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Assimilation of weather radar and binary ubiquitous
sensor measurements for quantitative precipitation
estimation
David J. Hill

ABSTRACT
Assimilation of data from heterogeneous sensors and sensor networks is critical for achieving
accurate measurements of environmental processes at the time and space scales necessary to
improve forecasting and decision-making. Owing to different measurement accuracies and types of
spatial and/or temporal measurement support of the component sensors, it is often unclear how
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best to combine these data. This study explores the utility of ubiquitous sensors producing
categorical wet/dry rainfall measurements for improving the resolution of areal quantitative
precipitation estimates through fusion with weather radar observations. The model developed in this
study employs a Markov random ﬁeld model to compute the probability of rainfall at sub-grid pixels.
These likelihoods are used to ‘unmix’ the cell-averaged rainfall rate measured by the radar.
Simulation studies using synthetic and known rainfall ﬁelds reveal that the model can improve
remotely sensed quantitative rainfall intensity measurements by 40% using networks of ubiquitous
sensors with a density of 56 sensors per square kilometer, and for denser networks, the accuracy
can increase by as much as 50%.
Key words
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INTRODUCTION
Researchers have recently suggested ‘smart’ urban infra-

A signiﬁcant barrier, however, to the design and deploy-

structure to mitigate social and economic risks posed by

ment of smart infrastructure is the inability of current

extreme weather events and to improve the sustainability

sensing technology to characterize the environment at sufﬁ-

of urban centers (Boyle et al. ; Brown ). Smart infra-

cient space and time resolutions to support the forecasts

structure is enabled by real-time sensing, modeling,

necessary to enable autonomous near-real-time decision-

optimization, and actuation, which permit the infrastructure

making via predictive control algorithms. In the case of

to reason about the world around it and to autonomously

urban ﬂooding, extrapolation from a recent study (Berne

reconﬁgure in order to meet changing needs. For example,

et al. ) indicates that the minimum spatial resolution

researchers are exploring the use of smart sewer systems

for rainfall observations is on the order of 0.5 km2. Unfortu-

that combine real-time measurements of urban rainfall pat-

nately, this observational resolution is not feasible with

terns with runoff models and remote actuated control

traditional

structures to optimize the conveyance capacity of the

bucket rain gauges and weather radar are the most popular

sewer network during wet weather (Pleau et al. ;

methods for real-time sensing of rainfall. Rain gauges pro-

Schutze et al. ; Colas et al. ; Pleau et al. ;

vide direct measurement of rainfall on the land surface;

Fradet et al. ).

however, few rain gauge networks exist that are dense
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enough to quantify the spatial variability of rainfall (Grimes

Coops ; Hill et al. ). While these sensors are not

et al. ; Sun et al. ; Xiaoyang et al. ; Yilmaz et al.

speciﬁcally designed to monitor the environment, the data

). Furthermore, rain gauge data contain inaccurate

they collect can be repurposed using models to provide

measurements that can lead to signiﬁcant modeling errors

quantitative measurements of environmental variables at

(Steiner et al. ; Upton & Rahimi ). If these data

the location of the sensor. For example, sensors embedded

are to be used for real-time management of smart infrastruc-

in wireless communication devices (Leijnse et al. ; Zine-

ture, these errors need to be identiﬁed and mitigated as they

vich et al. ) and vehicle-based automatic windshield

are made, necessitating automated quality control that relies

wipers (Haberlandt & Sester ) have been explored for

solely on prior observations (Hill ). Greater spatial den-

rainfall measurements. Although ubiquitous sensors may

sity of precipitation measurements can be achieved using

produce measurements with lower accuracy than dedicated

weather radar, a robust, albeit expensive, sensing technology

sensors, it is expected that their pervasiveness in urban

that provides indirect measurements of rainfall on the land

environments will result in signiﬁcantly greater spatial resol-

surface by measuring the backscattering of microwaves

ution than networks of dedicated environmental sensors.

caused by hydrometeors (and other objects) in a ﬁnite

Furthermore, by opportunistically integrating sensors intro-

volume of the atmosphere and relating that quantity to the

duced into the environment by private individuals, the

expected ground-based rainfall rate (Crum & Alberty ;

improved observational capacity of this new sensing para-

Crum et al. ). Weather radar uses an active sensor that

digm will be achieved without the large-scale deployment

emits microwaves, which are reﬂected off hydrometeors in

of new dedicated environmental sensors by a centralized

an atmospheric volume at some altitude above the land sur-

agency, such as the United States National Weather Service

face. Radar-rainfall estimates are derived from these

(NWS).

measurements using a mathematical model that relates the

As computational and communication technology

strength of microwave scattering caused by hydrometeors

becomes smaller and cheaper, it is expected that these

to the expected ground-based rainfall rate (Marshall &

devices will become increasingly ubiquitous and will possess

Palmer ; Smith & Krajewski ; Baeck & Smith

increasing communication capabilities. For example, a

; Steiner & Smith ). However, factors such as

survey of new vehicles shows that most automakers are

radar calibration (Austin ), signal attenuation (Bringi

beginning to equip vehicles in both their regular and

et al. ; Rico-Ramirez ), ground clutter (Islam et al.

