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Since the COVID-19 pandemic, air quality has become a public concern due to infectious diseases 

spread by aerosols. A methodology is presented to map the movement and size of particles using 

a network of low-cost particulate matter (PM) sensors to determine aerosol persistence in operating 

rooms (ORs) and intensive care units (ICUs). Mimicking aerosol generation by a patient, we 

nebulized saline solution to create NaCl particles that function as tracers for potentially infectious 

aerosols. The ORs rapidly returned to the background after the aerosolization, with a minimum of 

94 seconds and a maximum of 254 seconds due to the high air exchange rate. The ICUs had more 

variability. Positive pressure (door closed) and neutral pressure (door open) ICUs took the longest 

to clear with a maximum of 830 seconds. Negative-pressure rooms returned to background level 

to background levels of aerosols on average 1.5-2 times faster than positive-pressure and neutral-

pressure rooms (~500 sec). In positive and neutral-pressure rooms, the aerosol plume exfiltrates 

from the room ~1-2 minutes after the start of aerosolization, with up to 7% of total generated 



 
 

aerosols escaping the ICUs in positive pressure rooms and up to 17% -- in neutral pressure rooms. 

The outside sensors in negative-pressure ICUs remained at background levels in each experiment.  

After the initial spike at the aerosolization source (head of the bed), the rooms become 'well-mixed' 

after 100sec, i.e., the aerosol concentration becomes uniform. The PM level reduces the 

exponential decay rate. Negative pressure ICUs consistently had the fastest decay rate, with an 

average of 1.5-2 x faster than positive or neutral pressure rooms. Statistical K-means analysis of 

aerosol spatio-temporal distribution was performed; the clustering algorithm suggested that ICU 

could be divided into three distinct zones of similar aerosol levels. This gave similar results to 

zoning the room spatially by sorting the room into (i) the zone near the aerosolization source (the 

head of the bed), (ii) the periphery of the room, and (ii) the antechamber and directly outside the 

room. The K-means clustering did not work for ORs since some sensors never saw a rise in aerosol, 

and the room never became well-mixed. Instead, the OR zones were chosen based on the proximity 

to the aerosol source. In future studies, long-term monitoring can be attempted, and the current 

study can be used to inform sensor location and grid density in the network. For example, in ICU, 

a single sensor instead of using a grid of 16-20 sensors to show aerosol decay could be beneficial 

to simplify and expedite the experimental process. Experiments in ORs with a prolonged 

aerosolization period (5 minutes) could show more detailed airflow patterns than those done here 

(only 1 minute). This research was limited by a small data set (5 ORs and 4 ICUs); additional work 

monitoring more ICUs and ORs would help validate this work and generalize the monitoring 

approach. This network monitoring approach can also be extended to other medical settings, such 

as emergency departments, ambulatory clinics, etc. 
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2 Chapter 1: Introduction 

2.1 Motivation 

Since early 2020, exposure to the SARS-CoV-2 virus and its variants has been a significant 

concern for patients and hospital staff. Like influenza virus and other respiratory diseases, SARS-

CoV-2 be spread by inhalation of aerosols containing viable virions. 1, 2. Hospital environments, 

such as ORs, ICUs, EDs, etc., are particularly susceptible to the spread of infection, and the aerosol 

monitoring approaches can aid in combatting the spread of airborne diseases. For example, 

surfaces and air samples from an ICU with a ready-to-discharge patient previously diagnosed with 

Covid-19 showed that while all surface samples tested negative, air samples still tested positive, 

implying that SARS-CoV-2 shed and persisted as aerosol days after a patient tests negative. 3 There 

have been some efforts to model and measure aerosol movements within hospital environments; 4 

however, a systematic approach to characterize the fate of aerosols released in the hospital 

environment has not been reported. The current practice in controlling the spread of infectious 

aerosols in ICUs utilizes negative pressure rooms. It has been suggested that aerosols may persist 

in negative pressure ICUs for 20-30 minutes, and healthcare providers working in the patient room 

should wear fitted respirator masks and other personal protective equipment (PPE).2, 5 Without 

proper characterization, these recommendations remain speculative and may not apply to all ICUs 

and other medical settings. The data-driven approach can be used to develop more targeted aerosol 

mitigation strategies to optimize HVAC systems to monitor and minimize the spread of infectious 

aerosols in medical facilities. 

2.2 Background 

Recent advancements in low-cost particulate matter (PM) sensors led to their extensive use 

in various applications, such as air quality (AQ) in indoor environments 6, 7 and outdoor 8, 9, 
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including large-scale deployments 10-12 by academic researchers and citizen scientists. Optical PM 

sensors rely on elastic light scattering providing size-resolved PM concentrations in the 0.3 – 10.0 

μm range. The low-cost sensor measurements may suffer from sensor-to-sensor variability due to 

a lack of quality control and differences between individual components.13, 14 The scattering light 

intensity depends on particle size, morphology, complex index of refraction (CRI), and sensor 

geometry. 15 CRI sensitivity can be addressed by optimizing the design to measure scattered light 

at multiple angles simultaneously or by employing dual-wavelength techniques. 16 However, these 

solutions are complex and involve expensive components that are not suitable for compact, low-

cost devices.6 As low-cost sensors find applications in pollution monitoring; various studies have 

evaluated the performance of low-cost PM sensors in laboratory and field settings.13, 17, 18 These 

reports show that low-cost sensors yield usable data when calibrated against research-grade 

reference instruments.11, 19, 20 

The sensor networks have the potential to provide high spatial and temporal resolution, 

identifying pollution sources and hotspots, which in turn can lead to the development of 

intervention strategies for exposure assessment and intervention strategies for susceptible 

individuals. 21 Recently, low-cost air quality sensors have been used in air quality studies, given 

their ability to capture high-resolution spatiotemporal data.22 Data can be fitted to a regression 

model when analyzing large data sets from such networks. Still, for a large number of sensors and 

sequentially collected data, conventional techniques may not suffice. Problems with larger 

dimensions require sequential (or recursive) estimation approaches.23 An essential factor in the 

data analysis to simplify or condense the data is to aggregate data from sensors providing that the 

specifics of the data (such as the locations of the sensor nodes) are not left out.24  
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 There is no universal technique for a distributed sensor network data analysis process. 

However, the k-means clustering algorithm has been used in several wireless sensor networks and 

has been reported to have many benefits.25, 26 The k-means algorithm is useful for clustering sensor 

networks into groups, and it is more efficient to be used in distributed clustering (the method used 

in this paper) rather than centralized clustering. Distributed clustering methods allow every node 

to participate in making clustering decisions instead of choosing a 'head' node for each cluster. 

