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urly black carbon aerosol
concentrations from glass fiber filter tapes using
image reflectance-based method†

Abhishek Anand, ab Suryaprakash Kompalli,c Eniola Ajiboyec and Albert A. Presto*ab

Black carbon (BC) is a carbonaceous component of fine particulate matter (PM2.5) that is quantified via light

absorption. We demonstrate a low-cost method for quantifying BC using cell phone camera images. BC

concentration is correlated with red light absorbance that is measured from photographs of particle filter

samples following image processing steps to account for distortion (geometric calibration) and lighting

conditions (color calibration). We trained multiple Red channel to BC models using ambient air filter

samples and found that the exponential model best explains the correlation (R2 ∼ 0.94). Our approach

has an effective minimum detection limit of 0.15 mg m−3 of ambient BC for an hourly sample collected

at 1 m3 h−1. This detection limit should be sufficient to quantify BC concentrations at high time

resolution at locations worldwide. We demonstrate the performance of our optical BC method using

a combination of filter samples and filter tapes from beta attenuation monitors (BAMs) operating at two

sites in an urban setting in Pittsburgh, Pennsylvania, USA. Our approach compares favorably to reference

filter-based methods, suggesting that post-analysis of BAM tapes collected worldwide can be a valuable

source for PM composition data, especially in countries in the Global South where there is insufficient air

quality data to make informed policy decisions.
Environmental signicance

PM2.5 exposure is responsible for around 3.3 million premature deaths every year, and yet, there is insufficient air quality data in many developing nations. PM2.5

composition data is critical to identify sources and help in evidence-based policymaking. This work developed a low-cost method to quantify atmospheric black
carbon (BC), a component of PM2.5. The method estimates hourly BC concentrations using photographs of particulate deposits on lter tapes from existing
PM2.5 monitors. We will be able to measure the BC concentrations above 0.15 mg m−3 in places across the globe with instruments that have xed-interval
particulate deposit spots on lters. The BC concentration data generated from this work will be publicly shared, and we plan to reach out to local collabora-
tors in developing nations who can use the data to build air quality control policies.
1 Introduction

Exposure to air pollution poses a severe risk to global public
health.1–3 It is the h leading cause of death worldwide and is
attributed to around 4.9 million premature deaths every year.4

The risk is more critical in low- and middle-income countries
due to a lack of effective public health policies. Among the air
pollutants, PM2.5 (particulate matter with an aerodynamic
diameter of 2.5 mm or smaller) alone is responsible for nearly
3.3 million premature deaths annually.2

Air quality in the US is regulated by the Environmental
Protection Agency (EPA) under the Clean Air Act, and there is
negie Mellon University, PA, USA. E-mail:

rnegie Mellon University, PA, USA

tion (ESI) available. See DOI:

842–854
a robust infrastructure to measure pollutant concentrations
nationwide. Yet, air quality information is not adequate in
many densely populated lands around the world to make
informed policy decisions, especially in the Global South
(Africa, Latin America, developing parts of Asia and the Middle
East).5–7 These developing countries are still industrializing and
continue to emit large amounts of air pollutants in the process,
but do not always have enough resources to monitor the emis-
sions and ambient concentrations. There is a critical need for
better quantication of both PM2.5 concentration and compo-
sition in the Global South.5–12 PM2.5 concentration tells about
exposure; composition data can help us investigate emission
sources and dene future policies.13 A major barrier is the high
capital and operational costs of research-grade air pollutant
monitors. Thus, there is incentive to develop low-cost methods
for improving air quality monitoring in the Global South.5

Black carbon (BC), commonly referred to as soot, is
a component of PM2.5. It is a refractory form of carbon and is
© 2023 The Author(s). Published by the Royal Society of Chemistry
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primarily formed by incomplete combustion of fossil fuels,
biofuel, or biomass.14 BC is emitted from gasoline and diesel
engines, coal-red power plants, and other sources burning
fossil fuels. In addition, it does not participate in chemical
reactions in the atmosphere which makes it an important tracer
for combustion emissions.15–17 BC is important to quantify and
control as it adds to the health burden due to PM2.5 and has
shown higher health impacts compared to PM2.5 for similar
mass concentrations.18,19

Particulate pollutants in the atmosphere interact with solar
radiation by absorbing and scattering it at different wave-
lengths.20 BC is dened as optically absorbing carbon in parti-
cles and is generally measured optically by quantifying the
absorbance of infrared or red light through particle-laden
lters.21,22 EC (elemental carbon) is another measure of
carbon soot in the air and is quantied operationally as
carbonaceous aerosols measured via thermal-optical methods.
Contini et al. reported anthropogenic and natural combustion
sources to be the main contributors to BC or EC in the atmo-
sphere.23 The correlation between BC and EC as well as the BC-
to-EC mass ratio can vary with sampling environments due to
differences in sources.24 PM mass concentrations can also be
optically quantied by the transmission of beta rays through
a lter tape laden with PM. This study builds on these optical
attenuation methods.

