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Abstract: Sunlight incident on the Earth’s atmosphere is essential for life, and it is the driving
force of a host of photo-chemical and environmental processes, such as the radiative heating of the
atmosphere. We report the description and application of a physical methodology relative to how
an ensemble of very low-cost sensors (with a total cost of <$20, less than 0.5% of the cost of the
reference sensor) can be used to provide wavelength resolved irradiance spectra with a resolution of
1 nm between 360-780 nm by calibrating against a reference sensor using machine learning. These
low-cost sensor ensembles are calibrated using machine learning and can effectively reproduce the
observations made by an NIST calibrated reference instrument (Konica Minolta CL-500A with a cost
of around USD 6000). The correlation coefficient between the reference sensor and the calibrated
low-cost sensor ensemble has been optimized to have R? > 0.99. Both the circuits used and the code
have been made publicly available. By accurately calibrating the low-cost sensors, we are able to
distribute a large number of low-cost sensors in a neighborhood scale area. It provides unprecedented
spatial and temporal insights into the micro-scale variability of the wavelength resolved irradiance,
which is relevant for air quality, environmental and agronomy applications.
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1. Introduction

Sunlight incident on the Earth’s atmosphere is essential for life, and it is the driving
force of a host of photo-chemical and environmental processes (e.g., photosynthesis, pho-
tolysis and atmospheric radiative heating). Consequently, models of atmospheric radiative
transfer play a key role in modeling atmospheric chemistry and the weather/climate sys-
tem (e.g., [1-8]). In order to accurately model the surface irradiance, a complete description
of both light absorption, light multiple scattering and surface reflection is required in an
atmospheric radiative transfer model. For solar zenith angles > 75°, this would also need
to account for the spherical geometry of the atmosphere [3,4]. The intensity of atmospheric
electromagnetic radiation which reaches the Earth’s surface is a strong function of wave-
length and the vertical profiles of atmospheric composition and temperature. The vertical
profiles of temperature, light scatterers and light absorbers determine the extinction due to
absorption and scattering as well as thermal emission.

Atmospheric absorption and multiple-scattering of light both have a significant impact
on the surface irradiance (Figure 1). Atmospheric radiative transfer considers the energy
transfer of electromagnetic radiation through the atmosphere. The intensity of sunlight, as
a function of wavelength, is affected by both the gaseous absorption in the UV and visible
portion of the spectrum (including Oz, NO,, NO3, HONO and HNOj [9,10]), by light
scattering from air molecules (Rayleigh scattering), from airborne aerosols (Mie scattering)
and by thermal emission in the infrared [1,2,11] (Figure 1).

Sensors 2021, 21, 6259. https:/ /doi.org/10.3390/521186259

https://www.mdpi.com/journal/sensors


https://www.mdpi.com/journal/sensors
https://www.mdpi.com
https://orcid.org/0000-0003-0494-2276
https://orcid.org/0000-0003-2688-648X
https://orcid.org/0000-0002-9841-6703
https://orcid.org/0000-0003-4265-9543
https://doi.org/10.3390/s21186259
https://doi.org/10.3390/s21186259
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/s21186259
https://www.mdpi.com/journal/sensors
https://www.mdpi.com/article/10.3390/s21186259?type=check_update&version=1

Sensors 2021, 21, 6259 20f17

Solar Irradiation

Incident

Mie Scattering
by

Qi.mfate Matter

| ~.
\\. /l

Figure 1. Solar irradiance on the Earth’s Surface.

Rayleigh Scattering occurs from gas molecules as the sizes of the molecules are much
smaller than the wavelength [12]. The strength of the Rayleigh scattering is proportional
to A%, where A is the wavelength of the radiation. Shorter wavelengths scatter more
strongly than longer wavelengths, and this is the reason that the sky is blue. Mie scattering
occurs when the size of the scatterers is similar to or greater than the wavelength of the
light [13]. In the UV and visible portion of the electromagnetic spectrum that we observed
in this study (360-780 nm) the main gaseous absorption of light is due to the ozone in a
set of different absorption bands (Hartley 200-300 nm, Huggins 310-360 nm, Chappuis
400-650 nm and Wulf in the near infrared).

1.1. Motivation

The goal of this study is to provide an accurately calibrated low-cost wavelength
resolved irradiance sensor, which is helpful for biometric pupillometry [14] applications,
and is suitable to address the current lack of neighborhood scale real-time solar irradiance
data by the provision of very low-cost calibrated measurements. These sensors can be
readily deployed at a scale across dense urban environments in order to measure the
wavelength resolved irradiance. Sunlight incident on the Earth’s atmosphere is essential for
life, and it drives atmospheric photo-chemistry, which is central to understanding urban air
quality and the host of associated human health impacts. The World Health Organization
(WHO) estimates that, every year, around seven million deaths occur due to exposure to
air pollution. Even though the solar irradiance is critical in driving atmospheric photo-
chemistry via photolysis, it is marked by a severe paucity of data at the neighborhood scale.

In order to achieve the goal, the first key step is the use of multi-variate non-parametric
non-linear machine learning, to accurately calibrate a set of low-cost sensors costing around
USD 20 against a NIST calibrated reference instrument. The second step is physically
understanding the relative importance of the various factors involved in the calibration.
These factors are objectively determined by using explainable machine learning approaches.
The plans and circuit diagrams for building these sensors, as well as the calibration code,
are publicly available.
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1.2. Solar Irradiance

The sun is a hot plasma sphere (73% hydrogen, 25% helium and 2% of heavier
elements) heated to incandescence by nuclear fusion reactions in the core. The photosphere
of the sun has an effective temperature of 5772 K, with an emission spectra close to that of
a black body. The electromagnetic energy reaching the top of the Earth’s atmosphere from
the sun ranges from 100 nm to 1 mm with a peak at around 500 nm [11].