Clustering algorithms are useful in pattern recognition, artificial intelligence, and statistical 

analyses. 26  

Several recent editorials are now asking for a new review of airborne transmission indoors 

and improved guidelines and standards for indoor air handling. 27 For example, Morawska et al. 

has called for a reevaluation of current air handling standards.28 Both the National Institute for 

Occupational Safety and Health (NIOSH) and the Occupational Safety and Health Administration 

(OSHA) are reviewing and developing standards for workplace environments, including health 

care facilities.29 

In summary, numerous studies demonstrated the need for characterization aerosol 

persistence in indoor settings. There is a lack of space - and time-resolved data on the persistence 

of aerosols in clinical environments. The few studies that have been reported require cumbersome 

equipment and are qualitative. For the first time, this paper provides a methodology for obtaining 

real-time data on the persistence of aerosols in ORs and ICUs using a low-cost sensor network. 

The data from multiple experiments in four ICU rooms was reduced using the K-means analysis 

yielding zonal models describing aerosol fate in clinical environments, including aerosol 

generation and dispersion stages. The zonal models were used to characterize aerosol fate in the 

OR and ICU under different operating conditions and evaluate the difference between positive, 
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neutral, and negative pressure rooms in terms of aerosol decay rates, distribution patterns, and 

aerosol exfiltration.  



5 
 

3 Chapter 2: Experimental Design and Methodology 

3.1 Low-cost Particulate Matter Monitor 

 Time and space-resolved 3D aerosol monitoring require compact devices with accurate 

particle sizing and fast sampling rate.30 This study utilized custom PM monitors that incorporate 

PM sensors, humidity and temperature sensors, Wi-Fi, and cellular LTE chips for data transfer.31 

The data can be transmitted in real-time to the database using a Wi-Fi or cellular connection; the 

secure digital (SD) card is used for onboard data backup. The data acquisition rate was set to 10 

seconds. Each unit incorporates Plantower PMS A003 (Plantower, Beijing Ereach Technology 

Co., Ltd, China). A sensor's photodiode positioned normal to the excitation beam measures the 

light scattered by the particles in the optical volume. The scattering light intensity is then converted 

to a voltage signal to estimate PM number density and mass concentration. The PMS provides 

particle counts in six size bins in the optical diameter range of 0.3-10 µm range and mass 

concentration (µg/m3) for PM1, PM2.5, and PM10. In the analysis, we report total particle 

concentration, i.e., all particles with an optical diameter (dp) > 0.3 µm. This size fraction can stay 

suspended in air due to their low settling velocities and are a suitable surrogate for long-lived 

aerosols that may contain SARS-CoV-2 or other infectious agents. 32 Here, original equipment 

manufacturer (OEM) calibration is used, as relative measurements are sufficient to construct a 

zonal map of the ICU environment.19 
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Figure 1: Left: Exploded view of the PM monitor used for the study consisting of PCB board, LiPo battery, 

and display. The electronics are assembled in an ABS plastic enclosure, with dimensions of (H) 100mm x (W) 

60mm x (D) 25mm and weight 120g. Right: IoT-enabled Sensors. 

3.2 Experimental Procedure 

 In a typical experiment, NaCl particles were generated at the location of the patient's head, 

the aerosol concentration was monitored in real-time until the PM concentration returned to the 

background level. Particles were generated for 60 sec by nebulizing 1% NaCl solution using the 

MADA Up-MistTM Medication nebulizer (MADA Products, Carlstadt, NJ, USA), generating 

particles in 10nm - 2 µm size range.33 Once aerosolized, particle behavior is governed by 

aerodynamic properties, and the chemical composition does not affect their persistence in the 

environment. The 60-second aerosolization was sufficient to produce enough particles for plume 

tracking but not enough to saturate the sensors and was below detection to trip the smoke detectors. 

A short nebulization time is also beneficial as a longer nebulization would result in simultaneous 

particle generation and evacuation, thereby confounding the analysis. The short nebulization 

produced an initial spike, following which the particle concentration decayed as the air was 

exchanged via an HVAC system (through air outlets) or escaped through gaps under the doorway 

or through the open door. Experiments were terminated when the aerosol concentration in the room 

reached the background level, < 1 #/cc (total particle concentration).  
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Particle concentration data with a time-stamp from each sensor were recorded every 10 seconds 

and saved locally to an SD card. Triplicate measurements were made for each experiment. 
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4 Chapter 3: Aerosol Persistence in ICUs 

4.1 Experimental Setup 

This work has been submitted to publication and the preprint is available on MedRxiv.34 To 

capture the spatial distribution, we deployed a sensor network consisting of 15-20 PM monitors in 

a predetermined grid in each ICU and the common areas outside the rooms, see Figure 2. Each 

monitor in the network is shown as a sphere. The 2-3 hallway sensors are located near the gap of 

the bottom of the door and another sensor in the hallway about 10 feet from the door. At least one 

sensor was placed is in the antechamber; if it was present, both negative pressure ICUs had 

antechambers (as shown in Error! Reference source not found.). Aerosol particles are generated 

at a single location, simulating aerosols' generation (during coughing, sneezing, talking, etc). 

Similar to the OR study, the location of the sensors in ICU followed a "standard" sensor location 

grid, expandable or contractible according to room size. This ensures the flexibility and 

adaptability of our measurement and modeling techniques. The time-resolved PM data from each 

monitor are aggregated to create a 3D map of aerosol concentration. 

 
 

Figure 2: Distributed IoT-enabled low-cost sensor network gathers time and space-resolved aerosol 

information during aerosol generation, dispersion, and exfiltration stages. The data is transmitted to a cloud 

server displayed in near real-time. Left: Schematic of typical ICU with sensor locations and locations of 

PM Monitors

Aerosol Generator
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inflow vents, windows, and doors. The black circle represents the aerosolization source. Right: Photograph of 

the sensor network set up in ICU. 

4.2 ICU – Time-resolved Aerosol Distribution 

 Figure 3 shows a typical 3D resolved aerosol distribution map during the aerosolization 

and dispersion phases in ICU 1 for positive, neutral, and negative pressure operations. The NaCl 

particles were generated for 60 sec; the aerosol concentration is monitored in real-time until the 

level comes to typical background measurements. All experiments show the initial concentration 

spike during aerosolization at the head of the bed and uniform spreading in the dispersion phase. 

The analysis of decay rates is presented later in Figures 14-17 and Error! Reference source not 

found.. 

