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Abstract

Occupational exposure assessments are dominated by small sample sizes and low spatial and tem-
poral resolution with a focus on conducting Occupational Safety and Health Administration regu-
latory compliance sampling. However, this style of exposure assessment is likely to underestimate 
true exposures and their variability in sampled areas, and entirely fail to characterize exposures in 
unsampled areas. The American Industrial Hygiene Association (AIHA) has developed a more real-
istic system of exposure ratings based on estimating the 95th percentiles of the exposures that can 
be used to better represent exposure uncertainty and exposure variability for decision-making; how-
ever, the ratings can still fail to capture realistic exposure with small sample sizes. Therefore, low-
cost sensor networks consisting of numerous lower-quality sensors have been used to measure 
occupational exposures at a high spatiotemporal scale. However, the sensors must be calibrated 
in the laboratory or field to a reference standard. Using data from carbon monoxide (CO) sensors 
deployed in a heavy equipment manufacturing facility for eight months from August 2017 to March 
2018, we demonstrate that machine learning with probabilistic gradient boosted decision trees 
(GBDT) can model raw sensor readings to reference data highly accurately, entirely removing the 
need for laboratory calibration. Further, we indicate how the machine learning models can produce 
probabilistic hazard maps of the manufacturing floor, creating a visual tool for assessing facility-
wide exposures. Additionally, the ability to have a fully modeled prediction distribution for each 
measurement enables the use of the AIHA exposure ratings, which provide an enhanced industrial 
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decision-making framework as opposed to simply determining if a small number of measurements 
were above or below a pertinent occupational exposure limit. Lastly, we show how a probabilistic 
modeling exposure assessment with high spatiotemporal resolution data can prevent exposure mis-
classifications associated with traditional models that rely exclusively on mean or point predictions.

Keywords:   carbon monoxide; exposure assessment; machine learning; occupational exposure assessment; sensor 
networks

Introduction

Occupational exposure assessments in the United States 
are underpinned by the Occupational Safety and Health 
Administration (OSHA) permissible exposure levels 
(PEL), or the legally enforceable exposure threshold for 
a particular contaminant or hazard (Ramachandran, 
2005). However, the OSHA strategy for exposure assess-
ment indicates that samples should be taken as personal 
exposures for the highest risk workers, which are then 
compared against the PEL, although there is no require-
ment as to the number of samples taken. If the upper 
confidence limit of any samples (exclusively based on 
sample and analytical error) exceeds the PEL, the work-
place is determined to be in violation (Rappaport, 1984; 
Tornero-Velez et al., 1997). With small sample sizes, this 
type of compliance monitoring does little to represent 
true exposure concentrations in a workplace and usually 
results in underestimated exposures in facilities where 
concentrations are poorly managed and controlled, al-
though overestimates are also possible (Rappaport, 
1984; Tornero-Velez et  al., 1997; Tuggle, 1981). 
However, the American Industrial Hygiene Association 
(AIHA) provides exposure assessment guidelines that 
more properly take into account the uncertainly of small 
sample size estimation by acknowledging the likely 
lognormal distribution of the true contaminant expos-
ures, and is, therefore, less likely to underestimate ex-
posures (Rappaport, 1984; Tornero-Velez et al., 1997; 
Tuggle, 1981). Unlike compliance sampling, which pro-
vides only a binary response, the AIHA guidelines pro-
vide a set of ratings, (highly controlled, well-controlled, 
nominally controlled, poorly controlled), that assist 
with decision-making processes post sample collection 
(Hewett et al., 2006; Ramachandran, 2005).

In an effort to fully characterize occupational ex-
posures independent of compliance monitoring, low-
cost sensor networks have been deployed, consisting of 
many lower accuracy, precision, and sensitivity/specifi-
city sensors spread throughout a facility that can collect 
measurements at high spatial and temporal resolution 
(Zuidema et al., 2019a). These low-cost networks have 
seen far more use in environmental applications (Buehler 
et al., 2020; Gao et al., 2015; Heimann et al., 2015; Lim 
et al., 2019). One of the primary benefits of the high 
spatiotemporal resolution from networks is that the 
facility’s exposures can be visualized with hazard maps, 
a method that shows the gradient of exposures in a given 
area, and may avoid the interpolation errors associated 
with low-resolution data (Koehler and Volckens, 2011; 
Koehler and Peters, 2013). These maps can provide in-
dustrial hygienists with exposure data to prioritize 
areas for intervention, within the hierarchy of controls. 
Personal exposures, collected within the breathing zone 
of workers, are the standard for occupational exposure 
assessment. However, such networks could also be used 
to provide estimates of personal exposures, while recog-
nizing some potential for exposure misclassification due 
to strong gradients near sources and lower accuracy and 
precision of low-cost sensors compared to traditional in-
dustrial hygiene sampling equipment.