Aethalometers are widely used for continuous measurement
of ambient BC concentrations.22 An aethalometer collects
particulate matter on a quartz ber lter tape at a xed ow rate.
Then, it uses Beer–Lambert law to estimate BC by measuring
attenuation of a near-infrared light beam (880 nm) through the
particle sample. Most aethalometers also measure light
absorption by particles at 370 nm. Organic aerosol components
of wood smoke exhibit an enhanced light absorption at 370 nm
compared to 880 nm.25 The difference in PM concentrations
measured by aethalometers at the two wavelengths (Delta-C =

UVPM − BC) is strongly correlated with wood smoke markers in
heating seasons and hence has been used as a tracer for wood
smoke particles.26,27 However, applications of aethalometer are
limited due to its high installation and operational cost as well
as a need for high technical expertise.

A few studies have tried to nd cost-effective ways of
measuring ambient BC using photographs of PM on lter
surfaces. A digital image is composed of multiple pixels and
each pixel in a colored image is a combination of three color
channels (R – Red, G – Green and B – Blue). Every color channel
ranges between 0 to 255 for a 24 bit image (8 bits per channel),
where 0 indicates no light (zero intensity) and 255 means
maximum light (maximum intensity). Cheng et al.28 found
a high correlation of EC loading on a lter sample with the
average of R, G and B channels in the sample image. Ram-
anathan et al.29 used reectance of red light (R channel) from
photos of BC captured on quartz ber lters to measure its
concentration. Jeronimo et al.30 evaluated the method for pol-
ytetrauoroethylene (PTFE) lters. These studies used BC
reectance on discrete lter samples with long sampling
periods which gives a low temporal resolution dataset. However,
© 2023 The Author(s). Published by the Royal Society of Chemistry
high time resolution (daily or preferably hourly) is needed to get
a better understanding of temporally changing PM sources.

The US Department of State collects air pollutant data at US
Embassies around the world to inform US personnel and citi-
zens of air quality overseas. These measurements use Beta
Attenuation Monitors (BAMs) to measure hourly ambient PM2.5

concentrations.31 BAMs collect PM2.5 onto a glass-ber lter
tape and estimate particle concentrations by measuring
absorption of beta radiation across the sample using the Beer–
Lambert law.

This study investigates a cost-effective method to leverage
these existing PM2.5 monitors to expand the limited air quality
dataset in the Global South. The mean ambient BC concentra-
tions at these locations tend to be very high (up to daily average
of 80 mg m−3) compared to that in developed nations (<1 mg
m−3).32–37 Our long-term goal is to use these BAM tapes to extract
BC concentrations. To achieve this goal, we collected PM2.5 on
51 glass-ber lters, designed a custom color-coded reference
card, captured photos of sampled lters on the reference card,
developed an image-processing algorithm to extract Red
channel values (R) from the lter images and trained an R to BC
model with the measured R values and BC concentrations for
the 51 lter samples. Particulate loadings for each lter sample
varied and BC concentrations were measured with an aethal-
ometer (BCAeth). We evaluated the trained model at two EPA
Chemical Speciation Network (CSN) urban sites in Pittsburgh by
comparing daily EC measurements with daily averaged BAM-
based BCs estimated with our model. We empirically dened
a minimum detection limit for the method to assess its appli-
cability in various sampling environments. This work also
investigates the possibility to quantify wood smoke BC by
utilizing color channels of lter samples from varied sources,
mainly wood smoke, diesel and ambient.

2 Methods
2.1 Particle sampling setup

We collected ambient aerosol samples to test the image
reectance-based method. Samples were collected at the Car-
negie Mellon University (CMU) campus (Fig. S1†). This is an
urban background location that is far from major roadways or
other local BC sources. The nearest arterial road from the
sampling point is ∼225 m away.