PM spike during the aerosolization (t=0-60sec), the aerosol concentration in the room reaches a 

well-mixed state. At ~100 seconds, the particle plume reaches the outer door of the ICU and 

escapes the room; the particle concentration outside the ICU door reaches its maximum. The 

particle plume becomes diluted as it enters the common area. The monitor did not register the 

particles emitted from the room 20 feet away from the door. The hallway monitors did not register 

any particles escaping the room.  

The concentration spike near the aerosolization source was the lowest with negative 

pressure – the aerosol was effectively mixed inside the room. This is likely due to the higher air 

exchange rate (ACR), resulting in greater air velocities (greater turbulence levels) in the room that 

enhance mixing. The high ACR resulted in a faster return to the baseline level ~500 seconds, 

compared to ~800 seconds in the positive and neutral pressure cases. Even more importantly, the 

outside sensors did not register any spikes in aerosol concentration for negative pressure, 

indicating that the particles generated in the ICU remained in the room. This observation confirmed 

the efficacy of negative pressure ICU for controlling infectious diseases.  
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Figure 3: 3D maps from ICU 1 with positive pressure (door closed), neutral pressure (door open), and 

negative pressure. NaCl particles are nebulized for 60 seconds at the location of the patient's head. Back 

hallway sensors are located 10-20 feet from the door. The black circle indicates the aerosol source site. 
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Both positive pressure and neutral pressure conditions showed similar trends. After the initial  

In some applications, 3D data visualization can be challenging or not informative. For 

example, in the large indoor area monitoring, the vertical scale is much smaller than the horizontal; 

thus, the vertical information can be averaged, or sensors can be deployed on a single level. 2D 

mapping aggregates the time-resolved sensor data. Figure 4 shows the top-down 2D maps room 

under positive, neutral, and negative pressure conditions. To generate these images, the room is 

approximated as a 5x5 2D grid, each grid point with one or more sensors is marked by a number 

for clarity, if two or more sensors were present at any x/y location (sensors stacked vertically), 

their data at each time-stamp were averaged. The data for three independent experiments for each 

time-stamp were averaged. The PM concentration data are then plotted as a spatial heatmap; a 

linear interpolation is used to approximate the PM concentrations between the sensors. As with 

the raw sensor data shown in Error! Reference source not found.Error! Reference source not 

found., the positive and neutral configurations show the initial PM spike at the nebulization source 

and significant mixing and plum propagation to the antechamber at~100 seconds. At 300 seconds, 

the entire room and the antechamber are do not have any significant gradient in the PM 

concentration. In the negative pressure configuration, the aerosol is moving away from the door as 

the PM level is diluted by the fresh air coming from the hallway. The PM concentrations in 

antechamber (#10) and the zone adjacent to the ICU door (#8) are at near-background levels for 

the entire experiment. The data for t=700 sec were not taken since the negative pressure ICU 

returns to the background before that. Note that the experiments were stopped when the aerosol 

concentration reached the typical background level of 1 #/cc ( or 100 #/0.l L as reported by the 

low-cost PMS sensor).  
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ICU Room 1 Neutral Pressure 

 

ICU Room 1 Positive Pressure 

 

ICU Room 1 Negative Pressure 

 

 

Figure 4:  2D heat maps of ICU room 1 averaged across three experiments for each case of (top) Neutral 

pressure, (middle) Positive pressure, (bottom) Negative pressure. 
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4.3 Zonal Analysis 

 Based on the spatio-temporal trends, the environment can be split into zones where the 

aerosol concentrations and persistent trends are similar. While these zones could be assigned based 

on physical location, the data-driven approach could provide insight into aerosol behavior and 

persistence without a priori assumptions and account for PM sources, sinks, and airflow patterns. 

The results of K-means clustering for ICU 1 are shown in Error! Reference source not found.0-

13. Similar to the 3D mapping analysis, the sensor data from three replicate experiments were 

averaged, and three scenarios (positive, neutral, and negative pressure) were evaluated 

independently for each ICU. Zone 1 sensors are shown in blue; these sensors had the largest and 

the earliest spike in PM concentration. Zone 2 (shown in orange) spiked later, and their PM levels 

were consistent. Zone 3 sensors (shown in green) either did not spike very high, had a delayed PM 

spike in aerosol, or did not rise significantly above the background levels. Note that zone 

assignment is a function of threshold level (variance between the sensors) set by the user, and the 

zone assignment can vary, depending on these settings. Figure 9 shows that zone assignment was 

relatively consistent for each ICU; however, the decay time scale and the clear-out rates between 

different ICUs differed significantly. For example, in ICU 1, the algorithm had a slightly different 

split between sensors in Zone 1 and Zone 2; however, Zone 3 stayed the same. Thus, for further 

analysis, a zonal map for each ICU was fixed based on the positive pressure ICU data, and each 

ICU was analyzed separately.  
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Figure 5: Normalized time data from ICU 1 showing aerosol concentration for each spatial zone compared to 

background levels. 
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Figure 6: Normalized time data from ICU 2 showing aerosol concentration for each spatial zone compared to 

background levels. 
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Figure 7: Normalized time data from ICU 3 showing aerosol concentration for each spatial zone compared to 

background levels. 
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Figure 8: Normalized time data from ICU 4 showing aerosol concentration for each spatial zone compared to 

background levels. 

Triplicate measurements were made for each condition - doors open (neutral pressure), 

closed (positive pressure), and negative pressure in ICUs. Based on the spatio-temporal 

information, the sensors were grouped into zones using K-means clustering. [53] The algorithm 

iteratively finds a globally optimal partition of the data into a specified number of clusters. [54] 

A clustering algorithm assigns sensors with similar behavior, such as the 'peak' value and when 

the peak had occurred during the experiment for each sensor. The K-means optimization was 

implemented using Python code for each experiment and each ICU. The K-means optimization 

was not used for OR because the rooms never saw a significant change in aerosol since most of 

the aerosol spike was confined to the head of the bed. Thus, the zones created were not as 

distinct or helpful in interpreting the data. 
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 Figure 9: Automated zones created by the k-means clustering algorithm for each experiment. Blue sensors 

represent Zone 1, orange sensors represent Zone 2, and green sensors represent Zone 3. 

