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Abstract—Buildings are one of the largest energy consumers around the world. Towards reducing the energy wastage in 

buildings, occupancy based control systems are becoming more wide-spread in commercial office buildings. Accurate 

identification of occupancy is crucial for such automated energy monitoring systems and for other potential applications such 

as personal comfort, air quality, and energy auditing. However, efficient and accurate ways to identifying occupancy in large 

scale buildings is a challenging task. Several approaches have been studied in literature ranging from direct to indirect 

approaches. In this paper, we present a nonintrusive and indirect occupancy detection approach using environmental sensor 

data as proxy. Specially, we used temperature and Carbon dioxide sensor dataset available in public domain. We employed the 

wide used k-means clustered algorithm for identifying occupied and unoccupied state (binary occupancy) of an office room. 

The proposed approach is validated on a public dataset with one week of environmental sensor data and results are analyzed 

using confusion matrix. Our experimental results show that the accuracy of detecting binary occupancy is 87.57%. We planned 

to extend our approach using other environmental sensor data. 
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I.  INTRODUCTION 

 

Buildings are one of the largest energy consumers accounting 

for approximately one-third of total energy use worldwide 

[1]. It is expected energy demand continues to be increased 

at an alarming rate due to rapid urbanization and high growth 

in the building sector. There are several factors that influence 

the energy consumption of a building such as heating, 

ventilation, and air-conditioning (HVAC) systems, lighting 

systems, IT loads, among others. Moreover, building 

occupancy also influences the energy consumption of 

buildings due to the usage of diverse devices on their day-to-

day usage [2]. Several efforts have been made to reduce the 

energy usage of the buildings such as energy auditing, 

benchmarking, retrofitting (changing older systems with new 

energy efficient systems such as LED lights), anomaly 

detection [3], and instrumenting automated energy 

monitoring systems for fine-grained energy management in 

the buildings. 
 

Recent research has shown that occupancy based control 

systems can significantly reduce energy usage in the order of 

30% to 42% [4] [5]. For example, occupancy-based lighting 

and HVAC control system, together with schedules, can 

automatically turn off the devices when a building region is 

unoccupied, resulting in reduced energy wastage. For all  

 

these systems to be effective, accurate occupancy 

information is required. Further, occupancy information is 

also vital for securing the buildings. 
 

Several occupancy detection methods have been proposed in 

literature. They can be broadly categorized into direct and 

indirect sensing methods [6] [7]. Direct sensing approaches 

use sensing systems that directly monitors the building 

occupants. An example of direct sensing is using Passive 

Infrared (PIR) motion sensor [8] [9], or cameras [10] [11]. 

Whereas, indirect sensing approaches leverage the sensors 

that don’t directly monitor the occupants but having 

information about occupancy. An example of indirect 

sensing is using CO2 sensors as a proxy for measuring 

occupancy [12] [13]. 
 

In both the cases, the measured occupancy information can 

be at different granularity (presence, count, identify, activity, 

and behavior), temporal (real-time, minutely, hourly, daily, 

etc.), and spatial resolution (room, region, floor, and whole 

building), tailoring to the needs of the specific energy 

management application. For example, mere presence 

information is sufficient for an occupancy-based lighting 

system, whereas, the count of occupants would be required 

by the occupancy based HVAC control system. Further, 

there are several merits and demerits (intrusive, privacy, cost, 

accuracy, latency, computation, etc.) while using a particular 
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occupancy detection method, and as such, no single method 

seems to be suitable for meeting the requirements of all 

building management applications. 
 

In this paper, we present an indirect occupancy sensing 

method for detecting the occupant’s presence in an office 

room of a commercial building. Specifically, it is a binary 

occupancy detection method which is limited to identifying 

whether someone is present (yes) or not (no) in the office 

room. Since direct sensing methods incur additional cost for 

deployment of sensors, we employed an indirect sensing 

method using CO2 and temperature sensor data which is 

readily accessible from building management systems 

(BMS) in large-scale of commercial buildings for thermal 

comfort.  
 