Fig. 1 shows the sampling setup. A wire mesh enveloped the
inlet to avoid macro contaminants or insects from entering the
inlet. The ambient air passed through a stainless-steel PM2.5

cyclone (2.5 mm at 92 LPM, URG-2000-30EP, URG Corporation)
to allow only PM2.5. Most of the freshly emitted combustion-
based BC falls in this size range.38 The air through the cyclone
branched into four lines; an aethalometer (AE-31, Magee
Scientic) measured BC concentration (mg m−3) as a reference
monitor, and two lines parallelly collected PM2.5 on a 47 mm
glass-ber lter (A/E Glass Fiber Filter, Pall Corporation) and
47 mm quartz-ber lters (2500 QAO-UP, Pall Corporation),
both at a ow rate of 16.67 LPM (1 m3 h−1). The remaining line
was to draw excess air, making cumulative ow through the
cyclone to 92 LPM for a cutoff diameter of 2.5 mm. The parallel
Environ. Sci.: Atmos., 2023, 3, 842–854 | 843
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Fig. 1 Sampling set-up used for collecting ambient particulates on glass and quartz-fiber filters. An aethalometer (AE-31) parallelly measured BC
for training filter R to BC model and to validate image-based BC. A cyclone was used at the collective inlet to allow only PM2.5 during sampling.
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View Article Online
sampling on the two lter types was done to compare the effect
of compositional differences between glass lters used in BAMs
and conventionally used quartz lters on image-processing
performance (Fig. S3†).

The ows for lter samples were maintained with mass ow
controllers (MCR-50SLPM-D, Alicat Scientic, Inc.), each
attached to a diaphragm pump for a pressure source. Filter
holders (Gelman Sciences 2220 47 mm Stainless Steel Filter
Holder, Gelman Sciences, Inc.) were used to support the lters
and ensure a uniform PM loading during sampling. The setup
used copper tubing (3/8′′) to avoid particle loss by sticking to
the tubing wall surface. We collected 7 sets of quartz- and
glass-ber lters parallelly and 44 additional glass-ber lters.
The hourly ambient BC level varied between 0.03–3.77 mg m−3

for our sampling location. Since the image reectance method
measures area concentration (mg cm−2) on lters, we main-
tained the ow rate of 1 m3 h−1 and changed sampling dura-
tions to achieve BC lter loadings between 0–16 mg cm−2. This
range of surface concentrations corresponds to ambient
concentrations of 0–15.2 mg m−3 for one-hour samples
collected by BAMs with a spot size of 0.95 cm2. The 51 glass-
ber lter samples were used for training the R to BC model,
where R is red scale values for a lter sample that takes integer
values between 0 to 255, and BC represents area loading of
black carbon (mg cm−2) in the lter sample.

Filter-based light attenuation techniques face challenges due
to continuous particle loading on the same spot and multiple
scattering of light rays. The AE-31 tends to underestimate BC
concentrations as the lter tape gradually becomes loaded with
particles, a phenomenon referred to as the “shadowing effect”,
that is prominently observed in experiments with high
844 | Environ. Sci.: Atmos., 2023, 3, 842–854
concentrations of freshly emitted soot.39 We applied appro-
priate loading corrections to the raw BC concentrations from
AE-31 and the corrected BC is referred to as BCAeth in this
article.40

Subramanian et al. reported that lter-based optical BC
measurements can experience errors due to aerosol emissions
from smoldering biomass burning or other sources of liquid
organic matter.41 Therefore, we compared BCAeth with EC for 7
quartz ber lter samples to evaluate the performance of the
aethalometer (Fig. S2†). EC was quantied using the Inter-
agency Monitoring of PROtected Visual Environments
(IMPROVE)-A protocol. Fig. S2† shows a high correlation
between BC and EC (R2 > 0.99), as expected, and EC concen-
trations were ∼13% higher than BC for these lters sampled at
CMU.

BCAeth was used as reference BC concentration for all 51
training lters to ensure readily available data at high time
resolution and to avoid always relying on time consuming
thermo-optical methods for reference measurements. The
aethalometer is used as ground truth for our models due to its
wide applicability in continuous monitoring of BC in ambient
environments.

This study measures area concentration (mg cm−2) of BC on
lter surfaces using a reectance-based method, whereas
particle concentrations are typically reported as volume
concentration (mg m−3). We used CA = CVQTS/AF for converting
one to another, where CA is mass of BC per unit area of the lter
surface and CV is the concentration of BC in the ambient air.
The sampling was done at a ow rate of Q (1 m3 h−1) for TS
hours on lters with collection area AF (9.6 cm2 for 47 mm
lters).
© 2023 The Author(s). Published by the Royal Society of Chemistry
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2.2 Image processing

The image reectance method relies on cell phone camera
photos of each lter to determine BC concentrations. The lters
are placed on a reference card (described in section 2.2.1) for
each photo. A camera captures the reected light from an object
in the form of a photograph. A photo is composed of pixels and
each pixel is a combination of RGB channels. We aim to
determine BC concentration of a lter sample by extracting the
averaged Red channel of all pixels of the sampled area in the
photo. This approach requires that we rst perform geometric
and color calibration of the original image.

