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Abstract 
 

The localization and counting of persons in indoor spaces is an area of extensive research. Indoor 

population metrics can inform energy conservation, health and safety, security, resource optimization, 

and location-aware services such as marketing and navigation. Building utility is impacted by the number 

of persons in each space, and the management of person flows into and out of building spaces is a critical 

consideration of space design, and the COVID-19 pandemic elevated the need to accurately measure and 

monitor indoor populations. 

Indoor populations’ size, movement and location can be ascertained by a variety of automatic means, but 

scalability, repeatability and cost are limiting factors. One low-cost technique is the use of wireless logs 

from Wi-Fi-enabled devices, which provide precise counts but inaccurate locations due to Access Points’ 

widely varying coverage areas. Population locations, as estimated by wireless logs, are usually defined at 

a floor, or building level. 

In this paper, I propose a generalized technique for more precise identification of indoor populations’ 

location, using wireless logs. It is based on the merging of connection logs with floor layout plans, to define 

floor zones, representing the general area(s) of wireless coverage provided by each wireless AP, including 

areas served by more than one AP. The combined information allows for more precise location and 

counting of indoor populations. This analysis could be useful across multiple functional domains, including 

sustainability management, resource optimization, and capacity monitoring. The technique can be 

implemented in any environment where there is an extensive wireless network, widespread usage of the 

network, and reliable data records. It is non-invasive and does not require the purchase or installation of 

new equipment.        

As a case study, we applied the technique to data from a mid-sized university. Spatial and temporal 

population analyses were completed using wireless logs collected over a 6-week period prior to the COVID 

pandemic. The logs included unique User Ids and Device Ids; The floor layout plans included the installed 

locations of AP devices. Facilities management records included building, floor, and room metrics. 

Population analyses were completed by building, room types, work weeks, and duration of wireless 

connections. 

The population estimations for size and location were compared to expected indoor populations, based 

on student class enrolments and employee work schedules, to gauge accuracy and utility. Linear 

Correlation Coefficients were calculated for measured vs. expected population counts.  

The results indicated that the definition of Building Floor Zones provided more accurate indoor population 

location values than floor-level estimates, across a variety of building types and room types. Facilities 

management definitions for Building Floors allowed generic description of campus spaces that could be 

applied to any environment with varying building usage and occupant activity. The merged data allowed 

the estimation of indoor populations’ size and location at various levels of aggregation: zones, floors, and 

buildings; and allows for comparisons of activity in similar environments in differing locations. Possible 

research and/or application areas include: the use of indoor spaces outside of business hours, 

occupancy/utility rates, and the measurement of indoor crowd densities. 
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1.0 Introduction 
 

The counting and localization of persons in indoor spaces is important for both short- and long-term 

facilities management, building utility, and occupants’ wellness. Accurate metrics can inform health and 

safety, security, energy conservation, and location-aware services such as marketing and navigation 

[4,6,8,11]. Cleaning and maintenance schedules; room bookings; heating, ventilation, and air control 

(HVAC) settings; lighting; security patrolling and the comfort and health of tenants are all informed by 

population metrics. Resource optimization is another area of study that could benefit from the accurate 

and precise measuring of indoor crowds: which spaces are being used to their full capacity, and what areas 

are available for individual study and/or ad hoc congregating, are questions that can be answered using 

occupancy measures. 

Indoor spaces are typically unique environments, designed and configured for a specific function/purpose. 

They vary considerably in size, layout, patterns of use, amenities, and furniture/equipment. Rooms may 

be designated for single or group use, and for a variety of work and social activities. Ventilation elements 

such as windows, doors and HVAC systems may be based on older designs or made with newer materials. 

The age of a building is often correlated with the types of materials used in its construction, floor layouts, 

and capacity. It is challenging to transfer research learnings from one type of space to another. 

The measurement of indoor populations is an area of significant research focus. Crowds’ sizes, locations, 

directions, timing, and purpose are important factors for space utilization and management, resource 

conservation, service provision, occupant health and safety. Manual counting is often cost-prohibitive, or 

possible only with small populations. Real-time or near-real-time data, especially in areas of high or 

fluctuating pedestrian traffic, require automated tools. 

Automatic counting technologies (ACTs) include both mechanical and information & communication 

technology (ICT) tools. Occupancy estimates can be delivered by physical counters such as 

gates/turnstiles; temperature and humidity sensors which measure room atmospheric changes; chemical 

sensors that monitor CO2 levels; electromagnetic sensors such as motion detectors, video cameras, and 

infra-red sensors can all be deployed to locate and count individuals within defined spaces [7,11,12].  

The implementation and use of ACTs can be difficult due to several factors, including building and room 

layout, the size and location of inanimate objects, and privacy concerns. Video cameras require clear lines 

of sight; structural elements such as columns and walls may hide persons from view. Heat-, sound-, and 

radiation-emitting devices may create “noise” that confuse electromagnetic and audio sensors. Facial 

recognition software is computationally expensive and raises privacy concerns. Chemical sensors may take 

significant time to register the presence of individuals because of airflow and diffusion. Many ACTs involve 

long data-capture times, are slow to report results, or require the purchase and installation of specialized 

equipment, making them prohibitively difficult and/or expensive to implement [6,7,10,12,14]. ACTs differ 

widely in accuracy, reliability, complexity, timeliness, and cost. 

The use of already-deployed technology and infrastructure for indoor population estimation is a popular 

alternative. Widely used technologies such as wireless networks can be used for automatic counting in 

circumstances where the uptake of digital devices is high and the network infrastructure is expansive or 

can be easily upgraded [4,26].  
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The widespread use of smartphones and other Wi-Fi-enabled personal devices has meant that the number 

of Wi-Fi devices detected in a space is considered a reasonable proxy for the number of persons present 

[1,2,14,22]. The Media Access Control (MAC) Address is a unique device identifier, and other information 

exchanged in the broadcast frames contain highly specific information about the device, or its user. Wi-Fi 

components have been extensively deployed in portable electronic devices such as smartphones and 

laptops. These portable devices have Wi-Fi enabled by default and the capability is rarely disabled. The 

number of smartphone users worldwide was estimated to be 3.8 billion in 2021 [8]. The number of devices 

that support the IEEE 802.11 standards was 22 billion in 2018 and is expected to exceed 38 billion by 2025 

[1], including over a billion Wi-Fi Access Points (AP’s) [26]. Individuals tend to keep their portable 

computers, especially their smartphones, close at hand for communication, entertainment, and/or 

productivity [4,10,15]. Free Wi-Fi in public spaces means that consumers are more likely to make use of 

Wi-Fi networks rather than paid networks, such as cellular. Studies have estimated that the correlation 

between scanned devices and actual person counts is high, varying from 0.78 to 0.95 [1,2,8,12,18,26].  

The count of Wi-Fi-enabled devices as a proxy for population size is subject to several assumptions. First, 

that most persons are carrying a Wi-Fi enabled device- an individual may choose to use a different wireless 

network, or none. Second, that everyone has only one Wi-Fi-enabled device: some individuals carry 

multiple smartphones, or a laptop and a cellphone, on their person. Third, that the Wi-Fi sensor is not 

detecting devices beyond the area being monitored: depending on line-of-sight considerations, the 

presence/absence of walls and other absorbing/reflecting objects, the effective range of a Wi-Fi sensor 

may vary significantly. Fourth, that the individual carrying the device is present in the defined space for a 

reasonable amount of time, allowing for periodic connection to a nearby access point (AP). Fifth, that the 

Wi-Fi enabled device is related to an individual, and is not fixed equipment within a space, such as a 

printer, or company computer. Finally, that the device’s signal is detectable, not absorbed/blocked by 

surrounding objects, or too low-powered to be detected [2,11]. 

University campuses are considered excellent environments for population estimates using Wi-Fi 

connections. Most campuses have clear physical boundaries, within which individuals move frequently 

between buildings and rooms. Large numbers of students and employees, and the higher usage rate of 

smartphones, tablets, and laptops among campus users, means that there will be many Wi-Fi enabled 

devices for detection and analysis. Campus Wi-Fi networks are extensive, designed to provide seamless 

access across the campus, as students and employees move between classrooms and buildings, with 

few/no “dead zones”, where wireless connections are non-existent. The low cost of Wi-Fi relative to 

cellular networks, and its greater reliability indoors means that students are more likely to make use of 

the Wireless Local Area Networks (WLAN) for network connectivity. Many of the academic and social 

resources required by students and employees are on the campus network, such as work and class 

schedules, Learning Management Systems (LMS’s) and Enterprise Resource Planning systems (ERPs). 

Finally, the campus wireless network is available to only authorized users, i.e., students and employees, 

permitting verification and validation of expected vs. actual users of the network.  

Spatial and temporal analyses of wireless connections on a university campus are a strong proxy for 

analyses of populations’ location, size, and movement. Wi-Fi-enabled devices automatically connect to 

available APs as students move around campus. Wi-Fi-enabled devices send out periodic probe requests, 

depending on the devices’ settings and power levels, to determine the AP with which it can form a 

connection. The preferred AP may change depending on the number of wireless network users, physical 

proximity to an AP, or network configuration.     
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In this research project, Wi-Fi session logs are combined with AP architectural diagrams, floor layout plans, 

and facilities management building and room data. The session logs are used to calculate the number of 

connected users at each AP, for each period. The floor layouts are used to define AP zones within each 

floor, where zones are defined as the rooms in the vicinity of the AP. Facilities management data is used 

to categorize Building Floors by primary purpose/activity. The combined data is then used to estimate 

population levels for each zone, for each period, by type of space. 

The contributions of this research to the locating and counting of dynamic indoor populations are as 

follows: 

1. Defining zones within Building Floors to allow for more precise locating of indoor populations. 

2. Locating APs within zones by combining architectural diagrams of APs with floor layouts. 

3. Categorization of Building Floors on campus by the predominant types of spaces and/or rooms on 

each Building Floor.  

4. Comparison of measured vs. expected traffic in each zone by incorporating data on employee 

office locations and student classroom schedules. 

5. Applying the methodology above to all Academic and Academic Support buildings on the 

university campus, demonstrating its utility and applicability to a variety of building types, floor 

layouts, and occupancy scenarios. Academic and Academic Support spaces are those designed for 

teaching, research, and scholarship, and the administrative support functions that enable the 

academic mission. 

Challenges in applying the methodology included data errors, missing records, and the merging of data 

from different administrative systems. The data from each system was at times inconsistent, or 

unreadable, or erroneous. Administrative systems of record are often selected and maintained for 

departmental priorities, which can limit their usefulness for cross-functional and institutional-level 

analyses.  

The Wi-Fi data was collected prior to the school shutdown precipitated by the COVID-19 pandemic; it 

represented the then-normal traffic patterns of students and employees on the main campus.  

Spatial and temporal analyses of the estimated population, as measured by connection logs, were 

conducted on the combined Wi-Fi logs, floor plans, facilities management data, class schedules, and 

employee office locations. The analyses demonstrated the potential of tracking indoor populations at a 

more precise level than Building Floor. The data also highlighted possibilities for population analyses 

outside of working hours, e.g., on evenings and weekends, to better understand campus activity. 

Population estimates for each zone were compared to the expected occupancy, to gauge accuracy. The 

correlation analyses were limited to Academic and Academic Support buildings and floors, that is, campus 

areas where scheduled student and employee activities (e.g., classes, labs, office work) took place. This 

was done for two reasons: to limit the analysis to areas where corroborating data (in the form of class 

schedules and employee schedules) could be used to check the results, and because data for other types 

of campus buildings (e.g., residence floor plans) was not readily available. 
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2.0 Related Work 
 

2.1 Introduction 
 

The automatic counting of individuals by information & communication technology (ICT) means 

has been researched using video cameras, infrared sensors, motion detectors and wireless 

signals. Each methodology has differing strengths and weaknesses, including the (in)ability to 

detect objects behind objects and walls, (in)ability to distinguish two individuals in proximity, 

requirement for specialized equipment, computational processing power, and cost. 

The use of wireless signals for automatic counting has been an area of research focus because of 

its unobtrusiveness, relatively low cost, and use of existing technology/infrastructure. It does not 

make individuals feel that they are being watched/monitored and does not require their co-

operation or participation. Extensive Wi-Fi networks, the widespread use of wireless-enabled 

devices such as cellphones, tablets and cellphones, and the cheap costs of Wi-Fi adapters and 

related components have allowed both active and passive Wi-Fi automatic counting technologies 

(ACTs) to be implemented. 

Research into the use of Wi-Fi logs to measure indoor populations’ size, location and movement 

has generally been conducted in two situations: in specific buildings, floors and/or rooms, or over 

extensive areas with multiple buildings. In specific locations, the floor layout and occupancy 

patterns are known, and ground truth – the actual number of persons in a space- can be easily 

determined by manual counting or by use of security infrastructure, like access card readers. In 

extensive areas that span multiple buildings, the floor layouts, occupancy patterns and ground 

truth are unknown; population estimates are determined at a building and/or floor level by 

counting the number of wireless connections on each floor. 

In this section, previous related research using Wi-Fi logs is recounted. 

 

2.2 Wi-Fi Automatic Counting Technologies 
 

Research into the use of Wi-Fi infrastructure and technology for automatic counting of persons 

can be divided into three areas: analysis of electromagnetic waves’ signal interference, analysis 

of Wi-Fi packets broadcast by devices, and analysis of session logs. 

Signal interference involves measuring the attenuation and reflection of radio waves caused by 

individuals in their path. This area of research involves the positioning of emitters and receivers 

that measure Received Signal Strength (RSS), and Channel State Information (CSI), i.e., changed 

electromagnetic properties of the radio waves [14,15]. After calibration in an empty space, the 

degrees of change caused by persons in the path of the waves may be used to determine the 
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number and positions of persons and can also classify types of motion. Recent research has 

focused on people counting, hand gestures, and activity classification [6]. This area of research 

does not require individuals to be carrying a Wi-Fi enabled device- the absorption and/or 

refraction of radio waves by their bodies provides the data for inferring their presence and 

activity. Signal interference can be used for fine-grained analysis, such as binary analysis (e.g., 

Are persons present in a space or not?) Macro analysis is more difficult because of the challenges 

in making sense of many individuals in a dynamic environment, interacting with each other and 

inanimate objects. The need to purchase and install transmitters and receivers is also a drawback 

for this research method.  