We model the binary occupancy detection problem as a 

clustering problem as there are only two states (occupied and 

not occupied) involved. To be more specific, we used k-

means clustering algorithm for differentiating occupied 

intervals from not-occupied in an office room. Our 

experimental results, using a public dataset with about 8000 

samples spanning over 7 days, show that the proposed 

clustering method achieves an accuracy of 87%. In the 

future, we plan to extend our approach using other clustering 

algorithms and other sensor data such as light, humidity and 

temporal features. 
 

Rest of the paper is organized as follows. Section II contains 

the related work of occupancy detection methods for smart 

building applications. Section III contains dataset details and 

proposed methodology for indirect occupancy sensing using 

environmental sensors. Section IV describes the results and 

analysis followed by Section V concludes research work 

with future directions.  
 

II. RELATED WORK  
 

Several sensing modalities have been used in literature for 

occupancy detection. Their advantages and disadvantages are 

summarized. Passive Infrared (PIR) based motion sensors 

have been widely used for detecting binary occupancy [6] 

[7]. It is inexpensive, energy efficient, and non-intrusive. 

However, PIR sensors have several limitations, including a) 

they require a direct line of sight of occupants or a fixed view 

angle; b) they are highly sensitive to other ambient motions 

in the room such as the presence of ceiling fan, pets, etc.; c) 

they cannot detect when the occupants are in static position; 

and d) PIR sensors cannot be used for counting occupants.  

Due to these reasons, they often result in false triggers 

because of their high sensitivity. To address these problems, 

PIR sensors are often combined with door status sensors and 

shown to give better accuracy in occupancy detection and 

counting [7]. 
 

Vision-based systems (e.g., digital camera networks) also 

have been used in literature for occupancy sensing [10] [11]. 

Various image processing methods are applied over the 

captured video streams for occupancy detection and activity 

analysis. While the video feeds contain very rich information 

about occupants, including behavioral information, they raise 

privacy concerns. Hence they have very limited applicability 

to be deployed in all spaces [11]. Thermal cameras are 

relatively less sensitive to occupant’s privacy concerns as 

they capture only the thermal profiles of the space. 

Combined with a PIR sensor, thermal cameras have shown to 

give much better accuracy in detecting occupancy in extreme 

conditions [14].  Other widely used sensors include Radio 

Frequency Identification (RFID) tags [15], sound sensors 

[16], but they also share similar limitations with vision-based 

systems.    
 

In recent years, environmental sensors have also been used 

for indirectly measuring the occupied status of the buildings 

[13]. The widely used environmental sensors include air 

temperature, humidity, Carbon dioxide (CO2) concentration, 

and light intensity. These sensors are sensitive enough to 

capture the thermal energy and CO2 generated by humans, 

thus indirectly measures human occupancy. The primary 

advantages of environmental sensors are, a) they are already 

in operation in most of the buildings as part of the building 

management systems or home automation systems, b) they 

are nonintrusive and raises no privacy concerns, and c) they 

are economical and highly scalable as they eliminate the cost 

for sensor deployment and management. However, 

environmental sensors are less sensitive to occupants and 

they need some time for build-up. Advanced machine 

learning methods are used to model the relationship between 

the environment sensor’s build-up rate and human occupancy 

[17]. 

 

III. DATASET 
 

Due to practical difficulties in collecting the actual sensor 

data from BMS systems, we experimented our clustering 

based binary occupancy detection method on a public 

dataset. We used the occupancy detection dataset from the 

UCI machine learning repository
1
. This open dataset has one 

training and two testing datasets. There are 8143 samples, 

spanning over seven days, with environmental sensor 

readings from temperature, CO2, light intensity, and 

humidity sensors. This dataset also contains ground truth 

information about actual occupancy state of the office room, 

which was collected using pictures every minute.  
Table 1: Properties of the dataset used in the proposed indirect 

occupancy sensing method 

Dataset properties (training) Value 

Name of the sensor data used Temperature and CO2 

Time interval 1 min (1 week data) 

Total number of samples 8,143 

Number of occupied states 1,729 
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Number of unoccupied states 6,414 

Percentage of occupied states 21.23 % 

Percentage of unoccupied states 78.77 % 

 

 
Figure 1: Sensor data readings for two day with ground 

truth occupancy information 

 

The summary of the dataset is given in Table 1. In this work, 

we specifically used only the temperate and CO2 readings as 

these readings are readily accessible from BMS in real 

buildings. A sample of the sensor data points for two days 

are shown in Figure 1. We also studied the feasibility of 

using temperature and CO2 sensor readings as a measure to 

detect the occupied state of the office room. The pairs plot in 

Figure 2, shows that there is a clear separation of points 

between occupied and not occupied state, though there are 

some overlapping data points. 

