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Abstract

In geophysics, crowdsourcing is an emerging non-traditional environmental monitoring approach

that encourages contributions of data from individual citizens. Because of their reliance on

undertrained citizens and imprecise low-cost sensors, crowdsourced data applications suffer from

different types of noises that can deteriorate the overall monitoring accuracy. In this study, we

propose a machine learning approach for automatic Crowdsourced data Quality Control (CSQC)

by detecting and removing noisy data points in spatially and temporally discrete crowdsourced

observations. We design a set of features from the original and interpolated rainfall data, and

apply them to train and test the CSQC models based on both supervised and non-supervised

machine learning algorithms. Performances of the CSQC models under various scenarios

assuming no further retraining are also tested (hereafter referred to as transferability). The results

based on synthetic but realistic data show that the CSQC model can significantly reduce the

overall rainfall estimation error. Under the stationary assumption, CSQC models based on both

supervised and unsupervised algorithms can have decent performances in noisy data

identification and overall rainfall estimation error reduction; however, if the model is transferred

to other cities with different rainfall structure or noise composition (without retraining), the

supervised Multi-Layer Perceptrons (MLPs) turns out to be the best performing one.

Key points:

¢ A machine learning-based quality control approach is proposed for crowdsourced rainfall
data with discontinuity in both time and space

¢ Quality control models are based on both supervised and unsupervised learning algorithms

e Performances of quality control models under various scenarios with and without retraining
are tested

e The supervised multi-layer perceptron turns out to be the best performing algorithm under

almost all scenarios
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1. Introduction

In the recent years, crowdsourcing, an alternative data acquisition approach that involves the
collection of data from individual citizens through the internet, social media, and smartphones,
has been increasingly investigated, especially in the field of geophysics (Ebert et al., 2018; Wu &
Wang, 2019). In comparison to the costly traditional geophysical data collection approach (that
largely relies on expensive professional instruments) adopted by researchers and governments
(de Vos et al., 2019), the crowdsourced approach uses human judgments or low-cost sensors of
common citizens as the data source. It thus offers a way of obtaining massive data cost-
effectively. In some developing countries, crowdsourcing can be even a major source of

geophysical data (Pingali, 2017).

The crowdsourcing approach has been demonstrated to increase the spatial and temporal
representativeness of geophysical observation network, and has been applied in a broad range of
areas, e.g., climate research (Meier et al., 2017), air quality (Schneider et al., 2017), ecology
(Hunt et al., 2017), geography (Fan et al., 2016), and especially, rainfall. In the past two decades,
the number of personal weather stations (PWS) in the US has been growing exponentially from
nearly 2,000 in 2001 to almost 100,000 in 2019 (Chen et al., 2019), significantly outnumbering
the 9,300 professional rain gauges operated or managed by National Oceanic and Atmospheric
Administration (NOAA) (Durre et al., 2013). In recent years, crowdsourcing-based rainfall
monitoring is becoming even more attractive (Haklay, 2013) because of the continuous
developments in information extraction from smartphones (Guo et al., 2019), low-cost sensors
(e.g., surveillance cameras) (Jiang et al., 2019), microwave links (Overeem et al., 2016), and
moving cars (Rabiei et al., 2016). The utilization of crowdsourced precipitation data has
provided an essential supplement to traditional measurements based on ground gauges and radars

(Fencl et al., 2017; Gosset et al., 2016).

However, there can be significant uncertainties surrounding the quality of crowdsourced data,
and proper quality control is required to filter out crowdsourced observations with overly large
errors (hereafter referred as the noisy data) (Foody et al., 2013; Steger et al., 2017; Walker et al.,
2016). Meanwhile, crowdsourced rainfall data are heterogeneous and unstructured in nature, and

therefore require specialized methods to handle the noisy data, improve data quality, and produce
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useful information for different applications (Zheng et al., 2018). In rainfall monitoring,
instrumental errors, compromised setup, data processing issues, operation noise from untrained
crowdsourced participants, and sampling error can all lead to noise observations (de Vos et al.,
2019; Walker et al., 2016). These can be attributed to anthropogenic factors (e.g., incorrect
location report) and equipment errors (e.g., camera lens failure). For example, in many cases,
twitter data are considered to be lack of credibility as only 1%-2% of the data are geo-labeled
and readily interpretable (Middleton et al., 2013; Palen & Anderson, 2016). Similarly, the data of
PWS are more error-prone than traditional rain gauges as they are usually subject to installation

and maintenance deficits (e.g., devices may clog after windy weather) (Bell et al., 2015).

In geophysical studies, many approaches have been proposed to improve the accuracy and
quality of the crowdsourced data. Some compare the crowdsourced data with expert judgments
or a gold-standard data set (Kazai et al., 2013; Zheng et al., 2018). But such a method is
considered to be not scalable for two reasons: i) the limited number of experts available when
compared to a large number of crowdsourced participants, and i1) the benchmarking database
might be outdated (Goodchild & Li, 2012). Others identify the noisy data from crowdsourced
observations by a set of preset rules. For example, de Vos et al. (2019) proposed a method to
detect and filter four types of noises from PWS observations through a set of if-then rules. These
rules are based on a simple validity test and comparison with adjacent observations, and specific
thresholds of these rules are calibrated based on a large set of historical data. The method is easy
to implement but too simple to be applicable for complex crowdsourced cases with multiple

sources (rather than only PWS) of observations and unknown uncertainties.

Other more advanced studies adopt machine learning (ML) approaches to identify noisy
crowdsourced observations (Aggarwal, 2015; Goldstein & Uchida, 2016). The advantage of the
machine learning approach lies in its ability to reliably approximate the complex, nonlinear
relationship between the quality of a data point and its associated features. It also has the
advantages of flexibility and scalability to adapt to different application scenarios, as well as the
ability to avoid overly subjective judgment on the thresholds of quality control rules
(Allahbakhsh et al., 2013; Alpaydin, 2014; Lease, 2011; Leigh et al., 2019). For instance, Moatar
et al. (1999) applied artificial neural networks (ANNSs, a supervised learning model) to quality
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control a river water PH estimate model. The ANNs model was used for detecting abnormal
values, discontinuities, and drifts in PH measurement screening. Talagala et al. (2019) introduced
an unsupervised learning approach aimed to detect anomalies (including sudden spikes, isolated
drops, and level shifts) in in-situ water quality (turbidity, conductivity, and river level)
monitoring data. Their study emphasized the advantages of unsupervised learning as it does not
require labeled data for training and can be readily transferable to other similar scenarios without

additional retrain, while such an ability (transferability) is untested.