As the sunlight passes through the Earth’s atmosphere, it is absorbed and scattered
by various atmospheric components related to the path length through the atmosphere
(Figure 1), which is a function of the solar zenith angle (Figure 2). The solar irradiance
incident on the Earth’s surface during the daytime is a function of the Earth’s distance
from the sun [15] (varies with season due to the ellipse orbit [16]), the solar zenith angle
(can be calculated from latitude, longitude and the local solar time), the vertical profile of
atmospheric light scatterers and absorbers and the surface reflectivity.

Sun
Zep;;

Figure 2. Schematic depicting the solar zenith angle, solar altitude angle and solar azimuth angle.

Typically, a vertical profile through the atmosphere is split up into regions based
on the temperature gradient with increasing height, e.g., the troposphere, stratosphere,
mesosphere and thermosphere [17]. Significant absorption by ozone of the incoming
sunlight occurs in the stratosphere (10-50 km). For typical levels of stratospheric ozone,
this light absorption warms the stratosphere and prevents short wave UV at A < 310 nm
(which is harmful to life) from reaching the surface of the Earth.

In a clear sky and without nearby structures such as trees or buildings, solar irradiance
is primarily dependent upon some simple factors, such as the temperature of the sun,
Earth’s distance and solar zenith angle. However, in a real-world environment, clouds, par-
ticulate matter (PM), trees and buildings influence the intensity of solar irradiance on the
ground and make it difficult to estimate the irradiance spectrum. Therefore, it is necessary
to use high-resolution spectrophotometers to measure the solar spectral irradiance. How-
ever, these devices are quite expensive and cannot be widely distributed in large numbers.
Thus, we proposed a machine learning method, which works with some low-cost light
sensors, in order to achieve competitive performance as well as high-resolution spectropho-
tometers. The comparisons between the observations of the reference sensor and our ma-
chine learning calibrated low-cost sensor ensemble have been shown in Sections 4.3 and 5.
With our machine learning model, we recreated the wavelength-resolved spectrum from
360 nm to 780 nm and obtained an accurate spectrum of atmospheric absorption.
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2. Measurements and Data Sets

We used two types of light sensors, a NIST calibrated reference sensor (Konica Minolta
CL-500A with a cost of =~USD 6000) and an ensemble of low-cost sensors (Adafruit TSL.2591,
VEML6075 and AS7262, each costing just a few dollars) to collect the solar irradiance in a
same environment. We further calibrated the low-cost sensors against the reference sensor
by using machine learning.

The reference Minolta CL-500A provides the irradiance every nm from 360-780 nm,
as well as the total illuminance (Figure 3). The codes for collecting the irradiance data from
the reference sensor can be found in the following GitHub repository: https://github.com
/yichigo/Minolta-Sensor, accessed 18 March 2021.

Figure 3. Konica Minolta CL-500A Illuminance Spectrophotometer measures the wavelength range of 360-780 nm.

The various low-cost sensors (Figure 4) sold by open-source hardware company
Adafruit Industries are as follows.

AS7262 provides a measurement of the intensity over the broad spectral regions
corresponding to “Violet” (450 nm), “Blue” (500 nm), “Green” (550 nm), “Yellow” (570 nm),
“Orange” (600 nm) and “Red” (650 nm) light. The circuit design of Adafruit’s AS7262 can
be found in https:/ /learn.adafruit.com/adafruit-as7262-6-channel-visible-light-sensor,
accessed 22 July 2021.

TSL2591 has a sensitivity to the wavelength range 300-1000 nm, from UV to NIR. It
gives the raw counts of “Visible”, “IR (Infrared)” photons and the value of “Lux”. The circuit
design of Adafruit’s TSL2591 can be found in https:/ /learn.adafruit.com/adafruit-tsl2591,
accessed 22 July 2021.

VEMLG6075 has a sensitivity relative to the wavelength range of 200-400 nm (UV),
where the UVA (UVB) channel has a peak sensitivity at 365 nm (330 nm). It also provides
“Visible Compensation” and “IR (Infrared) Compensation” for calculating the UVA (UVB)
from the raw counts. In this study, we used the raw counts of UVA, UVB and the compen-
sation values. In addition, VEML6075 provides a calculated “UV index” value, which is
negatively correlated with the UV intensity. The circuit design of Adafruit’s VEML6075
can be found in https:/ /learn.adafruit.com/adafruit-veml6075-uva-uvb-uv-index-sensor,
accessed 22 July 2021.

The codes for receiving the data from the low-cost sensors are in the following Github
repository: https:/ /github.com/mi3nts/UTDNodes/tree/master/firmware/nanoLigh
tUTD, accessed 22 July 2021.

The reference and low-cost sensors were co-located in the same outdoor environment,
at the University of Texas at Dallas Waterview Science and Technology Center, 7919 Water-
view Parkway, Richardson, TX 75080, from December 2019 to April 2020. They made the
observations every 3 s. The data were collected and saved in an NAS hard drive connected
in the same network.
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Figure 4. Low-cost light sensors: TSL2591, VEML6075 and AS7262 sold by the open-source hardware company,

Adafruit Industries.

3. Machine Learning and Workflow

Machine learning was used to calibrate the inputs provided by the suite of low-cost
sensors against the reference sensor. Machine learning is a subset of artificial intelligence
where we “learn by example”. It optimizes an empirical mathematical model by using
examples rather than explicitly programming a deterministic model [18]. This technique
is widely used in many areas, such as data mining [19], game strategies [20], healthcare
and medical research [21-23], computer vision [24,25] and environmental science [26,27].
Machine learning can be divided into three categories: supervised learning, unsupervised
learning and reinforcement learning. In this study, we used supervised learning, which
trains the model by using a set of examples in a training data set that includes both input
features and output targets.