The analysis of Wi-Fi packets involves the deployment of wireless receivers in defined spaces. It 

assumes that individuals are carrying a wireless-transmitting device. The research aims to 

determine the position, motion, and number of persons by the phase shift (Doppler effect), Time 

Difference of Arrival (TDOA) between sensors, Received Signal Strength (RSS) or Channel State 

Information (CSI) data associated with the periodic probe frames emitted by mobile devices 

[7,10]. The waves’ properties measured at the receivers vary with distance, reflection, 

absorption, room layout, the presence of objects and people, and the frequency and strength of 

the radiation pulses emitted by the device. For these reasons, each space requires calibration for 

proper interpretation of the results [26]. Analysis of Wi-Fi probes is subject to errors caused by 

MAC address randomization, and incorrect deployment of receivers. Wi-Fi packet research also 

gives less accurate results when the sample population is small because the assumption of a one-

to-one ratio between Wi-Fi devices and individuals may not hold true. Macro analysis is more 

accurate, because assumptions about the uptake and use of Wi-Fi-enabled portable devices are 

more likely to hold true for a larger group.  

The analysis of session logs aims to determine persons’ positions, counts, and activities by 

analyzing the history of wireless associations between devices and APs, given the spatial 

localization of the APs and other contextual data [21]. Depending on the APs’ location and 

configuration, and the building and room layout, the timing and duration of the AP associations 

can be used to infer high-level estimates of occupancy and activity. The large amount of specific 

content in the probe requests, high degree of detail in the logs (e.g., timestamps, duration, MAC 

addresses, User Id, network) together provide ample information for Big Data analysis. Session 

logs’ research techniques include time series analysis, association rules, clustering, machine 

learning, and forecasting. The session logs’ data is often combined with related information such 

as building specifications, energy readings, or individuals’ personal schedules, before analysis. 

Privacy protection is also a significant concern for users of Wi-Fi data. To address user concerns 

about misuse of personal data, identifying information in Wi-Fi probe requests or session logs is 

usually hashed, or otherwise de-identified, before analysis.   
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2.2 Wi-Fi Session Logs Automatic Counting Technology Research 
 

The use of session logs for crowd localization, counting and profiling has several advantages 

compared to analyses of Wi-Fi probe requests and/or signal interferences. It has lower start-up 

and implementation costs: probe request and signal interference analyses usually require the 

purchase, installation, and calibration/configuration of equipment, while session logs are 

provided by existing infrastructure [2]. Session logs are device-independent: Wi-Fi-enabled 

devices vary in their sleep-mode settings, power output, and frequency of network scans [12]. 

Session logs record User information as well as Device Ids (MACs), so unique users can be easily 

identified, even when they carry multiple Wi-Fi-enabled devices, or MAC addresses are changed 

after a software upgrade, or MAC addresses are randomized while scanning for nearby APs. Only 

completed/successful connections are recorded in the session logs. 

Session logs’ analysis is subject to several of the same assumptions and errors of other Wi-Fi-

based crowd analyses. Wi-Fi signals from stationary (non-human) devices such as printers 

introduce errors. Individuals who do not carry Wi-Fi-enabled devices, or use other wireless 

connections such as cellular networks, also introduce estimation errors. Wi-Fi associations may 

be formed between AP and devices that are not in the same physical area, because of signal 

interference, load-balancing algorithms, or building floor layout. Conversely, a wireless device 

may continually switch association between nearby APs. Scaling and repeatability of the research 

conducted is challenging because of varied building, floor and rooms’ layouts and usage. 

Researchers have attempted to address these limitations in varied ways. Wi-Fi signals from 

stationary (i.e., non-human) sources have been scrubbed from session log datasets by noting 

which devices send signals during non-working hours, are active for more than 24 hours 

continuously or have a MAC address that does not correspond to a user device like a laptop or 

cellphone. Individuals who do not carry Wi-Fi-enabled devices are either treated as non-

significant sources of errors, or are categorized/clustered, with specific analyses created for each 

category/cluster. Difficulties in localizing individuals in a particular area are addressed by 

confining analyses to specific building areas with clear boundaries, or summarizing results across 

an entire floor or building. In addressing the limitations, the researchers were able to draw useful 

conclusions and suggest areas for more in-depth research. 

Ichifuji et al [33] traced foreign visitors’ trip patterns by temporal analysis of session logs from 

specific tourist sites in several cities. Visitors were identified as Wi-Fi users whose total trip 

duration was seven days or less. The research assumed that most visitors made use of the free 

Wi-Fi at each site, and that visitors to the area did not stay longer than a week.   

Office buildings provide a more controlled environment for crowd analysis, with more structured 

occupancy patterns, small numbers of users, and the ability to collect ground-truth data from 

optical cameras, access card readers, or manual counting of occupants. On the other hand, 

scalability and repeatability are challenging because of varying building layouts, wireless 
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architecture, and user behaviour. Rafsanjani and Ghahramani [34] studied the correlation 

between building occupancy and energy usage on a single floor of each of two office buildings. 

Each office area had a single AP, serving 11 and 16 employees, respectively. Identified sources of 

error included wireless connections to APs in adjacent offices, low spatial resolution, and 

sensitivity of the results to office workers turning off Wi-Fi. Wang et al [11] analysed session logs’ 

durations from the third and fourth floors of an office building, housing up to 74 employees. The 

floors had seven and nine APs, respectively. They used machine learning algorithms to estimate 

the number of individuals in the offices, comparing the results to ground-truth data gathered 

from camera-based sensors. The major limitation identified was transferability to other spaces. 

University campuses’ session logs are much larger, and much more complex, to analyze. Wi-Fi 

users may be visitors, students, or employees. Building and floor layouts and usage vary 

significantly, as does the wireless architecture. The volume of session logs generated requires Big 

Data techniques. Hobson et al [8] analysed seven months of logs from a multi-story academic 

building with up to 565 occupants to forecast weekday and weekend usage. Kamińska and Graña 

[10] used geostatistical methods and the physical location of APs to create a 3D estimate of the 

number of persons in discretized areas on each of six floors of an academic building. Gao et al 

[13] categorized faculty vs. students by analyzing logs from 27 different campus buildings. 

Binthaisong et al [28] calculated the number of users present in each of 22 campus buildings. 

Zagatti et al [27] used session logs from the National University of Singapore, taken at 15-minute 

intervals, along with APs’ geospatial information, to calculate near-real-time crowd sizes for each 

building and floor level on the campus. 

In this project more specific crowd locations are proposed by defining “zones” that correspond 

to APs’ floor locations. The number of wireless connections per zone is assumed to be a good 

estimate of the number of persons in each zone. The total counts per zone are compared to the 

total counts per floor, in each building, for differing Building Floor purposes. The total counts are 

also compared to the expected counts on each building and floor. The methodology is scalable 

and repeatable, assuming the complementary datasets of AP locations, floor layouts and room 

types are available for analysis. 
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3.0 Data 
 

3.1 Introduction 
 

University IT systems are owned and maintained by individual departments; they are designed 

and configured for specific operational and strategic functions, such as course registration, 

payroll processing, and scheduling. Enterprise resource planning (ERP) IT systems are used 

widely and have standardized definitions and data formats that are understood campus wide. 

Smaller administrative IT systems serve the purposes of individual units, and often have 

differing/unique data definitions, formats, and business rules. 

In this research project, records from six (6) campus administrative systems were merged to 

draw insights on indoor populations. Each of the six datasets were filtered and transformed to 

facilitate merging: invalid/or and missing information was corrected/removed; data in image 

files were encoded; duplicate records were merged; building and floor names were 

standardized; datetime periods were harmonized.  

The following sections give details on each dataset, and the Extract-Transform-Load processes 

applied to each. 

 

3.2 Listing of Datasets 
 

This research required the following datasets: 

1. Wi-Fi session logs. 

2. Building and floor layouts. 

3. Wi-Fi Access Point Installations. 

4. Space Metrics for Buildings and Floors.  

5. Course Schedules. 

6. Employee Office Locations. 

 

Wi-Fi session logs record the User Id, Device Id, AP Name, Start Time, and End Time of each 

wireless connection on campus. Authorized Wi-Fi users include university employees, students, 

and guests. Staff and students from other universities can also connect to the wireless network 

using the EDUROAM roaming service.  

The logs were provided for the first six weeks of 2020, after access was authorized. Prior to being 

shared, the Start Times and End Times were rounded to the nearest half-hour, and the User Ids 
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and Device Ids were Hashed for each 24-hr period, so that the IDs were distinct and consistent 

for each day, but not traceable over multiple days. Over 27 million Wi-Fi records were provided,  

for the first 6 weeks of 2020. 

Building and floor layouts are architectural diagrams, made available online to authorized users. 

The floor layouts include structural elements and room names. Authorized users have access to 

the floor diagrams used by Academic and Academic Support employees for the university’s 

teaching and research functions; floor layouts for off-limit areas such as residences, basements, 

and elevator bulkheads are unavailable. New and updated diagrams are made available 

periodically by facilities management staff, after construction and major renovations.    

The building and floor layouts were accessed online. Over 600 pdf files are listed on the webpage, 

of which approximately 200 plans, for over 60 Academic and Academic Support buildings, were 

available for viewing. 

AP installations are architectural diagrams showing the locations of APs relative to the building 

and floor layouts. The diagrams were provided as pdf files, with images of named APs 

superimposed on the floor layouts. Approximately 390 pdf files for 82 buildings were provided 

by the university’s IT department. 

Space metrics for buildings and floors include room names, room types, sizes, ownership, and 

designated use. Campus spaces include classrooms, offices, hallways, stairwells, washrooms, 

labs, athletic facilities, atria, and computer server rooms. Spaces are not necessarily defined by 

walls, may be multi-purpose, might be shared between departments, or be inactive/unusable. 

Space metrics are maintained by the Space Planning Office (SPO).  

Space metrics were provided as comma-delimited extracts. Over 33,000 records for campus 

facilities in winter 2020 were delivered by the SPO. 

Class schedules for winter 2020 included course names, course sections, course delivery mode, 

meeting dates and times, meeting locations, and enrolment. Class schedules are maintained by 

the Registrar’s Office. The data was provided as comma-delimited files. 

Class schedules were provided as comma-delimited extracts. Over 6,000 records were provided 

for the 2019/2020 academic year. 

Full-time employees’ office locations are available in an employee phone directory stored by the 

IT department. The data extract included building and room names. Information was provided 

for the Winter 2020 term.  

The office locations were used to estimate the number of employees in each building zone for 

each period. Approximately 5,000 records were analyzed. 
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3.3 Wi-Fi Session Logs 
 

The Security Operations Centre (SOC) is a subgroup of the Information Systems and Technology (IST) 

department’s Information Security Services team. The SOC maintains logs of Wi-Fi network connections 

on the University of Waterloo campus. These logs can be used to monitor the performance, utility, and 

security vulnerabilities of the campus’ wireless network. 

The system of record for Wi-Fi connections at the time of the data collection was ONAlogs. The system 

logs included User Ids, Device Ids, APs, ssid (network information), Start Times and End Times for wireless 

connections. Employees, students, and guests generate approximately 600,000 wireless connections daily 

in campus buildings. 

Prior to making the data available for analysis, data masking and data generalization was used to prevent 

any potential data breach. One-way hashing was used to mask confidential information, also Start and 

End Times were rounded. To preserve anonymity and privacy, the following edits were made to the data 

prior to delivery: 

• All identifying information was scrubbed- User Ids and MAC addresses were replaced with new 

identifiers generated by a masking algorithm. The hashing function was reset every day, to 

prevent tracking of individuals across days. With the mapping, User Ids and Device Ids were 

consistently mapped within each 24-hour period. 

• All Start Times and End Times were rounded to the nearest half-hour. That is, a Start Time after 

:45 and before :15 was mapped to :00, and a Start Time after :15 and before :45 was mapped to 

:30. The same transformation was applied to End Times. This meant that Start Times and End 

Times were the same whenever the connection to a particular AP lasted less than 15 minutes, 

also that all Start Times and End Times ended in :00 or 0:30.  

The data transformations removed the possibility of tracking individuals across days and limited the scope 

of temporal analysis. Even with these limitations, the records provided useful insight into wireless 

connections during the first 6 weeks of the term.  

A screen shot of the scrubbed data is shown in Figure 1. Each row represented one device’s connection 

to a specific AP. The columns in the screenshot are, in order, action, user, mac, start_time, end_time, ap 

and ssid. For action, a value of LOGIN represented the first successful connection for the device for the 

24-hr period, ROAM is used for all subsequent connections. The records are keyed by user, mac, and ap- 

that is, users with multiple devices connected to the network, and users with Wi-Fi connections to multiple 

APs, will have multiple rows in the data. The Start Time and End Time are logged with Eastern Standard 

Time (EST) values. The ssid values represent the service set identifier for the connection: eduroam, guest, 

and uw-wifi-setup-no-encryption are sample values shown. 
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Difficulties in data collection and storage, and a switch in the vendor systems, limited the useful Wi-Fi data 

to six weeks at the beginning of the Winter 2020 term.  

Information Systems & Technology provided 27M rows of wireless logs for the first six weeks of the Winter 

2020 term, from January to mid-February.  

 

 

3.4 Building and Floor Layouts 
 

Building and floor plans, including external walls, doors, rooms, stairwells, hallways, and elevators are 

available on the university’s website, for authorized personnel. The architectural drawings display room 

numbers, hallways, and open areas. A section of a sample floor plan is shown in Figure 2. The image 

includes rooms, offices, hallways, stairwells, and washrooms. Complete drawings also display the building 

location relative to major thoroughfares on campus, measurement scale, and major structural elements.  

The online floor plans were referenced for defining areas/zones in each building, and for mapping rooms 

and hallways to a specific zone. 

Floor plans are published online for 67 Waterloo buildings, including Academic and Academic Support 

structures, residences, and places of assembly. 

Figure 1: Sample Wi-Fi Connection Log data 
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Figure 2: Sample floor layout, with room and hallway numbers 

 

 

3.5 Wi-Fi Access Point Installations 
 

Access Points’ installation locations are documented as images in pdf floor layout files. The images include 

AP names and positions relative to rooms and hallways.  

The APs are installed along the ceilings of hallways and rooms. Larger spaces have more APs installed. The 

precise locations are determined by IST, to provide extensive and overlapping coverage for users. Each 

floor of a building has numerous APs installed, with fewer devices in low-traffic and/or restricted areas. 

The Access Points are named, in general, using the 3-character building code, the floor number, and the 

room/hallway in which it was installed. For rooms and/or hallways that have multiple APs, an additional 

suffix, e.g., “A”, “B”, “C” is appended to the AP name. 

An example of a pdf is shown in Figure 3 for the 3rd floor of the Carl Pollock Hall (CPH) in the Faculty of 

Engineering. The drawing shows that multiple rooms can lie within the coverage area of a single AP, and 

that a single room may have multiple APs installed.  

The APs provide overlapping coverage, and total connections to each AP are managed, for network load 

balancing. This means that persons in close physical proximity may be connected to different APs, also 

that a person may have their wireless connection automatically switched from one AP to another as they 

move about a building.  
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Figure 3: Example of AP installations in a campus building. AP Names have been redacted. 