The previous studies have developed sound, initial steps for effective quality control of
crowdsourced data. However, they are only applicable to fixed-point sensors with continuous
observation and might not be effective in the quality control of more general crowdsourced
rainfall observations from both mobile and fix-point sensors that collect data at various
frequencies (Yang & Ng, 2017). The design of a quality control algorithm for the general
crowdsourced rainfall data is a non-trivial task. The crowdsourced data could be non-continuous
in both space and time, and it is difficult to extract directly useful information from adjacent or
historical observations as the previous studies do. Moreover, there is a need to systematically
compare the performances of supervised and unsupervised learning techniques in identifying
noisy crowdsourced observations, especially in terms of their applicability to other locations
and/or scenarios without further retraining (i.e., the transferability). In general, among the two
approaches, supervised learning should be performing better with conditions similar to its
training data, but its performance might be compromised when the input dataset is not seen by
the model during the training phase; unsupervised learning usually could have consistent
performances with different sets of input data, but it generally does not perform better than the
supervised learning algorithms when there exist high-quality training labels (Mohammady et al.,
2015; Sathya & Abraham, 2013). It is unclear which approach is performing better in terms of

transferability and, therefore, should be selected as the recommended practice.

In this study, we develop a machine learning-based quality control mechanism to detect noisy
data in general crowdsourced rainfall observations that consist of non-continuous data in both
space and time. A set of supervised and unsupervised algorithms are trained and tested for their

ability to identify the noisy points, as well as their performances with unseen inputs/scenarios
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without retraining. The testing is made with synthetic but realistic data assuming climate
conditions from three major U.S. cities with different rainfall patterns. While the machine
learning approach has been applied in identifying noise in environmental observations, according
to our knowledge, what we propose is the first to propose an automatic algorithm to detect noise
in a general type of crowdsourced observations. This study is also the first in testing the
transferability of different supervised and non-supervised learning algorithms for data quality
control. Given the increasing number of adoptions of crowdsourced-based environmental
monitoring, this study provides a timely contribution to this specific area by introducing a robust
and readily transferable algorithm to identify the largely unavoidable noisy points in data from

those crowdsourcing projects.

2. Methodology

In this study, we propose a machine learning approach for Crowdsourced data Quality Control
(CSQC), i.e., for detecting and removing noisy points in a general rainfall crowdsourced model
that consists of discontinuous data in both space and time. Our procedure can be generalized into

four main steps shown in Figure 1:

Crowdsourced
data
L 1 Interpolation
A\ 4
Generating
% observation
features
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Figure 1. General framework of CSQC procedure for noisy point identification in crowdsourced rainfall
observation.
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We first interpolate the crowdsourced rainfall data into a crowdsourcing rainfall field with
gridded estimation of rainfall intensities. We then generate a set of input features from the
crowdsourcing rainfall field and the original crowdsourced data, based on which the machine
learning CSQC models are trained and tested. The CSQC model produces two labels for the
crowdsourced observations: regular and noisy. As a final step, we filter the noisy observations

and compare the original and quality-controlled observations via various performance metrics.

2.1. Feature extraction

We assume the crowdsourced rainfall data are coming from both fixed-point sensors and mobile
citizens. To compensate the discontinuous information in crowdsourced data, we first interpolate
(through nearest-neighbor interpolation, Jones et al., 2001) rainfall observations collected within
a short time-duration into a spatial rainfall field (hereafter referred as the crowdsourcing rainfall
field), assuming rainfall intensities during this short period of time would not change much.
Features for the CSQC algorithm are then extracted from both the original and interpolated
crowdsourced data. Two sets of features, i.e., the windows-based and distance-based features, are

generated for each crowdsourced observation.

With the crowdsourcing rainfall field, we construct a set of statistics from windows with various
sizes centered around the grid cells where crowdsourced observations locate in (i.e., black
squares in Figure 2), hereafter referred as window-based features. The constructed statistics
include window maximum (/maxw), minimum (/yin w), range (window maximum minus
minimum, (/ranw)), average (Imean,w), standard deviation (/iq,w), variance (lyar,w), absolute
deviation (i.e., the difference between crowdsourced observation and window average, ADv),
and relative deviation (i.e., the ratio of absolute deviation to window average, RDw) of the
crowdsourcing rainfall field. We also include the lag-1 correlations between the estimated
rainfall intensities (within the window) of the current time step and its previous time step as
additional window-based features. A total of five different window lengths are selected ranging
from 3 to 11 grid cells with an interval of 2 grid cells. It should be noted that, the window is
truncated based on the study region boundary if it exceeds the study region (i.e., the

crowdsourced observation locates in the edge of the study region).
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We further generate a set of distance-based features from the original crowdsourced observations.
More specifically, we draw a circle with a specific radius (6 grid cells) around the target
crowdsourced observation (the black circle in Figure 2), and calculate a set a statistics from the
crowdsourced observations locate within the circle. The statistics include circle absolute
deviation (i.e., difference between the target crowdsourced observation and the circle average,
ADc), range (i.e., circle maximum minus minimum, /.,y c), and the absolute value of difference
between range and sample point value(|/sumpie.c - Iran,c|) Which indicates whether the sample point

value is close to the extreme value of the interval.

Figure 2. A graphical schematic of window-based and distance-based features extraction, a set of squares
with a same center denotes the window-based features selection, the circle represents the distance-based
features selection.
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2.2. Noisy data identification based on machine learning models

In this study, we develop and test two supervised (KNN: k-Nearest Neighbors; MLPs: Multi-layer
Perception) and two unsupervised (iForest: Isolation Forest; K-means clustering) machine
learning algorithms regarding their ability in identifying noisy data from a general type of
crowdsourced observations. Inputs to the ML models are the features extracted in section 2.1,
and the target is the binary label of the crowdsourced observation: noisy and regular. The
supervised learning algorithm assumes a set of pre-labeled crowdsourced data, based on which a
classification rule is trained. The unsupervised learning algorithm assumed no such pre-labeled
dataset and learns the division of noisy and regular observations from only a dataset of input

features.

k-Nearest Neighbor algorithm (AKNN) is an instance-based model that classifies a target instance
based on its k nearest pre-labeled instances in the high dimensional space defined by input
features (Zhang et al., 2017). ANN is an easy to implement albeit highly efficient supervised
learning algorithm that has been widely applied in a wide range of studies (Bhatia, 2010;
Peterson, 2009; Saini et al., 2013) It is also a flexible model that makes no assumption about the
form of input-output relationships or distributions. Multi-layer perceptrons (MLPs) is a type of
artificial neural network (ANN) widely applied in many fields too (Altunkaynak & Strom, 2009;
Ding et al., 2013; Sahoo et al., 2017). MLPs consists of stacked layers (one input layer, one or
more hidden layers, and one output layer) of interconnected nodes. The nodes (i.e., Neurons) are
basic components of MLPs that treat outputs from previous layer’s neurons through an activation
function. The flexibility in the choice of network architecture (i.e., number of layers and number
of neurons in each layer) and activation function gives MLPs a learning ability to approximate

complex nonlinear relationships in high precision.