The raw images of lter samples undergo geometric cali-
bration to correct for image distortion from the nature of the
lens in the camera during photo capture. Cameras generally
exhibit some form of lens distortion, especially radial distor-
tion.42 Geometric calibration is followed by color calibration to
correct for the effects of lighting conditions and scale the RGB
channels of the resulting image as close as possible to
a common reference.

2.2.1 Reference card. We prepared a reference card with
twelve grayscale values, each with Red–Green–Blue (RGB) color
channel values between [0, 0, 0] and [255, 255, 255] printed on
a matte nish photo paper (Fig. 2a). These grayscales are
present on the card in duplicates (a total of 24) for a better-
Fig. 2 The reference card used in capturing filter sample images is show
green and blue (RGB) color channels are shown for all the square boxes. T
whereas the Red channel of each grayscale box (R values for the gray boxe
to a unique BC concentration (mg cm−2). The card contains a duplicate s
through averaging. (b) A raw image with one of the calibration filters p
geometric correction (d) The image after geometric correction and co
squares and filter samples.

© 2023 The Author(s). Published by the Royal Society of Chemistry
averaged extraction of RGB scales from each grayscale box. A
black-ll square encompassing a white circular zone at the
center of the card is for placing lter samples. There are two sets
of three colored boxes to aid in color calibration; each box
consists of different RGB channel combinations. All the gray-
scale and colored squares were given black ([0, 0, 0]) boundaries
for added advantage in contour detection (Fig. S6a†).

In this study, we used the abovementioned reference card to
capture images of lters (Section S1, ESI†). The lters were
placed on the reference card one at a time and a photo was
captured using a cell phone camera (OnePlus 6, OnePlus
Technology Co., Ltd., China), xed at ∼9′′ above the card.
Images were taken in a dark room under uniform diffused
lighting established with two ring lights with a xed light
intensity (Fig. S5†).

2.2.2 Geometric and color calibrations. The extraction of
RGB channels of a raw image was executed with the use of
a custom python script. The full code is available here (https://
github.com/eloyjaws/lter_extraction). The pipeline for lter
sample RGB extraction used traditional computer vision
algorithms from OpenCV and can be broken down into two
stages: geometric calibration of the input image and color
calibration of the geometrically calibrated input image. The
pipeline was designed to use the reference card (Fig. 2a) as
a template in both stages.
n here. Particulate deposit spots are placed at the center circle. (a) Red,
he 3 colored boxes in the reference card are used for color calibration,
s are 75, 91, 107, 123, 139, 155, 171, 187, 203, 219, 235, 251) corresponds
et of the colored and grayscale boxes for an improved RGB estimation
laced at the center of the calibration card. (c) The same image after
lor calibration, which is used for extraction of RGB channels for the

Environ. Sci.: Atmos., 2023, 3, 842–854 | 845
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2.2.2.1 Geometric calibration. Camera images of a horizon-
tally aligned lter and reference card assembly usually have
image distortion. We ran a series of transformations on the raw
input images to correct for distortion, translation, or rotation
errors. To geometrically calibrate the image, we resized the
input image to a xed resolution and aspect ratio. We then ran
a computer vision algorithm called SIFT (Scale-Invariant
Feature Transform) on both the resized input image and the
reference card image (a digital template designed in Adobe
Illustrator) to extract points of interest that are not only
invariant to the image scale and rotation but are also robust to
changes in illumination, noise and minor changes in view-
point.43 We call these extracted points SIFT features. We used
a feature matcher algorithm from OpenCV to nd and match
the SIFT features extracted from our resized input image with
the reference image.44 Aer extracting these matches, we
selected the optimum matches by applying Lowe's ratio test.45

We computed a homography matrix (a 3 × 3 matrix that maps
the transformation between the two image planes) through
a robust estimation technique called Random Sample
Consensus (RANSAC) using key points from the images that
were highlighted in our optimum matches.46 With the resulting
homography matrix, a transformation was applied to all pixels
in our resized input image to map it to the reference. Any
distortion, scale, or rotation differences in the input image were
corrected by warping the perspective of the resized input image
to the perspective of the reference image by using the homog-
raphy matrix. The geometrically calibrated image of Fig. 2b,
which shows a slight distortion, is shown in Fig. 2c.