 

Information Systems & Technology provided 392 individual pdf files, one for each unique building and 

floor for buildings in which they install and maintain wireless networks. 

The AP Installations pdf files were manually converted to comma-delimited files that defined the AP 

locations by room and hallway numbers. The new dataset listed the AP name, building, floor, and 

room/hallway number where the AP was installed. For APs located in hallways, atria, and other open 

spaces, the four closest Academic or Academic Support rooms to the AP were also listed. The four 

closest rooms were used in later processing to create a Centroid that more accurately described the 

exact location of the AP relative to rooms on the Building Floor. 

Determining whether the AP was installed in a room/hallway can be difficult to determine visually due 

to the varied floor layouts in campus buildings. The Space Metrics dataset was used to define whether 
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an installed location was a “room” or a “hallway”: hallways are coded as COU Category 16.0 in the Space 

Metrics database (see Section 3.6).  

 

 

3.6 Space Metrics for Buildings and Floors 
 

Space Metrics include the name/number, size, capacity, ownership and purpose of each building, floor, 

and room in the university’s real estate portfolio. “Room” can refer both to enclosed or open areas, such 

as laboratories or hallways. Rooms do not necessarily have physical boundaries; a space may be 

subdivided if different sections are used for different purposes. 

The administrative system of record for Waterloo’s facilities management is Archibus, a cloud-based 

application used by the Space Planning Office (SPO) and Plant Operations (Plant Ops) departments to 

manage the university’s owned and leased properties, and plan renovation projects.  

The SPO provided a report from the Archibus system, for the Winter 2020 term, for this research. The 

report included over 33,000 records representing the space metrics at the institution in that period. 

Sample records are displayed in Table 1, for building DWE. The Floor Code and Room Code may include 

alphabetical characters. The Description of the space corresponds to the Room Type coding, documenting 

the purpose of the space. 

 

 

Table 1: Sample Space Metrics records from facilities management. 
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3.7 Course Schedules 
 

Course Schedules are the listings of classes, locations, dates, times, and enrolment of all courses offered 

by a university. The schedules indicate course types (e.g., lecture, seminar, labs), method of delivery (e.g., 

online, in-person), building and room numbers.  

The over 42,000 students that attend Waterloo may take any available combination of online and in-

person classes, depending on their residence location, program of study and course load. A typical full-

time student takes five courses (half-credits), each of which may have an associated tutorial and/or 

laboratory component.  

Instructional courses are typically scheduled during working hours, 8:30 to 4:30, although some classes 

may be held during evening hours, e.g., 7:00 pm to 10:00 pm. In-person classes are usually taught in the 

rooms and buildings owned and managed by the relevant department, with a few exceptions. Courses 

with large enrolments may have multiple Sections, each with a fraction of the total Course Student 

Enrollment. In a typical Winter term, over 2,200 courses are taught, for thirteen weeks, to over 40,000 

full-time and part-time students. 

 

 

Table 2: Sample Class Schedule records 

 

The class schedule records in Table 2 include the Academic Term, Class, Section, Component Type, 

Enrollment, Schedule Days, Start and End Dates, Start and End times, Building Number, Building 

Abbreviation, Floor Number, and Room number.  

For the Winter 2020 term, the class schedule was represented by over 6,000 rows of data, listing both in-

person and online courses. The information was provided in csv format by the Institutional Analysis and 

Planning department of the university. 
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3.8 Employee Office Locations 
 

Employee Office Location records record the building and room where full-time permanent staff have 

their offices. The data is maintained by the university’s Telephone Services department. Sample data 

included Names, Buildings, and Rooms.  

Table 3 shows a subset of records from Winter 2020. 5,000 rows of data for both faculty and staff 

employees were provided, which included employees with multiple and/or shared office spaces. Over 

4,100 office locations in 70 buildings were listed. 

 

 

Table 3: Sample employee office location records, with names redacted 
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4.0 Method 
 

4.1 Introduction 
 

The goal of this research project was to demonstrate a repeatable and scalable method for using wireless 

logs to estimate indoor populations’ size and location, at a more precise level than Building Floor. Previous 

research work in this area was specific to a particular space (e.g., room) or type of space (e.g., office 

building), and so was non-repeatable. Other research provided general analyses that were transferable to 

other environments (e.g., Building Floor), but not precise in terms of locating indoor crowds. 

The six datasets used in this research project are representative of the types of data available at many 

university campuses. The datasets are large (e.g., wireless records may be too big for conventional 

database systems), varied (e.g., structured and unstructured), have omissions and errors (i.e., “dirty 

data”), and contain implicit information that can be extracted using Big Data or Data Science techniques.  

The methodology involved standardizing and normalizing the data, then combining the information to 

gauge insights not possible by analyzing any single dataset. The data processing was done using Python 

(Anaconda/Jupyter Notebook) running on a Linux server.  

The following sections provide information on combining the varied datasets, the campus environment 

and the data processing. 

 

4.2 Differences in Departmental Datasets 
 

In this study, Wi-Fi data from the University of Waterloo, a medium-sized university in Ontario, Canada, 

with 42,000 students, was used to estimate the number of students present in Building Floor Zones during 

specific periods. The estimates were compared with the estimated number of occupants (employees and 

students) for each Building Floor Zone. 

Waterloo’s system administrators made available for investigation and analysis datasets from Wi-Fi logs, 

Building and Floor Layouts, Access Point Installations, Space Metrics for Buildings and Floors, Course 

Schedules, and Employee Office Locations. The datasets were cleaned and standardized, then combined 

and analysed for insights.  

The six distinct datasets are maintained by different campus departments and/or units, for varying 

business purposes. As a result, combining the datasets was challenging. For example, staff may have 

multiple offices and phone records, and some offices have multiple employees, resulting in duplicate 

records in the Employee Office Locations. The Building and Floor Layouts define spaces based on structural 

elements, but the Space Metrics dataset defined spaces based on financial costing/chargeback rules, as a 

result there can be multiple spaces defined in the Space Metrics dataset for any defined space in the 

architectural diagrams.  
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The datasets are not usually combined for analysis, so merging the records was a challenging task. Some 

codes for some buildings, floors, and rooms were recorded differently in each administrative system of 

record. Also, some datasets had defined areas that were unmapped/unknown in the other administrative 

systems, such as basement and rooftop maintenance areas inaccessible to the general student and 

employee population. In addition, departmental updates to the administrative systems of record were 

not always synchronized in a timely fashion.  

The datasets’ contents were standardized to reflect consistent business definitions, and to prevent 

duplicate records that would skew the analysis. Master records were identified in cases where records 

were inconsistent, and their values used in the analysis.   

The datasets were combined spatially after defining zones for each Building Floor. The Class Schedules 

and Employee Locations included room numbers, but the datasets for Building and Floor Layouts, AP 

Installations, and Space Metrics included spaces that were defined by rooms and open areas like 

hallways, foyers, and atria. Building Floor Zones were defined using the first two/three characters of the 

room/hallway/space name listed in the individual datasets.  

The datasets were combined temporally at a level of detail that aligned with the highest-level time periods 

in the input files. The Wi-Fi logs’ Start Times and End Times were rounded to 00:00 or 00:30 (hours and 

minutes) prior to being shared, so all time period calculations were modified to use half-hour periods.  

 

 

4.3 University of Waterloo Main Campus 
 

The University of Waterloo is a medium-sized research-intensive institution located in south-western 

Ontario, Canada. The university a main campus in the city of Waterloo, and three satellite campuses in 

the cities of Cambridge, Kitchener, and Stratford. The main campus dwarfs the other three by any measure 

of size, and is the hub of almost all teaching, learning and research activities. The main campus is also co-

located with four affiliated university colleges: United College, Conrad Grebel, St. Jerome’s and Renison, 

with which it shares resources and students. Waterloo also accommodates cross-registered students from 

Wilfrid Laurier University, located less than a mile away.  

As with other tertiary institutions, the Waterloo main campus can be described as a small city. With over 

42,000 students, including over 6,000 graduate students, Waterloo is one of the ten largest higher-ed 

institutions in Canada, for student population. Also, cross-registered students from the university colleges, 

and nearby Wilfrid Laurier University, significantly boost the number of students on the main campus. The 

university is open year-round, with over 29,000 students attending classes on campus from May to 

August, the spring/summer term.  

Waterloo’s main campus includes 92 buildings, occupied and managed by the six faculties and Academic 

Support units. Many of the buildings are located within a circular Ring Road (see Figure 4), within which 

vehicular traffic is limited. To the north, east and south of the campus are major public thoroughfares, 

which serve as gateways for students and employees to enter the campus. The eastern boundary includes 

a stop on the Region of Waterloo’s light rail transit system, as well as a bus terminus.  
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Figure 4: University of Waterloo’s Main Campus, and public transit routes, courtesy GRT. 

 

The buildings within the Ring Road are primarily Academic and Academic Support spaces. There are also 

spaces dedicated to social, health and wellness, athletic, and other student support activities. Additional 

academic and/or administrative buildings are situated outside of Ring Road, particularly on the eastern 

and northeastern side of the main campus. To the west and southeast of Ring Road are the university 

colleges and student residences.  

University buildings are often referred to using two- and three-letter codes, which are typically 

abbreviations of the building names (see Figure 5). Many of the buildings are connected via tunnels and/or 

overpasses, facilitating pedestrian traffic. 

Large numbers of pedestrians (students and employees) move about the Ring Road-enclosed buildings 

daily. Within Ring Road, vehicular traffic is limited and there is a high degree of pedestrian activity. Visitor, 

employee, and student pedestrian traffic enter the main campus from transit, or from student residences 

to the west and east of Ring Road (see Figure 4). 
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Figure 5: Building Layout within Ring Road, University of Waterloo, courtesy University of Waterloo. 

 

Campus pedestrian activity is high even outside of working hours, because of large student residences 

that are located on-campus, or very close to campus: Waterloo boasts one of the highest numbers of on-

campus student accommodation in the country, at over 8,000 beds. This makes the main campus a hub 

of activity during both operating and non-operating hours, as students use the campus buildings for both 

studying and socializing. 

 

 

4.4 Data Processing 
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The six data sources were combined to create a superset for analysis. The data sources were from five 

different systems of record. The flowchart in Figure 5 shows how the six datasets were scrubbed and 

combined. The following sections describe the individual processing tasks shown in Figure 6. 

 

 

Figure 6: Data Processing flowchart, 

 

 

4.4.1 Define Zones for Building and Floors 
 

Estimating the number of persons present in an indoor space by analyzing the number of wireless 

connections is usually done for a specific room, or for an entire Building Floor. Varying building layouts, 

configuration of APs, and differing occupancy plans, make it difficult to accurately measure wireless users 

when building floor environments differ. Dedicated equipment in small spaces than can facilitate 

triangulation or signal-strength fingerprinting, or generalized estimates for larger spaces are the typical 

methods for calculating indoor crowd sizes and/or locations. 

Wireless networks in interior spaces are architected for seamless integration with the wired network, 

overlapping coverage areas, minimal channel interference, and expected user loads. The locations, types, 

and count of installed APs vary with building type, floor layout and room usage. Multiple APs may be 

installed in one room, or one AP may provide network access to many rooms. 

The closest AP to a wireless device is not necessarily the one with which a portable device forms a 

connection. Effective Wi-Fi range is affected by signal attenuation by walls, room objects, AP frequency 

(2.4 GHz or 5 GHz) and device power levels. Also, load balancers may distribute the network load across 
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multiple APs. An open floor layout may result in a direct “line of sight’ connection between a portable 

device and an AP that is a significant distance away. 

Identifying the precise indoor location of a wireless user is challenging. Previous researchers have 

attempted to address the issue by fingerprinting (creating a calibrated map of device locations vs. signal 

strengths and/or established wireless connections), geospatial algorithms, or limiting analysis to a single 

room or small area. Another approach has been providing only macro-level analyses, such as the number 

of persons on a floor, or in a building. 

A zone is a room, or collection of rooms, within a Building Floor. The zone represents the effective 

coverage area of an AP, as defined by the location(s) of the persons who have a wireless connection to 

that AP. Even though an AP may form a connection with a wireless device some distance away, in general 

connections are formed between APs and devices in the vicinity: that is, on average a wireless device will 

form a connection with an AP in the same space, or in an adjacent space, rather than an AP that’s on the 

far side of the same building.   

In this project, a more granular spatial analysis of Wi-Fi signals was attempted by defining zones within 

floors. The zones were areas served by one/more APs. Where multiple APs were installed on a floor, the 

zones represented the rooms closest to each AP installation. Since APs are installed to provide network 

access, they are often positioned within or close to areas of high usage, such as classrooms and labs.  

Zones were defined by combining the building abbreviation (e.g., AL) with the floor number (e.g., 02) and 

the first two/three characters of the room codes/numbers (e.g., 234, 236, 250). If the room code was 

three digits long, the first two digits were used; If the room code was four digits long, the first three 

characters were used. Zone definitions provide a greater location precision than Building Floor, without 

the challenges of identifying specific rooms, and without the need for additional installed equipment.  

In most buildings, adjacent rooms have similar room codes/numbers, while rooms that are at opposite 

ends of a floor usually have room codes/numbers that differ significantly. Also, room codes/numbers on 

different floors usually begin with unique numbers- typically, that first digit is also the floor number. For 

example, rooms on the second floor of a building start with 2, and rooms 2346A and 2348 are more likely 

to be closer together than 2366 and 2500A.  At Waterloo room codes/numbers begin with the floor 

number. Also, room codes are three/four digits, sometimes with an alphabetical suffix (e.g., AL 210, E2 

2345A). 

Defining Building Floor Zones for the Class Schedules and Employee Locations datasets was 

straightforward, since the information in the datasets included a specific room number. All scheduled 

activities for students and employees take place in classrooms and offices, so the room number was 

adequate for defining Building Floor Zone. 

 
 

4.4.2 Map AP to Zones 
 

Defining Building Floor Zones for APs was challenging, since many APs are installed in hallways and/or 

open areas. The naming convention for hallway and/or open areas at the university differs significantly 
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from the naming convention for rooms; adjacent rooms and hallways do not share the first two/three 

characters. In addition,  a hallway may extend a significant distance, providing access to dozens of rooms; 

multiple APs may be installed along the length of the hallway, each providing wireless access to a unique 

set of rooms.  

At Waterloo the naming convention for APs includes the building and room/hallway location. For example, 

WN-AP-DWE-2513-A and WN-AP-DWE-2513-B are both located in hallway 2513 in the DWE building. In 

situations where the AP name did not follow the standard naming convention, the pdf drawings were 

used to locate it in a particular area, defined by a Centroid. If neither the AP’s name, nor the pdf drawings, 

permitted identification, it was excluded from the processing. 