Isolation Forest (iForest) is a tree-based unsupervised learning algorithm (Liu et al., 2008). It is
developed based on the idea that outliers should be scarce and abnormal, and thus, when
compared to non-outliers, they are easier to be isolated through a set of random partitioning trees.
iForest is an algorithm specially designed for detecting outlier/noise, and it also holds the
advantage of easy implementation and high computational efficiency. K-Means is an

unsupervised clustering algorithm, where each cluster is defined based on the cluster center



254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282

located in the input space. Given a training sample and a pre-specified number of clusters, K-
Means automatically finds the cluster centers through an iterative approach, and then assigns
instances to their closest clusters. K-Means is well-suited for large sample clustering and has
widely used in different fields (Kanungo et al., 2002) including noise detection (Lima et al.,

2010).

To train the supervised learning and unsupervised learning models, a random training-testing
splitting is used with 70% of the collected data for training and 30% for testing. The training is
performed with a five-fold cross-validation to avoid overfitting. Before training, we implement a
min-max scaling to normalize input features into consistent ranges. Given the large number of
features extracted in section 2.1, we adopt a feature selection process to identify a parsimonious
model that is relatively resistant to over-fitting. In the process, the features with the highest
importance measured by the Extra Tree algorithm (Geurts et al., 2006) are selected. The number
of most important features is identified through a trial and error method as the one with the
highest binary classification accuracy. Based on preliminary analysis, 5 features are selected for
the unsupervised learning algorithms (Table S2 in the SI) and all features extracted in section 2.1

are selected for the two supervised learning algorithms.

Each of the supervised and unsupervised learning algorithms is associated with several hyper-
parameters that need to be specified. A list of the hyper-parameters for each algorithm and their
specific meanings are shown in Table S1 in the SI. In this study, we use an exhaustive cross-
validated grid-search to identify the optimal combination of hyper-parameter values over pre-
specified ranges. The accuracy score evaluated with the validation set is selected as the
performance measure of the grid-search algorithm (see Table S1 in SI for the optimal hyper-
parameter values selected in this study). Further structure details and relevant settings (including
activation function, optimization method, etc.) of MLPs can be referred to section I of the SI.
The supervised and unsupervised algorithms and the grid-search hyper-parameter optimization

method are implemented with the ‘scikit-learn’ package (Pedregosa et al., 2011) in Python.
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2.3. Case studies

2.3.1 Study area and data

In this study, three cities with significantly different climatic conditions are included: San Diego,
Chicago, and Miami. San Diego has a Mediterranean climate with annual average rainfall
ranging 230-330 mm; Chicago shows a typical hot-summer humid continental climate with most
of its rainfall brought by severe and short thunderstorms, and its average annual rainfall reaches
965 mm; finally, Miami has a tropical monsoon climate, and most of its 1,572 mm annual
rainfall comes during June - October. The radar data collected from the Next Generation
Weather Radar (NEXRAD) system (NOAA, 2013; available at https://www.ncdc.noaa.gov/data-
access/radar-data/nexrad) are used as the ‘ground-truth’ rainfall data in the three cities. The radar
data has a 500 m x 500 m x 5 mins resolution and covers a 40 x 20 km” space. Data from San
Diego is used to train the CSQC model with supervised and unsupervised algorithms. Further, to
verify the robustness of the CSQC procedure, the trained model is directly applied and tested
with rainfall data from Chicago and Miami. Table 1 shows detailed statistics of the selected

storm events from the three cities.

Table 1. Summary statistics of rainfall events, the statistics are calculated from observed radar data from
the Next Generation Weather Radar (NEXRAD) system.

Standard deviation of

Date of event Tlmmg of .Averz.lge rainfall rainfall intensity
corresponding event intensity (mm/hr) (mm/hr)

San Diego 2014/12/12 23:00-24:00 UTC 4.23 7.68
2015/05/08 21:30-22:30 UTC 3.12 591

2015/09/15 21:35-22:35 UTC 1.23 2.37
2015/10/05 21:00-22:00 UTC 4.96 11.89

2015/11/04 05:05-06:05 UTC 1.46 4.69

City of the 2013/04/18 06:30-07:30 UTC 26.36 34.02
Chicago 2013/05/20 05:00-06:30 UTC 8.74 13.10
2013/05/29 03:50-05:00 UTC 4.17 28.71

City of the 2013/04/30 21:10-22:20 UTC 12.38 36.23
Miami 2013/05/01 21:30-22:50 UTC 7.42 31.82
2013/05/20 10:00-23:50 UTC 16.88 35.92

2.3.2 Synthetical data generation
We test the CSQC model developed in sections 2.1 and 2.2 through a set of synthetic but realistic
scenarios. In those scenarios, a set of ‘ground-truth’ rainfall fields are assumed as the radar

rainfall data collected in section 2.3.1. Given that, we assume the crowdsourced observations are
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taken by the participants at random locations and time points. The synthetic crowdsourced data
are generated by adding an observation error to the ‘ground-truth’ rainfall intensity at locations
and time where crowdsourced observations are taking place, following Yang & Ng (2017):
E~N B Itrues (@ Itrue)?) (1
where E denotes the observation error, N () a normal distribution, , the coefficient of variation,
and [, the coefficient of bias. We further assume that crowdsourced observations are provided
by two types of participants, i.e., regular participants and low-performing participants. For
observations from regular participants, we adopt a suggestion from Mazzoleni et al. (2017) and
set a, as a random variable following uniform distribution ranging from 0.1 to 0.2, and S, a
uniformly distributed random variable ranging from -0.15 to 0.15. «, and 8, values for
observations from low-performing participants are having larger values, and we test ten

scenarios of their values as shown in Table 1.

Distributions of real-world observation errors are more complex and might be skewed (Dennis et
al., 2006). To test the impact of a skewed observation error distribution on the performances of
CSQC algorithms, we generate a separate set of synthetic crowdsourced observations with a
random error following the Wald distribution. Wald distribution is a special case of inverse
Gaussian distribution with its shape flexibly controlled by two parameters: the mean p and the
scale A. An illustration for the probability density functions of Wald distribution under different
u and A values are shown in Figure S8 in SI. In this study, we fix the ratio of  and A to be 2 to
make the Wald distribution positively skewed. To make a fair comparison between the Normal
distribution and Wald distribution scenarios, we manipulate the value of y and A to generate a set
of Wald distributions with their means and standard deviations equal to the values shown in

Table 1.

We then manually label the generated crowdsourced observations into ‘regular observation’ and

‘noisy observation’ for the supervised learning algorithms. An observation is labeled noisy using
two criteria: a relative error criterion and an absolute error criterion. The former follows Bauer et
al. (2002), which identifies an observation as noisy only if its value is smaller than 50% or larger
than 150% of the ‘ground truth’; the latter requires the noisy observation to have an error at least

larger than 0.1 (mm/hr). The rule to identify noisy observation can be formulated as:
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IIobs - Itruel > 0.5 x Itrye & IIobs - Itruel > 01 (mm/hr) (2)
where I, is the observed rainfall intensity, and I;,,, the ‘ground truth’ intensity. If a
crowdsourced observation follows the rule specified in equation (5), it will be labeled as noisy;

otherwise it will be labeled as regular.