3.1. Data Preprocessing

We have collected the data from different sensors. In order to merge these data
into a same data set, we resampled the data at every 10 s and merged the different data
sources by matching the time. After that, we dropped the NaN values and duplicated
data samples. We also calculated the solar zenith angle and solar azimuth angle from the
latitude, longitude and UTC time.

The preprocessed data, “MINTS Light Sensor Calibration Dataset”, are publicly avail-
able on Zenodo [28].

3.2. Input Features and Output Targets

The input features are the preprocessed data given by the low-cost sensors: TSL2591,
VEML6075 and AS7262. The output targets are the irradiance bins on 421 wavelengths
(360-780 nm) given by the Minolta CL-500A reference sensor. The 14 input features are
listed below.

Features Unit Min Max Mean StDev
Violet (450 nm) counts 0 2717 370.67 412.56
Blue (500 nm) counts 0 4165 528.13 611.57
Green (550 nm) counts 0 4619 546.68 664.90
Yellow (570 nm) counts 0 4963 573.22 710.80
Orange (600 nm) counts 0 3646 411.31 519.83
Red (650 nm) counts 0 3826 42541 545.63
IR (Infrared) counts 0 65,535 28,500.35 27,263.43
Visible counts 0 51,573 12,722.19 17,871.05

Lux lux -1 2207.41 127.99 381.92
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Features Unit Min Max Mean StDev
UVA (Raw) counts 0 40,296 2492.98 3400.20
UVB (Raw) counts 0 44,768 2682.46 3686.13

Visible| counts 0 12,045 782.75 1026.57
Compensation
IR (Infrared) counts 0 8596 456.58 699.96
Compensation
UV Index N/A 117 1.07 ~0.05 0.08

The measurement range of the low-cost sensor TSL2591 is not large enough; thus,
some of the features may produce unreasonable values. For example, “IR (Infrared)” or “IR
(Infrared)” + “Visible” cannot be greater than 65,535 (the maximum of 16-bit integer 216 1),
Thus, if “IR (Infrared)” is very large, then “Visible” decreases to zero. Another feature,
“Lux”, should possess a zero-value minimum; however, in a very bright environment,
it produces —1 rather than a large value. Therefore,”Visible” and “Lux” values may be
negatively correlated with irradiance, although they should be positively correlated in
physics. VEML6075 sensor produces the “UV Index”, which is also negatively correlated
with the irradiance, and most of the values are between —0.5 and 0.05.

The output targets given by the Minolta sensor have 421 columns, as listed below.

Targets Unit Min Max Mean StDev
Irradiance at 360 nm W /m?/nm 0 0.069338 0.010471 0.011335

Irradiance at 780 nm ~ W/m?/nm 0 0.337675 0.032955 0.046052

We merged the above features and targets into a single data set. It was randomly
shuffled and split up into two portions, 80% of the data were used for training a suite
of machine learning algorithms, the remaining 20% was used to independently test the
generalization of the machine learning models.

We noticed that there is multi-collinearity between some of the features. For example,
the AS7262 sensor’s data “Violet”, “Blue”, “Green” and so on are highly correlated with
each other; thus, the machine learning model may focus more on one of them by chance,
and their feature importance may also be ranked by chance. Thus, we used principal
component analysis (PCA) to remove the multi-collinearity.

3.3. Principal Component Analysis (PCA)

The process of PCA can be described as the following: In the N-dimension scaled
feature space, we can find a direction that maximizes the variance of the data. We then
use that direction as our first principal direction, and we project the data set into an N-1
dimension space by removing the first principal direction. We repeat this process for M
times, where M < N, and obtain a transformed data set in the principal dimensions [29,30].

Typically, people use the PCA technique to reduce the dimensions of the data. However,
in this study, we did not reduce the dimension. The input data is still 14-dimension after the
PCA process. We only used PCA to remove the multicollinearity between the input features.
After training the model, we ranked the feature importances in principle dimensions.

3.4. Artificial Neural Network

Artificial Neural Network (ANNSs) are one of the many types of machine learning
algorithms. The idea central to ANNSs is to mimic the neural network found in the human
brain in order to solve complex non-linear problems [31].
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The left panel of Figure 5 shows an example node (neuron) in a neural network that has
four inputs x;, four weights w; and one bias. The linear function produces bias + Z?:l X;W;
and followed by an activation function. A neuron such as this can be used as a linear
classifier by optimizing the weights and bias.

Artificial Neural Network

Neuron

€

Activation Function

z / Output

Input Layer |\ J/ Output Layer

N~
Hidden Layers

Figure 5. The left panel shows an example node in a neural network, where w; is the weights for each input x;, and the linear

function produces bias 4 }_; x;w; that is passed to an activation function. The right panel shows an example of artificial

neural network (ANN) with single output, where the blue nodes in hidden layers and the white node in the output layer

are neurons.

Artificial neural networks (ANN) are composed of an input layer, one or more hidden
layers and an output layer [32]. As shown in the right panel of Figure 5, each layer has one
or more neurons. The input layer receives input features, then feed into the first hidden-
layer. The outputs of the first hidden-layer become the inputs to the second hidden-layer
and so on. The data passes through all the hidden layers and finally arrives at the output
layer. Each node in the hidden layers or output layer has an associated set of weights and
bias, and it is followed by an activation function. By using back-propagation [33,34], the
gradient of the loss function can be computed with respect to the weights of the network,
and the weights can be optimized to fit the model on the training data.

Here, we used a multilayer neuron to calibrate the input features provided by the
low-cost light sensors against the data provided by the Minolta reference sensor [35-37].
A multilayer neuron (MLP) is a class of feedforward artificial neural network (ANN). We
built a three-hidden-layer MLP model, where the sizes of the hidden layers are (64-128-256),
and the size of the input (output) layer is 14 (421). We used the ReLu activation function
after each hidden layer. The loss function is the mean squared error, and it is optimized
by the Adam optimizer. The L2 regularization penalty parameter is 10>, and we did not
introduce any batch normalization [38] or dropout layer [39-41] here.