The Centroid represented the room(s) in which the APs were installed, or the rooms immediately adjacent 

to the hallway in which the AP was installed. Figure 7 shows the locations and names of APs installed in 

specific rooms of a Building Floor. The AP names correspond to the room names: 3346-a, 3347-a, 3341-a, 

etc. In Figure 7, the AP Centroids were the first two/three digits of the room numbers, e.g., 3346-a=>334, 

3347-a=>334, 3339-a=>333, etc.  

 

 

Figure 7: Examples of AP installation locations in rooms. 

 

Hallways may extend the length of a Building Floor, connecting rooms that are far apart. Multiple APs 

installed in a corridor are assigned the same three/four digits, with unique suffixes. Figure 8 shows a 

different section of the 3rd floor of the same campus building shown in Figure 7, with five APs installed in 

a long corridor, 3408. The APs are named 3408-a through 3408-e. 
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Figure 8: Examples of AP installations locations in hallways. 

 

For APs in hallways, the Centroid was defined as the geographical “centre” of the four closest rooms to 

the AP. Centroids for APs in hallways were calculated by finding the arithmetic average of the four closest 

Academic or Academic Support rooms, after removing any suffixes from the room codes/names. The first 

two/three characters of the arithmetic average, after decimal places of the average were truncated, was 

defined to be the Centroid.  

At Waterloo, special purpose rooms such electrical equipment rooms, elevators, and custodial rooms, do 

not use the same numbering scheme as Academic and Academic Support rooms. That is, special purpose 

rooms have significantly different room codes, even when they are adjacent to Academic (Support) rooms. 

The four rooms selected for determining the Centroid of a hallway AP must therefore all be Academic or 
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Academic Support spaces, since this is the only way that a Centroid value can be calculated that accurately 

represents the area of the Building Floor where the AP is being used for wireless connections. 

In Figure 8, the zone served by each AP is assumed to be the area described by the average room codes 

of the closest Academic (Support) rooms. For example, AP 3408-c, at the bottom of the image, is assigned 

a Centroid value “330”, since room codes 3301, 3303, 3305, and 3306 have an arithmetic average of 

3303.75; the truncated arithmetic average of 3303.75 is 3303; and the first three characters are 330. In a 

similar manner, the APs in the image above are assigned Centroid values of {3408-a => 333; 3408-b=> 332; 

3408-c => 331; 3408-d => 330; 3408-e => 331}. 

By assigning each AP to a centroid that represents by the cluster of rooms closest to it, it is assumed that 

wireless connections made to that AP are from devices in nearby rooms. 

The data for used for determining each AP’s zone was manually compiled by comparing and contrasting: 

1. Access Point installations (pdfs)  

2. Building and floor layouts (online files) 

3. Space metrics for buildings and floors 

The pdfs were used to identify the precise locations in rooms and hallways in which the APs were installed. 

The layout files were used to identify all nearby spaces (rooms and hallways). The Space Metrics dataset 

was used to select/filter only nearby spaces that had an Academic or Academic Support purpose; the 

purpose was determined by using the Room Type Descriptions and Room Standard Descriptions, as shown 

in Table 1.  

The pdfs were occasionally out of date, compared to the floor layouts, which are updated regularly in the 

university’s Space Metrics’ system of record, during renovation and construction projects. In cases where 

there were discrepancies, the Wi-Fi logs, and floor layouts, were treated as correct. 

 

 

Table 4: Sample records for precise locating of APs. 

 

Over 2,500 records were manually created from the AP Installations pdfs to allow more precise locating 

of APs. Table 4 shows sample location records compiled for APs on the second floor of a university 

building. APs installed in hallways, as defined by the Space Metrics dataset, have four additional column 

values, representing the four closest Academic (Support) rooms to the AP location. 
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Figures 9, 10, and Table 5 below show respectively: the floor layout of the 2nd floor of a typical building; 

the AP installation locations in rooms and hallway; the triangulation of the hallway AP’s location; and the 

calculation of each AP’s zone (based on building name & AP_Centroid).     

 

           

Figure 9: Sample Building Floor layout. 
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Figure 10: Sample Building Floor layout, with AP installations 

 

 

 

Table 5: Sample location records for APs in Figure 9. 

 

 

4.4.3 Wi-Fi Logs Read Raw Data 
 

The campus wireless network is used by students, employees, and guests. Waterloo is part of the eduroam 

network, so visiting students and staff from other institutions can also seamlessly connect. 
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Wi-Fi connection logs were stored in a database maintained by the Information Systems and Technology 

(IST) department during the Winter term. The connection logs stored User Ids, MAC addresses, AP Names, 

Start Times, End Times, and other particulars of devices’ successful connections to the campus wireless 

network (see Fig. 1). Each record represented a single wireless connection between a specific portable 

device and a specific AP. Start Times and End Times were rounded to the nearest half-hour. 

The data provided was related to the first six weeks of the winter term (January to April) of 2020. In the 

six-week period 27,000,000 log records were collected from 5,373 Access Points across the campus. Table 

6 shows a summary of the log records provided, from December 31, 2019 to February 7, 2020. The number 

of unique users is 1,046,332 because of the one-way hashing of User Ids each 24-hour period. 

 

 

Table 6: Summary of wireless logs provided for analysis 

 

Figure 11 shows the number of unique Wi-Fi connections per day for the first 37 days of 2020. The number 

of successful connections on working days averaged close to 1,000,000.  

 

 

Figure 11: Count of unique Wi-Fi connections for the first 37 days of 2020 

 

 

Figure 12 displays the number of unique User Ids, by day, for the first 37 days of 2020. The User Ids were 

scrambled daily to prevent tracking across days, so the total number of unique User Ids could not be 

determined, but the largest daily number of unique User Ids was 39,864 on January 14.  The lowest 

number of unique wireless users occurred in the first week of the year, January 1 2020 (Wednesday) to 

January 5 2020 (Sunday) before classes started on Monday, January 6, 2020. Starting on January 6 2020, 

the number of unique daily Users of the wireless network averaged between 33,000 and 40,000 on 
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weekdays, with the lowest numbers on Fridays. Weekend records averaged between 13,000 and 15,000 

unique User Ids. 

 

Figure 12: Count of unique Wi-Fi users for the first 37 days of 2020 

 

In the Winter 2020 term over 31,300 graduate and undergraduate students were registered for classes; a 

further 468 students were registered as working on campus. Faculty and staff (full-time permanent 

employees) totaled 4,250. Contract and part-time research appointments totaled approximately 550. Not 

including casual staff, the total number of students and employees was 36,568.  

The higher number of unique User Ids daily, relative to the expected number of 36,568 may have been 

due, in part, to casual employees , plus visiting students and employees from other universities- the 

University of Waterloo offers joint registrations and degrees with Wilfrid Laurier University, located less 

than a mile from the main campus. 

The counts of unique Users at each AP, for every 30-minute period of the first six weeks of 2020, were 

analyzed. The number of unique Users at each AP, for each 30-minute period was assumed to be 

equivalent to the number of persons in the vicinity of the AP’s location. 

The dataset of 27M rows was first analysed for unusual/outlier values, which were removed. Outlier 

values in the wireless logs included users that had connected to more than 1,000 APs in a single 24-hour 

period. The scrubbed dataset included 24,284,118 rows after the outliers were removed. 

The wireless logs dataset contained inadvertent duplicates, i.e., some devices were recorded as being 

connected to more than one AP, for a specific 30-minute period. This was caused by the Wi-Fi logs’ Start 

Time and End Time being rounded to the closest half-hour. A device can only be successfully connected 

to a single AP at a time, however, as an individual moved around campus buildings and floors, the rounding 

of Start Times and End Times to the nearest half-hour meant that the Start Time and End Time for 
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connections to distinct APs would be identical if consecutive connections with multiple APs differed by 

less than 15 minutes.  

The duplicate records that suggested that a single wireless device had been connected to multiple APs 

during a half-hour period were removed. The wireless log record corresponding to the maximum AP value 

for each user, for each 30-minute period, was selected as the record for analysis. Once duplicate records 

were removed, the wireless logs included 15,290,078 rows of data. Sample records are shown in Table 7: 

 

 

Table 7: Sample wireless logs, after removal of duplicate user connections. 

 

The Duration of each connection (End Time – Start Time) was calculated for each record. More than half 

the 15M records had Duration = 0, indicating that the Start Times and End Times of the wireless 

connection were identical. These “0 minute” Durations represented wireless connections that lasted a 

short time (i.e., from 0 to 30 minutes), but had had their Start Time and End Time rounded to the nearest 

half hour (e.g., 11:46 am to 12:14 pm would have been rounded to 12:00 pm to 12:00 pm).  

To facilitate analyses of wireless connections that lasted for longer periods than 30 minutes, two 

additional datasets were then created by filtering the 15M rows to include records with Duration >= 30 

minutes, and records with Duration >= 60 minutes. The assumption was wireless connections lasting a 

short time represented students and employees in motion, and that wireless connections lasting for 

longer periods represented students and employees taking part in a scheduled activity, e.g., students in a 

class or lab. Of the 15M rows, 7.06M had durations greater than 30 minutes, and 2.87M had durations 

greater than 60 minutes. 

Limited conclusions could be drawn from analyzing differences between the three datasets. The rounding 

of Start Time and End Time meant that durations of 30 minutes included connections that lasted anywhere 

from 15 minutes to 60 minutes (e.g., 11:30 am to 11:45 am would have been rounded to 11:30 am to 

12:00 pm; 11:45 am to 12:44 pm would have been rounded to 12:00 pm to 12:30 pm). Also, durations of 

60 minutes could have represented connections as short as 30 minutes (e.g., 11:44 to 12:16 would have 

been rounded to 11:30 to 12:30).  

The wireless logs data was transformed to calculate the number of unique Users connected to each AP, 

for each 30-minute period of the six weeks. The steps were as follows: 
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1. Since a device can only be connected to one AP at a time, calculate the maximum AP value for 

each set {User, MAC, Start Time, End Time} to create a new set {User, MAC, Start Time, End 

Time, AP}. This removed possible duplicate counts due to persons roaming between APs in the 

same 30-minute period. 

2. From the new set {User, MAC, Start Time, End Time, AP} drop the MAC data column to create a 

new set {User, Start Time, End Time, AP} which may include duplicate values for specific 

combinations of Start Time, End Time, and AP for each User.  

3. Select only unique values of {User, Start Time, End Time, AP}. This prevented the double-

counting of Users who had multiple Wi-Fi-connected devices. 

4. From the unique value set of {User, Start Time, End Time, AP}, create a list of unique APs. 

5. For each AP, calculate the daily minimum Start Time and the daily maximum End Time. These 

times represented the earliest and latest times that the AP recorded a connection log. 

6. For each AP, loop through the Minimum_Start_Time and Maximum_End_Time, in 30-minute 

increments. 

7. For each 30-minute increment, check all unique connection logs {User, Start Time, End Time, AP} 

against the AP, Minimum_Start_Time, and Maximum_End_Time. 

8. If the APs match, and the Start Times and End Times overlap, increment Connected_Users by 1 

9. After checking all unique connection records, output the total connections for that ap and 30-

minute period. 

10. Increment the 30-min. bucket to the following period. 

11. Return to Step 7. 

12. After checking all 30-min. periods, from the Minimum_Start_Time to the Maximum_End_Time, 

retrieve the next AP value. 

13. Return to Step 5. 

 

In this manner, the total number of connections, for each AP, for each 30-minute period between January 

1st and February 6th was calculated. In the end, the 27 million initial records yielded 15 million rows without 

duplicates, then 5.95 million rows of unique User counts by AP and 30-minute periods. 

Note that, in calculating the maximum AP value in Step 1, we did not specify a particular type of wireless 

device. That is, it would have been more accurate to associate an individual who had multiple devices with 

their tablet or cellphone, rather than their laptop, since persons tend to always carry their cellphones on 

their persons. The algorithm did not attempt to identify the device for each User that had the 

widest/largest roaming profile each day. Even so, the algorithm only counted unique connections per 

user.  

For more in-depth analysis, four counts were determined for each 30-minute period: number of devices 

(Devices), number of connected users (WiFi_Users), number of users connected for at least 30 minutes 

(Users30), and number of users connected for at least 60 minutes (Users60). Users30 and Users60 values 

are representative of Wi-Fi connections that lasted for a significant length of time, for example persons 

who attended a class. In Figure 10, the first record has values of 48, 46, 36, 16 for these Duration, Users, 

Users30, and Users60, respectively, for connections to AP AS-AP-TC-1204-A between 9:30 and 10;00 am 

on January 28, 2020.  
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Wi-Fi connection logs include both daytime and nighttime activity in buildings. A Boolean value for 

Working Hours was calculated as time spanning 9:00 am to 5:00 pm inclusive. 

 

Figure 13: Counts of connected users by 30-minute period to AP AS-AP-TC-1204-A 

 

Figure 13 displays a sample of the numbers of unique users, connected to AP AS-AP-TC-1204-A, during 30-

minute periods on January 28th, 2020. The columns in the csv file are, respectively, AP, Start Period, End 

Period, Devices, Users, Users30, Users60, and DateTime recorded. 

 

The final output file contained 5.95M rows, keyed by AP, Begin Period and End Period, where the Begin 

Period and End Period represented unique 30-minute periods between Dec 31st, 2019, and Feb 7th 2010, 

spanning the first 6 weeks of the Winter 2020 Term. There were 5,343 unique APs, with the number of 

unique wireless connections (Users), for each AP and 30-minute period, ranging from 0 to 654. The mean 

value of Users was 6.69, for each 30-minute period, for each AP. The maximum was 622 (see Table 8). 
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Table 8: Statistical summary of AP logs for the first 6 weeks. 

 

4.4.4 Wi-Fi Logs Read Scrubbed Data 
 

The total users at each AP calculated in Section 4.4.3 can be used to determine the total users in each 

indoor space if the Building Floor location of each AP is known. The wireless logs must be merged with 

location information for each AP to calculate the number of wireless users present in an indoor area. The 

information required to identify the location of each AP is obtainable from four complementary sources: 

the AP Name, the AP Installations dataset, the Space Management dataset, and the Building and Floor 

layouts dataset. In this section, the information from all four datasets are combined and/or referenced to 

produce a report of wireless users in each indoor area by building, floor, zone, and AP. 

The total Users at each AP for each 30-minute period, calculated in Section 4.4.3, represents the number 

of individuals in the area served by the AP. The area may be a single space (e.g., classroom), or a collection 

of rooms. The relationship between APs and spaces can be 1:1 (1 AP in one room), 1:many (1 AP serving 

many rooms), many:1 (multiple APs in one room), or many:many (multiple APs providing wireless 

connections to occupants in multiple rooms). To model the spaces with wireless connections, it is helpful 

to think of Building Floor Zones. A Building Floor Zone is a collection of spaces that contain one or more 

APs, and one or more rooms. It is assumed that all APs installed in the Building Floor Zone provide wireless 

connections to all devices present in the Building Floor Zone (many:many).  