A major challenge associated with a sensor net-
work is the need to calibrate each sensor to a refer-
ence standard, which ensures that the sensors provide 
reliable measurements across the range of possible en-
vironmental conditions and exposure settings (Afshar-
Mohajer et al., 2018; Borrego et al., 2018; Datta et al., 
2020; Zamora et al., 2019). Laboratory calibration is 
one method, but is highly time and equipment-intensive 

What’s Important About This Paper?

This study advances our knowledge about the performance and utility of low-cost sensor networks for exposure 
assessment. Specifically, this study demonstrates a method by which to efficiently and effectively manage sensor 
drift and calibration, and that exposure estimates based on sensor networks improve upon traditional compli-
ance sampling methods and statistical analysis. Further, this study demonstrates that hazard maps that adhere to 
the AIHA exposure ratings framework can be used to optimize industrial hygiene resources.
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(Zamora et al., 2019; Zuidema et al., 2019b). However, 
calibration models have been developed for use with 
environmental low-cost sensor networks that reduce or 
eliminate the need for pre-deployment laboratory cali-
brations or complex intra-deployment calibrations such 
as creating a range of models for each sensor and season 
(Borrego et al., 2018; Datta et al., 2020; Morawska 
et al., 2018). In particular, non-linear/machine learning 
approaches (random forest, gradient boosted decision 
trees, neural networks, etc.) have had success modeling 
the non-linearity of the relationship between environ-
mental conditions data and the contaminant of con-
cern (Casey and Hannigan, 2018; Malings et al., 2019; 
Zimmerman et al., 2018).

We propose to build a calibration model that im-
proves upon existing non-linear/machine learning 
approaches by using probabilistic gradient boosted deci-
sion trees that model both a unique mean and standard 
deviation for each prediction. This model will be built 
on data described by Zuidema et al. (2019a) in a heavy 
equipment manufacturing facility in the United States. 
This network was composed of 40 monitors that were 
active from August 2017 to March 2018, collecting data 
on a range of physical and chemical hazards (Zuidema 
et al., 2019a). We will show that this modeling approach 
can leverage the full suite of data collected by the low-
cost sensor network and produce accurate predictions 
of a reference dataset from each sensor measurement, 
eliminating the need for laboratory calibrations and 
multiple linear calibration models. Further, we show 
how these models can be used to create probabilistic 
exposure hazard maps as well as hazard maps with the 
AIHA exposure rating framework. Lastly, we show how 
a probabilistic model highlights the weakness of ex-
posure assessments that rely strictly on a mean or point 
prediction to determine occupational exposures.

Methods

Sensor network data
A network of 40 monitors was deployed in a heavy 
equipment manufacturing facility (construction and for-
estry) in the United States from August 2017 through 
March 2018 (Zuidema et al., 2019a). Work tasks such 
as welding, machining, shot blasting, and laser cut-
ting took place on the facility floor (Zuidema et al., 
2019a). The development and specifics of the moni-
tors have been previously described in detail (Thomas 
et al., 2018). Each of the 40 monitors in the network 
contained a sensor for PM (GP2Y1010AU0F, SHARP 
Electronics, Osaka, Japan), CO (CO-B4, Alphasense 
Ltd., Essex, UK), noise (custom), and temperature and 

relative humidity (AM2302, Adafruit, New York, NY, 
USA) (Zuidema et al., 2019a). Each sensor recorded 
data on two-second intervals that were averaged to five-
minute intervals and wirelessly transmitted and stored 
in a database from 4 August 2017 to 27 March 2018 
(Zuidema et al., 2019a). The layout of the sensors within 
the manufacturing facility was optimized for maximum 
spatial variability and to prevent duplicative locations 
(Berman et al., 2018; Zuidema et al., 2019a). Only tem-
perature, humidity, and CO data were used for the re-
mainder of the study to demonstrate the application of 
the method. Data from Thanksgiving and the following 
Friday, Christmas Eve, Christmas Day, New Year’s Eve, 
and New Year’s Day were excluded as operations were 
drastically altered from normal during these times.