There are 345,677 date samples. We randomly shuffled the data, then used 80% of
the data for training and 20% of the data for testing. In the training data set, the model is
actually trained on 90% of the data, and it is valid on the other 10%. We used the standard
scaler x’ = (x — X) /0 to scale the input features (before PCA and before ANN model) and
output targets based on the training data set, where x can be any column of feature or
target, X is the mean value of x and ¢ is the standard deviation. The size of mini-batches is
200 for stochastic optimizer.

We set the initial learning rate as 10~% and trained the model for 40 epochs until the
R? validation score was not improved by at least 10~ for 10 consecutive epochs. Then, we
divided the learning rate by 10 and repeated the process for an additional 12 epochs.
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3.5. Workflow

In general, the picture of the workflow is shown in Figure 6.

E_ow-cost Sensors] [ Minolta Sensor]
[l [ 1

Data Preprocessing

Original Features Original Targets

Standard Scaler Standard Scaler

PCA

Standard Scaler

Scaled PCA Features Scaled Targets
AV N

Train ANN Model
|

Explanation (SHAP values, Feature Importance)
~ Z
N

Performance on Testing Dataset

Figure 6. Workflow of the light sensor calibration.

We collected the data form the low-cost sensors and the reference Minolta sensor and
performed preprocessing in order to combine and clean the data. Then, we used standard
scaler and PCA techniques to generate the scaled PCA input features and scaled output
targets for the ANN model. We trained the ANN model on the training data set and
explained the model with SHAP values and feature importance. Finally, we tested the
performance on the testing data set.

4. Machine Learning for Low-Cost Light Sensor Calibration of Wavelength
Resolved Irradiance

4.1. Whole Spectrum Calibration Model (360-780 nm)

The ANN regression model was trained to calibrate and provide the entire spectrum
only from the data provided by the low-cost sensor suite (i.e., to observe if we could
reproduce the observations made by a USD 6000 by using sensors costing only a few
dollars). For this entire spectrum calibration model, we used 421 neurons as the output
layer, and one neuron for each wavelength measured by the Minolta reference sensor.

The upper left panel of Figure 7 shows the scatter diagram showing the performance
of this model by comparing the estimated value (y-axis) and the actual value (x-axis) of
the irradiance, from 360 nm to 780 nm, observed by the reference sensor. The coefficient of
determination (R?) is 0.9987 on the training data and is 0.9983 on the testing data.
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Figure 7. Whole spectrum model performance and the R2 scores on different wavelengths.

The upper right panel shows the quantile-quantile plot, which compares the shape of
the probability distribution of our estimates against the shape of the probability distribution
of the actual observations. We can observe the distributions of the actual observations, and
our estimated values are almost the same above 1073 and slightly different below that.

The lower panel shows the R? values for each wavelength between 360 and 780 nm;
we observe that that all the coefficient of determination on the testing data are above 0.99.
The machine learning model has performed well at all wavelengths.

4.2. The Relative Importance of the Machine Learning Inputs

It is very helpful to understand the relative importance of the machine learning inputs.
Let us take a look at a couple of approaches that estimate the relative importance of the
machine learning inputs in performing the calibration of the low-cost sensors.

4.2.1. Shapley Value: An Explainer of Machine Learning Models

The Shapley (SHAP) value was introduced by Lloyd Shapley in 1951 [42]. It is a game-
theoretic approach for calculating the marginal contribution of each player in a cooperative
game. In machine learning, we calculated the SHAP value for each data sample on each
feature. The SHAP value indicates how much the feature value of a sample raises or
decreases the target value.

The processes for calculating the SHAP value are described as follows.

Assume the value function of a teamwork is v(S), where v is an arbitrary value function
which can be a math function or a machine learning model and S is a subset of the players
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(features) who attended the game, which may contain xy, x1, x2,.... For a given data
sample, in order to calculate the value function v(S), only the attended features in S use the
sample values, while other features use their mean values. The contribution of the player
(feature) x; is as follows:

p= x  EEESSED s 0 ) <o) <1>

Se{xyxanF\{xi}

where |S| is the number of the players (features) in S and N is the total number of the
players (features). The term v(S U {x;}) — v(S)) provides the marginal contribution of x;
when it joins the game in addition to S. The weight W can be calculated from the
permutation of players (features) in which |S|! is the permutation of the players (features)
who attended the game before x;, (N — |S| — 1)! is the permutation of the players who do
not attend the game and N! is the permutation of all the players (features). We needed to
calculate all the cases of S that did not include x; and summed up the weighted marginal
contribution of x;. Then, we obtained the contribution of x;, and that is its SHAP value.

In this study, the inputs and outputs of the ANN machine learning model are scaled
by x = (x — %)/, where x can be any column in the features or targets, X is the mean
value of x and ¢ is the corresponding standard deviation. The SHAP values we calculated
here are the contributions to the 421 scaled targets (360-780 nm), and we take the averaged
SHAP values over these targets.

In order to explain the ANN model, we used the SHAP value to show how each feature
contributes to the model’s output, and how each ranks the corresponding feature importance.

We plotted the SHAP values of a random subset of the data points in the following
process: normalize the feature values in a color scheme, list different features in the vertical
direction and list the SHAP values of each feature in the horizontal direction.

The SHAP values in the left panel of Figure 8 shows how the PCA input features
impact the ANN model’s output. For example, the red points on the right side means that
if a larger value was the input for this feature, then the output of the model would also
increase. We ranked the PCA SHAP values (left panel of Figure 8) by calculating the mean
absolute value of the SHAP value. The Oth principle component contributes the most to
the models outputs, and other components also contribute a little.