The concept of a Building Floor Zone addresses a number of issues related to localizing individuals within 

an indoor space using logs: a wireless network automatically switching a user connection between nearby 

APs; load balancing algorithms that connect users to APs that are not physically closest; the challenge of 

identifying which particular room on a Building Floor a wireless user is occupying; and providing a precise 

location of a user at a level of detail smaller than Building Floor. 

The definition of Building Floor Zones within a Building Floor can be accomplished with various Global 

Positioning Systems (GPS) or other coordinate systems/frameworks; in this project room number prefixes 
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are used as a proxy for a coordinate system. In most buildings rooms are consecutively numbered along 

hallways: adjacent rooms have similar numbers, and rooms with widely differing numbers are unlikely to 

be in the same vicinity on a given Building Floor. The first two/three characters of a room number can be 

used to define a Building Floor Zone, allowing the grouping of rooms in close proximity and segmenting 

of areas in Building Floors. 

To map an AP to a Building Floor Zone, the room where the AP installed must first be determined. The 

room can then be mapped to a Building Floor Zone. AP installation locations can be ascertained from a 

combination of one/more of the AP Name, AP Installations dataset, Space Management dataset and 

Building and Floor Layouts dataset. 

At Waterloo, most AP Names incorporate the building abbreviation and room/hallway number where the 

AP is installed. If the installation location is a room, then the zone is calculated as the first n characters of 

the room number, where:  

n = length(room number with suffix removed) – 1 

e.g., for room 315E: 

n = length(315) -1 

n = 2 

zone = 31 

 

If the AP installation location is a hallway, the zone is calculated as the first n characters of the arithmetic 

average of the surrounding rooms’ numbers.  

n = length(integer(average(4 closest Academic Support room numbers with suffix removed)) – 1 

e.g., for rooms 1351A, 1302, 1303, 1301A: 

n = length(integer(average(1351,1302, 1303,1301))) – 1 

n = length(1314) -1 

n = 3 

zone = 131  

 

The surrounding rooms were determined using the AP Installations, Building and Floor Layout, and Space 

Management datasets. The AP Names, AP Installations, and Building and Floor Layouts were used to 

determine the building number, floor number and room/hallway number. The Space Management 

dataset was used to categorize the room/hallway number as a ROOM or HALLWAY based on the COU 

categorization of the space in the administrative system of record, Archibus. In Archibus, hallways, 

corridors and other circulation spaces are categorized as room type 16.0 (see Table 1). Confirming the 

installation locations as ROOM or HALLWAY was necessary because the varied layouts in buildings would 
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have required making a judgement about a particular installed location. All APs were identified as being 

installed in ROOMs or HALLWAYs, and additional information was added for the 966 hallway-installed APs. 

For APs installed in hallways, the surrounding rooms were selected only from Academic (Support) rooms, 

determined using the Space Management dataset, i.e., no spaces categorized as room type 16.0 were 

used to precisely locate an AP. For example, APs WN-AP-DC-1843-A and WN-AP-DC-1843-B are installed 

in hallway 1843 of building DC. The set of the closest Academic (Support) rooms are {1314, 1315, 1316, 

1317} and {1307, 1308, 1309, 1310} respectively (see Figure 14). AP WN-AP-DC-1844-A is installed in 

hallway 1844, between rooms {1336, 1340, 1339, 1343}. 

 

 

Figure 14: Sample floor layout showing room numbering for hallways, washrooms, and stairwells. 

 

At Waterloo, spaces on Building Floors are numbered consecutively/similarly if they are Academic or 

Academic Support spaces, but elevators, hallways, utility rooms and other spaces not assigned/occupied 

to departments have different naming conventions (see Figure 12). Defining Building Floor Zones using 

room number prefixes gives a more precise location for each hallway-installed AP. Using Academic 
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(Support) spaces, like classrooms and offices, for room numbers closely associates the APs with the types 

of spaces being occupied by students and employees and is consistent with the zone definitions used for 

APs installed in rooms. Table 9 shows sample data from the triangulation method used for locating hallway 

APs: 

 

 

Table 9: Locating hallway APs using nearby Academic Support spaces. 

 

The summarized file of 5.95M rows showing total Users per AP for each 30-minute period was further 

reduced by selecting only the records for APs installed in Academic or Academic Support buildings. 

Building and Floor Layout, and AP Installations datasets were not available for many buildings that were 

not Academic or Academic Support, e.g., residences, because of security and privacy concerns. The final 

number of AP records selected for further processing was 3.56M rows, including 2,192 unique APs 

installed in 1,207 rooms/hallways in 52 buildings. 

Using the datasets, over 97% of the APs in Academic and Academic Support buildings had their locations 

precisely defined. The locations of 65 of the 2,192 APs (2.97%) could not be determined, due to missing 

data. 23 of the 52 buildings had APs that could not be precisely located, but most of the missing APs 

were in a small number of buildings: of the 23 buildings with missing APs, 14 were missing 1 or 2 APs. 

The 65 APs without a known location represented 2.92% (103,984 of 3,564,854) of the Wi-Fi connection 

logs. Tables 10 and 11 display the counts of known and unknown AP locations, and the corresponding 

counts of known and unknown wireless logs, by building. The complete listing of buildings with 

proportion of missing APs is in Appendix B. 
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Table 10: Sample counts of known and unknown AP locations, by Building. 
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Table 11: Sample counts of known and unknown AP connections, by Building. 

 

Additional fields in the summarized Wi-Fi dataset included User30 and User60, the number of Users in 

each time period whose connection durations lasted at least 30 minutes, and at least 60 minutes, 

respectively. Sample records from the summarized file is shown in Table 12: 
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Table 12: Sample Wi-Fi records showing locations of APs and User counts. 

 

4.4.5 Archibus COU Categories Read Raw Data 
 

Wireless activity inside buildings is not only a function of building size, location, and layout; the types of 

activity that take place on each Building Floor may also determine the volume of activity. On a university 

campus, offices typically have lower counts of persons than classrooms, which themselves have fewer 

persons than food courts. Since similar spaces are often grouped together (e.g., offices), or an entire floor 

is dedicated to a specific teaching/research function (e.g., library) a Building Floor can often be generally 

described as having primarily classrooms, or offices, or athletic facilities.  

The Council of Ontario Universities (COU), a collaborative forum for Ontario Universities, defines 20 high-

level classifications for university space. The classifications are listed in Table 13. Each category has 

multiple sub-categories, e.g., Category 01 (Classrooms) include sub-categories Tiered Classrooms (1.1), 

Non-Tiered Classrooms (1.2), Active Learning Classrooms (1.3), and Classroom Service and Exam Space 

(1.4). Each interior space (e.g., lab, elevator, hallway, classroom, foyer) is measured and classified by the 

facilities management department. The complete listing of COU Space Categories is in Appendix C. 

Waterloo’s spaces include most of the space categories defined by the COU.  
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Table 13: Council of Ontario Universities (COU) Space categories. 

 

The Space Metrics dataset was used to group/categorize each Building Floor zone based on the primary 

activities taking place, to better describe the areas being served by each AP. Campus facilities for similar 

functions (e.g., teaching, research, administration) are usually co-located: there are clusters of like spaces 

found on each Building Floor. The COU category that has the largest percentage area of the Building Floor 

zone is assumed to describe the Building Floor’s primary activity/purpose. Building Floor Zones were 

defined by the same formula used in section 4.4.4: Building Code + Floor Code + the first two/three 

characters of the Room Number.  

 

Building Floor Zone = Building code & “_” & Floor code & “-“ & Room Number prefix 

 

The Space Metrics dataset for Winter 2020 included 33,637 rows of data on indoor areas, defined by 

building, floor, room/hallway, and owner. The dataset included spaces shared by multiple departments, 

which are shown as unique records in the dataset. The dataset included all buildings in the university’s 

real estate portfolio. The records are maintained by facilities management staff and updated during 

renovation and construction projects.  

The 33,844 defined spaces in the Space Metrics dataset were filtered to remove outdoor areas, stairwells, 

custodial rooms, mechanical and electrical equipment rooms, elevators, and other spaces that have 

minimal academic and/or administrative activity. Rooms that are shared spaces between multiple 
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departments were summarized to remove duplicates. The final row count of the Space Metrics dataset 

was 29,301 rows, representing 218 buildings and 684 floors. 

The Space Metrics dataset was summarized by Building Floor Zone. 5,834 zones were calculated. The total 

area in each COU category for each Building Floor Zone was determined, as well as the percentage area 

for each COU category.  Table 14 displays sample data for spaces within building E2, areas are measured 

in square metres.  

 

 

Table 14: Sample Building Floor Zones showing total and percent areas for selected COU categories. 

 

A K-Means algorithm was executed to group all Building Floors across the campus into similar categories. 

The 5,834 Building Floor Zones in the dataset were each classified based on the largest percentage area 

of their COU categories. The K-Means algorithm was seeded with an initial array of 20 records (see Figure 

15) that were based on the twenty COU Categories shown in Table 13.  

 

 

Figure 15: Initial/starting array points for K-Means algorithm. 
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The cluster centroids are displayed in Table 15, with the largest values in each row (the primary COU 

Classification) highlighted. The different COU categories (Cat01, Cat02, etc.) are described in Table 13. 

 

 

Table 15: K-Means centroids, with percentages of each COU category. 

 

Each of the centroids was labelled according to the largest COU category by percentage. The 20 clusters 

for the 5,834 Building Floor Zones, the assigned cluster names and count of Building Floors are shown in 

Table 16.  
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Table 16: Building Floor Zone counts by K-Means cluster names. 

 

The clustering algorithm demonstrated that the university has spaces in all COU categories except Cat18: 

Animal Space (see Table 15). By count, most of the 5,834 Building Floor Zones are in Residences or are 

Circulation/Open Areas, with large numbers of Building Floor Zones classified as Academic Offices, Study 

Spaces, and Administrative Offices.  

The count of Building Floor Zones in each category correlates with the total space on the university 

campus in each COU category: Circulation/OpenArea, Residence Rooms, Research Labs, Academic Offices 

and Classrooms are the top five COU categories on the university campus when measured by floor area.   

Identifying and categorizing clusters of Building Floor Zones was done to facilitate analysis of Wi-Fi records 

by type of space. Sample records for the first 4 Clusters (i.e., Classroom, UndergradLab, ResearchLab, 

AcademicOffice) are shown in Tables 17, 18, 19, 20.  
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Table 17: Sample data for Building Floor Zones in cluster Classroom. 

 

 

Table 18: Sample data for Building Floor Zones in cluster UndergradLab. 
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Table 19: Sample data for Building Floor Zones in cluster ResearchLab. 

 

 

Table 20: Sample data for Building Floor Zones in cluster AcademicOffice. 

 

For almost all Building Floor Zones on campus, the second largest COU classification for space is 

hallway/circulation: COU_16. The percentage of space given over to that category is also shown for the 

sample floors in Tables 12. 

Additional contextual data was added to the Space Metrics dataset for later analysis. The building 

construction year and Gross Area to Net Assignable Ratio were included. The construction year was 

assumed to be a proxy for the types and quantities of materials used in constructing the buildings. The 

Gross to Net Area is a measure of the degree of openness of the floor layouts: buildings with a higher ratio 

have more open indoor areas, such as atria and wider hallways.  
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4.4.6 Student Activity Read Downloaded Data 
 

The Class Schedule for Winter 2020 was transformed to calculate the number of expected students in 

each Building, Floor and Room, for each 30-minute period of the first 6 weeks of 2020. The 6,163 Class 

Schedule records were reduced to 3,611 in-person classes by removing class components with values such 

as “Online” and “Field Studies”, which had no valid building location or Start Date. 

The number of students expected in each 30-minute timeslot in each room was determined by looping 

through each Course Schedule record, from the Course Start Date to the Course End Date, for the Course 

Schedule Days, from the Course Start Time to the Course End Time. For example, in Table 9 below, Section 

1 of Class ACC607 had an enrolment of 53 persons and was scheduled on Mondays and Wednesdays from 

14:30:00 to 15:50:00 EST in Room HH 1106. The algorithm assigned an expected enrolment value of 53 to 

space HH 1106, for all 30-minute periods: 

• On Mondays and Wednesdays 

• Between 14:30 and 15:50 

• Between January 6th and April 3rd, inclusive 

The algorithm was as follows: 

1. Select only Class Schedule records that are taught/presented in-person (e.g., exclude online and 

distance education classes) 

2. For each Class Schedule Record, determine the Start Date and End Date for each Class/Section. 

3. For each Class Schedule Record, determine the Scheduled Days (e.g., MWF), Start Time and End 

Time, when the class is scheduled. 

4. Create program loop. For each Class Schedule Record, starting from the first meeting date/time 

for the term, based on Start Date, Scheduled Days, and meeting dates/times, increment the 

period by 30 minutes, until the last meeting date/time for the term, based on the Class End Date 

and Scheduled Days. 

5. If the Class Schedule Record’s Start Date and End Date, plus Schedule Days, plus Start Time and 

End Time, overlap with the current period calculated in the loop, increment the 

Expected_Student_Count by the Class Section Enrollment. 

6. Output the total Expected_Student_Count for each Building + Room, for each 30-minute period 

between the Class Start Date/Time and End Date/Time. 

7. Retrieve the next Class Schedule Record 

8. Go To Step #2 

  

 

Table 21: Sample data for classes ACC607 and ACC611. 
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Figure 16 shows sample records from the final dataset shows enrollments of 53 persons in room HH 1106, 

every Monday and Wednesday, for every 30-minute period between 14:30:00 and 16:00:00 between 

January 6th and April 3rd, 2020: 

 

 

Figure 16: Expected occupancy in building HH room 1106, every 30 minutes, due to ACC607. 

 

The final dataset included 151,225 rows representing 2,587 unique in-person Class Sections delivered in 

30 buildings. 

The classroom schedules display the total Course Section Enrollment: the number of students registered 

in the Classes and Class Sections. The Expected_Student_Count calculated from the enrollment likely 

represents a maximum value for the period, since students frequently choose not to attend classes in 

which they are registered. The algorithm did not consider pedestrian traffic into and out of classrooms at 

the start and end of classes.  

 

 

4.4.7 Employee Activity Read Downloaded Data 
 

The Employee Location records, sourced from the campus telephone directory, were transformed into a 

dataset of Expected Employee counts for each half-hour period, for each Building and Room Code, during 

working days in the first 6 weeks of 2020.  