 

IV. METHODOLOGY 

 

In this section, we explain the proposed indirect occupancy 

sensing approach using environmental sensor data. Moreover, 

we also describe the list of performance metrics used for 

measure the performance of the proposed occupancy 

detection method. 

 
Figure 2: Pairs plot of temperature and CO2 sensor data points 

show a clear separation between occupied and unoccupied state of 

the office room. 

A. Binary Occupancy Detection Methodology 

As mentioned earlier, we model the binary occupancy 

detection problem as a clustering problem. Our objective is 

grouping the sensor data points into two clusters, one 

representing the occupied state and another representing the 

unoccupied state of the office room. We used the well-known 

k-means [18] clustering algorithm. The steps involved for 

binary occupancy sensing using k-means clustering is shown 

in Algorithm 1. Since the range of the values of temperature 

and CO2 sensors are different, and as a standard practice, we 

applied z-score normalization to bring them to the same 

range, before applying the k-means clustering algorithm. The 

transformed z-score values represent the distance between 

the original data and sample mean as a unit of the standard 

deviation of the sample. Since we already know there are 

only two states, we used k = 2 to cluster the data points. 

 

B. Performance metrics 

After clustering the sensor data readings into two groups, we 

count the number of data points or time intervals was 

correctly classified as occupied and unoccupied using the 

available ground truth data. We use the following two 

standard performance metrics, namely confusion matrix and 

accuracy, for measuring the effectiveness of the k-means 

clustering algorithm for binary occupancy detection method.  

1. Confusion matrix: It is a two rows by two columns 

matrix that tabulates the number of false positives 

(FP), false negatives (FN), true positives (TP), and 

true negatives (TN) 

2. Accuracy:Accuracy of the binary clustering is 

defined as below 

 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

 

Algorithm 1: Binary occupancy detection method 

using K-means clustering algorithm 

1. Create two starting centroids randomly for occupied 

and unoccupied state 

2. While any point has changed cluster assignment 

a) for every point in our dataset: 

i.  for every centroid: 

calculate the distance between the 

centroid and point 

ii. assign the point to the cluster with the 

lowest distance 

b) for every cluster calculate the mean of the points 

in that cluster 

i. assign the centroid to the mean 
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Table 2: Confusion matrix shows the difference between number of 

actual and predicted occupancy states in the input dataset 

  
Actual 

 

 
Unoccupied Occupied 

P
re

d
ic

te
d
 Unoccupied 5622 792 

Occupied 220 1509 

 

 

V. RESULTS 

After applying the k-means algorithm (k=2) over the input 

dataset, we compared the clustering results, that is the 

number of correctly identified occupied and unoccupied 

states, with the available actual ground truth data. We 

tabulated the results in a confusion matrix and calculated the 

accuracy of the model. The confusion matrix is shown in 

Table 2. The calculated accuracy is 87.57%. This accuracy 

can further be improved by including other environmental 

sensor data such as humidity and light intensity that we leave 

it as future work. 

VI. CONCLUSION AND FUTURE WORK 

Accurate identification of occupancy information is essential 

for several modern energy management applications such as 

occupancy-based lighting and HVAC control. In this work, 

we presented an indirect occupancy detection method using 

environmental sensor data as a proxy. We employed the 

widely used k-means clustering method for separating the 

occupied state of the room from the unoccupied state. 

Experiments were conducted on a public domain dataset and 

the results were analysed. The proposed method using only 

temperature and CO2 sensor data, that are already available in 

most of the commercial building’s HVAC systems, achieves a 

prediction of 87.57%. We further plan to extend our approach 

using additional environmental sensor data. 
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