High High
PC O [ e R Y
PC 4 e el violet o fpee—
PC 6 ‘+—-" . Visible Compensation *ll-'"‘--- .
PC 3 - dpe Blue v r———
PC 7 e Red e e e
PC1 B o E Green et E
PC 2 + - g Orange '-I-'“'"'"-" g
PC5 R 5 Yellow e — £
PC 10 - 8 A [ et o e 8
PC 11 &= uve B el
PC g .- IR Compensation -h-—'—-- s
PC 12 &= UV Index « fo— .
PC 3 -$ - visible - ..
PC 13 4 Lux - —
Low Low
-15 -10 -05 00 05 10 15 20 25 -03 -02 -01 00 0Ol 02 03 04 05
SHAP value (impact on model output) SHAP value (impact on model output)

Figure 8. SHAP value of our MLP model, which calibrates the whole spectrum, shows how the PCA features impact the
models’ output. The red (blue) color denotes the high(low) value of each feature and the position of point on the x direction
shows the impact on the target. The left panel shows the principle components” SHAP values, and the right panel shows the
original features’ SHAP values from the Oth principle component by using linear approximation.
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We are able to linearly transform the Oth principle component’s SHAP values to

the original features with the first order contribution ratio %, where x; is the i-th
original feature, ¥; is the mean value of x; and g; is the coefficient of PCA transformation, as
shown in the right panel of Figure 8. The original features, namely the red, orange, green,
yellow, blue, UVA, UVB and IR (infrared) positively impact the model’s output, while some
other features such as the UV index, Visible and Lux features negatively impact the model’s
output. Please notice that we only simply use this linear approximation to visualize the
main part (from Oth principle component) of the contributions of the original features.
However, we should not sum up these original features’ SHAP values by combining all the
principle components because the original features have strong multi-collinearity.

4.2.2. Feature Importance

For machine learning models such as ANN, we can calculate feature importance from
the mean absolute value of the Shapley (SHAP) values for each feature.

In our MLP model for calibrating the whole spectrum, we calculate the feature impor-
tance from the SHAP values, as shown in Figure 9. We used the red (blue) color to indicate
a feature that positively (negatively) impacts the model. The positive/negative impact
means that if a feature’s value increases with the other features remaining unchanged, then
the output value of the model is more likely to increase/decrease. For example, in the
Figure 8 of SHAP values, the Oth principle component has a positive impact on the model’s
output since the red (blue) points, with high (low) feature values, are on the right (left) side,
which raises (decreases) the model’s output. In most of the models, the sign of positive and
negative can also be easily calculated from the sign of the correlation coefficient between
the feature and the target. The feature importances are ranked in descending order, and
we are able to figure out which features are important for predicting our output targets.
We note that most of the variables provided by the low-cost light sensor suite provide
useful information.

PCA Feature Importances for Whole Spectrum Feature Importances for Whole Spectrum
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Figure 9. (Left) PCA feature importance of our MLP model for whole spectrum calibration; we used a logyg scale in the
x direction. (Right) The original feature importances from the linearly splitting of the Oth principle component’s SHAP
values. A feature with red (blue) color has positive (negative) impact on the model’s output.

Now, we have observed that machine learning can provide an effective calibration of
the low-cost sensors, and we are familiar with the relative importance of the input parame-
ters; let us use this calibration to examine the temporal variability that was measured.

4.3. Applying the Calibration to Provide an Irradiance Spectrum

We picked at random some time periods from the testing data set and used our neural
network model to provide the full spectral irradiance from 360 nm to 780 nm by only using
the data provided by the low-cost USD 20 sensor ensemble (Figure 10). We estimated the
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full spectral irradiance (middle panel) from the low-cost sensor ensemble and compared
this with the observed value from the reference NIST calibrated sensor (upper panel). Our
ANN model successfully reproduced the high resolution spectrum by only using the data
from the low-cost sensors.
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Figure 10. The full spectrum intensity (middle panel) predicted using the data from the low-cost sensors, and the full
spectrum ANN compared with the spectra observed by the reference sensor (upper panel). The daily spectra over the entire
day have been shown in Section 5. We can clearly observe the role of the variable weather conditions, such as changing
cloudiness. It was sunny on 5 March 2020, and this can be observed by noting the higher spectral irradiance at the shorter
wavelengths, indicating a blue sky day. In comparison, it was cloudy on 29 March 2020. Note how the spectral irradiances
from the blue to red portion of the spectrum are much more similar than on March 5; the sky was closer to white than blue.
Our ANN performed well for both clear sky and cloudy conditions, and the data from the low-cost sensors could be used to
effectively reproduce the full spectra, including the atmospheric absorption bands.
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We can clearly observe the role of the variable weather conditions, such as changing
cloudiness. When the direct normal irradiation (DNI) is stopped by the surrounding
buildings, the photons reflected by the clouds increase the total intensity of irradiance.
Furthermore, as the light scattering is wavelength dependent, the shape of the spectrum
changes on a cloudy day. It was sunny on 5 March 2020. Note the higher spectral irradiance
at the shorter wavelengths, indicating a blue sky day. By comparison, it was cloudy
on 29 March 2020. Note how the spectral irradiances from the blue to red portion of the
spectrum are much more similar than on March 5; the sky was closer to white than blue.
Our ANN performed well for both clear sky and cloudy conditions, and the data from the
low-cost sensors could be used to effectively reproduce the full spectra.

In the bottom panel of Figure 10, we overlay the actual solar spectrum and estimated
solar spectrum for both sunny (5 March 2020) and cloudy (29 March 2020) cases. Further-
more, the figure displays the atmospheric absorption spectrum, including nitric oxide (NO)
at 429 nm, oxygen (O,) at 688 nm and 762 nm and water vapor (H,O) from 720 nm to
730 nm [43]. Using data from the low-cost sensors, our machine learning model correctly
obtained all of these absorption bands and showed the potential for detecting changes of
atmospheric components.