2.3.3. Scenario design

Table 2. Noise related and Crowdsourced density scenarios setting

Noise Level scenarios

L1 L2 L3 L4 L5 L6 L7 L8 L9 L10
8 [-0.35, [-0.35, [-035  [-035  [-035, [-035 [-035 [-035 [-035 [-035,
0 045]  055]  0.65]  075]  0.85]  0.95] 1.05] 1.15] 1.25] 1.35]
. [0.7, [0.8, [0.9, [1.0, (1.1, [.2, [1.3, [1.4, [1.5, [1.6,
0 1.3] 1.4] 1.5] 1.6] 1.7] 1.8] 1.9] 2.0] 2.1] 2.2]
Noise 359
amount
cs
density
(kP *he 0.75
)
Noise Amount scenarios
Al A2 A3 Ad A5 A6 A7 A8 A9 A10
B, [-0.35, 0.95]
a, [1.2, 1.8]
Noise 5% 10% 15% 20% 25% 30% 35% 40% 45% 50%
amount
cs
density
(ka*he 0.75
)
CS Density scenarios
DI D2 D3 D4 D5 D6 D7 D8 D9 D10
B, [-0.35, 0.95]
a, [1.2, 1.8]
Noise 359,
amount
cs
demsity 475 0750 1025 1500  1.875 2250  2.625 3 3375 3.750
(km“*hr
)

For each set of ‘ground truth’ rainfall data, we generate a series of scenarios which are described
by three variables: noise level, noise amount, and crowdsourcing density. The noise level focuses

on the magnitude of noise defined by the a, and £, values (equation 1) of low-performing
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participants. The noise amount equals to the portion of low-performing participants in the whole
crowdsourcing dataset, and the crowdsourcing density is the total number of crowdsourced
observations per time step in the study area. The three factors could potentially alter the
distribution of crowdsourced observation errors and therefore have an impact on the
performances of different CSQC algorithms. Among all the scenarios, we set a benchmark
scenario with a, € [1.2, 1.8], S, € [-0.35, 0.95], noise amount equal to 35%, and crowdsourcing
density equal to 0.75/(km**hr). In addition, we generate a series of noise level scenarios, noise
amount scenarios, and crowdsourcing density scenarios by varying one parameter of the

benchmark scenario at a time (Table 2).

2.4. Sensitivity analysis and model transfer

In this study, we test different CSQC algorithms under two different settings: 1) a sensitivity
analysis that retrains the CSQC algorithms under different scenarios, and ii) a model
transferability test that directly apply a trained CSQC model to different scenarios without re-
train. Under the sensitivity analysis setting, the four CSQC algorithms in section 2.2 are trained
and tested for each of the crowdsourcing scenarios in Table 1 by assuming the ‘ground truth’
rainfall field from San Diego. Under the model transfer setting, the CSQC algorithms are first
trained with the benchmark scenario in San Diego and subsequently tested without re-train under
all crowdsourcing scenarios in Table 2 in San Diego, as well as in Chicago and Miami where

climate conditions are significantly different from San Diego.

Results from the sensitivity analysis could be helpful for understanding the impact of Noise
Level, Noise Amount, and CS Density on performances of different CSQC algorithms, and
results from the model transferability test provide information for the generalization properties of
the CSQC models. Combing the two information, practical guidance for the choice of CSQC

algorithm with high performance and flexibility could be generated for practitioners.

2.5. Comparison statistics
Two types of statistics are used in this study: statistics for noise identification and for rainfall
field estimation. Identification of noisy crowdsourced observation is a typical binary

classification or clustering task, and we use four statistics to quantify the binary classification
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performances of different CSQC algorithms, namely the classification accuracy, negative
predictive value (NPV), positive predictive value (PPV), and area under the receiver operating

characteristic curve (AUC).

Accuracy measurement explains the overall effectiveness of a classifier in making correct

predictions, and is calculated as:

TP+TN

Accuracy = ——
Y = TP+FPTFN+TN

3)
where FP denotes the number of false positive instances; FN the number of false negative
instances; TP the number of true positive instances; and 7N the number of true negative
instances. Here a positive instance represents a noisy label for the crowdsourced observation, and

negative instance the regular label.

Negative Predictive Value (NPV) and Positive Predictive Value (PPV) (Ranawana & Palade
2006) provide more detailed information about the performance of a model in predicting positive

and negative instances:
TN

NPV = 4)
FN+TN
PPV = —— (5)
TP+FP
Area Under Curve (AUC) is a robust classification performance metric (Fawcett, 2006) that
measures the area under the ROC (Receiver Operating Characteristic) curve, which plots the
True Positive Rate (TPR) against False Positive Rate (FPR) under various discrimination
threshold settings.
TPR = —— (6)
TP+FN
FPR = —~ (7)
FP+TN

With an range from 0 to 1, an AUC value equals to 0.5 represents a classifier equivalent to

random guess, and an AUC value equals to 1 represents a perfect classifier.

One of the purposes of this study is to examine the effectiveness of the trained machine learning
model on improving crowdsourced data’s ability in representing the ‘ground-truth’ rainfall field.

Therefore, we use two rainfall field related statistics to measure the performances of different
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CSQC algorithms: 1) root mean square error of rainfall field estimated from crowdsourced
observations (RMSE), and ii) relative error in the areal average rainfall estimated from

crowdsourced observations (REAA).

RMSE represents the ability of the estimated rainfall field to capture the storm’s rainfall

variability on a small spatiotemporal scale and is defined as:

1
RMSE = \/ SOX YO YRy, ) — Iy, )2 (8)

GxGyGrg ~*=14y=1
where Iy, (x, y, t) is the rainfall intensity at the spatial location (x, y) at time # estimated from
crowdsourced observations, and I; (x, y, t) is the associated ground true rainfall intensity. Gy, Gy,

and Gy are the total number of grid cells in the X, Y, and time dimensions, respectively.

REAA is a metric for depicting the relative bias in rainfall field estimation:

Gx Gy vGTR 1 Gx Gy vGTR
Yyls y=1zt=1 ImGyt) TXYTg YyZy y=1zt=1 Ig(x,y.t)

1
m2§=1 Z§=1 qu Ig(x,y,t)

1

REAA = TXYTIR

)

In order to quantify the relative improvement in crowdsourced data quality after quality control
(i.e., noise filtering), we introduce the reduction ratio of REAA4 and RMSE (i.e., AREAA and

ARMSE) which are defined as:

REAAn—REAAf
REAA,

AREAA = (10)

RMSE,—RMSE
RMSEy,

ARMSE = (11)

where REAA,, denotes the REAA value of crowdsourced rainfall field before noise filtering, and
REAAy is the REAA value of crowdsourced rainfall field after noise filtering. The subscripts for
RMSE share the same definitions as to REAA.