 After creating the zones from the K-means analysis, we performed the same data analysis 

on the ICUs using the new zones. Most of the ICUs showed similar zoning behavior as when we 

zoned the rooms spatially (1 zone at the bed, 1 zone in room periphery and 1 zone outside). 
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However, ICU 2 showed Zone 1 as nearly the entire inside of the room, which means that the 

inside of the room became well-mixed very quickly and stayed at the same levels. We can see 

from both the spatial and K-means data in Figures 5-8 and 10-13 that Zones 1 and 2 are very 

similar. 
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Figure 10: Normalized time data from ICU 1 showing aerosol concentration for each zone compared to 

background levels.  
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Figure 11: Normalized time data from ICU 2 showing aerosol concentration for each zone compared to 

background levels. 
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Figure 12: Normalized time data from ICU 1 showing aerosol concentration for each zone compared to 

background levels. 
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Figure 13: Normalized time data from ICU 4 showing aerosol concentration for each zone compared to 

background levels. 

 Figures 10-13 show the time series of the PM concentrations in each zone of each ICU. 

Since the experimental data had variability in peak concentration (particles/cc), we have 

normalized the data by dividing all the values by the peak value of that experiment. Consequently, 

all the decay rates can be plotted on the same scale, and the plots have a maximum value. Overall, 

the aerosol concentration levels reach the initial background level (1#cc) in positive and neutral 

pressure ICU at ~ 800 seconds and negative pressure ICU at ~500 seconds. Individual zone 

behavior can be generalized as follows:  

• Zone 1 -- the aerosol concentration spikes immediately with particle generation and then 

equilibrates to the average room concentration within 30-60 seconds after aerosolization 

stops.  

• Zone 2 -- PM concentration begins to rise within 10-30 seconds and reaches the maximum 

when the initial peak in Zone 1 is reduced but before the aerosol is diluted by the 

introduction of filtered air. This indicates that generated aerosol at a point is first dispersed 

through the room nearly uniformly before it is evacuated by the HVAC system 
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• Zone 3 -- in the case with positive or neutral pressure, the PM levels are lower as aerosol 

plume exits the ICU through the gaps around the door or through the open door. For 

negative pressure, the PM levels are at the background level as the air comes into the room 

from outside.  

 Though both internal mixing and removal of PM from the room occur simultaneously, the 

timescale for these processes in the ICU is different by order of magnitude. The dispersion of the 

initial spike from Zone 1 to the rest of the room happens over ~30-60 seconds, while the aerosol 

evacuation (return to the background) takes ~ 500-800 seconds. This separation of time scale 

suggests that two phases can be identified: (i) aerosol Dispersion Phase and (ii) Evacuation Phase. 

The dispersion phase is characterized by the spatial redistribution of the initial PM spike to the 

room's periphery (from Zone 1 to Zone 2). After the aerosolization is stopped, the PM 

concentration in Zone 1 rapidly returns to the room's averaged concentration level due to air mixing 

in the room. During the evacuation phase, the aerosol from a well-mixed room is removed via an 

HVAC system or exfiltration through the doors and other openings. It is governed by the overall 

air exchange rate and room condition (i.e., door open or closed, the pressure differential between 

the room and the outside, etc.). In positive and neutral pressure conditions, the aerosol may particle 

escape from the room (from Zone 2 to Zone 3); in the negative pressure operation, the air from the 

adjacent environment infiltrates into the ICU following the pressure differential (from Zone 3 to 

Zone 2). Additional studies are necessary to determine if the distinction between the phases can 

be generalized to other settings; the indoor settings, ventilation rates, type of aerosol generation 

sources, filtration strategies, and other variables are likely to play a role in the duration and overlap 

these phases. The sensor network approach can be utilized to obtain the necessary temporal and 

spatial resolution for these analyses. 
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4.4 ICU Aerosol Decay Rates 

The decay rate analysis was performed to generalize the aerosol persistence in the ICUs. 

During the evacuation phase, the decay rate (DR) was analyzed based on the average of all sensors 

in the ICU (Zone 1 and Zone 2). The concentration decay appeared linear when plotted on the log-

scale against experimental time; however, the decay slopes are different between the ICUs and the 

operational scenarios. Thus, decay rates were fitted to expression in the form  

DR=A exp (bt), 

where A is a pre-exponential constant dependent on the PM levels of the initial spike, b is the decay 

constant, and t is the experimental time. The fits for ICU 1 under positive, neutral, and negative 

pressure are shown in Figure 14 and Table 1. 
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Figure 14: Average time data from ICU 1 showing indoor aerosol concentration and decay rate compared to 

background levels. 
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Figure 15: Average time data from ICU 2 showing indoor aerosol concentration and decay rate compared to 

background levels. 
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Figure 16: Average time data from ICU 3 showing indoor aerosol concentration and decay rate compared to 

background levels. 
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Figure 17: Average time data from ICU 4 showing indoor aerosol concentration and decay rate compared to 

background levels. 

 

 The coefficient (A) of the aerosol spike just depends on where the decay rate line would 

cross the y-axis and does not seem to follow a specific pattern across experiments but clearly 

follows a trend within each ICU. The decay rates exponent (b) depends on the specific ICU. In the 

given ICU, the positive pressure and neutral pressure operation have similar exponents and clear 

out times as the experimental procedures and the initial aerosol spike were similar in magnitude 

between the experiments. The decay rates depend on the sensors inside the room and do not include 

the sensors in Zone 3. ICU 1 clears its PM concentration to background levels nearly twice as fast 

as the other two configurations in the negative pressure configuration. 

In all cases that have negative pressure capabilities, the negative pressure conditions consistently 

show the fastest decay rates. For the rooms with positive and negative pressure capabilities (ICU1 

and ICU3), negative pressure decays on average 1.7x faster than neutral and positive pressure 

rooms. In each ICU, the neutral pressure configurations always have the slowest decay rates, which 

means it takes longer to clear out the room, closely followed by the positive pressure 

configurations. The negative pressure configurations have the fastest decay rates and the fastest 
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time to clear. Some of the configurations with a slower decay rate have a faster time to clear, but 

that is because the initial aerosol spike is higher. 

Table 1:  Decay rate and exfiltration analysis, with the first column as the number of seconds it takes for the 

room to return to background levels and the second column as the decay rate when all sensors converge to 

approximately the same decay rate 60 seconds after the end of aerosolization. 