luxury brands with rain-sensing windshield wipers. Rain-

), anomalous propagation (Collier ; Rico-Ramirez

sensing wipers are also sold as an aftermarket upgrade for

et al. ), variation in the vertical reﬂectivity of precipi-

unequipped vehicles (http://www.raintracker.com). These

tation, and signiﬁcant spatiotemporal variation of the

wipers employ a sensor to determine the presence of rain,

relationship between scattering and rainfall rate (Smith &

and based on the vehicle speed, they actuate and adjust

Krajewski ; Steiner & Smith ) can lead to consider-

the speed of the wipers. At the same time, most new vehicles

able uncertainty in radar-rainfall estimates. For this reason,

are sold with integrated global positioning system (GPS)

radar-rainfall estimates are often adjusted using ground-

chips and communication capabilities, which are used for

based rain gauge data to improve their accuracy (Seo &

navigation and emergency response, respectively.

Smith ; Smith & Krajewski ; Seo et al. ;

This study investigates the use of ubiquitous sensors for

Velasco-Forero et al. ). However, even when combined,

quantitative rainfall measurement using a model that would

the resolution achievable by these methods is still too coarse

be feasible for automated real-time applications. However,

to support many physics-based models that relate the rainfall

unlike the work of Leijnse et al. (), Haberlandt &

process to actionable forecasts, such as ﬂood depths (Seo &

Sester (), and Zinevich et al. (), this work

Krajewski ).

approaches the problem as a ﬁeld estimation problem

Because of their ubiquity, small, low-cost sensors that

that can be achieved through the fusion of measurements

are embedded in everyday consumer products have begun

from a large network of heterogeneous sensors that

to be explored for environmental monitoring (Ferster &

includes both ubiquitous and dedicated rainfall sensors.
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This approach capitalizes on the spatial resolution of the

hardware and telemetry. Finally, conclusions and future

ubiquitous sensors and the quantitative accuracy of the

work are discussed.

dedicated sensors, and eliminates the necessity for the precise calibration of individual vehicle-based sensors – a
signiﬁcant logistical challenge. In this study, the ubiquitous

METHODS

sensors are assumed to provide binary measurements (i.e.
wet/dry) of the current conditions. This assumption is

The essence of the fusion method developed in this study is

made for two reasons. First, generating quantitative

that binary measurements of the rainfall made by ubiquitous

measurements of rainfall from ubiquitous sensors requires

sensors can be used to identify the pattern of rainfall within

the tedious process of applying and calibrating a relation-

each grid cell of a radar image and that this pattern can be

ship that transforms the raw sensor measurement from

used to concentrate the rainfall into the wet portions of

each type of ubiquitous sensor into a quantitative rainfall

the radar cell, such that the cell average remains the same,

estimate, whereas generating binary measurements from

but the rainfall rate is zero in the dry portions of the cell.

these sensors is expected to be signiﬁcantly easier.

To accomplish this, each grid cell in a radar image is subdi-

Second, there are already a wide variety of sensors

vided into smaller pixels at the spatial scale of interest. To

deployed in the environment that can be leveraged to pro-

facilitate this discussion, the term ‘grid cell’ will hereafter

vide this type of qualitative rainfall measurement, including

be used to refer to the coarse-resolution grid-square of the

rain-sensing windshield wipers, trafﬁc cameras, road

radar image, while ‘pixel’ will refer to the ﬁne-resolution

weather

grid-square at which the rainfall ﬁeld is reconstructed. Fur-

information

systems,

and

irrigation

control

systems.
The measurement fusion method developed in this study
employs a Markov random ﬁeld (MRF) to represent the

thermore, when referring to the binary state of the rainfall
process, a value of 0 will be used to represent dry conditions,
and a value of 1 will be used to represent wet conditions.

variability of rainfall intensity at scales smaller than the

Estimation of the binary rainfall pattern at the sub-grid

radar resolution. The use of an MRF model for fusing

scale will be performed using an MRF model. MRFs are stat-

binary (wet/dry) data with weather radar observations has

istical models of a set of spatially correlated random

previously been suggested by the author (Hill & Farzan

variables that describe the relationship of neighboring vari-

). This preliminary work laid a framework for the

ables using a model that relies only on a ﬁnite set of N

fusion process but did not explore how best to set the

neighbors (i.e. a model that has an N-order Markov prop-

model parameters, nor did it quantitatively explore the per-

erty) (Besag ; Isham ; Ripley ). The Markov

formance of the suggested model. In this work, a new

property permits the spatial ﬁeld to be subdivided using a

Bayesian solution to the MRF model is proposed that per-

relationship that deﬁnes whether or not two pixels are

mits the use of noisy measurements from sparse binary

neighbors. A random ﬁeld has the Markov property with

sensors to accurately reconstruct a map of rainy versus

respect to a particular neighborhood structure if the pixel

not-rainy regions. This map is then used to redistribute the

value is conditionally independent given its neighborhood.