Reference data
The reference data were collected with CO instruments 
(EL-USB-CO, Lascar Electronics, Erie, PA, USA) at three 
periods throughout the year, the first on 17 August 2017 
(period 1), the second on 20 December 2017 and 21 
December 2017 (period 2), and the third on 23 March 
2018 and 26 March 2018 (period 3), resulting in a total 
of five reference sampling days for the entire deploy-
ment (Zuidema et al., 2019a). For each sampling period, 
the reference instruments were placed at a total of ten 
unique locations within the bounds of the monitoring 
network. Some instruments were collocated with sensor 
monitors (approximately 85% of reference measure-
ments), whereas some were intentionally noncollocated 
(approximately 15% of reference measurements). 
Reference data were collected throughout the workday 
on each measurement day. The distribution of all refer-
ence data is provided in Supplementary Fig. S1.

Training and testing data
In order to determine the quality of the calibration 
model, two types of training and test splits were used. 
The first, or the ‘Full’ split, is all of the data split ran-
domly such that 80% of the data is used to train the 
model and the remaining fully separate 20% is used to 
evaluate the model (Pedregosa et al., 2011). The second 
split is trained on one of the three sampling periods 
of data and tested on the other two sampling periods. 
These splits will determine not only the validity of the 
model on out of sample data but will also assist with the 
determination of how much reference data is needed to 
build an effective model.

Spatiotemporal weighting
The total set of exactly time and space collocated ref-
erence and sensor data pairs were 1785 unique data 
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points—a fairly small amount of data. Therefore, a 
weighting system was used to expand the sample size by 
pairing all sensor measurements with all reference meas-
urements with the goal of utilizing this weighting scheme 
to adjust each pair’s contribution to the model tuning. 
Following the pairing of all measurements, the sample 
size for training increased from the number of exactly 
collocated in time/space measurements (n = 1785 unique 
sensor measurement-reference measurement pairs) to the 
count of sensor measurements multiplied by the count 
of all reference measurements (n = 1 182 290 unique 
sensor measurement-reference measurement pairs). 
Supplementary Fig. S2 provides a visual representation 
of this process. Utilizing non-exactly collocated measure-
ment pairs takes advantage of known spatial and tem-
poral dependence in the data, i.e., measurements closer 
in space and time are more likely to be similar than 
those further apart.

The difference in minutes (∆t) between the two 
measurements was then used as an exponential weight 
as C∆t , with C , a numerical constant, taking possible 
values of 0.70, 0.75, 0.80, 0.85, 0.90, and 0.99, repre-
senting between 2% weight (i.e., 0.7010 = 0.02) and 90% 
weight at a ∆t of 10 min. Additionally, the distance be-
tween the sensor monitor and the reference instrument 
in yards (D) for each sensor measurement was used to 
create a spatial weight of 1/(1+DP), where P takes 
possible values of 1.0, 1.5, or 2.0. The time weight and 
the spatial weight were multiplied together to form the 
total weight for the sensor-reference pair. The result is a 
weighting factor with a maximum value of 1.0 (100%) 
for a sensor measurement that was spatially and tem-
porally collocated with a reference measurement, and 
a smaller weight for non-collocated measurements. 
Measurements with a total weight of less than 1% were 
eliminated from the dataset prior to modeling to reduce 
computational costs. The exact values for use in the final 
model were determined by re-tuning the model with all 
possible pairs of C  and P and finding the set with the 
least error. The sizes of the training and test sets based 
on maximum and minimum weighting parameters are 
shown in Supplementary Table S2.

Gradient boosted decision trees
Gradient boosted decision trees (GBDT) are a machine 
learning methodology that uses numerous weak decision 
tree learners (i.e. a machine learning algorithm) com-
bined in a forward stepwise additive manner (Kuhn and 
Johnson, 2013; Schapire, 2003). Each new weak learner 
is added based on the residual of the predictions from 
the previous step (Kuhn and Johnson, 2013; Schapire, 
2003). This study will use NGBoost, an open source 

python library developed by the Stanford Machine 
Learning Group that boosts a base learner, in this case, a 
decision tree (Duan et al., 2019; Pedregosa et al., 2011). 
For regression, NGBoost supports fully probabilistic 
predictions where both the mean and standard devi-
ation in the form of a Normal distribution with mean 
x and standard deviation σ(N(x, σ)), are modeled for 
each prediction, as opposed to a model like linear re-
gression that provides a modeled mean, but constant 
standard deviation for all predictions (Duan et al., 
2019). Additional details on the model tuning process, as 
well as the packages used in the models, are provided in 
the Supplementary Material.