3. Results and Discussion

3.1. Error statistics and model performance

We first present CSQC model performances and the spatial distributions of different rainfall
fields under the benchmark scenario in San Diego. Figure 3(a) shows the ‘ground truth’ rainfall

field at one representative time-step over a 40 x 20 km® space at a 500 m x 500 m resolution. A



438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453

454
455

456
457

set of crowdsourced rainfall observations is then generated from the ‘ground truth’ rainfall
(assuming parameters in the benchmark scenario in section 2.3.3) and interpolated (through
nearest neighborhood interpolation) into different crowdsourcing rainfall fields [Figure 3(b)-
3(d)]. Among them, Figure 3(c) plots the crowdsourcing rainfall field interpolated from the
original crowdsourced data with noise, Figure 3(b) plotting a set of data where all noisy
observations are correctly removed, and Figure 3(d) plotting the quality controlled crowdsourced
data where noisy observations identified by the ANN algorithm are filtered. Comparing Figure
3(b) and Figure 3(c), it is found that, during the study time frame, crowdsourcing rainfall field
with noise has a higher estimate of rainfall intensity than that without noise. This is consistent
with some previous studies as the noisy observations typically overestimate rainfall intensities
(Starkey et al., 2017). The quality-controlled crowdsourcing rainfall field in Figure 3(d) also
shows lower estimates of rainfall intensity than the crowdsourcing rainfall field with noise.
Comparing Figure 3(c) and Figure 3(d), it can be seen that the ANN algorithm filters out at least
two crowdsourced observations with extremely high rainfall intensity estimates in the center and
lower-left part of the study region, which suggests the CSQC model’s ability to identify

abnormally extreme values.

(a) Ground True Field (b) Crowdsourcing rainfall (c) Crowdsourcing rainfall (d) Crowdsourcing rainfall

field without noise field with noise field after quality control

0 10 20 30 ) 50 60 70
Intensity(mm/hr)

Figure 3. Spatial distribution of rainfall intensity at one representative time-step for (a) the ground true
field, the corresponding interpolated rainfall field with (b) crowdsourcing data without noise, (c)
crowdsourcing data with noise, and (d) crowdsourcing data after quality control.
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We further calculate the errors of the three interpolated crowdsourcing fields (Figure 4). It can be
seen that, on average, the crowdsourcing rainfall field with noise [Figure 4(b)] has higher
absolute errors than that without noise [Figure 4(a)], especially in the lower-left corner and
center region of the study area. Comparing Figure 4(b) and Figure 4(c), it could be seen that the
true positive (7P) predictions made and removed by the ANN algorithm have successfully
reduced the high estimation error Figure 4(b), especially at the center region of the study area
[Figure 4(c)].

(a) Error without Noise (b) Error with Noise (c) Error after quality control

Confusion Matrix
¢ TP

* TN

A FP

® N

—-60 —-40 -20 0 20 4‘0
Error(mm/hr)

Figure 4. Errors of interpolated rainfall fields at one representative time-step with (a) crowdsourced data
without noise, (b) crowdsourced data with noise, and (¢) crowdsourced data after quality control; in (c)
also shows the labels of true positive (7P), true negative (7N), false positive (FP), and false negative (FN)
predictions made by the ANN model.

A comprehensive comparison of the four machine learning algorithms in section 2.2 for the
benchmark scenario is shown in Table 3, where their performances measured through four
classification metrics (accuracy scores, PPV, NPV, and AUC) and two rainfall field estimation
statistics (AREAA and ARMSE) are presented for all the 60 time steps investigated in San Diego.
All four machine learning algorithms achieve relatively high accuracy scores over 0.8. The two
supervised learning algorithms (kNN and MLPs) have higher accuracy scores than unsupervised
learning algorithms (iForest and K-Means). MLPs has the highest accuracy score (0.903),
followed by kNN, K-means, and iForest.
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The higher values of NPV over PPV in Table 2 suggest the difficulty to effectively identify less
frequent noisy observations in this imbalanced classification task. In general, the two supervised
learning algorithms have relatively large PPV values, but the unsupervised K-Means algorithm is
the one with the highest PPV value (0.761). The unsupervised iForest algorithm has the lowest
PPV value (0.530). MLPs also has the highest AUC value of 0.93, followed by kNN (0.733),
iForest (0.546), and K-means (0.534). The rankings of different QCSC algorithms for ARMSE
and AREAA are consistent with that of the AUC value. MLPs has the best performance on
rainfall field error reduction with ARMSE and AREAA values of 38.10% and 57.68%,
respectively. The results indicate that supervised learning algorithms have better performances

than unsupervised learning algorithms under the benchmark scenario in San Diego.

Table 3. Quality control results produced from supervised and unsupervised algorithms

Accuracy PPV NPV AUC ARMSE AREAA

kNN 0.868 0.650 0.897 0.773 32.08 % 53.90 %
MLPs 0.903 0.729 0.933 0.930 38.10 % 57.68 %
iForest 0.832 0.530 0.844 0.546 32.44 % 35.70 %
K-means 0.839 0.761 0.840 0.534 32.00 % 34.55%

The relatively good accuracy and AUC performances of supervised learning algorithms could be
explained by different learning mechanisms between supervised and unsupervised learning
algorithms. Compared to unsupervised learning algorithms, supervised learning algorithms
inherit extra information from the labels of the training target. While unsupervised learning
algorithms are designed to identify the internal patterns in the input features, such internal
pattern may or may not coincide with the pattern that is represented by the training labels.
Actually, when assigned with the same non-linear task, it is typical that supervised learning
algorithms are outperforming the unsupervised learning algorithms, especially when a set of

high-quality labels is available (Mohammady et al., 2015; Sathya & Abraham, 2013).

3.2. Sensitivity analysis
It should be noted that, results in section 3.1 show performances of different CSQC algorithms at

only the benchmark scenario. As shown in Figure S2 in the SI, the differences in error statistics
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between the crowdsourcing rainfall fields with and without noise are significantly affected by the
assumptions of crowdsourcing noise characteristics, and thus the performances and rankings of

different CSQC algorithms vary under different crowdsourcing scenarios (Table 1).

CSQC model trained under each scenario follow the normal distribution
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Figure 5. RMSE and REAA reduction ratio and 4UC value driven by the four algorithms with noise
coefficients follow the normal distribution trained under each scenario in the San Diego, subplots in first
row (a-c) presents the ARMSE curve under Noise Level, Noise Amount, and Crowdsourcing Density
scenarios, second row (d-f) is AREAA curve under three types scenarios, last row (g-i) is AUC value
under three types scenarios.

We thus show the impacts of noise level [Figure 5(a-c)], noise amount [Figure 5(d-f)], and
crowdsourcing density [Figure 5(g-1)] on the performances (as measured by ARMSE, AREAA,
and AUC) of the CSQC model driven by the four machine learning algorithms (MLPs, ANN,
iForest, and K-Means). For each scenario shown in Figure 5, the CSQC models are retrained
with synthetic data from that scenario. The result shows a positive impact of noise level on
ARMSE for all four machine learning algorithms [Figure 5(a)]. The noise amount and

crowdsourcing density also show positive impacts on the ARMSE for all the four machine
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learning algorithms [Figure 5(b-c)], except for the K-means algorithm which shows no clear
trend of ARMSE with the increase of crowdsourcing density [Figure 5(c)]. Overall, MLPs
performs at least as good as any other algorithm in terms of ARMSE under all investigated

scenarios.