spatially averaged rainfall rate measured by the radar to con-

Therefore, the probability that a pixel is wet or dry, given

centrate it only in the rainy regions, leaving the dry regions

values at all other pixels, depends only on the wet/dry con-

with a zero rainfall rate. The next section describes this

ﬁguration in its neighborhood. Following accepted practice

model in detail. The model’s ability to reconstruct a syn-

in image reconstruction, wet/dry patterns are modeled

thetic rainfall ﬁeld is then explored, particularly with

using an autologistic model (Besag ). In this model,

respect to its parameters, requirements for ubiquitous

the neighborhood of a pixel is deﬁned to be the set of all

sensor density, and ﬁeld estimation accuracy. Synthetic

pixels immediately horizontally, vertically, and diagonally

data are used to provide a ground truth against which to

adjacent, as shown in Figure 1. Pairs of adjacent pixels

evaluate the model performance and to eliminate spurious

within the neighborhood are referred to as cliques and can

errors caused by the stochastic behavior of physical sensor

be divided into two categories: Type 1 refers to horizontally
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(P(Xi,j ¼ 1jN)) or 1 ((P(Xi,j ¼ 1jN)). In this research it
was used to calculate the probability that the pixel takes
the value 0, and the probability that the pixel takes
the value 1 was computed by complementation (i.e.
P(Xi,j ¼ 1jN) ¼ 1  P(Xi,j ¼ 0jN)).
If not all of the values of the neighbors of pixel (i,j) are
known, then Equation (1) can be modiﬁed to use likelihood
weighting to calculate the contributions of the unknown
neighbors’ values

Figure 1

|

Neighborhood of pixel Xs.

and vertically adjacent pixels, and Type 2 refers to diagonally adjacent pixels.

P(Xi,j ¼ 0jZ) ¼
n
o
P
^ k jZ)  β 2 P8 P(Xi,j ≠ N
^ k jZ)
exp β 1 4k¼1 P(Xi,j ≠ N
k¼5
n
o
P1
P4
P8
^
^
Xi,j ¼0 exp β 1
k¼1 P(Xi,j ≠ Nk jZ)  β 2
k¼5 P(Xi,j ≠ Nk jZ)
(2)

Using this notation for neighboring pixels, the autologistic model for the conditional probability of the binary state
(0 ¼ dry and 1 ¼ wet) of the rainfall process (Xi,j) can be
expressed as

^ is the set of
where Z is the set of known values of X, and N
neighbors of Xi,j , which may represent estimates of the true
value, if the value of that neighbor is not known. In the

P(Xi,j jN) ¼
n
o
P
P
exp β 1 4k¼1 I(Xi,j ≠ Nk )  β 2 8k¼5 I(Xi,j ≠ Nk )
n
o
P1
P4
P8
Xi,j ¼0 exp β 1
k¼1 I(Xi,j ≠ Nk )  β 2
k¼5 I(Xi,j ≠ Nk )

event that the value of a neighboring pixel Nk is known,
^ ¼ 1, and in the case that all of the
then P(Xi,j ¼ Nk jN)
^ are known, then Equation (2)
values of the pixels in N

N ¼ {Xi1,j , Xiþ1,j , Xi,j1 , Xi,jþ1 , Xi1,j1 , Xi1,jþ1 ,

partial contribution from unknown, but estimated, pixels

Xiþ1,j1 , Xiþ1,jþ1 }

(1)

reduces to Equation (1). Thus, this method accounts for a
that is equivalent to the probability that those pixels are
different than the value of Xi:j . For images in which only a

where N is the set of pixels in the local neighborhood of

few pixel values are known, then, it is likely that there will

pixel (i, j), β 1 and β 2 are parameters, and I() is an

be pixels for which none of the neighbors are known. In

indicator function operator that returns 1 when the

this case, the values of these neighbors must be estimated

inequality is true and 0 when the inequality is false. The

in turn from their own neighbors. This expansion must con-

parameters β 1 and β 2 describe the dependance between

tinue until at least one neighbor with a known value exists in

a pixel and its Type 1 and Type 2 neighbors, respectively.

the neighbor set of the pixel to be estimated. In this way,

Values close to zero reﬂect spatial ﬁelds where pixels are

although Equation (2) represents only a ﬁrst-order spatial

independent of the value of the pixels in their neighbor-

Markov process, the effects of known values of pixels

hood N, whereas when β 1 and β 2 are strictly greater

more distant than immediate neighbors can impact the

than 0, Xi,j is most likely to take the value of the majority

value of a particular pixel. Thus, to solve Equation (2) for

neighboring class. By assigning different values to the par-

images with only a few known pixel values, such as those

ameters β 1 and β 2 , the model can represent anisotropic
conditions. If β 1 is greater than β 2 , then similarity in the

encountered in this research, the conditional probabilities
^ k jN) are deﬁned by computing Equation (2)
P(Xi,j ≠ N

vertical/horizontal directions (i.e. along the principal

iteratively over all of the pixels in the ﬁeld for the case of

axes of the image) is weighted more heavily, whereas if

P(Xi,j ¼ 0jN)

β 1 is less than β 2 , then similarity in the diagonal directions

each pixel in the ﬁeld stabilized. The complement of

is weighted more heavily. Equation (1) can be used to rep-

this probability P(Xi,j ¼ 1jN) was then be computed as

resent either the probability that pixel (i,j) is equal to 0

1  P(Xi,j ¼ 0jN). When a pixel with unknown value falls
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then the rainfall rate in each pixel can be computed as

neighboring pixels), the pixels outside the boundaries of
the ﬁeld are treated as pixels with unknown value. This is
accomplished by providing a 1-pixel-deep buffer around