2.2.2.2 Color calibration. Once the input image was
geometrically aligned with the reference image, the locations of
the colored boxes were used to extract their RGB channels for
color calibrations. Color calibration helps to minimize effects
on extracted RGB values due to variations in lighting conditions
in photo-capturing environments. Fig. 2a shows predesignated
set of RGB values of colored boxes in the reference card. The
color calibration uses known RGB values from these squares in
the reference image to scale RGB for the entire input image. To
accomplish this, we extracted the RGB values of all 30 boxes
from the geometrically calibrated input image (Fig. 2c) and the
reference image (Fig. 2a). We then normalize the RGB values
from the geometrically calibrated input image (target colors) to
have a value between 0 and 1. We use a piece-wise function
“eotf_sRGB” (sRGB electro-optical transfer function) to decode
the normalized values that can represent the image in a linear
color space.47 ‘Finlayson 2015’ method was used for color
correction to learn a function f that maps target colors to
reference colors.48 We used the function f to color-correct the
target image. The average RGB of the extracted pixels in the
lter sample area (Fig. S6b†) represents the geometrically and
color corrected color channels of the sample.

3 Results and discussion
3.1 Red scale to BC algorithm

The red scale value of a sample is an indicator of the attenuation
of visible red light through the sample. Light attenuation
846 | Environ. Sci.: Atmos., 2023, 3, 842–854
through the atmosphere is exponential and can be explained by
the Beer–Lambert law. Existing lter-based BC and PM instru-
ments follow this exponential optical extinction principle to
measure mass concentrations.22,49 Therefore, we expect an
exponential relationship between red light reectance and BC
area concentration on a lter sample in the form:

BC(mg cm−2) = a × e(b×R) + c

where R is the averaged Red scale value of a particle spot on
a lter, a (mg cm−2), b (unitless) and c (mg cm−2) are coefficients
of the exponential curve.

Nonetheless, we tested a set of R to BC (mg cm−2) calibration
models to investigate for the best-performing model. Linear,
polynomial and logarithmic models are commonly used
regression models. Additionally, gradient boosting, random
forest, ridge and support vector machines are machine
learning models widely used in air quality research recently.
Ensemble methods try to improve accuracy by combining
predictive performances of different machine learning
models. We also explored a hybrid model to exploit the fairly
linear correlation of BC with R on lower BC concentrations.
This hybrid model consisted of a linear part for low BC values
and an exponential curve to explain the dependence of high
BC range on R.

We used R2, mean absolute error (MAE) and root mean
square error (RMSE) to assess model performance. Table 1
summarizes the performance of all trained models, and the
training data are shown in Fig. 3 and Table S2.† All models in
Table 1 were evaluated with random 4-fold cross-validation.
While many of the models showed similar performance, the
exponential model seems to be the simplest model with the best
performance. Thus, we used this model; the model t and
parameters are shown in Fig. 3.

A cell phone is used in our experiments due to its easy
availability. A lower resolution camera such as a webcam is
equally suited for the task as this method requires an average of
only a few pixels of evenly deposited particles on a lter to
quantify BC concentrations.

We investigated the effects of lighting conditions on esti-
mation of BC concentration with the image reectance method
for a lter sample (Section S1†). BC concentrations for two
lters, with BC loadings of 1.725 mg cm−2 and 8.089 mg cm−2,
were calculated with the R to BC model at ve light intensities
from very dim (level 6) to very bright (level 10) lighting during
image capture (Table S1†). We observed a maximum increase of
only 1.2% in R and a 3.8% decline in BC compared to those in
the reference light settings. Thus, the same model can work for
quantifying BC concentrations for an unknown sample in
a wide range of lighting conditions.

The method relies on Red channel values hence the detec-
tion limit is controlled by the maximum value of the Red
channel, which is 255 (no red light intensity). Red channel
values are reported with integer resolution. Thus, we can use the
exponential model for a Red channel value of 254 to determine
an effective detection limit (EDL) of 0.08 mg cm2 for the image
reectance method.
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Red scale to BC concentration model performance. R2, MAE and RMSE are used as metrics for assessment. All metrics represent an
average of 4-fold cross-validation. For models tested over subsets of concentration, “low BC” corresponds to BC concentrations below
a threshold BC (BCth, mg cm2), and “high BC” corresponds to concentrations $ BCth mg cm2. BCth for each model is calculated separately to
maximize model performance. The BCth calculation is discussed in Section S3 of the ESI