We identify no clear trend in AREAA of the four algorithms with the increase of noise level,
noise amount, and crowdsourcing density [Figure 5(d-f)], except for ANN and MLPs whose
AREAA increase with the increase of noise amount [Figure 5(e)]. When measured with AREAA,
the two supervised learning algorithms (ANN and MLPs) clearly outperform the two
unsupervised learning algorithms (iForest and K-means) we have investigated. The advantages
of ANN and MLPs over iForest and K-means are more obvious when the noise amount is large
[e.g., noise amount >30% (A4), Figure 5(e)]. Such result suggests a potential that supervised
algorithms might be more robust than the unsupervised algorithms when encountered more

anomaly observations.

We also identify no clear trend in AUC values of the four algorithms in Figures 5(g-1). It is
shown that supervised learning algorithms obtained higher 4UC values than unsupervised
learning algorithms under most scenarios, although the AUC value of MLPs has a degree of
fluctuation. In general, with crowdsourcing noise following the normal distribution, if the
algorithms are retrained under each scenario, the CSQC model driven by supervised learning
algorithms achieve better performances than unsupervised learning algorithms for both rainfall
field estimation and crowdsourcing noise identification. This is also consistent with model

performance under the benchmark scenario in section 3.1.

The trends observed in Figure 5 could be partially explained by results in Figure 6, which shows
the RMSE and REAA values of rainfall fields interpolated with noisy crowdsourced data before
and after quality control by the MLPs algorithm.
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Figure 6. RMSE and REAA values before and after quality control by the MLPs-based CSQC model,
values are calculated based on the testing performances of the MLPs algorithm trained under Noise Level
(a-b), Noise Amount (c-d), and Crowdsourcing Density (e-f) scenarios in San Diego; refer to Table 1 for
details of the scenarios.
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For example, with noise coefficients following the normal distribution, the absolute values of
RMSE and REAA before quality control illustrated in Figure 6(a-b) show positive trends with the
increase of noise level. However, while the RMSE and REAA values of the quality controlled
crowdsourcing rainfall field fluctuates with the increase of noise level, no clear trend is identified
[Figure 6(a-b)]. Similar trends are also true for the impact of noise amount [Figure 6(c-d)]. Such
result suggests a relatively stable capability of the MLPs algorithm in identifying noisy
observations in the crowdsourcing rainfall data regardless of the statistical characteristics or the
composition of noises. Similar conclusion is also true for the supervised learning ANN algorithm
(Figure S5 in the SI), but not for the two unsupervised learning algorithms. Generally, the
crowdsourcing rainfall field quality controlled by iForest and K-Means shows a slight increase of
RMSE and REAA values with noise level, but with a less steep trend than the original
crowdsourcing rainfall field without quality control (Figure S6-S7 in the SI).

Because of the randomness in generating crowdsourcing observations, the RMSE and REAA
values before quality control under different crowdsourcing densities [Figure 6(e-f)] show
significant fluctuations. In contrast, the RMSE and REAA values of quality controlled
crowdsourcing rainfall field first decrease with the increase of crowdsourcing density, and then
reach relatively stable levels after scenario D3 [Figure 6(e-f)]. Such trends are also identified by
using other machine learning algorithms shown in Figure S5-S7 in the SI, which suggests the
possible contribution of increased number of training data in improving machine learning
algorithm performances (Jordan & Mitchell, 2015).

In addition to the analysis of single factor (e.g., noise level or noise amount) impacts on the
performances of the CSQC model, Figure 7 presents the interactive impacts of noise level and
noise amount on the reduction ratios (REAA and RMSE) for the CSQC model driven by MLPs.
Similar to the findings in Figure 5, the reduction ratios of REAA and RMSE increase with the
noise level. Reduction ratios of REAA and RMSE also show positive correlations with noise
amount, though with fluctuations caused by the random crowdsourced observation generation
process. The reduction ratios could be as high as 67.05% and 44.30% for REAA and RMSE,
respectively, and are achieved at relatively high levels of noise level and noise amount. We
identify no clear higher-order interaction between the noise amount and noise level on the CSQC

reduction ratios, i.e., the slope identified for noise level and noise amount in Figure 7 does not
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vary under our investigated scenarios. Such observation could be partly explained by the

relatively stable capability of the CSQC model in identifying noisy crowdsourcing observations,

as identified in Figure 6.
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Figure 7. Interactive impacts of noise level and noise amount on the reduction ratios of (a) REAA and (b)

RMSE driven by MLPs-based model.
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3.3. Model performances under the Wald error distribution

CSQC model trained under each scenario follow the Wald distribution
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Figure 8. RMSE and REAA reduction ratio and AUC values driven by the four algorithms with noise
coefficients follow the Wald distribution retrained under each scenario in the San Diego, subplots in first
row (a-c) presents the ARMSE curve under Noise Level, Noise Amount, and Crowdsourcing Density
scenarios, second row (d-f) is AREAA curve under three types scenarios, last row (g-1) is AUC value
under three types scenarios.

The performances of the CSQC model might also be affected by the shape of noise distribution
in the crowdsourced data. For example, even with the same mean and standard deviation, a
positively skewed distribution such as the Wald distribution results in higher frequencies of
small noises and lower frequencies of large noises than the normal distribution (see Figure S8 in
the SI), and the magnitudes of large noises are also much larger under the Wald distribution.
While we do not identify a clear difference between the RMSE and REAA of the noisy
crowdsourcing rainfall fields under the assumption of Normal and Wald distributions (Figure S4
in the SI), the distinct error structures in the two types of noise distribution might still lead to

different CSQC model performances.
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Figure 8 illustrates the RMSE and REAA reduction ratios and AUC values for the CSQC model,
assuming Wald distributed noises. ARMSE under Wald distributed noise shows a positive
correlation with noise level [Figure 8(a)]. The ARMSE values of CSQC models follow similar
trends shown in Figure 5(a-c). Overall, compared with the case of Normal noise distribution, the
differences among the investigated machine learning algorithms are less significant under the
Wald noise distribution. MLPs continues to be the best performing algorithm when measured by

ARMSE.

Unlike Figure 5(d-e), AREAA values of all the investigated machine learning algorithms under
Wald noise distribution show a significant increase with noise amount and noise level [Figure
8(d-e)]. As per the comparison of the four machine learning algorithms, similar to Figure 5(d-f),
supervised learning algorithms achieve better performances than unsupervised learning
algorithms under most scenarios. However, in contrast to our analysis assuming Normal noise
distribution, the differences between supervised and unsupervised learning algorithms under
Wald noise distribution are less clear. For example, the two supervised learning algorithms in
Figure 5(f) (with Normal noise distribution) are consistently outperforming unsupervised
learning algorithms under all investigated crowdsourcing density levels, while in Figure 8(f)
(with Wald noise distribution) the superiority of supervised learning algorithms over
unsupervised learning algorithms is less clear. The unsupervised iForest algorithm even has

higher AREAA values than the supervised MLPs under scenarios D10 [Figure 8(f)].