N × P(Xi,j ¼ 1jY)
P
Ri,j ¼ R
N
i¼1 P(Xi,j ¼ 1jY)

(4)

the ﬁeld being estimated.
In real networks of ubiquitous sensors, it is expected
that the sensors will malfunction, resulting in erroneous

where X is the binary random variable indicating not-rain is the grid-blocking/raining conditions in pixel (i.j), R

and misleading data. Thus, Bayes’ Theorem was employed

averaged

to pose the problem as one of estimating the true random

P(Xi,j ¼ 1jY) is the probability that it is raining in the ith

ﬁeld (X) from an incomplete set of noisy measurements (Y).

pixel given the observations, and N is the number of pixels

8
^
>
< P(Yi:j jXi,j )P(Xi:j jZ) if O ¼ True
i,j
P(Yi,j )
P(Xi:,j jYi:j ) ¼
>
:
^
P(Xi:j jZ)
if Oi,j ¼ False

in the radar block.

precipitation

rate

measured

by

the radar,

The ubiquitous sensing model for estimating rainfall
(3)

intensity ﬁelds created by combining Equations (2)–(4) will
hereafter be referred to as the ubiquitous rainfall sensing
(URS) model.

where O is a matrix of the same size as X that indicates
whether a noisy measurement of the true state of pixel (i,j)
^ is an estimate of the values of the
exists in the set Y, Z
^ is the probability that X at location
observed pixels, P(Xi,j jZ)

CASE STUDIES

(i,j) takes a speciﬁc value given set of estimated pixel values

To evaluate the performance of the URS model, experiments

P(Yi,j jXi,j ), P(Yi,j jXi,j ) is a probability density table that

were conducted to explore the model’s ability to estimate a

deﬁnes the observation model of the sensors, and P(Yi,j ) is
^ can be solved using
the normalization constant. P(Xi,j jZ)

binary ﬁeld and to use that binary rainfall ﬁeld to downscale
simulated radar-rainfall estimates. These experiments were

the iterative solution to Equation (2) described above, how^ is estimated to be equal to Y (the
ever, in the ﬁrst iteration, Z

performed using both synthetic and real-world rainfall ﬁelds.

set of noisy observations), whereas in subsequent iterations,
^ is estimated using the maximum a posteriori estimates of
Z

Synthetic rainfall ﬁeld

X at the measurement locations, which is calculated using

A synthetic rainfall ﬁeld was used to explore the effects of

Equation (3).

the model parameters and spatial discretization on the accu-

Equation (3) can be viewed as the 2-D equivalent of a
hidden Markov model, which blends the information from

racy of the downscaled ﬁelds. This ﬁeld was created using
the following analytical function:

the set of incomplete noisy measurements and the 2-D

the observations to propagate through the image based on

3
3 × (1  a)2 × exp (  a2  ðb þ 1Þ2 )


6
7
a
3
5
2
2 7
Z(x, y) ¼ max6
4 0,  10 × 5  a  b × exp (  a  b ) 5
1=3 exp (  (a þ 1)2  b2 )

the ﬁrst-order Markov property of the spatial model. This

a

spatial MRF model. As in the case of Equation (2), in the
case of sparsely observed images, Equation (3) must also
be solved iteratively to allow the information contained in

2

process is similar to the iterated conditional modes (Besag
) method for reconstructing images corrupted by

b

x
¼6× 3
4
y
¼6× 3
4

(5)

noise, except that unlike iterated conditional modes, the
method presented in this paper is applicable to incompletely

where x and y are the easting and northing coordinates of

observed, noisy images.

the location in the range [0,4]. By using an analytical func-

Once the spatial probability distribution of the binary
random variable is computed for all pixels in the image,
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interpolation of real-world rain gauge data. This function
was used to generate a 4 × 4 km ﬁeld at 1 m resolution to
which a threshold was applied to remove negative values.
To simulate the radar-rainfall measurement of the synthetic
ﬁeld, it was divided into 16 1 × 1 km radar blocks, each of
which was assigned the average value of the sub-grid
pixels. The synthetic ﬁeld is illustrated in Figure 2. From
this ﬁgure, it can be seen that the ﬁeld is composed of a continuous region of rain that covers approximately one-quarter
of the total area. This rainy region has three areas of rainfall
concentration, one in the north with the peak rainfall intensity, and two that are side by side in the center of the ﬁeld. A
ground-truth binary wet/dry ﬁeld is created by assigning
wet/dry measurements according to whether or not
Equation (5) is greater than zero at each pixel centroid (indicating rainy conditions). A simulated radar measurement of

Figure 3

|

Simulated radar-rainfall observation of the synthetic ground-truth rainfall ﬁeld.

the ground-truth rainfall ﬁeld is created by averaging the 16
1 × 1 km blocks composing the true ﬁeld. The simulated

approximately 21 km2 in northern Mississippi and is mon-

radar-rainfall ﬁeld is illustrated in Figure 3.

itored by a network of 32 weighing precipitation gauges.
This rain gauge network was selected because it was the

Real-world rainfall ﬁelds

densest rain gauge network for which data could be
obtained. Rainfall ﬁelds at 10 m resolution were created