 

Table 2 estimates the fraction of aerosolized microparticles that was evacuated by the HVAC in 

the ICU vs the fraction exfiltrated from the room to the common areas. This analysis was 

performed for well-mixed conditions by comparing the data from the inside (Zones 1 and 2) and 

outside the room (Zone 3). First, the PM concentration recorded by each sensor (#/cc) was 

corrected to the coverage area (volume) for the location, which is possible due to the evenly 

distributed sensor grid and well-mixed zonal condition. Then the particle count from each sensor 

was added to determine the instantaneous particle count in each zone. As the evacuation phase 

proceeded, the particle count in each zone was integrated throughout the entire experiment, 

determining the fraction of aerosolized particles that stayed in the room or exfiltrated to the 

common area. The procedure was repeated for each experiment and averaged between three 

replicates to determine the confidence intervals. The authors recognize that several uncertainties 

complicate the analysis, such as uneven sensor distribution and non-uniform PM concentration 

within the Zones; thus, this analysis provides the trends in the aerosol fate assessment and not 

exact values.  

ICU Neutral Pressure Positive Pressure Negative Pressure 

 Time to 
Clear (sec) 

Decay Rate (DR) Time to 
Clear (sec) 

Decay Rate (DR) Time to 
Clear (sec) 

Decay Rate (DR) 

ICU 1 821 0.159exp⁡(−0.0037𝑡) 830 0.332exp⁡(−0.0027𝑡) 450 0.354exp⁡(−0.0049𝑡) 

ICU 2 502 1.648exp⁡(−0.0089𝑡) 565 1.125exp⁡(−0.0088𝑡) N/A N/A 

ICU 3 830 0.109exp⁡(−0.0036𝑡) 830 0.086exp⁡(−0.0033𝑡) 530 0.415exp⁡(−0.0076𝑡) 

ICU 4 465 0.097exp⁡(−0.0068𝑡) N/A N/A N/A N/A 
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Some of the scenarios (particularly negative pressure) show a negative percentage of aerosol, 

which means the level of aerosol fell below background levels. This implies that aerosol was 

sucked away from this sensor during the experiment. The neutral pressure scenarios consistently 

had the most leaked aerosol with a maximum of 17.6%, and the negative pressure scenarios did 

not exhibit any exfiltration. 

By analyzing the number of aerosols at each sensor at various time steps, we can find that in the 

neutral pressure case, between 2.4% and 20.2% of the total aerosol measured went outside the 

room. In the positive pressure case, between 0% and 5.9% of the total aerosol measured escaped 

the room and was detected by the outside sensors. In the negative pressure case, the outside sensors 

did not measure increased PM concentration. 

Table 2: Percentage of aerosols that dispersed to each location (inside the room, under the doorway, and at 

the nursing station) after aerosolization.  

ICU Negative Pressure Positive Pressure Neutral Pressure 

 Inside (%) Doorway 
(%) 

Nurse 
Station (%) 

Inside (%) Doorway 
(%) 

Nurse 
Station (%) 

Inside (%) Doorway 
(%) 

Nurse 
Station (%) 

ICU 1 101.8 ± 1.3 -1.2 ± 0.9 -0.5 ± 0.4 97.5 ± 2.7 6.0 ± 0.1 -3.5 ± 2.6 95.1 ± 1.5 5.6 ± 1.8 -0.8 ± 0.5 

ICU 2 N/A N/A N/A 94.1 ± 1.9 4.3 ± 1.4 1.6 ± 0.6 86.3 ± 4.2 14.2 ± 1.4 0.6 ± 0.3 

ICU 3 103.4 ± 0.8 -2.5 ± 0.5 -0.9 ± 0.3 101.3 ± 0.9 -0.3 ± 0.9 -1.0 ± 0.0 97.5 ± 2.0 2.9 ± 1.8 -0.5 ± 0.3 

ICU 4 N/A N/A N/A N/A N/A N/A 79.8 ± 2.1 18.5 ± 1.3 1.7 ± 1.0 

 

4.5 ICU Results Discussion 

 Initial experiments performed in 4 ICUs studied aerosols behavior and flow patterns under 

negative, neutral, and positive pressure. Adjacent areas such as anterooms and hallways were 

monitored to assess the presence of fugitive aerosols. This data-driven approach characterizes the 

aerosol persistence in indoor spaces and allows for monitoring HVAC system performance under 

real-world conditions. The zone immediately outside of the ICU in the neutral and positive 
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pressure scenarios shows the presence of fugitive aerosols, while the nursing stations outside the 

ICU (10-20 ft away from the ICU) do not show the spike in the PM levels. In negative pressure 

ICUs, there were little to no fugitive aerosols found. 

 Unlike ORs, ICUs had generalizable behavior. They showed that each zone had an initial 

spike at different times, then reached a well-mixed condition and exfiltrated aerosol at the same 

rate. When zoning the ICU via K-Means, the data shown gave the same message as when the room 

was zoned spatially in terms of decay rates and aerosol exfiltration but could also identify dead 

zones and hotspots of aerosol. We also were able to find that the aerosol decay rate for a negative-

pressure ICU was nearly twice as fast as positive or neutral pressure ICUs, and no aerosol escaped 

in the negative pressure configuration. The neutral and positive pressure configurations both had 

similar decay rates, but the neutral pressure rooms allowed up to 20% of the aerosol to escape 

outside the room into the hallway and outside the ICU, whereas the positive pressure room only 

allowed up to about 5% of aerosols to reach the surrounding areas. 

 These experiments provide the baseline for modeling the persistence and dispersion of 

aerosols in both ICUs and non-ICU clinical spaces. In future measurements and analysis, we will 

optimize sensor number and location and assess and model for adaptability for different physical 

clinical locations as well as built-in elasticity to the models. Methods of choosing the number of 

sensors and their placements have been outlined before for complex dynamical systems and could 

be applied to these sensor networks. Extension of sensor network measurements, data integration, 

and visualization to other patient care environments would inform the optimization of air handling 

strategies and minimization of risks from potential airborne infectious agents in additional less 

well-defined clinical areas. 
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5 Chapter 4: Aerosol Persistence in Operating Rooms 

The location of the sensors in a representative OR, shown in Figure 18, is a "standard" 

sensor location grid, expandable or contractible according to room size. This ensures the 

flexibility and adaptability of our measurement and modeling techniques. All of the ORs we 

measured have inlet vents located above or near the OR table, with three or four outlet vents 

situated at floor level, usually in the corners. The air inlet is located above or nearly above the 

bed. 

 

Figure 18: Schematic of typical ORs (Left OR-C, Right OR-D) with sensor locations and location of inflow 

and outflow vents. The air inlet is located above or nearly above the bed and is shown as blue rectangles; each 

dot represents a sensor, while red squares represent outlet vent locations. Sensors are located close to the gap 

at the bottom of the door to capture aerosol plume propagation to the hallway. The background sensor is 

positioned in the hallway, 10-20 feet from the OR door. Sensors are grouped into zones based on proximity to 

the aerosol generation source and on similarities in time-resolved particle concentration behavior. 