Model features
Given that the sensor network was deployed in one con-
tiguous climate-controlled indoor manufacturing floor, 
extreme outliers of environmental conditions (e.g. very 
high relative humidity or very cold temperatures) were 
interpreted as measurement errors. All data, both ref-
erence and sensor, was restricted to the hours of 6:00 
am–6:00 pm. Few, if any, workers were present outside 
this window. Features for the model included tempera-
ture, relative humidity, time of the day, location, and the 
sensor reading. Additional information on model fea-
tures is provided in Supplementary Material.

Model evaluation
The models were evaluated on two forms of predictive ac-
curacy, root mean square error (RMSE) and continuous 
ranked probability score (CRPS), both exclusively on test 
set data not used in model training. RMSE is the square 
root of the mean of the squared residuals and is always 
greater than or equal to zero. Smaller values of RMSE in-
dicate a more accurate model. The equation for RMSE is 
shown in Equation 1, where ‘Actual’ is the reference meas-
urement, ‘Predicted’ is the mean of the N(x, σ) prediction 
from the GBDT, and n is the total number of predictions 
under evaluation. The units of RMSE are those of the pre-
diction, or in this case, ppm of CO.

Equation 1: Root Mean Square Error (RMSE):

RMSE =

 ∑n
i=1 (Actual− Predicted)2

n

While RMSE is used to evaluate a point prediction, 
CRPS is used to evaluate both the point prediction 
(mean) and the spread/uncertainty (standard deviation) 
of the N(x, σ) prediction for each measurement. Similar 
to RMSE, CRPS is in the units of the prediction and 
smaller values indicate a more accurate fit. CRPS is a 
generalized form of mean absolute error for use with 
probabilistic predictions (Gneiting and Raftery, 2007).
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The results of the model evaluation were compared to 
the results obtained using the linear calibration equation 
developed and utilized by Afshar-Mohajer et al. (2018) 
and Zuidema et al. (2019a) respectively. This regression 
modeled low-cost sensor response to known concentra-
tions of CO in a laboratory setting, but did not include 
temperature or relative humidity as covariates (Afshar-
Mohajer et al., 2018). Of note, the linear calibration 
model was optimized for concentrations below 12 ppm 
where there was a linear response, whereas at concen-
trations greater than 12 ppm there was a non-linear re-
sponse (Afshar-Mohajer et al., 2018).

Spatial interpolation and hazard mapping
The predictions from the GBDT were used to create 
hazard maps via spatial interpolation of CO predic-
tions across a rectangular grid to cover the approxi-
mately 800 000 square foot factory floor. However, in 
order to best utilize the fully probabilistic predictions, a 
Monte Carlo resampling was conducted to interpolate 
over a range of possible values from the probabilistic 
output. Interpolation was conducted using inverse dis-
tance weighting (IDW), a non-statistical process by 
which values closer to the interpolation point are given 
more weight than those further away. The IDW error 
was determined using leave-one out cross validation 
(LOOCV) of IDW predictions (see online Supplementary 
Material for additional details). The IDW error was in-
corporated into a Monte Carlo simulation using all 
theNNGBoost(x, σ).

AIHA exposure ratings
In addition to visualizing percentiles of CO concen-
trations, the prediction distributions can be directly 
applied to the AIHA Exposure Rating framework 
(Ramachandran, 2005). Additionally, the flexibility of 
a custom OEL allows for selection of action thresholds 
that can serve as signal events before reaching a regula-
tory or health-relevant overexposure.

In order to generate exposure rating hazard maps, 
the 95th percentile (X95) ofNIDW(x, σ), the interpol-
ated exposure distribution over all 223 days, at each 

location was calculated and assigned an exposure rating 
as shown in Table 1.