The unsupervised learning algorithms have relatively low AUC values ranging from 0.5 to 0.6
[Figure 8(g-1)]. In comparison, the supervised learning algorithms have consistently higher AUC
values [Figure 8(g-1)], with MLPs as the best performing algorithm under almost all investigated
scenarios. Similar to Figure 5(g-1), the AUC values of CSQC models under Wald noise
distribution show no clear trend with the increase of noise amount, noise level, and
crowdsourcing density [Figure 8(g-1)], except for ANN whose AUC value increases with the
noise level and noise amount as shown in Figure 8(g) and 8(h). On average, the AUC values of
machine learning algorithms under Normal noise distribution are slightly higher than those under

Wald noise distribution.
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Figure 9. RMSE and REAA values before and after quality control by the MLPs-based CSQC model,
values are calculated based on the testing performances of the MLPs algorithm trained under Noise Level
(a-b), Noise Amount (c-d), and Crowdsourcing Density (e-f) scenarios in San Diego, where the noise
coefficients follow the Wald distribution.
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Figure 9 presents the RMSE and REAA values before and after CSQC model quality control
under noise level [Figure 9(a-b)], noise amount [Figure 9(c-d)], and crowdsourcing density
[Figure 9(e-f)] scenario, with the noise coefficients following Wald distribution. The result
suggests that, similar to the result of crowdsourcing rainfall data with Normally distributed noise
in Figure 5, the RMSE and REAA values of crowdsourcing rainfall field without quality control
increase with the noise level and noise amount, and the changes with quality controlled rainfall
field are relatively stable [Figure 9(a-d)]. The RMSE and REAA values of crowdsourcing rainfall
field without quality control slightly decrease with the crowdsourcing density, but that of quality
controlled rainfall field are relatively stable [Figure 9(e-f)]. Similar results are also true for the

kNN, iForest, and K-means algorithms (Figures S9-S11 in the SI).

In general, we identify some differences in the CSQC model performances with Normally
distributed noise and Wald distributed noise. For example, CSQC model performances with
normal noise distribution are more sensitive to changes in noise amount than with Wald noise
distribution; the CSQC model achieves a better performance (measured by ARMSE, AREAA and
AUC) when the noise coefficients follow a Normal distribution; and the difference among the
four algorithms are more obvious under the Normal noise distribution. However, the results of
the comparison between the four algorithms are overall consistent. Under both the Normal and
Wald noise distribution assumptions, supervised learning algorithms (especially the MLPs) are
performing better than the unsupervised learning algorithms in both identifying noisy
crowdsourced observations and improving the accuracy of quality-controlled crowdsourcing

rainfall field.

3.4. Model transferability

In this section, we directly apply the CSQC model trained with the benchmark scenario in San
Diego to various scenarios in the three cities without any retraining. The transferability of the
CSQC model is then measured by the ARMSE, AREAA, and AUC values presented in Figures
10-12. Normal noise distribution is assumed for all the analysis in this section. The higher the
values of these metrics (ARMSE, AREAA, and AUC), the better the CSQC model in transferring

to other application conditions without further retraining.
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Figure 10. RMSE and REAA reduction ratio and AUC value by transfer the CSQC model trained under
benchmark scenario to other type scenarios in the San Diego, subplots in first row (a-c) presents the
ARMSE curve under Noise Level, Noise Amount, and Crowdsourcing Density scenarios, second row (d-f)
is AREAA curve under three types scenarios, last row (g-i) is AUC value under three types scenarios.

Figure 10 presents the model transferring performances in San Diego. It is shown that the
ARMSE, AREAA and AUC values increase monotonically with the noise level [Figure 10 (a), (d),
and (g)]; in comparison, when the CSQC model is retrained every time, values of the three
metrics also increase with noise level but with much larger variations [Figure 5(a), (d), and (g)].
Comparing the performances of different algorithms, the two supervised learning algorithms,
especially MLPs, continue to be the best one in reducing crowdsourcing rainfall field estimation
errors and identifying noisy crowdsourced observations, when they are transferred to other

scenarios without retraining.
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Figure 11. RMSE and REAA reduction ratio and AUC values under three types of scenarios by transfer
apply the CSQC model (driven by the four algorithms) to the City of Chicago, subplots in first row (a-c)
presents the ARMSE curve under Noise Level, Noise Amount, and Crowdsourcing Density scenarios,
second row (d-f) is AREAA curve under three types scenarios, last row (g-i) is AUC value under three
types scenarios.

We further explore the CSQC model transferability with rainfall data different from the climate
condition in San Diego. More specifically, we directly apply the model trained with the

benchmark scenario in San Diego to synthetic data generated from radar observations in the city

of Chicago (Figure 11) and Miami (Figure 12).

When the CSQC model is transferred to Chicago, in general, the two supervised learning
algorithms (especially the MLPs algorithm) continue to outperform the unsupervised learning
algorithms. This is especially true for the AUC performance measure, where MLPs performs the
best among all the compared algorithms, followed by ANN, K-Means, and iForest [Figure 11(g-

1)]. However, compared to the sensitivity analysis with retraining in section 3.2, the relative
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advantage of the supervised learning algorithms over unsupervised learning algorithms are less
significant, and the two unsupervised learning algorithms (iForest and K-Means) even
outperform the supervised learning algorithms as shown in Figure 11(c). Similar rankings of the
four investigated machine learning algorithms are also identified when the CSQC model is

transferred to the city of Miami (Figure 12).

The correlations between the performance measures (i.e., ARMSE, AREAA, and AUC values)
and the noise level, noise amount, and crowdsourcing density, shown in Figures 11-12,
respectively, are generally consistent with that identified in Figure 5, i.e., positive correlations
for ARMSE and AREAA, and no clear trend for AUC. However, compared to the sensitivity
analysis results with retraining (Figure 5), the CSQC model shows a lower level of fluctuations
under different noise scenarios when it is transferred to Chicago or Miami (Figures 11-12). For
example, the ARMSE and AREAA values in Figure 5(c) and Figure 5(f) are not as stable as that
in Figure 11(c) and Figure 11(f). Such an elevated level of fluctuation for the retrained CSQC
model in Figure 5 is expected. The retraining of a machine learning model typically introduces

additional randomness, which increases the fluctuations in the model performances in Figure 5.