Our ANN model was trained on the MINTS light sensor calibration data set [28], the
codes for training the model and generating all the figures can be found in the following
Github repository [44]: https:/ /github.com/yichigo/Light-Sensors-Calibration, accessed
25 August 2021.

5. The Observed Diurnal Variation in Wavelength Resolved Irradiance

Figure 11 shows the observations used in the testing data set for the entire three
month period. As expected, the solar zenith is a key factor in determining solar irradiance.
Secondly, we note that, on cloudy days, the multiple scattering of light from airborne
aerosols and clouds coupled with the surface reflection of the scattered light increases
the surface irradiance substantially (Figure 11). In Figure 11, we observe that the surface
irradiance observed by the reference sensor and that is estimated by the low-cost ensemble
of sensors calibrated using machine learning agree very well; the blue and red points
overlay one another so precisely that they produce the appearance of magenta points. In
each panel, the solid curves close to the bottom shows the averaged irradiance for the sunny
days, and the cloudy days produce a higher value of irradiance due to the trapping of
photons by multiple scattering from the clouds and surface reflection of the scattered light.

Figure 12 compares the wavelength (y-axis) and UTC time (x-axis) resolved daily
spectra for a sunny day on the left, and for a cloudy day on the right. In both cases,
we can observe the key role that both the solar zenith angle and the cloudiness plays in
determining the intensity of sunlight at the surface of the Earth.

We can observe that the surface irradiance wavelength distribution is a strong function
of the conditions and that atmospheric multiple scattering of sun light plays a substantial
role. For a sunny day, the solar irradiance spectrum peaks in the violet and blue part
of the spectrum and is close to that of a black body at around 5772 K. On a cloudy day
the multiple light scattering and surface reflection traps photons, thereby enhancing the
intensity at the longer wavelengths. The cloud water drops result in Mie scattering of the
sunlight. Thus, the diffuse horizontal irradiance (DHI) is actually greater on a cloudy day
than it is on a sunny day. This is very evident when we take a snapshot at an instant in
time and examine the shape of the spectrum as a function of wavelength and compare a
sunny and cloudy day (Figure 13).
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Figure 11. The mean irradiance from 360-780 nm as a function of solar zenith angle (left panel) and solar azimuth angle
(right panel) from the testing data set for the entire three month period. The blue circles show the actual irradiance; the
overlaid red points show the machine learning estimates. We observe that the surface irradiance observed by the reference
sensor and that is estimated by the low-cost ensemble of sensors calibrated using machine learning agree very well; the blue
and red points overlay one another so precisely that they produce the appearance of magenta points. In each panel, the solid
curves close to the bottom shows the averaged irradiance for the sunny days, and the cloudy days produce higher values of
irradiance due to the trapping of photons by multiple scattering from the clouds and surface reflection of the scattered light.
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Figure 12. A comparison of the wavelength (y-axis) and UTC time (x-axis) resolved daily spectra for a sunny day on the
left and for a cloudy day on the right. The color denotes the solar irradiance in unit W/m?/nm. Both spectra were collected
using the Minolta CL-500A Illuminance Spectrophotometer.
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Figure 13. Spectra of solar irradiance measured by Minolta CL-500A Illuminance Spectrophotometer on a certain time,
where x value is the wavelength, y value is the intensity of irradiance in unit W/ m?2/nm and the color denotes the visible
color of the corresponding wavelength.
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The sunny day irradiance spectrum is close to that of a black body at around 5772 K.
The partly cloudy spectrum has enhanced intensity, particularly at longer wavelengths due
to Mie scattering in the clouds. The Mie scattering on the clouds generates greater diffuse
horizontal irradiance (DHI) and makes the sky brighter.

6. Conclusions

A neural network algorithm was able to effectively calibrate an ensemble of low-
cost light sensors and generate a high resolution wavelength resolved solar irradiance
spectrum. The roles of the solar illumination geometry (such as the solar zenith angle)
and the weather conditions (such as the cloudiness) were clearly evident. These low-cost
light sensor packages are currently being deployed across cities in the Dallas Fort Worth
(DFW) area for characterizing both the temporal and spatial scales of solar irradiance. All
the sensor circuit designs and calibration codes have been made open source.

Author Contributions: Conceptualization, D.J.L.; Data curation, Y.Z. and L.O.H.W,; Formal analysis,
Y.Z.; Funding acquisition, D.J.L.; Investigation, Y.Z. and D.J.L.; Methodology, Y.Z. and D.].L.; Project
administration, Y.Z. and D.J.L.; Resources, L.O.H.W. and D.J.L.; Software, Y.Z. and S.T.; Supervision,
D.J.L.; Validation, D.J.L.; Visualization, Y.Z.; Writing—original draft, Y.Z.; Writing—review & editing,
Y.Z. and D.J.L. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by USAMRMC Award Number W81XWH-18-1-0400. The
authors acknowledge the Texas Research and Education Cyberinfrastructure Services (TRECIS)
Center, NSF Award #2019135, and the University of Texas at Dallas for providing HPC, visualization,
database or grid resources and support that have contributed to the research results reported within
this paper. URL: https:/ /trecis.cyberinfrastructure.org/, accessed 22 July 2021.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Acknowledgments: Christopher Simmons is gratefully acknowledged for his computational support.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Chandrasekhar, S. Radiative Transfer; Dover Publications: Mineola, NY, USA, 1960.

2. Lenoble, J. Radiative Transfer in Scattering and Absorbing Atmospheres: Standard Computational Procedures; A. DEEPAK Publishing:
Hampton, VA, USA, 1985.