AIHA ratings are based on personal exposures, 
whereas the sensor network by definition measures area 
exposures. However, following interpolation, the con-
centration maps allow for an individual location to be 
assumed to be the exposure to a stationary worker. The 
estimation of personal exposures from area exposures 
has been conducted at this facility in previous work by 
Zuidema et al. (2019c) and is a valid method for per-
sonal exposure assessment when the exposure data 
and worker data are at a high enough spatiotemporal 
resolution.

Mean vs. 95th percentile exposures
Following IDW interpolation so that there are 233 daily 
exposure hazard maps, all mean exposure estimates 
across all grid locations and days were binned into quin-
tiles (QuintileMean), and all 95th percentile exposure es-
timates across all locations and days were binned into 
separate quintiles (Quintile95). Therefore, each location 
on each day had a 1–5 value for the mean exposure and 
a separate 1–5 value for the 95th percentile exposure. 
The QuintileMean and Quintile95 values for each location 
on each day were then compared to each other to de-
termine if a location’s QuintileMean can properly estimate 
relative (compared across the facility) upper bound ex-
posure levels.

Compliance sampling comparison
In the absence of large quantities of exposure data, 
AIHA exposure ratings are generally determined using 
Equation 2, where the upper confidence limit (UCL95) of 
the 95th percentile of exposure is calculated (instead of 
the explicit 95th percentile (X95)) due to typically small 
sample sizes of less than ten. In Equation 2, γ is the con-
fidence level, p is the proportion, n is the sample size, y  
is the natural log of the geometric mean of the sampling 
measurements, and sy is the natural log of the geometric 
standard deviation of the sampling measurements, and 
KK is the value from a K-value table based on the cor-
responding parameters.

Table 1.  AIHA Exposure Rating framework with ratings, descriptions, explanations, and numerical interpretations.

Exposure rating Description Explanation Numerical interpretation

1 Highly controlled Exposures infrequently exceed 10% of the limit X0.95 ≤ 0.10 ∗OEL

2 Well controlled Exposures infrequently exceed 50% of the  

limit and rarely exceed the limit
0.10 ∗OEL < X0.95 ≤ 0.5 ∗OEL

3 Nominally controlled Exposures infrequently exceed the limit 0.50 ∗OEL < X0.95 ≤ OEL

4 Poorly controlled Exposures frequently exceed the limit OEL ≤ X0.95
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Equation 2: American Industrial Hygiene Association 
UCL95

UCL95 = e(y + Kγ, p, n∗sy)

In order to demonstrate the accuracy of compliance 
sampling to assess occupational exposures, a com-
parison of UCL95 for small sample sizes (3, 5, 10, or 
50 days) against the network-based assessments of the 
95th percentile (X95; n = 223 days) was conducted. To 
simulate a compliance sampling system, 50 randomly 
chosen locations were selected to represent stationary 
workers (do not move for entire eight-hour shift) on the 
factory floor. For each of the 50 locations, 3, 5, 10, or 
50 random daily exposure values were selected from the 
223 (days with sampling data) possible eight-hour daily 
time-weighted average (TWA) concentrations to simu-
late exposure assessments. The eight-hour TWAs were 
necessary since there are 12 h (6 am–6 pm) of exposure 
data available. For example, one location using three 
days of exposures would be analogous to a stationary 
worker in that location being sampled on three days. 
Then, using the number of daily TWA exposures, the 
UCL95 was calculated based on ACGIH guidance using 
Equation 2 (Hewett et al., 2006; Ramachandran, 2005). 
The exposure rating and estimated exposure for the 
worker based on the UCL95 for each of the number of 
days sampled was compared against the exposure rating 
and estimated X95 exposure based on the sensor network 
concentrations. Each location and sample size pairs were 
repeated 100 times to assess variability.

Software
All modeling was conducted in Python 3.8.3 with spa-
tial analysis conducted in R 4.0.2 ‘Taking Off Again’ (R 
Core Team, 2020). The full list of modeling packages, 
libraries, and their version numbers is provided in the 
online Supplementary Material.

Results

Sensor modeling
The weighting parameter values that minimized model 
error via RMSE and CRPS were C= 0.75 and P= 2.0, 

resulting in a final dataset size of 5366 sensor/reference 
measurement pairs. The prediction results on the test 
sets for the four splits are presented in Table 2.