To evaluate the performance of the URS model for recon-

for a 4 × 4 km region at the southwestern end of the water-

structing real-world rainfall ﬁelds, data from the United

shed (the densest part of the network) using inverse

States Department of Agriculture, Agricultural Research

distance weighted averaging to interpolate 10-min rainfall

Station Goodwin Creek Experimental Watershed were

intensities from the rain gauges. Inverse distance weight-

used. The Goodwin Creek Watershed covers a region of

ing was chosen for interpolating these ﬁelds because of
its long history of use for this purpose (Garcia et al.
), including its use by the NWS River Forecast
System for the operational estimation of precipitation
over much of the United States (National Weather Service
). Radar-rainfall estimates and ubiquitous sensor
measurements were then simulated from these rainfall
ﬁelds. Simulated radar and ubiquitous sensor data were
used to focus the analysis on the model behavior without
having to detangle errors introduced by the model and
those caused by the stochastic behavior of physical
sensor hardware and telemetry. To represent radar-rainfall
estimates of these ﬁelds, they were aggregated into 16 1 ×
1 km radar blocks, each of which was assigned the average value of the sub-grid pixels. A ground-truth binary
wet/dry ﬁeld was created by assigning wet conditions to
pixels with non-zero rainfall intensities and dry conditions

Figure 2

|

Synthetic ground-truth rainfall ﬁeld.

Downloaded from https://iwaponline.com/jh/article-pdf/17/4/598/388733/jh0170598.pdf
by guest

to pixels with zero rainfall.

604

D. J. Hill

|

Assimilation of weather radar and binary sensor measurements

MRF parameter values and spatial discretization

Journal of Hydroinformatics

|

17.4

|

2015

10 to 80%, in 5% increments. One-hundred realizations
of the simulated ubiquitous sensor observations were

The MRF model (Equation (2)) used to estimate the binary

made at each domain coverage ratio, in order to average

wet/dry map requires that the spatial domain be discretized

out the effects of favorable/unfavorable sensor conﬁgur-

into sub-grid pixels that are each assigned a probability of

ations. The URS model was then applied to the cell-

experiencing wet weather. Thus, as the pixel size decreases,

averaged ﬁeld and the binary ubiquitous sensor obser-

the method can more accurately resolve boundaries

vations using β values that ranged between 0.2 and 2, in

between wet and dry regions. If each observed pixel is mon-

increments of 0.2. To focus the results on the effects of

itored by one ubiquitous sensor, then as the pixel size

the autologistic model parameters and the discretization,

decreases, the number of ubiquitous sensors must increase

no erroneous measurements were present in the simulated

to observe the same percentage of the spatial domain. In

ubiquitous sensor measurements, and the probability that

addition, as the pixel size decreases, the number of pixels

a ubiquitous sensor measurement accurately represented

inside each radar grid block increases, and thus the compu-

the wet/dry state of the pixel was set to 100% (i.e. in

tational

increases.

Equation (3), P(Y ¼ 0jX ¼ 1) ¼ P(Y ¼ 1jX ¼ 0) ¼ 0:0 and

Furthermore, decreasing the pixel size for a given coverage

P(Y ¼ 1jX ¼ 1) ¼ P(Y ¼ 0jX ¼ 0) ¼ 1:0). Thus, there are

level increases the number of unobserved pixels separating

no misleading/erroneous measurements expected from

observed pixels. Since the MRF model used in this study

the ubiquitous sensors and no errors present in their

only considers immediately adjacent pixels, this will result

measurements. For each combination of coverage, β

in the MRF relying more heavily on the autologistic neigh-

value, and discretization, the mean squared error (MSE)

borhood model to interpolate between observed locations.

of the URS model-based rainfall ﬁeld estimation was

The autologistic parameters β 1 and β 2 control the strength

compared to the MSE of the cell-averaged ﬁeld.

complexity

of

solving

the

MRF

of the similarity between neighboring pixels. The parameter

The ratios of the URS MSE to the cell-averaged MSE for

β 1 deﬁnes the strength of the similarity between vertical/

these combinations of parameter values are illustrated in

horizontal neighbors, and the parameter β 2 deﬁnes the

Figure 4. This ﬁgure shows that for the smallest (25 m)

strength of the similarity between diagonal neighbors.

pixel size, the MRF-based reconstruction error is between

Since it is difﬁcult to quantify anisotropy a priori (i.e.

50 and 78% of the cell-averaged error. Thus, the MRF-based

before observing a rainfall event), as is necessary for real-

method improves the ﬁeld estimation error, relative to the

time applications, these parameters will be given the same

cell-averaging method, by 22–50%. For this pixel size, an

value, which will hereafter be referred to as β, with no sub-

MSE reduction of 50% was achieved for most of the combi-

script. The larger the magnitude of this parameter, the more

nations of β and observational coverage. Only when the

likely neighboring pixels will have the same value. Thus, as

observational coverage was very small (10%) or when the

the pixel size decreases, the model may require a larger

β parameter conditioned unobserved pixels very weakly

value of β in order for the inﬂuence of observed pixel

(β < 0:3) or very strongly (β > 0:8) on neighboring values

values to propagate to other parts of the image.