3. Lary, DJ,; Pyle, J.A. Diffuse radiation, twilight, and photochemistry—I. |. Atmos. Chem. 1991, 13, 373-392. [CrossRef]

4. Lary, DJ.; Pyle, J.A. Diffuse radiation, twilight, and photochemistry—II. J. Atmos. Chem. 1991, 13, 393-406. [CrossRef]

5. Deutschmann, T.; Beirle, S.; Friess, U.; Grzegorski, M.; Kern, C.; Kritten, L.; Platt, U.; Prados-Roman, C.; Pukite, J.; Wagner,
T.R.; et al. The Monte Carlo atmospheric radiative transfer model McArtim: Introduction and validation of Jacobians and 3D
features. J. Quant. Spectrosc. Radiat. Transf. 2011, 112, 1119-1137. [CrossRef]

6. Hartmann, D.L. (Ed.) Atmospheric Radiative Transfer and Climate. In International Geophysics; Elsevier: Amsterdam, The
Netherlands, 2016.

7. Buehler, S.; Mendrok, J.; Eriksson, P; Perrin, A.; Larsson, R.; Lemke, O. ARTS, the Atmospheric Radiative Transfer Simulator—
Version 2.2, the planetary toolbox edition. Geosci. Model Dev. 2017, 11, 1537-1556. [CrossRef]

8. Zhang, F; Shi, Y,; Wu, K,; Li, J.; Li, W. Atmospheric Radiative Transfer Parameterizations. In Understanding of Atmospheric Systems
with Efficient Numerical Methods for Observation and Prediction; IntechOpen: London, UK, 2019.

9. Gordon, L.E.; Babikov, Y.L.; Barbe, A.; Benner, D.C.; Bernath, P.F,; Birk, M.; Bizzocchi, L.; Boudon, V.; Brown, L.R.; Chance, K.; et al.
The HITRAN2012 molecular spectroscopic database. J. Quant. Spectrosc. Radiat. Transf. 2013, 130, 4-50.

10. Noelle, A.; Hartmann, G.; Fahr, A.; Lary, D.; Lee, Y.P.; Limdo-Vieira, P.; Locht, R.; Martin-Torres, FJ.; McNeill, K.; Orlando,
J.; etal. UV/Vis+ Spectra Data Base (UV/Vis+ Photochemistry Database), 12th ed.; Science-softCon: Maintal, Germany, 2019; ISBN
978-3-00-063188-7.

11. Brasseur, G.; Solomon, S. Aeronomy of the Middle Atmosphere, 2nd ed.; D.Reidel Publishing Company: Dordrecht, The Nether-

lands, 1986.


https://trecis.cyberinfrastructure.org/
http://doi.org/10.1007/BF00057753
http://dx.doi.org/10.1007/BF00057754
http://dx.doi.org/10.1016/j.jqsrt.2010.12.009
http://dx.doi.org/10.5194/gmd-11-1537-2018

Sensors 2021, 21, 6259 16 of 17

12.

13.

14.

15.

16.

17.
18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.
29.

30.

31.
32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Shanmugam, V.; Shanmugam, P.; He, X. New algorithm for computation of the Rayleigh-scattering radiance for remote sensing
of water color from space. Opt. Exp. 2019, 27, 30116-30139. [CrossRef]

Krishnan, R.S. The scattering of light by particles suspended in a medium of higher refractive index. Proc. Indian Acad. Sci.—Sect.
A 1934, 1, 147-155. [CrossRef]

Laeng, B.; Sirois, S.; Gredeback, G. Pupillometry: A Window to the Preconscious? Perspect. Psychol. Sci. J. Assoc. Psychol. Sci.
2012, 7, 18-27. [CrossRef]

Boxwell, M. Solar Electricity Handbook: A Simple, Practical Guide to Solar Energy: How to Design and Install Photovoltaic Solar Electric
Systems; Greenstream Publishing: Coventry, UK, 2012.

Wayne, R.P. Chemistry of Atmospheres, 3rd ed.; Oxford University Press: Oxford, UK, 2000.

Brasseur, G.P; Orlando, J.J.; Tyndall, G.S. Atmospheric Chemistry and Global Change; Oxford University Press: Oxford, UK, 1999.
Koza, J.R.; Bennett, EH.; Andre, D.; Keane, M.A. Automated Design of Both the Topology and Sizing of Analog Electrical
Circuits Using Genetic Programming. In Artificial Intelligence in Design '96; Springer: Cham, The Netherlands, 1996; pp. 151-170.
[CrossRef]

Fayyad, U.; Piatetsky-Shapiro, G.; Smyth, P. From data mining to knowledge discovery in databases. Al Mag. 1996, 17, 37-37.
Samuel, A.L. Some studies in machine learning using the game of checkers. II—Recent progress. In Comput. Games I, Springer:
Berlin/Heidelberg, Germany, 1988; pp. 366—400.

Dudoit, S.; Fridlyand, J.; Speed, T.P. Comparison of discrimination methods for the classification of tumors using gene expression
data. J. Am. Stat. Assoc. 2002, 97, 77-87. [CrossRef]

Yarkoni, T.; Poldrack, R.A.; Nichols, T.E.; Van Essen, D.C.; Wager, T.D. Large-scale automated synthesis of human functional
neuroimaging data. Nat. Methods 2011, 8, 665. [CrossRef]

Pereira, F; Mitchell, T.; Botvinick, M. Machine learning classifiers and fMRI: a tutorial overview. Neuroimage 2009, 45, S199-5209.
[CrossRef]

Bhavsar, P; Safro, I.; Bouaynaya, N.; Polikar, R.; Dera, D. Machine learning in transportation data analytics. In Data Analytics for
Intelligent Transportation Systems; Elsevier: Amsterdam, The Netherlands, 2017; pp. 283-307.