The full split, with an RMSE of 0.36 ppm on the test 
set, was almost four times lower than for the other splits. 
This accuracy is likely a result of the larger and more 
diverse training set and a test set that is composed of 
data from all three sampling periods, whereas period 
1, period 2, and period 3 were tested on fully out of 
sample data. The relatively higher error in the period 2 
split (this held true for all values of C  and P that were 
investigated) is potentially due to atypical production 
schedules associated with reference sampling occurring 
shortly before the Christmas holiday. Additionally, using 
C = 0.75 and P = 2.0, all GBDT train and test splits 
(Table 2) performed better than the previously util-
ized linear calibration equation which produced RMSE 
values of 2.42 ppm on a full dataset test. The time series 
of a single collocated reference and monitor pair on 18 
August 2017 and 23 March 2018 is shown in Fig. 1 
with linear calibration, the GBDT calibration, and the 
reference measurement (Afshar-Mohajer et al., 2018; 
Zuidema et al., 2019a). The GBDT is both more ac-
curate and captures peaks and valleys in reference meas-
urements better than the linear model.

Spatial interpolation and hazard mapping
The tuned full split model on the entire dataset with 
C = 0.75 and P = 2.0 was used to predict NNGBoost(x, σ) 
at each sensor location and time across the full eight-
month deployment, which was then interpolated to pro-
duce probabilistic hazard maps. These probabilistic hazard 
maps can be created for any percentile of interest, instead 
of simply relying on a mean point prediction. The mean 
and 95th percentile hazard map for the entire dataset 
spanning 4 August 2017 to 27 March 2018 is shown in 
Fig. 2, overlaid with sensor locations denoted by “x”.

The mean exposure hazard map and 95th percentile 
exposure hazard map have concentrations ranging from 
approximately 4.5 ppm to 6.0 ppm and 7.5 ppm to 
9.5 ppm respectively. The primary point of interest is 
that the 95th percentile concentration map is not simply 
a linear multiple of the mean concentration map scaled 

Table 2.   Sample size, RMSE, and CRPS for all test/train splits with C = 0.75 and P = 2.0.

Training set & split name Training size Testing set Testing  
size

RMSE  
(ppm)

CRPS  
(ppm)

Lab calibration RMSE (ppm)

‘Full’ (80% of all data) 4293 20% of all data 1073 0.36 0.16 2.42

Period 1 682 Period 2 and Period 3 4684 1.91 1.11

Period 2 2330 Period 1 and Period 3 3036 2.35 1.98

Period 3 2354 Period 1 and Period 2 3012 1.39 0.73
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up by a constant, likely indicating that concentration 
variability is not uniform across the facility. However, 
given that these data are aggregated over 223 days, the 
95th percentile for any daily (or smaller unit of time) ex-
posure can be could be higher or lower than this range.

AIHA exposure rating hazard maps
The 95th percentile interpolated values from Fig. 2 can 
be directly used in the AIHA exposure ratings framework 
to assign an exposure rating. For the dataset used in this 
analysis, the CO exposures were significantly below the 
OSHA PEL of 50 ppm, and an artificial OEL of 8.25 ppm 
was used for illustrative purposes only (National Institute 
of Occupational Safety and Health, 2019). Using the full 
timeseries of network deployment over the dates in Fig. 2, 
the exposure category hazard map is shown in Fig. 3.

Areas in red are ‘Poorly Controlled’ meaning that for 
an illustrative OEL of 8.25 ppm, the 95th percentile of ex-
posure is greater than the OEL. Orange areas are ‘Nominally 
Controlled’ with the 95th percentile of exposure between 
one half of the OEL and the OEL. Due to the simulation 
process and the probabilistic model, there are granularities, 
or non-contiguous exposure zones in the hazard map at 
the borders of well-defined exposure regions. However, the 
micro-scale exposure gradients should not be used by indus-
trial hygienists as evidence of true exposure variation, but as 
a level of general variability and uncertainty.

Using mean concentrations to estimate 95th 
percentile concentrations
All QuintileMean and Quintile95 pairs across each of the 
223 days and grid locations were compared so that if 

a location’s QuintileMean and Quintile95 were in identical 
quintiles (both equal to 2 for example), then the mean 
exposure can be used to approximate relative upper 
bound exposure at that location (relative to other lo-
cations). However, if QuintileMean < Quintile95, then the 
mean exposure underestimates the relative upper bound 
exposure, or if QuintileMean > Quintile95, then the mean 
exposure overestimates the relative upper bound ex-
posure – both are considered exposure misclassifica-
tions. The aggregated exposure misclassification counts 
are shown in Fig. 4 by season (based on the day they 
occurred), where each bar corresponds to the proportion 
of days in that season where more than 20% of the fac-
tory floor was misclassified.