The telephone records are maintained to display the office location(s) and phone extensions of full-time 

employees. The 5,483 records included Name, Phone Extension, Department, Building and Room. 5,324 

records for employees in 71 buildings, remained after removing invalid/unusual values.  

The algorithm for transforming Employee Locations into Employee Count for each Building Floor Zone 

assumed that all employees worked between 8:00 am and 5:00 pm on weekdays, from Monday, January 

6th to Friday, February 7th, to match the available Wi-Fi records. The algorithm was as follows: 

1. Read the employee telephone directory, including Building and Room 
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2. Remove duplicate telephone records, for employees with multiple offices.  

3. Create a Start Date Time of 8:00 am January 6, 2020, and an End Date Time of 17:00 on February 

7th, 2020 (6 weeks), for each employee. 

4. Loop through the six weeks in 30-minute increments, for each employee. 

5. If the 30-minute period falls within 8:00 and 17:00 on MTWTF, assign value = 1 to the 

Expected_Employee_Count. 

6. Output the Building, Room, Date, Time, Expected_Employee_Count, for each 30-minute period 

in the first six weeks. 

7. Retrieve the next telephone directory record 

8. Go To Step #4.  

 

The algorithm did not include any logic related to lunch/break periods, or employee activity in any other 

area other than their home office location. The Expected_Employee_Count calculated did not reflect any 

non-standard working hours (e.g., evening staff), Out of Office days (e.g., vacation), or employees who 

worked in areas other than their offices (e.g., attending meetings elsewhere).  

 

 

4.4.8 Combine Scrubbed Wi-Fi, Enrolment, and Employment Data 

 
The summarized datasets created in the preceding sections were combined to create a superset of data 

for the purposes of comparing expected vs. actual User counts. Previous research into the use of wireless 

logs to estimate indoor crowds’ size and location provided data summarized at a building level, or floor 

level. If estimates of indoor crowds’ size and location at a Building Floor Zone level is consistently more 

accurate and more precise than at a Building Floor level, then the methodology can be expanded and/or 

adapted to provide better indoor crowd measurement using wireless logs. 

The summarized Class Schedules data from section 4.4.6, and Employee Locations data from section 4.4.7 

were combined by building, floor, room and 30-minute time periods. The merged dataset represented an 

estimate of expected wireless users (i.e., students + employees) in each room for each half-hour period 

in the first six weeks of the term. The count of expected Users is a rough estimate based on class 

enrolments and employee office locations- it makes no allowance for actual attendance, employee 

activities outside of home offices (e.g., meetings), or non-work and non-learning activities (e.g., lunch 

breaks).   

The Wi-Fi counts summary data calculated in section 4.4.4 was merged with the dataset of expected 

wireless users to create a superset of actual vs. expected User counts, by building, floor, room, and time 

period.  

The Space Metrics summary data calculated in section 4.4.5 was added to the combined dataset of 

expected vs actual wireless users. The Space Metrics’ data fields included Clusters, building construction 

year, and Gross Area : Net Area ratio.  
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The four datasets required additional data transformations prior to merging. Building codes, floor codes 

and room codes were often inconsistent, e.g., EC1 vs. BB1 for building names, 00 vs B1 for basement 

floors, AL 06 vs. AL 006 for room numbers. Data errors were also present, e.g., APs with missing names, 

and rooms that had existed at some previous date, before renovations changed the floor layouts. Any 

necessary data edits were done by cross-referencing the information in all source records, to identify the 

most accurate information. 

The four datasets also had mismatched record keys: no one dataset had a master list of key values. This 

necessitated outer joins for all records, and additional data processing to fill in missing values. Data gaps 

included missing Wi-Fi logs for known APs, and Wi-Fi logs for which APs could not be located.  

Sample data for the final combined records are shown in Table 22. Day_of_Year is the BeginPeriod of each 

half-hour, reformatted as the ordinal day number of the year. Day_and_Hour is the BeginPeriod of each 

half-hour, reformatted as a combination of weekday, hour, and minute. Enrolment is the number of 

expected students, Employment the number of expected Employees. Additional data fields calculated 

include Exp_Occ - the total of Enrolment and Employment. A new Boolean value for Working Hours was 

calculated for the merged dataset, defined as periods between 08:00 and 17:30, Mondays through 

Fridays. 

  

 

Table 22: Sample data showing Wi-Fi Users and Expected Occupants, by building and room. 

 

The final combined dataset included 5.08M rows, including 192 buildings, 582 floors, 5,147 zones, and 20 

Clusters. 
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4.4.9 Analytics Wi-Fi Enrolment Employment Data 
 

In this Python program the dataset produced in section 4.4.8 was summarized by Building Floor Zone and 

time period. Missing and/or inconsistent records were first removed from the dataset. Table 23 shows 

counts of connection logs for selected APs, by week of year. 

 

 

Table 23: Sample counts of wireless connections by AP and week of year. 

 

The sample information in Figure 13 was broadly representative of the dataset as a whole: there were 

relatively low numbers in week 1 and week 6 of the dataset, compared to weeks 2, 3, 4, and 5. The records 
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for weeks 1 and 6 were removed from the dataset before calculation of correlation coefficients between 

and expected occupants.  

The calculated correlation ratio between actual vs. expected users was analysed by duration of wireless 

connection (i.e., User vs. User30 vs. User60), type of space (e.g., Clusters, building age, Gross Area : Net 

Area ratio, Building Floor), and time of week (e.g., working vs non-working hours).   

The calculated correlation ratio between actual vs. expected users is expected to be greater than one (1) 

because students and employees present in any Building Floor Zone will not only be individuals with 

scheduled activities (e.g., classes) but persons who are present in the space because of any other activities, 

including being in-transit to another campus location. 
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5.0 Results 
 

5.1 Introduction 
 

The use of wireless connection logs to determine crowd size and location has been limited by scalability, 

repeatability, and localization issues. The unique AP installation/architecture required in each location 

(campus, building, floor) to service employees and students; the varied coverage provided by individual 

APs, including between Building Floors; and load-balancing algorithms make it challenging to repeat 

successes in different environments, or to localize persons within a floor. 

This project proposes a scalable, repeatable, and more specific method of measuring crowd size and 

location using Wi-Fi connection logs by mapping each AP to a zone within a building and floor, and 

combining the connection logs with building data and occupant data to confirm and/or contextualize the 

crowd patterns suggested by the data. The additional information permits more detailed 

analysis/interpretation of the connection logs, even when it is de-identified and/or summarized.   

Waterloo’s extensive Wi-Fi network coverage, the widespread use of Wi-Fi enabled devices by students 

and employees, and the automatic collection of wireless connection data, provides a reliable means of 

counting individuals on the campus. Additional information on AP locations, and Building Floor plans, 

suggested more precise locations for APs within a Building Floor. High-level employee and student 

schedules by location and time permitted an overall measurement of precision. 

The Wi-Fi logs were first analyzed from an overall campus perspective. Reasonability checks were done 

by comparing the number of logs per day were compared to registration records, looking at crowd traffic 

patterns, and other high-level checks. The results indicated that the records were useful for analyzing 

campus crowds during the six-week period. 

The results were then analyzed from a Building Floor perspective. The 171 buildings on campus are used 

for a variety of purposes, both academic and non-academic, so identifying the general purpose/activities 

expected to take place on each Building Floor allows for more detailed analysis of the connection logs 

from each category of Building Floor. The categories of Building Floor were determined by cluster analysis, 

using the Council of Ontario Universities (COU) space utilization standards. 

Finally, the results were analyzed from a Building Floor zone perspective. The Wi-Fi counts for each zone 

were calculated, then compared to the expected count of employees and students for the Zone and 

period. Strong correlations were identified between Wi-Fi counts and expected persons for zones that 

could be described as dedicated to Academic and/or Academic Support activities, such as classrooms, 

labs, and offices.  

 

 

5.2 Wireless Activity on Campus 
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The summary data for the first 6 weeks of 2020 is shown in Table 24. The summary statistics show that 

15,027,493 wireless network logs were collected over the first 37 days of 2020 (Day_of_Year), from 5,344 

unique Access Points (ap). Most connections had a duration in minutes of 30 minutes or less, with the 

maximum duration being 1410 minutes (23:30 hours:mins). More than half the durations were 0 mins, 

likely reflecting the rounding of Start Time and End Time to the nearest half-hour. The summary data also 

shows over 1 million unique user and mac values- this is misleading and due to the true user and mac 

values being hashed daily before the data was released. 

 

 

Table 24: : Summary statistics for Wi-Fi connection logs, for first 37 days of 2020. 

 

A truer representation of users can be obtained by counting the number of unique users in each day. 

Figure 17 shows the number of unique hashed user ids for each of the 37 days in the connection logs. 

 

Figure 17: Number of unique users for the first 37 days of 2020. 
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The data in Figure 16 clearly shows a consistent number of daily users beginning on day 6 of 2020 (i.e., 

Monday, Jan 6, 2020) and continuing for most weekdays for the first 6 weeks. The number of campus 

wireless connections is slightly lower on Fridays (e.g., Days 10, 17, 24), and significantly lower on 

weekends (e.g., Days 11, 12, 18, 19). The number of unique wireless users on weekdays ranged between 

36,000 and 40,000 on Mondays through Thursdays, dropping to approximately 33,000 on Fridays. This 

pattern of usage makes sense given that fewer academic activities are scheduled on Fridays, and none on 

Saturdays and Sundays. The 13,000 to 15,000 unique users on Saturdays and Sundays highlight that the 

campus is still a hub of activity on weekends, when no scheduled academic activity is taking place.   

The log statistics are consistent with official records. The universities’ official statistics show that there 

were 30,765 students registered for classes in Winter 2020 (https://uwaterloo.ca/institutional-analysis-

planning/university-data-and-statistics/student-data/student-headcounts). This total did not include 

cross-registered students from the nearby Wilfrid Laurier University, or students on a Work Term who 

were present on the campus grounds. In January 2020, there were also 1,350 full-time faculty members 

and approximately 2,700 full-time permanent staff; the number of part-time and temporary staff in winter 

2020 is unknown.  

The significant levels of campus activity during non-working hours can also be demonstrated by the 

number of unique users each weekday before 8 am, and after 5 pm, plus weekends. Figure 18 shows the 

number of unique users for the first 37 days of 2020, outside of the university’s core operating hours. 

 

 

Figure 18: Number of unique users daily, during non-working hours. 

 

https://uwaterloo.ca/institutional-analysis-planning/university-data-and-statistics/student-data/student-headcounts
https://uwaterloo.ca/institutional-analysis-planning/university-data-and-statistics/student-data/student-headcounts
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The number of unique users daily, before 8:00 am and after 5:30 pm on weekdays and all day on 

weekends, peak close to 25,000 for the first 6 weeks of the semester. The pattern of users is consistent 

each week, with lower numbers on weekends. The data shows that student and employee activity on 

campus remains high outside of official hours, which could be interesting from a “student experience” 

perspective, if the university leadership chooses to investigate the scheduled and unscheduled activities 

(e.g., recreation activities, studying and homework) across campus.  

 

 

5.3 Wireless Activity by Building 
 

The number of wireless users by building varied with building size, as expected. The seven largest 

Academic and Academic Support buildings on the campus by gross area are, in order: DC, MC, QNC, E7, 

HH, BMH and PAS.  Also, certain buildings (e.g., DC, BMH) serve as “gateways” to campus due to their 

proximity to public transit points (i.e., bus terminals, parking lots, major streets). The distribution of 

wireless connection counts by building code is displayed in Figure 19. 

           

 

 

Figure 19: Number of Wi-Fi connection logs by Building Code. 

 

The number of wireless connections in each building, during working hours in the period selected for 

analysis (weeks 2 through 5), varied widely for each building. Figure 20 shows the box and whisker plot 

for User counts per 30-minute period in the same buildings shown in Figure 19. 

 

 

Figure 20: Box Plot of number of Wi-Fi Users per 30-minute period, by Building Code. 
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The buildings that were consistently occupied, as measured by the size of the interquartile range, were 

AL, RCH and STC. Other buildings had small interquartile ranges, relative to their overall range. 

 

 

5.4 Wireless Activity by Building Floor 
 

The buildings and floors with the 20 highest numbers of wireless connections over the 6-week period are 

shown in Table 25. The first floors of the Davis Centre (DC), Hagey Hall (HH), and Burt Matthews Hall 

(BMH) are ranked first through third; all are large buildings on the East, South and North boundaries of 

the campus. Nine of the entries on the list are Floor Code 01. Fourteen (14) of the top twenty entries in 

the table are from six buildings: DC, E7, HH, MC, RCH, and STC.  

 

 

Table 25: Top twenty Building Floors for total number of wireless Users. 

 

The number of unique wireless Users vary by Building Floor, as would be expected. For most campus 

buildings, the main points of entry/exit are on the ground floor (Floor 01), so more wireless activity is 
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recorded there (Figure 21). Several buildings also have entrances and exits on the second floor, which 

results in higher traffic patterns. 

 

 

Figure 21: Number of Wi-Fi connection logs by Building Floor, in millions of records. 

 

Many Building Floors had a wide variation in the number of Users during working hours. This can be 

displayed using a boxplot of the number of connections for each Building Floor. Records from the six (6) 

buildings that comprise the bulk of the top twenty list in Table 25 are displayed in Figure 22. Ground floors 

(Floor 01) are excluded as many of the buildings are “gateway” structures through which many students 

and employees gain access to campus. 

 

 

Figure 22: Boxplot of the number of Users by Building Floor, for Buildings DC, E7, HH, MC, RCH, STC during working hours. 

 

An interesting question that is sometimes asked on university campuses is whether the physical assets 

(buildings) are being used to their full capacity, that is, can better use be made of the campus’ space 

assets? One way to investigate this subject is to look at how the levels of occupancy in a building and floor 

vary over time. A Building Floor with a wide variation in occupancy levels may have periods when spaces 

are available for use. 
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5.5 Wireless Activity by Building Floor Zones 
 

Wireless APs are deployed to provide overlapping, continual network connections for users. This means 

that often a user’s Wi-Fi device may be within range of more than one AP. The AP chosen for a wireless 

connection depends on several factors, including signal strength, load balancing and interference. In 

certain circumstances, a device’s connection may switch between APs while the individual remains 

stationary. 

It is challenging to definitively determine a user’s location on a floor, or in a room, based on the AP to 

which his/her/their wireless device is connected. APs may be installed in specific rooms on a Building 

Floor, where large numbers of students and/or employees are expected, such as lecture halls or 

laboratories; in larger rooms multiple APs may be present. APs may also be situated in hallways, each 

providing wireless coverage to multiple rooms.  