Hagenauer, J.; Helbich, M. A comparative study of machine learning classifiers for modeling travel mode choice. Exp. Syst. Appl.
2017, 78, 273-282. [CrossRef]

Lary, D.J.; Alavi, A.H.; Gandomi, A.H.; Walker, A.L. Machine learning in geosciences and remote sensing. Geosci. Front. 2016,
7,3-10. [CrossRef]

Huang, C.; Davis, L.; Townshend, ]J. An assessment of support vector machines for land cover classification. Int. |. Remote Sens.
2002, 23, 725-749. [CrossRef]

Zhang, Y. MINTS Light Sensor Calibration Dataset; Zenodo: Genéve, Switzerland, 2021. [CrossRef]

Rao, C.R. The use and interpretation of principal component analysis in applied research. Sankhya Indian J. Statis. 1964, 12,
329-358.

Pearson, K.L., IIl. On lines and planes of closest fit to systems of points in space. Lond. Edinb. Dublin Philos. Mag. ]. Sci. 1901,
2,559-572. [CrossRef]

Haykin, S.S.; others. Neural Networks and Learning Machines/Simon Haykin; Prentice Hall: New York, N, USA, 2009.

Liakos, K.; Busato, P.; Moshou, D.; Pearson, S.; Bochtis, D. Machine learning in agriculture: A review. Sensors 2018, 18, 2674.
[CrossRef] [PubMed]

Hecht-Nielsen, R. Theory of the backpropagation neural network. In Proceedings of the International 1989 Joint Conference on
Neural Networks, Washington, DC, USA, 18-22 June 1989; Volume 1, pp. 593-605.

Widrow, B.; Lehr, M.A. 30 years of adaptive neural networks: Perceptron, Madaline, and backpropagation. Proc. IEEE 1990, 78,
1415-1442 [CrossRef]

Feng, X.; Li, Q.; Zhu, Y.; Hou, J.; Jin, L.; Wang, J. Artificial neural networks forecasting of PM2.5 pollution using air mass trajectory
based geographic model and wavelet transformation. Atmos. Environ. 2015, 107, 118-128. [CrossRef]

Wijeratne, L.O.; Kiv, D.R.; Aker, A.R.; Talebi, S.; Lary, D.J. Using machine learning for the calibration of airborne particulate
sensors. Sensors 2020, 20, 99. [CrossRef] [PubMed]

Liang, X,; Liu, Q.M. Applying Deep Learning to Clear-Sky Radiance Simulation for VIIRS with Community Radiative Transfer
Model—Part 2: Model Architecture and Assessment. Remote Sens. 2020, 12, 3825. [CrossRef]

Ioffe, S.; Szegedy, C. Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. In
Proceedings of the 32nd International Conference on Machine Learning, Lille, France, 6-11 July 2015.

Wan, L.; Zeiler, M.D.; Zhang, S.; LeCun, Y.; Fergus, R. Regularization of Neural Networks using DropConnect. In Proceedings of
the International Conference on Machine Learning ICML, Atlanta, GA, USA, 16-21 June 2013.

Hinton, G.E.; Srivastava, N.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Improving neural networks by preventing
co-adaptation of feature detectors. arXiv 2012, arXiv: 1207.0580.

Srivastava, N.; Hinton, G.E.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A simple way to prevent neural networks
from overfitting. J. Mach. Learn. Res. 2014, 15, 1929-1958.

Shapley, L.S. Notes on the n-Person Game—II: The Value of an n-Person Game; RAND Corporation: Santa Monica, CA, USA, 1951.


http://dx.doi.org/10.1364/OE.27.030116
http://dx.doi.org/10.1007/BF03035701
http://dx.doi.org/10.1177/1745691611427305
http://dx.doi.org/10.1007/978-94-009-0279-4_9
http://dx.doi.org/10.1198/016214502753479248
http://dx.doi.org/10.1038/nmeth.1635
http://dx.doi.org/10.1016/j.neuroimage.2008.11.007
http://dx.doi.org/10.1016/j.eswa.2017.01.057
http://dx.doi.org/10.1016/j.gsf.2015.07.003
http://dx.doi.org/10.1080/01431160110040323
http://dx.doi.org/10.5281/zenodo.4946314
http://dx.doi.org/10.1080/14786440109462720
http://dx.doi.org/10.3390/s18082674
http://www.ncbi.nlm.nih.gov/pubmed/30110960
http://dx.doi.org/10.1109/5.58323
http://dx.doi.org/10.1016/j.atmosenv.2015.02.030
http://dx.doi.org/10.3390/s20010099
http://www.ncbi.nlm.nih.gov/pubmed/31877977
http://dx.doi.org/10.3390/rs12223825

Sensors 2021, 21, 6259 17 of 17

43. Miyauchi, M. Properties of Diffuse Solar Radiation under Overcast Skies with Stratified Cloud. J. Meteorol. Soc. Jpn. Ser. 11 1985,
63, 1083-1095. [CrossRef]
44. yichigo. yichigo/Light-Sensors-Calibration: MINTSLightSensorsCalibration; Zenodo: Geneve, Switzerland, 2021. [CrossRef]


http://dx.doi.org/10.2151/jmsj1965.63.6_1083
http://dx.doi.org/10.5281/zenodo. 5241197

	Introduction
	Motivation
	Solar Irradiance

	Measurements and Data Sets
	Machine Learning and Workflow
	Data Preprocessing
	Input Features and Output Targets
	Principal Component Analysis (PCA) 
	Artificial Neural Network
	Workflow

	Machine Learning for Low-Cost Light Sensor Calibration of Wavelength Resolved Irradiance
	Whole Spectrum Calibration Model (360–780 nm)
	The Relative Importance of the Machine Learning Inputs
	Shapley Value: An Explainer of Machine Learning Models
	Feature Importance

	Applying the Calibration to Provide an Irradiance Spectrum 

	The Observed Diurnal Variation in Wavelength Resolved Irradiance
	Conclusions
	References