did the MRF-based method fail to achieve a 50% reduction

To explore the sensitivity of the URS model to the pixel

in MSE over the cell-averaged representation. However,

size, coverage level, and β value, the synthetic ﬁeld was

even in these cases, the MRF-based reconstruction had an

generated using pixel sizes of 25, 50, 100, 250, and

MSE of at least 22% less than the MSE of the cell-averaged

500 m. A maximum pixel size of 500 m was selected

representation. As the pixel size was increased, the maxi-

because this is the minimum resolution suggested by

mum MSE reduction remained around 50%, except in the

Berne et al. () for capturing rainfall variability relevant

case of the largest pixel size (500 m). However, the region

to urban ﬂooding. These ﬁelds were used to simulate

of parameter space where this reduction was achieved

binary ubiquitous sensor measurements by randomly

became smaller. For β-values between 0.4 and 0.6, as the

sampling the ground-truth binary rainfall ﬁeld to produce

pixel size increases, the observational coverage must also

a map with levels of observational coverage ranging from

increase to achieve the maximal MSE reduction of 50%.

Downloaded from https://iwaponline.com/jh/article-pdf/17/4/598/388733/jh0170598.pdf
by guest

605

Figure 4

D. J. Hill

|

|

Assimilation of weather radar and binary sensor measurements

Journal of Hydroinformatics

|

17.4

|

2015

Sensitivity of URS model to pixel size, coverage of binary observations, and β parameter. The error ratio illustrated is the MSE of the MRF reconstruction divided by the MSE of
the block-averaged reconstructions.

Also of note is the sharp decrease in error ratio that occurs

surrounded by eight neighbors of identical value v, then

when β increases from 0.4 to 0.6, whereas for a given pixel

P(Xi,j ¼ vjN) ¼ 0:5 for β ¼ 0. As β increases, this probability

size, the error ratio appears to increase more smoothly as

increases asymptotically towards unity according to the

β increases from 0.6 to 2.2. This feature is most easily seen

logistic function, where P(Xi,j ¼ vjN) increases rapidly

in the case of 50-m pixels but is present in all six pixel

with increasing β until about β ¼ 0:4, at which point each

sizes evaluated. This behavior is likely due to the use of a

additional increase in β results in less and less of an increase

spatial autologistic model. In such a model, if pixel (i,j) is

in P(Xi,j ¼ vjN). Thus, the model will be very sensitive to
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values of β  0:4. For values of β greater than 0.6,

measurements were simulated by sampling the ground-

P(Xi,j ¼ vjN) will be greater than 0.99; thus, the region

truth binary wet/dry ﬁeld to produce a map with a

0:4  β  0:6 provides the ‘sweet spot’ for this parameter,

speciﬁc observation density (as previously described).

where it is neither too sensitive nor too insensitive to

This map was then corrupted with noise from a simulated

changes in its value. Although these numeric results con-

sensor malfunction. In this simulation, when a sensor

sider only the case where the unknown pixel is completely

malfunctioned, it produced a measurement with a value

surrounded by equivalently valued neighbors, they provide

opposite that of the ground-truth ﬁeld. One-hundred

the intuition that for values of β  0:4, small changes in

realizations of ubiquitous sensor observations were

the value of β will result in signiﬁcant changes to the

generated for observational coverage values of 10, 20,

model output, whereas for β  0:6, the value of the

30, 40, and 50% and sensor malfunction rates of 2, 5,

unknown pixel will be driven more by the diversity of the

10, 15, and 20%. For each combination of observational

values of the neighboring pixels than by the value of β.

coverage and sensor malfunction rate, the false positive

Finally, Figure 4 suggests that pixel lengths of 500 m provide

(where the MRF model predicts rain when the pixel is

the greatest reduction in error when coupled with spatial

dry) and false negative (where the MRF predicts dry

coverage greater than 70%. This behavior is most likely

when the pixel is wet) rates were computed for the

caused by the need for fewer steps of the ﬁrst-order

binary wet/dry ﬁeld reconstruction using two versions

Markov model to propagate the inﬂuence of an observation

of the URS model. The ﬁrst version (URS-noerr) does

to other regions of the image. For example, in the case of 50-

not account for the possibility of misleading ubiquitous

m pixels, the Markov model would have to be applied

sensor measurements, although they are expected to

sequentially 20 times to propagate the inﬂuence of a single

occur. In this case, the following values are used in

measurement to a radius of 1,000 m, whereas the model

Equation (3): P(Y ¼ 0jX ¼ 1) ¼ P(Y ¼ 1jX ¼ 0) ¼ 0:0 and

would only need to be propagated twice if the pixel size

P(Y ¼ 1jX ¼ 1) ¼ p(Y ¼ 0jX ¼ 0) ¼ 1:0.

were 500 m. This result may suggest that a pixel size of

version (URS-5%err), the URS model is speciﬁed to

500 m would be preferable to smaller pixel sizes; however,

expect a 5% error rate in the ubiquitous sensor measure-

at this pixel size, a large percentage of the ﬁeld must be

ments; thus, P(Y ¼ 0jX ¼ 1) ¼ P(Y ¼ 1jX ¼ 0) ¼ 0:05 and

observed to achieve this error reduction. These results

P(Y ¼ 1jX ¼ 1) ¼ P(Y ¼ 0jX ¼ 0) ¼ 0:95.