Comparing across seasons, estimating relative upper 
bound exposure from the mean is least effective in the 
summer months (August and September), with approxi-
mately half the days having at least 20% of the facility 
inaccurately assigned. The remaining three seasons were 
slightly more effective, with between 25 and 10% of the 
days in those seasons having at least 20% of the facility 
as exposure misclassifications. The full distribution of 
floor percentage misclassification by season is provided 
in the online Supplementary Fig. S4.

Compliance sampling comparison
The results of the comparison between simulated com-
pliance sampling on a small number of days and the 
sensor network approach in which personal expos-
ures may be estimated over a long duration of time 
are shown in Table 3. For the majority of the locations 
(approximating the personal exposure for stationary 
workers without strong sources in their breathing zone 
that are unlikely to be captured by the network), the 
limited number of samples used in traditional compli-
ance sampling significantly overestimated the expos-
ures when estimating the UCL95 (which is compared 
against the X95 from the sensor network) to determine 
the exposure rating. Approximately two-thirds of loca-
tions were incorrectly classified into a higher exposure 
rating (four as opposed to three). Geometric means and 
standard deviations of the UCL95 were calculated for the 
100 replicates of each condition (i.e., number of sam-
ples and location). Even with 50 sampling days, the geo-
metric mean UCL95 is more than 10% higher than the 
X95 from the network data.

Discussion

This study utilized a NGBoost probabilistic gra-
dient boosted decision tree that modeled reference 
measurements directly from raw sensor voltages and 

Figure 1.  Time series comparison of linear calibration, GBDT 
calibration, and reference measurements at single reference-
monitor collocation on 18 August 2017 and 23 March 2018.
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environmental condition and location data in a low-cost 
occupational sensor network. Using NGBoost allowed 
for a unique mean and standard deviation to be modeled 
for each prediction, unlike a traditional linear regression 
approach which provides a mean and constant standard 
deviation. In addition, the NGBoost was between two 
and five times more accurate in terms of RMSE than an 
existing laboratory-based calibration model. As low-
cost sensors are individually less accurate and precise 
than more expensive instruments, some form of cali-
bration is needed for the success of the network (Datta 
et al., 2020; Thomas et al., 2018; Zamora et al., 2019; 
Zuidema et al., 2019a, 2019b). Therefore, the success of 
the modeling approach in this paper highlights the po-
tential for reductions or eliminations of the highly time 
and equipment intensive process of laboratory calibra-
tion if appropriate field reference data can be collected 
(e.g. it may be worthwhile to do span or zero checks for 
sensors to identify malfunctioning sensors before instal-
lation without necessitating a full calibration).

The results from the model and sensitivity tests (see 
online Supplementary Material) indicated that CO refer-
ence concentrations can be predicted with high accuracy 
when training on reference data that covers a range 
of environmental conditions (August, December, and 
March), but training in a single season reduces the ac-
curacy substantially. However, the accuracy of the model 

Figure 3.  AIHA exposure ratings based on full dataset predic-
tion and interpolation for 4 August 2017 to 27 March 2018.

Figure 2.  Hazard map of estimated mean and 95th percentile CO concentrations (ppm) for 4 August 2017 to 27 March 2018.
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alone is not the primary advantage to this probabilistic 
calibration approach. The probabilistic predictions can 
be interpolated across the entire facility floor to pro-
duce hazard maps showing exposures for a user-selected 
percentile (Fig. 2) or in terms of threshold exceedance 
probabilities (e.g., the likelihood that a given location 
exceeded an OEL). The ability to provide a full distribu-
tion of values based on the N(x, σ) at each grid location 
adheres to the American Industrial Hygiene Association’s 
(AIHA) exposure ratings, which explicitly rely on the 
95th percentile personal exposures, as opposed to mean 

or median exposures (Ramachandran, 2005). Maps 
of exposure ratings could be used by an industrial hy-
gienist to determine where to prioritize controls or add-
itional high-quality sampling (badges, canisters, etc.). 
Furthermore, as seen in Table 3, if network-based moni-
toring can be validated against traditional personal ex-
posures, this approach could provide better estimation 
of the exposure category, as well as capturing temporal 
variability in exposures for many workers.

