PIR sensors, and 10 

plug and lighting load meters. It was shown that multiple linear regression models had similar accuracy to ANN 11 

models for the majority of fits produced. In the cases where ANN models offered improved performance over 12 

multiple linear regression models, this improvement was not statistically significant for practical occupancy-13 

count estimation purposes to warrant the ANNs complexity and lack of transferability. Therefore, multiple linear 14 

regression models are the preferred model formalism for the application and building studied. Associated Wi-Fi 15 

device counts were shown to be highly beneficial in developing occupancy-count estimations and out-performed 16 

every other individual data stream. The performance of this lone data stream was only exceeded by models 17 

which included Wi-Fi data in conjunction with additional sensor data streams; however, the marginal 18 

improvements in the prediction accuracy of these models may not justify the additional capital cost in buildings 19 

where these sensors are not already installed. The cost-effective, non-intrusive, accurate and simple nature of 20 

Wi-Fi device count alone make it the best candidate for opportunistic occupancy-count estimation. Additionally, 21 

aggregated electrical load data were observed to be of higher utility for occupancy-count estimation than 22 

separately submetered plug and lighting load data. 23 

While detecting occupancy in real time may be advantageous to applications such as demand-control 24 

ventilation, improved benefits could be gained from developing a forecasting model. An occupancy forecasting 25 

model could be used to determine occupancy levels over a 24-hour prediction horizon or even further so that 26 

optimal start, stop, and operating times for HVAC equipment can be determined. Future work will examine 27 

forecasting methods given the models developed to ascertain prototypical occupancy profiles. Algorithms could 28 

then be developed and implemented into the BAS to realize HVAC energy savings. 29 
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Highlights: 
•  PIR, CO2, lighting and plug loads, and Wi-Fi data were collected from an academic building.  

•  Models for occupancy-count estimation were developed with concurrent groundtruth data.  

•  Wi-Fi enabled device counts were the best regressor to characterize occupancy levels. 

•  Use of ANNs instead of MLR models reduced the transferability of occupancy-count models. 

•  Dataset was made publicly available to support occupancy model development and assessment. 