In

the

second

suggest that if a radar cell is subdivided into a large

Figure 5 illustrates the false-positive/false-negative rates

number of small pixels (25–50 m), the method is relatively

for the URS-noerr (left column) and URS-5%err (right

insensitive to the parameter settings, and if a β-value

column). This ﬁgure shows that for low sensor malfunction

between 0.4 and 0.6 is used, then the maximal improvement

rates, the accuracy of the URS-noerr model improves with

in ﬁeld reconstruction accuracy can be realized for any level

increasing observational coverage, whereas for high sensor

of observational coverage. Thus, for the remainder of the

malfunction rates, the accuracy of the URS-noerr model

experiments, a discretization of 50 m and a β-value of 0.5

declines with increasing observational coverage. This

was used.

result is due to the increasing number of misleading observations in the more highly observed cases, which mislead

Ubiquitous sensor malfunction

the URS-noerr because it is so strongly conditioned on the
observations. This result implies that the sweet spot for esti-

In real networks of ubiquitous sensors it is expected that

mating a ﬁeld from incomplete noisy images using the URS-

the sensors will malfunction and report erroneous and

noerr depends on balancing the observational coverage with

misleading measurements. To determine how resilient

the sensor accuracy, which would be challenging in real-

the URS model is to erroneous ubiquitous sensor

world scenarios. On the other hand, the URS-5%err is well

measurements, the ability of the MRF to reconstruct the

behaved: the error decreases with increasing coverage and

binary wet/dry rainfall ﬁeld using a partial set of noisy

increases with increasing sensor error rates. It is important

observations was explored. Noisy ubiquitous sensor

to note that this behavior was achieved without tuning the
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Expected false-positive (top row) and false-negative (bottom row) rates of URS-noerr (left column) and URS-5%err (right column) for estimating the ground-truth binary wet/dry
ﬁeld as a function of the level of observational coverage and rate of sensor malfunction.

error rate in the URS-5%err model to the actual error rate in

that varied from 2 to 95%. The URS model was then used to

the observations (the modeled error rate is always 5%), indi-

estimate the true ﬁeld from these observations. The accuracy

cating that the method is insensitive to this parameter and

of the estimated ﬁelds is quantiﬁed in terms of their MSE.

that the performance of the model could be enhanced if

Figure 6 illustrates the relationship between URS-based esti-

information were available to suggest an appropriate

mation accuracy and level of observational coverage and

expected error rate to use for the model parameter.

compares the URS MSE values to the MSE incurred by
using the 1 × 1 km cell-averaged ﬁeld to represent the
ground-truth ﬁeld at 50 m resolution. The MSE of the cell-

Synthetic rainfall ﬁeld reconstruction accuracy

averaged estimate is 1.3. As can be seen in this ﬁgure, there
The previous two experiments have shown that the

is a steep decline in the URS error when the observational

URS

model

coverage is low, which transitions to a shallow decline at a

parameterization and that with a 50-m pixel size, the

coverage level of around 15%. For observational coverage

following parameter values provide good overall perform-

levels smaller than 8%, the URS model MSE is greater than

model

is

insensitive

to

the

P(Y ¼ 0jX ¼ 1) ¼ P(Y ¼ 1jX ¼ 0) ¼ 0:05,

the cell-averaged MSE; however, at a coverage level of 14%,

and P(Y ¼ 1jX ¼ 1) ¼ P(Y ¼ 0jX ¼ 0) ¼ 0:95. Using these

when the point of diminishing returns is reached, the URS

parameters, the impact of ubiquitous sensor coverage on

model MSE is 0.79, representing a 40% reduction in MSE

the URS model’s accuracy for reconstructing the ground-

over the cell-averaged estimate. Given the pixel size of

truth rainfall ﬁeld was explored. The true binary image was

50 m, 14% coverage within a 1-km radar grid cell corresponds

randomly sampled to generate 100 realizations of the ubiqui-

to only 56 observed pixels, requiring a ubiquitous sensor den-

tous sensor measurements for observational coverage levels

sity of only 56 per km2. Although the point of diminishing

ance:

β ¼ 0:5,

relatively
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the MSE incurred by estimating the rainfall ﬁeld with the simulated radar-

Rainfall ﬁeld estimated by the URS model using ubiquitous sensors measuring
the wet/dry conditions in 15% of the 50 m pixels. The MSE of this estimate is

rainfall ﬁeld.