Although single individuals using the wireless network are difficult to locate conclusively, it is possible to 

estimate a person’s probable location with a high degree of confidence. In general, a wireless device will 

form a connection to an AP which provides a strong signal. The AP that provides the strongest signal is 

usually the closest AP, typically on the same floor and in the same vicinity as the user because of the 

attenuation of the wireless signal by occluding objects like walls.  

While the probability of error for locating a single individual’s floor location is non-zero, the probability of 

error for locating a larger group is smaller, per the Weak Law of Large Numbers (“The weak law of large 

numbers essentially states that for any nonzero specified margin, no matter how small, there is a high 

probability that the average of a sufficiently large number of observations will be close to the expected 

value within the margin.”). An indoor crowd’s location, as suggested by connections to an Access Point, 

has a much higher probability of being in the AP’s vicinity, than being in the vicinity of AP further away. 

That is, the odds of all/most of the individuals being somewhere other than in the AP’s vicinity becomes 

vanishingly small, as the crowd size increases. This means that locating crowds in the vicinity of an AP is 

more precise than measuring individuals in the vicinity. 

Since APs are deployed to provide overlapping coverage with limited interference, a zone for each AP (or, 

group of APs) can be defined spatially on a Building Floor. In the absence of GPS locations for each AP, a  

zone “proxy” can be defined using the typical/standard/average room numbers that are in the vicinity of 

the AP. Since nearby rooms have similar numbers, for example adjacent rooms are usually the next even 

or odd number in a sequence, and rooms opposite each other in a hallway are numbered consecutively, 

rooms within an APs coverage area usually begin with the same sequence of numbers. In many cases, 

rooms within an APs coverage area have the same room number, but different letter suffixes (see Figure 

23). 

The room and hallway locations of the APs on each floor were mapped to zones based on the room 

numbers, for APs installed in rooms, and the “average” room numbers of nearby rooms for APs installed 

in hallways. The total number of wireless Users for each Building Floor Zone, for each 30-minute period, 

was then calculated. 
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The classroom schedules and employee location datasets were used to calculate the number of expected 

occupants in each zone. Since all scheduled on-campus activity (e.g., lab) occurs in a room, mapping rooms 

with expected occupants to zones did not require determining an “average” room number. 

For Building Floors that had four-digit room numbers, the zone was defined as the first three digits of the 

room numbers; for building with three-digit room numbers, only the first two digits were used. The 

algorithm for determining zone first stripped alphabetic suffixes from room numbers, then selected the 

first “x - 1” characters of the room numbers, where “x” was the length of the room number string, after 

alphabetic suffixes were removed. 

 

 

Figure 23: Sample floor layout, showing room numbers of adjacent rooms. 

 

The number of wireless connections at an AP is a function of the number of users in the vicinity of that 

AP. Correlation Coefficients were calculated for the Users (wireless connections) vs expected occupants 

(students and employees) for each Building Floor, and for each Building Floor Zone, when expected 

occupants > 0. 

Scheduled student and employee activity take place in Academic and Academic Support buildings, such 

as buildings containing offices, labs, and classrooms. Scheduled activities were defined by the classroom 

schedules and employee location datasets only; activities in areas such as athletics facilities, food courts, 

exhibition facilities were not captured. 

Table 26 shows sample Correlation Coefficients for Users, Users30 and Users60 for various Building Floors 

for the period. Across campus, 115 floors in 42 buildings had scheduled activity. The number of data points 

for each measure is shown.   
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Table 26: Correlation values for Users, Users30 and Users60 vs. Expected Users, for selected Building Floors. 

 

The correlation values varied widely, likely reflecting the varying levels of activity on a Building Floor 

during operating hours. That is, students and employees are present on Building Floors during scheduled 

and unscheduled times- Building Floors that are high traffic areas, or have study areas for students, will 

have high crowd levels even when classes are not in session. 

The Correlation values were calculated for User, User30 and User60 to determine if User60, a connection 

duration of at least 60 minutes, the typical length of a class period, was more closely correlated with 

Expected Users. The relative Correlation values for User, User30 and User60 are displayed in Table 26  

using trend lines (“sparklines”). The Correlation values decrease for longer connection durations: The 

correlation for User60 was less than for User30, which was less than the correlation value for User.  

The Correlation values were calculated for Building Floor Zones, for User, User30 and User60. Sample 

values are shown in Table 27. Table 27 shows the Trendlines for sample values for Correlation, displaying 

whether longer wireless connection durations correlate more closely with Expected Users. 
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Table 27: Correlation values for Users, Users30 and Users60 vs. Expected Users, for selected Building Floor Zones. 

 

The complete listing of values of Correlation, for all Building Floors and Building Floor Zones, are in 

Appendixes D and E. The trendlines indicate that longer periods of connection duration (e.g., User60 vs. 

User30, or User30 vs. User) create lower Correlation Coefficients for wireless connections vs. Expected 

Users. 

Larger values for Coefficients of Correlation were found for Building Floor Zone values, when compared 

to Building Floor values. That is, most of the Coefficient values for Zones exceeded the Coefficient values 

for the entire floor. This suggests a stronger relationship between wireless connections and expected 

users was better explained by zones within a Building Floor, than for the entire floor. 

Table 28 shows sample values for Coefficients of Correlation values for both Building Floor and Building 

Floor Zones. The full table of values is shown in Appendix F. 158 Zones had higher Coefficients of 

Correlation than the corresponding Floor, compared to 90 Zones that had a lower Coefficient. 45 Zones 

had the same Coefficient as the entire Floor- this occurred when the Floor had only one zone. Summary 

statistics are shown in Table 29.  
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Table 28: Comparison of Coefficient of Correlation values for selected Building Floor and Building Floor Zones. 

 

In general, larger values for Correlation Coefficients were found for Building Floor Zone values, when 

compared to Building Floor. Most of the Coefficient values for Zones exceeded the corresponding values 

for Building Floor (158 of 292). Higher values of Correlation Coefficients were found for almost all Cluster 

types, as shown in Table 29.  

Many of the Building Floor Zones that had lower correlation coefficients (N) than the Building Floors they 

are situated in still have positive coefficients. Of the 90 Building Floor Zones (of 292) that had lower 

correlation coefficients, 81 had positive values. This suggests that 239 (158 + 81) zones had correlation 

coefficient values that suggest a strong relationship between expected occupants and wireless 

connections measured. 

 

 

 



63 
 

 

Table 29: Count of Building Floor Zones that had the same, lower, and higher Correlation Coefficients for User, by COU Cluster. 

 

In Table 29, the number of Zones that have the same coefficients of correlation are areas on campus 

where only one zone was calculated on a Building Floor, i.e., all the rooms on the Building Floor have the 

same prefix.  

The relative number of Building Floor Zones with higher Coefficients of Correlation, compared to Building 

Floors, did not change materially when the User30 and User60 duration periods were used as the basis 

for comparison (see Tables 30 and 30). This is likely because the User30 and User60 connections 

overlapped in the connection durations they represented, as discussed in section 4.4.3. 
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Table 30: Count of Building Floor Zones that had the same, lower, and higher Correlation Coefficients for User30, by COU Cluster. 

 

 

Table 31: Count of Building Floor Zones that had the same, lower, and higher Correlation Coefficients for User60, by COU Cluster. 

 

The higher correlation coefficients for Users vs expected occupants in Building Floor Zones, compared to 

Building Floor, is likely because the overall coefficient of correlation at the Building Floor level represents 

an averaging of the coefficients at each Building Floor Zone. Figure 24 shows the correlation between 



65 
 

expected occupants and Wireless Connections, for Building Floor AL_01. Three charts are displayed: one 

for each of Users, Users30, and Users60. 

 

 

Figure 24: Correlation plots for Wi-Fi records (Users, Users30, Users60) vs. Expected Occupants from Building Floor AL_01. 

 

The Coefficient of Correlation is positive for Users, Users30 and Users60, with highest values for Users vs. 

Expected Occupants.  

Building Floor AL_01 includes three zones, AL_01_10, AL_01_11, and AL_01_12. The correlation plot for 

each zone is shown in Figure 27. Three charts are displayed for each zone: one each for Users, Users30, 

Users60. 

The charts in Figure 25 clearly display distinct activity in each of the three zones on the first floor of 

building AL. In Figure 24, the scatter plot for the entire floor is a summary of the activity occurring in all 

three zones. The zones provide more granular detail about the locations of persons on the first floor of 

AL. 
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Figure 25: Correlation plots for Wi-Fi records (Users, Users30, Users60) vs. Expected Occupants from Building Floor AL_01, by 
individual Building Floor Zones 10, 11, 12. 

 

 

5.6 Regression Analysis 
 

Linear Regression analysis was performed for each Building_Zone to determine the most important 

feature variables for the class variable Users. The Users class variable represented the number of unique 

wireless network users for each 30-minute period, in each Building_Zone. The feature variables 
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considered were Expected_Employee_Count, Expected_Student_Count, Hour_and_Minute, and 

Day_of_Week.  

1.715 million records, for 1250 Building_Zones, were used in the regression analysis. The value of Users 

for the 30-minute periods ranged from 0 to 2,006. Day_of_Week had a minimum of 2 (Monday) and 

maximum of 6 (Friday). The Hour_and_Minute variable ranged from 08.00 (8:00 am) to 19.50 (7:30 pm). 

Expected_Student_Count values spanned 0 to 668. Expected_Employee_Count ranged from 0 to 64. 

Sample records are displayed in Table 32. 

 

 

Table 32: Sample records for Regression Analysis for Building_Zone HH_01_15 

 

The relationship between the class variable User and each of the feature variables was non-linear. Figures 

26, 27, and 28 display the pattern of User values in three distinct Building_Zones, for the weeks analyzed. 

Only working periods (hours and days) are shown. 

   



68 
 

 

Figure 26: Wi-Fi Users by Day_and_Hour for Building Zone E6_04_402 

 

 

Figure 27: Wi-Fi Users by Day_and_Hour for Building Zone MC_02_205 

 

 

Figure 28: Wi-Fi Users by Day_and_Hour for Building Zone E2_02_235 

 

The patterns of wireless usage for each Building_Zone were consistent week to week. The relative peaks 

and troughs occurred at approximately the same Day_and_Hour weekly. 
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Figures 29, 30, 31, and 32 display the pattern of Users in three distinct Building_Zones, by 

Expected_Student_Count or Expected_Employee_Count, for the weeks analyzed. Only working periods’ 

values are shown: 

 

 

Figure 29: Wi-Fi Users by Expected Students for Building Zone E2_02_235 

 

 

Figure 30: Wi-Fi Users by Expected Students for Building Zone HH_01_15 

 

 

Figure 31: Wi-Fi Users by Expected Students for Building Zone E6_04_402 

 



70 
 

 

Figure 32: Wi-Fi Users by Expected Employees for Building Zone MC_02_205 

 

The relationships between each feature variables and class variable differed for each Building_Zone, but 

was generally consistent week to week, in each Building_Zone. The value of Users was consistently high 

Mondays to Thursdays, and lower on Fridays. The values of Users during a single day tended to have higher 

values between 10:00 am and 2:00 pm. The values of Users had a positive correlation with 

Expected_Student_Count. There was also a positive correlation with Expected_Employee_Count. 

The feature and class variables were normalized  to values between 0 and 1, where 0 and 1 were the 

transformed minimum and maximum measured values for each variable. Sample rows are displayed in 

Table 33: 

 

Table 33: Normalized Feature and Class variables for Building Zone HH_01_15 
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Multiple Linear Regression analysis was performed with the normalized feature variables: 

Day_of_Week_Norm, Hour_and_Min_Norm, Enrolment_Norm, Employment_Norm, and normalized 

class variable: Users_Norm. The regression analysis was conducted for each of the 1250 Building_Zone 

values. Records being analyzed were limited to data collected during university operating hours: Monday 

to Friday, 8:00 a.m. to 7:30 p.m. Python’s Statsmodels Ordinary Least Squares (sm.OLS) functions were 

used in the analysis. 

R-Squared was calculated for all possible combinations of the four feature variables. There were 15 

combinations in total: 1 with all four variables, 4 with three variables, 6 with two variables; 4 with 1 

variable. The varied combinations of feature variables were chosen to identify the most important factors 

influencing the value of the class variable, in each Building Zone. 

The calculated values of R-Squared for each Building_Zone ranged from <undefined> to 0.975. Table 34 

displays the R-Squared values of the first thirty Building_Zone values, for each of the fifteen combinations 

of feature variables. The feature variables are coded as D, H, S, E, where D = Day_of_Week_Norm, H = 

Hour_and_Minute_Norm, S = Expected_Enrolment_Norm, E = Expected_Employment_Norm.  

 

 

Table 34: Sample R-Squared values for varied combinations of Feature variables 

   

Table 35 displays the top R-Squared values for all Building_Zone values. The table has highlighted values 

for the (joint) highest R-Squared values for each of the 4-feature, 3-feature, 2-feature, and 1-feature 

combinations of variables.  
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Table 35: The Highest R-Squared values in the Regression Analysis, highlighting the most important Feature Variable 
combinations. 

 

Table 35 shows that the highest R-Squared values for some Building_Zone values (e.g., HH_01_15, 

PHY_03_25) are constant for all feature variable combinations, suggesting that only one of the feature 

variables is important for the regression analysis (i.e., R2_S: Students).  Some Building_Zone values (e.g., 

ECH_01_123, ML_03_34, EIT_02_205, PHY_03_30) show lower R-squared values with fewer feature 

variables, indicating that a stronger correlation results from a combination of feature variables. 

All the Building_Zone values in Table 35 have their strongest correlation with only two of feature variables: 

Expected_Enrolment_Norm (i.e., Expected Students Normalized) and Expected_Employment_Norm (i.e., 

Expected Employees Normalized). This can be seen in the table where the highest values in are highlighted 

in green.  

One Building_Zone, PHY_03_35, has equal R-Squared for both Expected_Enrolment_Norm and 

Expected_Employment_Norm: 0.906. Further investigation revealed that the equivalent values were 

coincidental. 

The regression analysis indicated that, during university working hours, the most important variables for 

predicting the number of wireless users in each Building Zone were Expected_Enrolment_Norm (based 

on class enrollments) and Expected_Employment_Norm (based on faculty and staff office assignments).  

No regression analysis was completed for non-working hours, which likely explains the low R-Squared 

values for variables Day_of_Week and Hour_and_Minute. Another likely explanation is the non-linear 

relationship between Users and the time variables Day_of_Week and Hour_and_Minute. Further 

investigations could include “one-hot encoding” for those two class variables, or the use of a 

transformation function to make the relationship between the variables linear.  
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6.0 Discussion 
 

6.1 The University of Waterloo Context 
 

The University of Waterloo is one of the largest universities in Canada, with over 42,000 students. It is 

situated in the 10th largest metropolitan area in the country, the Region of Waterloo, but most incoming 

students hail from outside the Region, primarily the Greater Toronto Area. The institution has a high 

percentage of international students. Waterloo also has many residence beds, relative to the student 

population size- first year students are guaranteed on-campus residence. 