Figure 13 displays a summary of the performances of all the four investigated algorithms with
and without retraining. Each boxplot in Figure 13 shows the distribution of a performance
measure under all the 30 scenarios defined in Table 2. The results suggest that, as expected, the
classification accuracies of the two supervised learning algorithms (kNN and MLPs) deteriorate
when they are not retrained with new test scenario data (T1, T2, and T3 in Figure 13), especially
when they are directly applied to a region with the climate significantly different from where
they are trained (T2 and T3 in Figure 13). However, we do not identify a clear difference in the
performances of the retrained and transferred supervised learning algorithms in reducing
crowdsourcing rainfall estimation errors (ARMSE and AREAA). Such a difference between the
trends of reduction ratios and the AUC values could be possible as the spatial interpolation
process for estimating ARMSE and ARE AA might smooth out small variations in the filtered

crowdsourced observations.
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Figure 12. RMSE and REAA reduction ratio and AUC values under three types of scenarios by transfer
apply the CSQC model (driven by the four algorithms) to the City of Miami, subplots in first row (a-c)
presents the ARMSE curve under Noise Level, Noise Amount, and Crowdsourcing Density scenarios,
second row (d-f) is AREAA curve under three types scenarios, last row (g-i) is AUC value under three
types scenarios.

Interestingly, all the performance measures of the two unsupervised learning algorithms slightly

increase when they are not retrained with new test scenario data (T1, T2, and T3 in Figure 13),

especially when the algorithms trained to one city (San Diego) are directly applied to another

city (e.g., Chicago) with significantly different climate (T2 and T3 in Figure 13). The results thus

suggest a better transferability of unsupervised learning algorithms over supervised learning

algorithms. Such an unexpected result can still be understandable as the noisy crowdsourced

observations are identified in unsupervised learning algorithms through some internal

relationships between the input features. Without the additional constraints brought by the labels

in the supervised learning algorithms, it could be possible that an unsupervised learning

algorithm trained with one set of data can perform even better with another set of data.
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Figure 13. RMSE and REAA reduction ratio and AUC values distribution driven by different machine
learning algorithms (R1: Retrain the CSQC model at San Diego; T1: Transfer the trained benchmark
model to other scenarios in San Diego; T2: Transfer the benchmark trained model to Chicago; T3:
Transfer the benchmark trained model to Miami).

Overall, Figures 10-13 suggest a relatively good transferability of the CSQC model based on
either supervised or unsupervised learning algorithms. This is especially true when the CSQC
model is applied to reducing the errors in rainfall field estimation (i.e., ARMSE and AREAA).
The unsupervised learning algorithms possess a better transferability than the supervised learning
algorithms, but the supervised learning algorithms (especially MLPs) continue to have better
absolute values of the various performance measures (ARMSE, AREAA, and AUC) when the
CSQC model is not retrained.

4. Conclusions

In this study, we propose a machine learning based crowdsourced data quality control (CSQC)
method to identify the noisy data in crowdsourced rainfall observations potentially collected
from smartphones, personal weather stations, surveillance cameras, and other low-cost devices

by citizens. Based on the features extracted from the original crowdsourced data and the
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interpolated crowdsourcing rainfall field, two supervised learning (MLPs and ANN) and two
unsupervised learning (K-means and iForest) algorithms are used to identify noisy observations
in the CSQC model. A series of synthetic but realistic scenarios in three cities with different
climates are designed to investigate the impacts of the magnitude of noise (noise level), the
relative portion of noisy observation (noise amount), and crowdsourcing participation density
(crowdsourcing density) on the CSQC model performances. The CSQC model performances are
tested and evaluated in terms of their ability to reduce rainfall field estimation errors (ARMSE
and AREAA) and to identify noisy crowdsourced observations (4UC). Moreover, to test the
transferability of the CSQC model, the trained CSQC model in a benchmark scenario in San
Diego is directly tested under different scenarios in San Diego, Chicago, and Miami without

further retraining.

The four machine learning algorithms (i.e., ANN, MLPs, iForest, and K-means) investigated in
this study all show a relatively good performance in reducing the rainfall field estimation errors
(i.e., ARMSE and AREAA) and identifying noisy crowdsourced observations (i.e., AUC). In
general, the two supervised learning algorithms (ANN and MLPs) outperform the two
unsupervised learning algorithms (iForest and K-means), and MLPs is the best. The results are
consistent across all the testing cases with and without CSQC model retraining, even when the
CSQC model trained in one city (San Diego) is directly applied to another city with significantly
different rainfall conditions (Chicago or Miami). The results are robust with the various
assumptions of noise distribution (i.e., Normal distribution or Wald distribution). More
specifically, supervised learning algorithms excel in identifying both noisy and regular
observations from a set of crowdsourced data (i.e., PPV and NPV). In contrast, unsupervised
learning algorithms can only effectively identify regular observations (i.e., NPV). We find that
the noise level positively affects the CSQC model performance measures (ARMSE, AREAA, and
AUC), which is understandable as more distinct noisy observations are easier to identify. The
transferability test reveals that, even though the CSQC model performance slightly deteriorates
when it is directly applied to a new set of data without retraining, it continues to provide a
substantial contribution in rainfall field estimation error reduction and noisy crowdsourced

observation identification (Figures 11-13).
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Handling concerns over crowdsourced data quality will continue to be a major challenge in the
near future (Zheng et al., 2018). While existing quality control methods for crowdsourced
observations focus on a special case of fixed-point sensors, our CSQC model is the first to
identify and filter noisy points form general crowdsourced observations, which are discontinuous
in both time and space. In a real-world setting, crowdsourced observations could come from
different sources and regions (e.g., smartphones, CCTV camera, etc.). At this end, the CSQC
model is proved to be an effective and robust tool for automatically controlling the data quality
with a complex set of data. In addition, the CSQC model can also be used to track the
performances of different participants of crowdsourcing projects. Their results could be further
used for participant rating or education programs (e.g., feedback from public participate in

climate sciences (Pidgeon & Fischhoff, 2011)).

It should be noted that our results are generated with a set of synthetic but realistic rainfall data,
and thus the conclusion of this study requires further validation with a large set of real-world
crowdsourcing observations (which is currently not available according to the authors’
knowledge). Because the scenarios we have investigated largely cover the range of
crowdsourced observation errors reported in literature (Mazzoleni et al., 2018; de Vos et al.,
2018; de Vos et al., 2019), we expect the major conclusions (e.g., the relative performances of
the supervised learning algorithms, and the comparison between CSQC model with and without

retraining) hold when such real-world crowdsourcing observations are tested.

Moreover, for the sake of simplicity, our comparison of machine learning algorithms is limited to
two supervised learning algorithms (i.e., MLPs and ANN) and two unsupervised learning
algorithms (i.e., iForest and K-means), with both types are evaluated with a set of data different
from the data sets where they are trained (model transferability). However, it is still possible that
some other machine learning algorithms can outperform the four investigated algorithms in
identifying noisy crowdsourcing observations. Nerveless, the conclusions from this study could
provide hints on the choice or design of CSQC machine learning algorithms, i.e., a supervised
learning algorithm would be preferred if a set of labeled crowdsourcing data is available, even if
such data are coming from places with significantly different rainfall patterns from the target

region.
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