Models R2 MAE RMSE

Linear regression Low BC 0.95 0.09 0.11
High BC 0.89 0.82 1.05
All 0.79 0.76 1.08

Polynomial regression Low BC 0.93 0.10 0.11
High BC 0.88 0.81 0.99
All 0.90 0.55 0.79

Exponential Low BC 0.93 0.11 0.13
High BC 0.91 0.77 1.00
All 0.94 0.59 0.86

Hybrid Low BC–linear 0.95 0.09 0.11
High BC – exponential (using all 51 data points) 0.91 0.74 0.98
All 0.94 0.59 0.85

Logarithmic 0.93 0.70 0.95
Gradient boosting 0.82 0.73 0.99
Random forests 0.81 0.83 1.09
Support vector machines (SVMs) 0.64 1.04 1.78
Ensemble 0.79 0.76 1.16

Fig. 3 The solid blue line represents a fitted exponential model for
sample Red scale to BC concentration. The crosses are calibration
filters (51 glass-fiber filter samples) used for fitting the model. BC
values for calibration are measured with an aethalometer.

Fig. 4 The histogram plot shows the probability distribution curve of
hourly BC for a near-road site (AQS ID: 42-003-1376, latitude:
40.437430 and longitude: −79.863572) in Pittsburgh, Pennsylvania
(USA). The vertical blue dashed line represents the EDL of the image
reflectance method. The monitoring station is a roadside site and BC
data is measured with an aethalometer, sampled between August
2020 to July 2021. The hourly BC concentration was higher than the
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Converting this surface concentration to the corresponding
hourly BC volume concentration depends on the model of BAM.
Different models will have varying sampling ow rates and lter
loading areas. The two most commonly used research-grade
BAMs are BAM-1020 (Continuous Particulate Monitor BAM
1020, Met One Instruments Inc.) and BAM-5014i (Beta Contin-
uous Ambient Particulate Monitor, Thermo Fisher Scientic
Inc.) with particulate loading lter spot area of 0.95 cm2 and
2.01 cm2, respectively. Both instruments sample at a ow rate of
1 m3 h−1. The image-based approach can therefore detect BC
concentrations of 0.07 mg m−3 for the Met One BAM and 0.15 mg
m−3 for the Thermo Fisher BAM at an hourly resolution.
© 2023 The Author(s). Published by the Royal Society of Chemistry
Our method relies on red light reected from the sample
spot. It is possible that under very high lter loadings, BC could
accumulate into such a dark spot that R = 0 and additional
material does not change the absorbance. Such a situation is
unlikely under ambient conditions but could be encountered if
this method is used to quantify BC for direct emissions testing
from combustion sources. We illustrate our performance up to
an hourly BC concentration of 15 mg m−3 (and a lter loading of
15.8 mg cm−2 for BAM 1020). This is an extremely high hourly BC
concentration for an ambient environment, even for highly
polluted ambient environments. Therefore, we do not expect to
EDL (0.15 mg m−3) more than 98% of the time.

Environ. Sci.: Atmos., 2023, 3, 842–854 | 847
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encounter a ‘maximum’ detection limit for typical ambient
conditions.

We can compare the EDL to measurements of ambient BC.
Fig. 4 shows a histogram of one year of hourly BC concentra-
tions measured with an aethalometer at a near-road site in
Pittsburgh, Pennsylvania, USA from August 2020–July 2021. The
median for the BC histogram is 0.67 mg m−3. The measured BC
at this site is above the EDL for >98% of all hours. BC concen-
trations in many developing nations are higher (Fig. S8†),
indicating that this approach will be able to determine hourly
BC concentrations from BAM tapes in many locations
worldwide.

We use the RMSE of R to BC model for low BC levels (below
1.66 mg m−3, or R > 224) to estimate the uncertainty of the
method to be around 0.1 mg m−3 at the typical ambient BC
concentrations shown in Fig. 4.
3.2 Validation of BAM estimated BC with EC at CSN sites

In this section, we apply the calibration model to BAM tapes
collected at two EPAmonitoring sites in Pittsburgh that have co-
located lter measurements for thermal-optical EC. The Law-
renceville site (AQS ID: 42-003-0008, latitude: 40.465420 and
longitude: −79.960757) is an urban background site. It is in
a city neighborhood with a mix of residential and commercial
land use. The Liberty site (AQS ID: 42-003-0064, latitude:
40.323761 and longitude: −79.868151) is located 2.65 km from
the largest metallurgical coke plant in North America. Both sites
are CSN sites with 1-in-3 days (Lawrenceville) and 1-in-6 days
(Liberty) 24 h EC lter measurements.