The large proportion of the student population that hails from outside the Region, plus the numerous on-

campus residences, mean that the main campus sees significant activity, both during and after working 

hours. University buildings host both academic and social activities, and the campus is often described as 

a “small city”. 

The university is open year-round, with upwards of 25,000 students registered during spring/summer 

terms. Over 60% of students are registered in co-op programs, where academic terms are interspersed 

with work terms during which students work full-time for employers to gain real-world experience. Most 

work locations are outside the Region, which means that many students change their city of residence 

multiple times during the year.    

The year-round operation, highly mobile student population, high percentage of out-of-town students, 

and main campus as a hub of activity combine to contribute to a unique culture at the institution. Some 

full-time students may spend up to half of their undergraduate career outside the Region, and social 

connections to classmates may take longer to develop.  

Understanding the culture of the university is important to administrators for marketing, retention, health 

and wellness, student and alumni engagement, and strategic planning, among other concerns.  

The major elements of Culture are understood to be symbols, language, norms, values, artifacts. At the 

University of Waterloo, departments interested in understanding and influencing campus culture are 

continually investigating new ways of understanding student attitudes and behaviour. Tools used include 

surveys, social media analyses, and academic research projects. 

One underutilized source of student activity data is Wi-Fi logs. The campus’ extensive Wi-Fi infrastructure 

and extensive use of Wi-Fi-enabled devices could be leveraged to understand population activities. If a 

population can be understood/defined in terms of {identities, count, location, activity, timing} [17,25] 

then Wi-Fi logs can be a rich source of research data to investigate student behaviour. 

 

6.2 COVID-19 Considerations 
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The university’s high percentage of international and out-of-town students may also be an issue for 

monitoring vaccinations and the potential impact of the virus. Students who move cities for co-op work 

opportunities also are part of Waterloo’s highly mobile community. 

Given the large numbers of students who travel out of the Region, it may be useful to understand student 

movement on campus, to limit the potential spread of illness. Potential hotspots could be identified based 

on crowd levels, or persons entering prohibited spaces could be automatically notified that an area has 

been declared off-limits for given periods.  

Some researchers have suggested using Wi-Fi logs for contact tracing, but the utility of the data for that 

purpose is very limited. Wi-Fi logs data from typical AP deployments cannot be used to determine if two 

persons who had connections to the same AP were in proximity. 

 

 

6.3 Data Processing Challenges 
 

The six datasets used in this research project were generated from five administrative systems tracking 

the university’s class schedules, building records, telephone extensions, Wi-Fi logs, and AP deployments. 

Differing definitions and value sets were used in each system for record-keeping. 

Building codes and names differed in some of the systems. Some used three-letter building abbreviations 

while others used two. In some cases, buildings had been renamed, but had not been updated in all 

administrative systems. The definition of a “building” also differs between departments- some contiguous 

spaces are considered single buildings by one department, but separate named buildings by others. 

Floor codes differed in some buildings- basements could be designated “B1” in one system, and “00” in 

another. Some floor levels, recorded in some administrative systems, were not present in others- usually 

because the rooms on those floors were for maintenance needs and not accessible to the general 

population. 

For rooms, leading zeroes were an issue for room numbers, with some systems making use of them, and 

others not. In most circumstances this was not an issue, since the data was summarized at a level of 

Building Floor Zone, but occasionally lookup/matching functions failed because of inexact matches. 

The separate administrative systems are not updated at the same time, so some systems have out of date 

information, where major renovations had taken place. For example, walls may have been moved, rooms 

renumbered, or areas of a building made inactive/unusable. In those circumstances, the SPO’s 

administrative system was considered the system of record for building information. 

Data errors were present in a few systems, including misspellings, duplicates, and missing data. Obvious 

errors were corrected manually using official university systems of record. Other errors were deleted from 

the dataset. Many of the errors were associated with older buildings, not within the Ring Road “circle”. 

Since the research focused on Academic and Academic Support buildings on the main campus, most of 

which are located within Ring Road, these errors were not material to the analysis. 
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Half-hour rounding of the session logs’ start and end times meant that matching blending datasets could 

be done for 30-minute periods only- correlating occupancy counts would be simpler with start and end 

times rounded to 5-minute periods, at most. Half-hour rounding also increased the degree of data 

processing, as it introduced duplicates in the data as individuals moved through a building and their 

connections to APs switched. 

The most significant data processing challenge involved reading the millions of rows of Wi-Fi logs. On 

average, over 4 million log records were created weekly during the first six weeks of 2020. Reading and 

transformation of the Wi-Fi logs was done on an Engineering Computing Linux server used for long-

running data science tasks.   

 

 

6.4 Findings 
 

Overall, the crowd patterns identified in the project were consistent with researcher expectations. 

Buildings considered “gateways” to campus, i.e., close to transportation hubs, had the most traffic. Also, 

spaces built for circulation and people traffic- foyers, courts, atria- also had high person counts. 

Cluster analysis of the 800 unique values of Building Floor Zones space data suggested several distinct 

categories (19) very close to the number of space groupings defined by the government (20). This could 

be explained by the fact that two of the government categories (Health Science Clinical Facilities, Animal 

Space) are not well represented at the University of Waterloo; those two other areas (i.e., Food Services, 

Bookstores) are co-located with large circulation areas; and each Building Floor Zone generally consists of 

one type of space (e.g., Classrooms).  

Wi-Fi activity in academic and academic-support buildings was strongly correlated with employee 

locations and class schedules during working hours, as expected. During working hours, the number of 

users measured by session logs far exceeded the expected number of students and employees. This likely 

meant that students were present in spaces during times they had no classes- perhaps lounging between 

classes or using empty classrooms for studying and socializing. 

If only students and employees who remained in a Building Floor Zone space for at least an hour was 

counted, then there was a closer correlation with expected occupancy. This would be expected since class 

times are typically an hour in length. 

There was significant activity in buildings after hours and on weekends. 

Predictive analysis of person counts in Academic and Academic Support buildings had a low accuracy, 

based on the feature variables chosen. This was likely due to the presence of persons in a Building Floor 

Zone who did not have scheduled classes, i.e., additional persons who were using empty classrooms or 

remaining in circulation spaces between classes. 
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6.5 Limitations 
 

The research findings were limited by the accuracy and completeness of the source datasets, and the 

difficulties in combining the different data files. 

The Wi-Fi logs’ Start Times and End Times were rounded to the nearest half-hour, which made it difficult 

to distinguish between users with short and long durations of connection to specific APs. Many records 

had identical Start Times and End Times, which meant that the true period of connection to an AP could 

have been anywhere from 1 to 29 minutes (e.g., duration 11:43 am to 11:44 am would have Start Time = 

11:30 a.m. and End Time = 11:30 a.m.; duration 11:46 a.m. to 12:14 p.m. would have a Start Time = 

12:00 p.m. and End Time = 12:00 p.m.); Start Times and End Times that differed by 30 minutes, could 

represent duration periods of anywhere from 2 to 58 minutes (e.g., duration 11:44 am to 11:46 am 

would have Start Time = 11:30 a.m. and End Time = 12:00 p.m.; duration 11:46 a.m. to 12:44 p.m. would 

have a Start Time = 12:00 p.m. and End Time = 12:30 p.m.). Difficulty is clearly distinguishing between 

connections of short and long durations limited the correlation analysis between the connection logs 

and class schedules, since classes are typically 1 hour long. 

The rounding of Wi-Fi logs’ Start Times and End Times also meant that some duplicate records were 

created when individuals connected to more than one AP within half-hour periods. An individual who 

connected, in turn, to nearby APs while traversing a space would have the same Start and End Times at 

each AP, if their total journey lasted less than 30 minutes. Duplicate records were removed from the 

wireless logs dataset before processing.  

The Wi-Fi logs datasets were also incomplete. The recording of Wi-Fi connections was sometimes 

inconsistent, leading to missing data at certain APs. In some cases, very little data was collected from 

some buildings, or no data was collected from specific APs in buildings. The data was still sufficient to 

perform analyses, but there were limitations to the precision and accuracy measurements gleaned from 

the analysis. 

Missing and/or incomplete data was also an issue in other datasets, e.g., employee office locations, AP 

installations, floor layouts. The reasons for the errors and omissions varied, including systems of records 

not being updated with the latest building changes, data entry typos, and illegible documents. In some 

cases, the missing/incomplete/incorrect data was corrected by cross-referencing with other official 

sources, or by manual verification (e.g., visiting a Building Floor to get the true physical location of an 

AP). 

Finally, combining the six datasets involved making a few assumptions about the data. One important 

example involves students and/or employees that carry more than one Wi-Fi-enabled device: the Wi-Fi 

logs record both devices’ connections, but there wasn’t a simple way of distinguishing between a mobile 

device (e.g., a smartphone or tablet) or a laptop. In those cases, one device was chosen for everyone 

(the “maximum” value of their multiple Device Ids) to represent their activity across campus, which may 

not have correlated with the actual device on their person at any given time. 

Another example of data assumptions involved shared rooms and spaces. Some building rooms on 

campus are used for multiple functions and are shared by two or three departments; their COU 
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Category classifications vary as well. In those cases, the categorization used by the largest user of the 

shared space was used to classify the room type. 

The missing and/or incomplete data did not significantly impact the data analysis: the broad patterns 

and trends displayed in the analysis were still obvious, but the level of accuracy was lowered. The 

analysis of datasets from different sources, and the combining of those records, typically requires the 

use of techniques that are not overly sensitive to missing and/or incomplete data, i.e., methods that can 

embrace “messy” data and still produce meaningful results. 

  

 

6.6 Future Analysis 
 

Further research into the use of session logs could involve the use of more granular data, and additional 

datasets to provide supporting information.  

Session logs with greater temporal granularity would also enable more accurate analyses. The rounding 

of Start Times and End Times to the nearest half hour limited the possible analysis- it meant that 

corroborating analyses of employee working hours and students’ class schedules could only be considered 

in 30-minute periods as well. For example, many university classes are scheduled for 50 minutes Monday, 

Wednesday, Friday; or for 1 hr. 15 mins. Tuesdays and Thursdays; or for 2 hrs. 30 mins. weekly.  

The use of Building Floor zone as the smallest identifiable area of a building could be further refined using 

GPS coordinates, centered on AP locations. The use of the first two or three characters to define a Building 

Floor zone is inaccurate on Building Floors where the room numbers of adjacent rooms are not 

continuous, this happens occasionally, when perpendicular hallways meet.  

Combining session logs with employee and student schedules, using hashed unique identifiers, could also 

help to determine the extent to which wireless connections span Building Floors. A mapping of AP 

connection to probable user locations could then be developed by machine learning algorithms.  

The data analyzed was for a single six-week period from January to mid-February 2020. Further research 

could involve differing periods of low and high activity, e.g., holidays, exam periods, orientation week.  

Further research could also be performed using sessions logs from non-academic buildings, such as 

athletic facilities, dining areas, student residences and health services. These analyses would help 

university administration understand the extent to which students make use of those spaces, to inform 

capacity planning, student engagement, and health and wellness. 

This analysis of connection logs can be repeated with more detailed and up-to-date records for 

connection logs, Building Floor plans, employee, and student schedules. The method can be 

implemented in any environment with extensive wireless coverage, authenticated users and a large 

uptake/usage of wireless devices. Standard/consistent definitions of persons, spaces and equipment is 

necessary for minimizing the amount of data scrubbing required.  
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7.0 Conclusions 
 

Previous research projects aimed at estimating crowd counts in internal spaces, using wireless data logs, 

were limited by Wi-Fi architecture and location-specific constraints. Load balancing across Access Points, 

signal attenuation by occluding objects such as walls, furniture, and equipment, overlapping AP coverage 

areas, open areas, user adoption rates and building layouts all impose calibration difficulties specific to 

the given research location. Person densities were either calculated at a building or floor level, reflecting 

the difficulty of providing a precise location for a person, given a Wi-Fi connection.    

On a university campus, extensive Wi-Fi networks and high usage rates among students and employees 

make Wi-Fi connections a good proxy for person counts. The low cost of Wi-Fi, high data rates, ease of 

transferability, and that most new devices come with Wi-Fi components pre-installed, make uptake very 

high. Other, competing, wireless technologies have limited utility and higher costs.  

In this project, Wi-Fi logs were combined with additional datasets to provide more specific information, 

and more detailed analyses. The datasets’ levels of granularity, constructed to protect security and 

privacy, limited the possible analyses.  

By using complementary datasets and Big Data techniques, a greater degree of confidence in user counts 

from Wi-Fi logs can be achieved. Building and floor layouts can suggest more specific areas of a building 

and floor, for a given AP. Class schedules and employee locations provide reference information which 

can be used to validate Wi-Fi logs data, for areas of campus where student and employee activity is 

scheduled, such as Academic and Academic Support buildings.   

By combining datasets from multiple administrative systems, useful insights can be drawn. Facilities 

Management information on area, space usage, and building layout can explain patterns in Wi-Fi logs, or 

inform policies on space utilization and building management. The real-time person density in circulation 

areas can be calculated with a high degree of confidence if Wi-Fi logs are cross-referenced against student 

and employee schedules, and floor layouts. Common definitions and value sets across administrative 

systems make combining data much simpler. 

The technique can be developed further by incorporating more granular wireless network logs, individual 

work/study schedules for employees and students, and building zones defined using GPS coordinates. The 

coverage areas for building APs can be determined by comparing wireless logs to employee and student 

schedules; GPS coordinates would provide more accurate zones than floor and room numbers. Finally, 

standardized encoding of space information in admin systems across departments, coordinated updates 

to administrative systems of record, and machine learning techniques applied to the combined data will 

streamline data processing and provide more useful results. 
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Appendix A: List of Acronyms 
 

Acronyms Description 

AP Access Point 

COU Council of Ontario Universities 

SPO Space Planning Office 

IST Information Systems and Technology 

SOC Security Operations Centre 

ICT Information & Communication Technology 
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Appendix B:  

AP Counts for Buildings with Known (Y) and Unknown (N) AP Locations;  

Log Counts for Buildings with Known (Y) and Unknown (N) AP Locations 
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Appendix C: Council of Ontario Universities Space Categories 
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Appendix D:  

Correlation Coefficients for User, User30 and User60 vs. Expected Users 

for Building Floors 
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Appendix E: Correlation Coefficient Values for User, User30 and User60 

for Building Floor Zones 
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Appendix F: Comparison of Coefficient of Correlation Values for User vs 

Expected Occupants, by Building Floors and Building Floor Zones. 
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