An additional point of emphasis for using the 95th per-
centile is that using mean exposures alone can potentially 

Figure 4.  Percent of days by season (4 August 2017 to 27 March 2018) where greater than 20% of the factory floor has exposure 
misclassifications by using the mean exposure (QuintileMean) as a proxy for relative upper bound exposures (Quintile95).

Table 3.  Comparison of simulated compliance sampling exposures with sensor network exposures for 50 workers/loca-
tions and range of ‘sampling days’, each repeated 100 times.

Simulated compliance sampling Network sampling % of Locations with overestimated AIHA 
exposure rating

Sampling days Geo. mean UCL95 
(ppm)

Geo. SD UCL95 Geo. mean X95 (ppm)

3 30.55 2.60 8.14 68

4 18.56 1.75 68

5 15.11 1.48 68

10 10.96 1.19 68

50 9.06 1.06 65
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result in exposure misclassifications of upper bound ex-
posures. For example, a high predicted mean concen-
tration in a location does not necessarily imply a high 
predicted upper bound concentration in that location. For 
example, as shown in Fig. 4, on approximately 45% of 
the days the network was active in the Summer, greater 
than 20% of the factory floor would have had incorrect 
exposure assignments using the mean exposure as opposed 
to the 95th percentile exposures. When small sample sizes 
are collected, estimates of the mean can be more reliable 
than estimates of the UCL95. However, relying on the mean 
as a proxy for the upper bound exposures may lead to 
misclassifications over large portions of the facility. These 
misclassifications could lead to prioritization of industrial 
hygiene control resources on areas that may not yield de-
sired reductions in worker exposures.

The primary limitations for this study are the lack of 
additional exact co-locations between sensors and the ref-
erence instruments, which would obviate the need for the 
computationally costly spatiotemporal weighting and also 
provide a larger training set. Although the spatiotemporal 
weighting was able to provide an increase in sample size 
over requiring an exact time and space match, additional 
exact colocation data would allow for additional testing as 
well, measuring error by location of reference instrument 
or time of day for example. Future improvements on the 
model could be made in by incorporating recent meas-
urements explicitly, where time0 is predicted by time−1

, time−2, etc. Additionally, sensitivity tests to determine 
of the exact number of reference instruments needesd to 
achieve acceptable model accuracy would be valuable fu-
ture work. Furthermore, the AIHA framework relies on 
the use of personal exposure assessments. Future work 
should include the incorporation of the personal exposure 
methodology from Zuidema et al. (2019c), where an 
individual’s personal exposure was estimated via their lo-
cation over time throughout the course of a day. This meth-
odology could be used to remove the artificial constraint 
on a ‘stationary worker’. Additionally, exposures that are 
specifically worker-generated in extreme proximity to the 
worker’s breathing zone could potentially be underesti-
mated by a networked approach, although Zuidema et al. 
(2019c) discuss this possibility as well. Lastly, the models 
demonstrated here could be implemented with a live or 
streaming data pipeline that could utilize network data 
to serve as a real-time exposure assessment tool or early 
warning system across an entire facility.

Conclusions

Using probabilistic gradient boosted decision trees is 
an effective way to calibrate an indoor occupational 

low-cost sensor network. In the occupational setting 
these probabilistic models prevent both the need for lab 
calibration and also the need to collocate reference in-
struments at all sampling points. They also create pre-
dictions that can be accurately used to conduct spatial 
probabilistic exposure assessments following the AIHA 
exposure ratings guidelines. Further, the exposure assess-
ment framework presented in this paper was explicitly 
not about the actual CO exposure levels compared to 
the true PEL, as all concentrations measured suggest the 
concentrations were very well controlled. The goal was 
to demonstrate the utility of a modeling process that, 
while substantially more complex than traditional cali-
bration methods, is expected to provide immense time 
savings on laboratory and air sampling data collection 
and analysis. These time savings are on top of the ability 
to create highly accurate probabilistic predictions with 
models that can handle enormous amounts of data, both 
in terms of potential features and number of measure-
ments. Additionally, the model used in this study dem-
onstrated how utilizing mean or median exposures 
determined from small sample sizes are not sufficient for 
high-quality occupational exposure assessments as ex-
posure misclassification is likely.

Supplementary Data

Supplementary data are available at Annals of Work Exposures 
and Health online.
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