We obtained BAM tapes from 12 July, 2020 to 6 September,
2020 for Lawrenceville and 10 March, 2020 to 29 May, 2020 for
Fig. 5 The boxplot is a comparison of the daily average BC-OPT with
EC-CSN in Pittsburgh, Pennsylvania. Lawrenceville CSN site (AQS ID:
42-003-0008) measures EC 1-in-3 days, whereas the frequency is
every 6th day in Liberty (AQS ID: 42-003-0064). In this plot, we
compare daily average BC values at the two sites for 19 and 13 days,
respectively. The boxes show the interquartile range and whiskers on
the two ends extend to 1.5 times the interquartile range. The data
points outside the whiskers are considered outliers. The white dots in
the boxes represent mean values.

848 | Environ. Sci.: Atmos., 2023, 3, 842–854
Liberty. We used the image reectance method to determine
hourly BC concentrations (BC-OPT) at each location. For days
with concurrent lter sampling, we compared the daily mean
BC-OPT to the lter EC (EC-CSN) at each site (Lawrenceville: 19
days; Liberty: 13 days). The comparison is shown as a box plot in
Fig. 5. Daily BC-OPT estimates and EC-CSN for both sites are
listed in Table S3.†

Overall, concentrations at both locations were typical of
urban BC concentrations in the US. Mean (median) EC
concentrations were ∼0.37 (0.34) mg m−3 for Lawrenceville and
∼0.37 (0.26) mg m−3 for Liberty. The mean concentration at
Lawrenceville is similar to average background BC concentra-
tions in Pittsburgh measured during mobile sampling between
similar months (August–September) of 2016.50

Themean andmedian BC-OPT for Lawrenceville (mean: 0.35
mg m−3, median: 0.32 mg m−3) and Liberty (mean: 0.30 mg m−3,
median: 0.24 mg m−3) agree well with EC-CSN. At Lawrenceville,
the BC-OPT has a larger interquartile range (IQR). The IQR is
0.11 mg m−3 for the CSN EC and 0.19 mg m−3 for the optical
method. Overall, the optical BC compares favorably with the EC
measurements for this urban site.

At Liberty, the 25th percentile and medians agree well for the
two methods, but the 75th percentile for the EC-CSN (0.58 mg
m−3) is larger than for the optical method (0.38 mg m−3). This
may be a result of the different measurement methods (optical
for BC and thermal-optical for EC).51 Fig. S7† shows that while
BC and EC are correlated at Liberty, the image reectance-based
BC is consistently lower when EC is above 0.5 mg m−3. This
disparity in EC and BC-OPT is reected in our quartz training
lters (Fig. S2†). In those lters, EC was systematically higher
than BC-OPT, with larger differences at high concentrations.

While some of the differences between BC-OPT and EC at
Liberty might be due to methodological differences, the source
of BC may also play a role. High BC (EC) concentrations both at
Liberty and at the CMU site are oen associated with industrial
emissions from a metallurgical coke works located 3 km south
of the Liberty site.52 If these industrial emissions have
a different EC-to-BC ratio than typical traffic-dominated urban
emissions, that could explain the poorer agreement at Liberty
than at Lawrenceville or CMU.
3.3 Color channel correlation for samples from different
sources

This section focuses on quantifying wood smoke BC from the
lter spots. Previous studies have used the difference in BC at
370 nm (ultraviolet) and 880 nm (infrared) as a tracer for wood
smoke. We hypothesized that data frommultiple color channels
from sample photographs could be used to differentiate
between wood smoke BC and that from other sources.

Fig. 6 and Table S4† compare Red, Blue and Green channel
values for lter samples from three sources: wood smoke,
diesel-dominated traffic and ambient. The ambient lters are
the same samples used for model calibration. The BC on these
lters is likely dominated by traffic emissions, primarily from
diesel vehicles. Subramanian et al.53 attributed >80% of BC in
Pittsburgh to traffic sources. Robinson et al. further showed that
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 (a) B to R plots and (b) G to R plots for ambient, diesel and
woodsmoke sources. Scatter points represent 156 individual samples.
‘Ambient’ samples (51) are the samples used for training R to BC
models. ‘Tunnel’ samples (17) were collected inside the Squirrel Hill
tunnel in Pittsburgh in 2004. ‘Wood smoke 2004’ (26) and ‘Wood
smoke 2022’ (35) are wood smoke samples collected from direct
wood burn experiments performed in the CMU laboratory in 2004 and
2022, respectively. ‘Ambient + wood smoke’ samples (27) are filters
with wood burn emissions deposited over ambient samples.
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Pittsburgh has minor impacts from biomass burning
emissions.54