 

5.1 Initial Harborview Medical Center Experiments 

 We conducted the first experiments in Harborview Medical Center (HMC, OR-A). These 

initial experiments evaluated the overall approach and informed the future study, so these initial 

results vary more than the results from UWMC. However, the data presented in this thesis for 

completeness. There were no sensors outside the room, and in one of the experiments, we 
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aerosolized the NaCl particles for 5 minutes instead of 1 minute. Figure 19 shows the time-

stamped data from sensor measurements. The sensor locations are shown as small spheres 

colored by the PM concentration (#/cc).  

10 sec  100 sec  240 sec  

   Scale                                                                                          
   #/cc (Dp>0.3μm)                                          0 – 1          1 – 2.5       2.5 – 5        5 – 25           >25 

   
Figure 19: Example 3D map from OR-E. Aerosolization occurred at the head of the bed for 1 minute, and 

results are shown at 10s, 100s, and 240s. 

 The time-resolved data is shown in Figure 20 by separating the data into three zones, with 

Zone 1 consisting of the sensors closest to the aerosolization source, Zone 2 consisting of the 

sensors around the bed, and Zone 3 consisting of the sensors at the room periphery. The 1-minute 

aerosolization experiment had a high variation in sensor data, but in the third experiment (with 

the 5 minute aerosolization period), there was an evident rise and fall time for all the zones.  

 Figure 20 shows the time evolution of the PM levels in each zone based on the average of 

three trials for each condition. The left image shows the experiment in which NaCl particles were 

nebulized for 1 minute, and on the right, the experiment in which NaCl particles were nebulized 

for 5 minutes. Since some sensors showed significantly higher aerosol levels than others, the data 

is shown on a log10 scale for comparison purposes. The data are also normalized to the maximum 

sensor measurement. The dashed line represents the background PM level at the start of the 

experiment. Both experiments ran until all the sensors reached (or got very close to) background 
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levels. Since the first experiment had a short nebulization time, the room was not fully saturated 

with aerosols as it was in the 5-minute nebulization experiment and thus cleared out much faster. 

The analysis of the decay rates is presented later in the thesis.  

  
Figure 20: Normalized time data from OR-E showing aerosol concentration for each zone compared to 

background levels.  

 The time-resolved data and the 3D maps show that the room cleared out quickly, and the 

only significant spike in aerosol concentration was detected near the aerosol source. However, 

when the aerosolization period is set to 5 minutes instead of 1 minute, we clearly distinguish 

between the three zones. Zone 1 spikes the highest and soonest, then Zone 2 and Zone 3 following 

soon after. Soon after the aerosolization is stopped, the room becomes 'well-mixed' where all the 

zones converge to approximately the same aerosol concentration. The PM level decay as the 

aerosol is evacuated by the HVAC system until the room returns to the background levels. 

5.2 UW Medical Center OR Experiments 

5.2.1 Study design 

Informed by the initial experiments at HMC, the UWMC OR monitoring approach was 

more systematic. Four OR rooms were studied (ORs B-E). The location of the sensors in a 

representative OR, shown in Figure , is a "standard" sensor location grid, expandable or 

contractible according to room size. This ensures the flexibility and adaptability of our 
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measurement and modeling. All ORs had inlet vents above or near the OR table, with three or four 

outlet vents situated at floor level, usually in the corners. Airflow velocities for each outlet and the 

door gap at the bottom of the door were measured using a hot-wire anemometer. Table 1 presents 

the dimension of the ORs and the flow rates. Additional sensors were placed outside the room to 

monitor fugitive aerosol escaping the room and background concentration in the facility. Aerosol 

particles were generated at a single location at the head of the bed. 

 

Figure 21: Schematic of typical ORs (Left OR-C, Right OR-D) with sensor locations and locations of inflow 

and outflow vents. The air inlet is located above or nearly above the bed and is shown as blue rectangles; each 

dot represents a sensor, while red squares represent outlet vent locations. The hallway sensors are located 

close to the gap at the bottom of the door to capture aerosol plume propagation to the hallway. The 

background sensor is positioned in the hallway, 10-20 feet from the OR door.  

Table 1. OR room dimensions, and the number, location, dimensions and measured flow rates for intake and 

exhaust vents 

Room Overall Dimensions Outlet vents Doors  
(Underneath) 

Room Air 
Supply 

Room ACH 

 Dimensions 
(m) 

Volume 
(m3) 

Total 
Area 
(m2) 

Flow Rate 
(m3/s) 

Total 
Area 
(m2) 

Flow Rate 
(m3/s) 

Ft3/minute Air 
Exchanges 

per Hour 

OR B  7.3 x 7 x 2.7 143.1 0.44 0.711 0.025 0.106 2310 27.4 

OR C  7 x 7.6 x 2.8 151.5 0.47 0.635 0.067 0.284 2700 30.3 
OR D 7.8 x 9.4 x 2.8 252.1 0.74 0.974 0.156 0.531 2700 18.2 

OR E 7.2 x 7.3 x 2.8 138.5 0.44 0.922 0.081 0.331 2180 26.7 
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5.2.2 3D mapping of Aerosol Concentration in UWMC ORs 

 For each experiment, the PM data was first synced to the start of the nebulization (used as 

the datum). The sensor readings were averaged in 10-second epochs for each sensor; these data 

were used to create a time-resolved 3D map of aerosol distribution. The data for each experiment 

are plotted as a 3D map at given time-stamps (Figure 22) and linearly (Figures 23-26).  

 Aerosolization Phase t1=10 
sec  

Dispersion Phase t2= 100sec  Exfiltration Phase t3=240 sec  

   Scale                                                                                       
   #/cc (Dp>0.3μm)                                           0 – 1         1 – 2.5       2.5 – 5        5 – 25          >25 
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Figure 22: 3D maps of OR-C and OR-D during aerosolization and particle dispersion stages. NaCl particles 

are aerosolized for 60 secs from a position at the head of the OR table. Sensors are deployed in a 

predetermined pattern, shown as the points colored according to real-time PM concentration.  