The diesel-dominated samples were collected in the Squirrel
Hill tunnel in Pittsburgh, Pennsylvania. Sampling details for the
‘Tunnel’ lters can be found in Grieshop et al.55 Briey, the
tunnel traffic is mostly comprised of heavy-duty diesel vehicles
(HDDVs) and light-duty gasoline vehicles (LDVs). Grieshop et al.
found that EC emission factor for HDDVs in the tunnel was up
to 20 times larger than that for the LDVs, suggesting a diesel
emission-dominated environment.55

The wood smoke lters were sampled by collecting direct
emissions from controlled burning of wood logs. The wood
smoke sampling setup is explained in Section S4 and Fig. S9 of
the ESI.† ‘Wood smoke 2004’ lters were collected by Lipsky
et al. in 2004.56 These samples were stored in a freezer since
then. ‘Wood smoke 2022’ are freshly collected lters sampled in
2022.
© 2023 The Author(s). Published by the Royal Society of Chemistry
Lastly, we generated lter samples that contained ambient
PM ‘doped’ with wood smoke. These ‘Ambient + wood smoke’
samples are a subset of the ambient lters used for calibration
(e.g., Fig. 2) with additional wood smoke sampled aer the
initial analysis. These lters should therefore represent a mix of
diesel and wood smoke emissions.

For nearly all of the samples, there is a high correlation
between both the Red and Blue channels (R2 ∼ 0.98 for
a quadratic polynomial) and Red and Green channels (R2 ∼ 0.99
and gradient ∼1.03 for a linear model). Samples from different
sources (ambient, tunnel and wood smoke) seem to fall along
a common curve in both Red–Blue (Fig. 6a) and Red–Green
(Fig. 6b) plots.

The exception is the ‘Wood smoke 2004’ samples. These
samples have excess absorption of both Blue and Green light
wavelengths. This excess absorption may be due to the presence
of light-absorbing brown carbon formed during smoldering
combustion.57 The wood smoke samples from 2022 were
dominated by aming combustion and therefore had minimal
emissions of brown carbon. The excess absorption of Blue and
Green light is not observed in the freshly collected ‘Wood smoke
2022’ samples nor in the ambient samples doped with wood
smoke. The excess Blue and Green absorption for the 2004
samples might also be due to artifacts introduced to these
samples due to aging of particle deposits during storage.

Our results suggest that excess absorption in the Blue and
Green channels might be useful as a qualitative indicator for the
presence of BC from biomass burning. However, since aming
combustion produces minimal brown carbon, samples domi-
nated by aming biomass combustion will not have excess
absorption in the Blue and Green channels. Better separation of
wood smoke BC from other sources, such as diesel, will require
further investigation under a variety of biomass burning
conditions.

4 Conclusion

Air quality monitoring in the Global South is hampered by the
high cost of equipment. This paper presents a low-cost method
to leverage existing measurements to extract PM2.5 composition
data that can in turn be used to better understand PM sources
and inform future policies. BAMs are deployed worldwide to
quantify PM2.5 concentrations with hourly time resolution; for
example, the US State Department has deployed BAMs at 76
embassies and consulates worldwide. Post-analysis of the BAM
lter tapes using cell phone camera images can provide valu-
able information on BC concentrations with hourly time
resolution.

The approach shown here has an effective minimum detec-
tion limit of 0.15 mg m−3. As we show in Fig. 4, this is sufficient
to detect hourly BC at a roadside location in the US, and
therefore the method should be widely applicable to locations
worldwide.

There are a few key advantages to the approach outlined
here. First, it leverages existing samples. Second, it is extremely
low cost. Cell phone cameras are ubiquitous, and no special or
expensive equipment is needed to collect the photographs;
Environ. Sci.: Atmos., 2023, 3, 842–854 | 849
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a lower resolution camera such as a webcam is could also be
used in place of the cell phone camera. Third, all code is
available freely online. Lastly, this method can provide high
time resolution data on a PM component. One potential draw-
back to our approach is that BC detection is not achieved in real
time. Instead, the BAM lter tapes can only be photographed
aer the entire lter tape has been used and removed from the
BAM. Since lters last approximately 2–3 months, this can
create a delay between data collection and analysis.
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