Figure 22 shows a typical 3D resolved aerosol distribution map during the aerosolization 

and dispersion phases in OR-C and OR-D for operations. The NaCl particles were generated for 

60 sec; the aerosol concentration is monitored in real-time until the level comes to typical 

background measurements. All experiments show the initial concentration spike during 

aerosolization at the head of the bed and non-uniform spreading in the dispersion phase. 
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5.2.3 Zonal Analysis of Aerosol Decay in OR 

 The following plots show the results for each OR, based on three replicates. The 

background level is defined as the average aerosol level before the experiment began, and the data 

is zoned spatially. Sensors are grouped into zones based on proximity to the aerosol generation 

source and similarities in time-resolved particle concentration behavior. Zone 1 is directly around 

or on the head of the bed (source of aerosolization), Zone 2 is the room periphery, and Zone 3 

consists of the outdoor sensors. 

 

Figure 23: Normalized time data from OR-5 showing aerosol concentration for each zone compared to 

background levels. 

 

Figure 24: Normalized time data from OR-12 showing aerosol concentration for each zone compared to 

background levels. 
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Figure 25: Normalized time data from OR-7 showing aerosol concentration for each zone compared to 

background levels. 

 

Figure 26: Normalized time data from OR-16 showing aerosol concentration for each zone compared to 

background levels. 

Table 3: Time required for each OR to return to background levels in each experiment. 

 

OR Time to Clear (seconds) 

 Open Blocked 

OR-A 94 99 

OR-B 101 123 

OR-C 253 254 

OR-D 140 157 

OR-E 230 N/A 
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 In each experiment, the aerosol returns to background levels within 1.5 - 4.5 minutes, 

which is fast for such a big room. Though it is not included in this table, the OR-A experiment in 

which the aerosolization period is changed to 5 minutes instead of 1 minute causes the time to 

clear to rise from 30-200 seconds after the end of aerosolization up to 600 seconds after the end of 

aerosolization. In ORs, future experimentation could be done using a more extended aerosolization 

period to show airflow patterns, rates, and 'dead zones.' 

5.3 Chapter 5: Discussion and Future Work 

5.3.1 Indoor Monitoring 

Flexible deployment of a low-cost sensor network offers real-time, space-resolved 3D 

monitoring that is not achievable by traditional methods. Alternative instruments are expensive, 

bulky, and only provide single-point measurements without real-time monitoring capabilities. Our 

initial deployment of a 25-sensor network in the UW Harborview Medical Center (HMC) 

operating room demonstrated the approach's feasibility. We were able to visualize particulate 

concentration in real-time and quantitatively describe the persistence of fine particles after the 

aerosol generation events. The team has also evaluated the approach in the recent deployments at 

Boeing manufacturing facilities and pilot epidemiological studies. However, the time-resolved 3D 

aerosol measurements in medical facilities have not been presented in the scientific literature 

outside of our initial experiments.  

The data accuracy from low-cost devices, especially in informal networks, is a contentious 

point in air quality research. The data quality without regular on-site calibration can come under 

scrutiny, and the on-site calibration can be costly, especially for large deployments 12, 35. For 

example, Jiao et al. evaluated a wide variety of low-cost PM sensors; some sensors had a good 

agreement between identical sensors but moderate agreement with a reference PM2.5 instrument 
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(e.g., R =  0.65) 9. Multiple authors reported in-situ calibration and data correction strategies in the 

network deployment 36. Kelly et al. reported that in ambient tests, the PMS sensor correlates well 

with gravimetric methods and not with particle counts 18. This was confirmed by Huang et al., who 

showed that OEM calibration for the number density concentration of the same sensor is not 

inaccurate; however, the calibration for PM2.5 compared well over the range of PM concentrations 

and CRI values. 

The sensor network addresses several market sectors, including medical facilities, 

occupational settings, sports venues, public spaces, government buildings, and the consumer 

market. Applications in medical facilities operation can be related to optimization of the existing 

infrastructure through providing periodic consulting services or permanent installation of the fixed 

sensor networks in areas of interest (OR, ICU, ED). In occupational settings, our approach 

provides a solution for businesses to improve indoor air quality systems to address worker safety, 

especially in an environment with high PM loading. For government entities (schools, public 

spaces, government buildings), the sensor network provides real-time information on indoor air 

quality during periods of wildfires or other poor air quality events and informs the decisions on 

building operations. In the consumer markets, we envision sensor sales with a personalized app 

interface for monitoring household PM levels (room-by-room) and suggesting potential indoor air 

quality improvement strategies. 

Mitigation strategies for potentially infectious aerosols can include using air purifiers to 

minimize the infection risk of COVID-19 and other infectious aerosols. We will work with 

Harborview MC, UWMC, and UW School of Dentistry (SoD) personnel to develop evidence-

based solutions for the operation of medical facilities and other public spaces. The sensor network 

will inform the decisions on HVAC operations, operating room scheduling, optimization of air 
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filtration in ICU, EDs, ambulatory clinics, dental offices, etc. The sensor network operation would 

include installing the fixed sensor networks in areas of interest and supplying a network service, 

including data analysis. The proposed personal exposure monitor is a wearable device about the 

size of a smartphone. The monitor measures the PM level and gaseous pollutant concentrations in 

real-time. When deployed, stationary and personal exposure monitors can form a crowdsourcing 

sensor network that will capture the detailed pollution distribution on a neighborhood scale in real-

time. The data from the sensor network will be used to generate a hyper-resolution pollution 

heatmap that susceptible individuals can use to plan their daily activities. The household monitor 

can inform the residence about the AQ in their household and deploy interventions such as 

additional filtration units, upgrades to central air handling. 

The sensor network measurements, data integration, and visualization to other patient care 

environments will allow us to optimize air handling and minimize risks from potential airborne 

infectious agents in additional less well-defined clinical areas. The team is already evaluating how 

the technology might be deployed in clinical workplaces post-COVID-19. For example, the long-

term installation might monitor larger areas to assess data-driven control strategies. In long-term 

deployments, one could monitor the baseline and variation in the PM concentration and size in 

other areas of interest besides the OR and ICU, such as patient recovery rooms. These data would 

provide real-time data for hospital managers to assess particle distribution throughout medical 

facilities that can impact the exposure of patients and medical personnel to potentially infectious 

aerosols. 

5.3.2 Application for monitoring combustion generated pollutants 

There is a need for personalized exposure monitoring for susceptible individuals to help 

them reduce their exposure to wildfire smoke and other combustion-generated pollutants, such as 
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traffic emission, biomass burning, agricultural burnings, etc. Low-cost sensor networks can be 

utilized for both indoor and outdoor monitoring. Combustion-generated ultrafine particles (UFP) 

consist of elemental carbon (EC) and organic carbon (OC). Brown carbon (BrC), characterized by 

a significant fraction of OC, is a major air pollution component with known health risks37 and 

adverse environmental impacts38. Size distributions, particle morphologies, optical properties, and 

chemical compositions of these aerosols vary significantly.39 BrC forms from the incomplete 

combustion of fossil, biomass, and other carbonaceous fuels. More than 100 polycyclic aromatic 

hydrocarbons (PAHs) cluster to form liquid-like particles.40 The stability of aromatic compounds 

is linked to the formation of soot particles.41 The PAHs participating in PM formation or 

components condensed on PM during the secondary growth42, 43 can be oxidized in the flame44; 

however, a significant organic fraction is retained by the particle, especially in the low temperature 

(incomplete) combustion.45 

Climate-change-related wildfires have become more frequent and intense in the Western 

United States. Summer wildfire seasons are 40 to 80 days longer on average than they were 30 

years ago 46. Evidence suggests that Western states will likely see ever-worsening fires for the 

coming century due to climate change and land management practices 47. The intensified wildfires 

will release more smoke into the atmosphere 48, traveling significant distances 49. Fine particulate 

matter (PM2.5), a significant pollutant found in smoke from wildfires, can travel deep into the 

respiratory tract 50. The combustion-generated aerosols consist of elemental carbon and organic 

carbon fraction, which may be more toxic than other PM2.5 sources and may have long-lasting 

impacts on health 51. Complex flow structures associated with large-scale flames and low flame 

temperature in biomass burning lead to low carbonization of organic carbon, thus -- high levels of 

potentially carcinogenic polycyclic aromatic compounds 42, 44, 45. Exposure to PM2.5, particularly 
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combustion-generated aerosols, has been linked to adverse respiratory and cardiovascular health 

effects, including ischemic heart disease, stroke, cardiovascular mortality, and exacerbations of 

asthma and chronic obstructive pulmonary disease 52 

5.3.3 Addressing Low-cost Sensor Accuracy 

This work utilized NaCl particles as tracer aerosols, and the calibration for a single type of 

aerosol can be very accurate. 19 In environmental application, the type of aerosol often varies.  As 

low-cost sensors find applications in pollution monitoring, various studies have evaluated the 

performance of low-cost PM sensors in laboratory and field settings.13, 17, 18 These reports show 

that low-cost sensors yield usable data when calibrated against research-grade reference 

instruments.11, 19, 20 The low-cost sensor networks can provide high spatial and temporal resolution, 

identifying pollution sources and hotspots, which in turn can lead to the development of 

intervention strategies for exposure assessment and intervention strategies for susceptible 

individuals. Time-resolved exposure data from wearable monitors can be used to assess individual 

exposure in near real-time. 21  

The data accuracy from low-cost devices can come under scrutiny, and the on-site 

calibration can be costly, especially for large deployments 12, 35. For example, Jiao et al. evaluated 

a wide variety of low-cost PM sensors; some sensors had a good agreement between identical 

sensors but moderate agreement with a reference PM2.5 instrument 9. Multiple authors reported 

in-situ calibration and data correction strategies in the network deployment 36. The low-cost sensor 

calibration studies report field-calibration accuracies R2=0.8-0,9 18, 53. Specific to wildfire smoke 

monitoring, while new technology developments promise sensors with PM chemical specificity 

(mainly VOCs) 54, the current studies deploy commercially available sensors, e.g., refs 55. There 

are additional considerations for stationary and wearable sensor selection. In the Siberian wildfire 



45 
 

monitoring study, Lin et al. reported agreement with the BAM reference instruments of R=0.94 56, 

similar to our results. Liang et al. analyzed the data from PurpleAir sensor during the California 

wildfire season and reported good agreement with the EPA measurements (R2=0.87) 57. The recent 

EPA challenge has also demonstrated that PM type-specific calibrations improved the PM sensor 

accuracies to ~75–83% for conditions typical to wildfire events 58. These studies and our results 

suggest that a high correlation of PMS to reference instrument for PM2.5 index can be attributed 

to specific correction for wildfire smoke and the dominance of these PM in the airshed during the 

wildfire. Over if low-cost sensors are used for environmental monitoring, one needs to be aware 

of sensor calibration. These can be achieved by pre- and post-evaluation of sensor performance in 

a controlled environment, such as aerosol test chamber control for humidity, particle size, and 

concentration levels.59  

6 Chapter 6: Conclusions 

6.1 Conclusions 

The use of the sensor network measurements informed the development of a reduced-order 

zonal model for aerosol distribution in ORs and ICUs. Evidence-based intervention strategies can 

be developed for specific environments using this sensor network. We were able to model each 

room as three distinct zones and generalize this pattern throughout each experiment, demonstrating 

that this procedure is generalizable and expandable and can be used in many applications, 

including other hospital environments (such as emergency departments) or non-healthcare areas 

such as gyms, restaurants, schools, and office buildings. 

In the OR experiments, we could see that nearly all the aerosol stayed at the bed and very 

little dispersed to the perimeter or outside of the room. The ORs never became well-mixed, and 
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therefore fitting a decay rate to each OR did not work well since the room had spatial variation in 

PM concentration and the rooms varied in size: between 110m3 and 250m3. The ICUs were almost 

identical in size and shape and showed less variability between experiments. For future 

experiments in ORs, it would be worth repeating experiments with a 5-minute aerosolization 

period as we saw during the trial at HMC, in which the OR reached a well-mixed state, which 

would allow for decay rate analysis. 

We demonstrated that negative pressure rooms were effective in controlling aerosol release 

in ICUs. Negative pressure ICUs clear aerosols to background levels up to 1.5-2 times faster 

positive-pressure room. Negative pressure rooms also control aerosol leaks, generated PM stayed 

in the room and was evacuated by the HVAC, while in neutral or positive pressure rooms, up to 

18% of the aerosol escaped to outside areas. Neutral pressure rooms consistently had the worst 

aerosol exfiltration, suggesting that shutting an ICU door could aid in aerosol control. We 

demonstrated that dividing the sensors into zones using unsupervised learning in Python gave 

similar results to the zones found by diving the room into zones spatially based on the proximity 

to the aerosolization source. Though the zoning methods did not affect decay rate analysis, the k-

means method can determine dead zones and aerosol release zones without a priori assumptions.  
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Appendix 

In Supplementary Figure 1, the average of all the sensors is shown with a curve-fitted line to show 

the decay rate. In the first two, the decay rate is not accurate because it does not have a consistent 

starting point or ending point since the data is never clearly linear, but in the third experiment, 

when all the zones become well-mixed and show the same decay rate, there is a much clearer and 

more accurate decay rate for the whole room. 
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Supplementary Figure 1: OR indoor averages and decay rates 

 