0.66, 50% less than the MSE incurred by estimating the rainfall ﬁeld with the

Figure 7

simulated radar-rainfall ﬁeld.

returns is reached around 15% coverage, the MSE of the URS
model continues to decline steadily with increasing observa-

the radar and ubiquitous sensor measurements using the

tional coverage. For example, with 95% coverage (380

URS model, captures the shape of the wet area and mitigates

sensors per km2), the URS model exhibits an MSE of 0.67,

some of the under/over-estimation in the high/low-intensity

a 49% reduction in error over the cell-averaged represen-

regions of the rainfall ﬁeld. The MSE of the URS model esti-

tation. This behavior is desirable in a ubiquitous sensor

mate is 0.66: 50% less than the MSE incurred by estimating

network because the deployment of ubiquitous sensors is

the rainfall ﬁeld with the simulated radar-rainfall ﬁeld. The

driven by individual user choices which cannot be controlled.

reason that this accuracy improvement is greater than

The results of this experiment suggest that the observational

suggested by Figure 6 is because the data plotted in Figure 6

accuracy of the URS model will always increase as more ubi-

is averaged over many realizations of ubiquitous sensor

quitous sensors enter the environment and thus that the

locations, whereas the values stated here reﬂect the accu-

population of ubiquitous sensors need not be managed to

racy associated with a single realization of the ubiquitous

achieve observational optimality. Furthermore, the ubiqui-

sensor locations that happens to be a bit better than average.

tous sensor density to achieve a meaningful increase in

This comparison suggests that even though the ubiquitous

accuracy is quite modest, with a 40% increase in accuracy

sensors are only providing very simple categorical wet/dry

being achieved with only 56 sensors per km2.

measurements, the spatial information contained within

Figure 7 illustrates the improvement in quantitative rain-

these measurements can signiﬁcantly improve the rainfall

fall estimation that can be achieved using the URS model. A

ﬁeld estimation accuracy. In the case of the synthetic rainfall

visual inspection of Figure 3 reveals that the simulated

ﬁeld explored in this study, this improvement can be as

radar-rainfall

much as a 40% improvement over the cell-averaged radar

measurement

signiﬁcantly

smears

the

ground-truth rainfall ﬁeld, resulting in a complete loss of

observations alone.

the shape of the rainy region and an under/over-prediction
of the rainfall intensity in regions of high/low-intensity rain-

Real-world rainfall ﬁelds

fall. The smearing is caused by spatial (cell) averaging the
ground-truth rainfall ﬁeld by the radar. In comparison, the

Using an analytical function to represent the underlying

rainfall ﬁeld, shown in Figure 7, estimated by combining

rainfall
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comparisons; however, real-world rainfall ﬁelds may differ

while points falling below the one-to-one line indicate cases

in geometry from the ﬁeld created by Equation (5). To

where the URS model performs better. As can be seen in this

explore how the URS model performs on real-world rain-

ﬁgure, there are no points above the one-to-one line, indicat-

fall ﬁelds, data from the Goodwin Creek Experimental

ing that the URS model never performs worse than the

Watershed was used. One-hundred rainfall ﬁelds were cre-

radar-rainfall estimate; however, most of the time, the URS

ated from these data by interpolating the 10-min rainfall

model provides some amount of beneﬁt (i.e. decreased

intensity measured by the Goodwin Creek rain gauges

MSE) over the radar-rainfall estimate alone. In many of

during 100 randomly selected rainfall events from the

these cases, the improvement is small, resulting in a cluster

period of January 2006 through December 2007.

of points near the origin; however, in two cases, the

These rainfall ﬁelds are used to explore the accuracy of

improvement was signiﬁcant, resulting in points at (0.022,

the URS model compared to the simulated radar-rainfall

0.008) and (0.031, 0.002), reﬂecting MSE reductions of 63

estimate. This analysis revealed that a little less than a

and 94%, respectively. In these two cases, the rainfall was

30% increase in ﬁeld reconstruction accuracy is achieved

generated by storms of small spatial extent, resulting in rain-

using the URS model instead of the radar-rainfall estimate

fall boundaries falling within the simulated radar cells.

alone, and that the point of diminishing returns occurs at
15% observational coverage, yielding an increase in accuracy of around 30%. This result is very similar to what was

DISCUSSION

observed using the synthetic rainfall ﬁeld.
Figure 8 compares the MSE of the URS model with 15%

Few studies have explored the utility of ubiquitous sensors

coverage to the MSE of the corresponding simulated radar-

for environmental monitoring. Of these studies, most focus

rainfall estimate for the 100 randomly selected rainfall

on how to calibrate the ubiquitous sensors for measurement

events. Each point on this ﬁgure represents one of the rain-

of the phenomenon of interest. This study, however,

fall events, and the MSE of the URS model is shown on the

explores how a spatial statistical model can be used to fuse

vertical axis, whereas the MSE of the simulated radar-rain-

measurements from ubiquitous sensors and dedicated

fall estimate is shown on the horizontal axis. Thus, points

environmental sensors to create accurate quantitative esti-

falling above a one-to-one line indicate cases where the

mates of rainfall. The fusion method combines a Bayesian

URS model performs worse than the radar-rainfall estimate,

solution to an autologistic MRF with a scaling model that
concentrates rainfall into rainy regions. The model assumes
that a cell-averaged rainfall estimate is available from a
weather radar installation; however, this estimate could
also come from a satellite or other remote-sensing technology that provides a spatially averaged rainfall estimate
over a broad region. The ubiquitous sensors explored in
this study provide only binary categorical measurements of
either wet or dry. This type of measurement could be provided by a number of ubiquitous sensors already being
deployed in the environment, for example as components
in rain-sensing windshield wipers, trafﬁc cameras, road
weather information systems, or irrigation control systems.
To achieve the integration of ubiquitous sensors with heterogeneous measurement capabilities, future work will be
necessary to explore how the URS model could be extended

Figure 8

|

Comparison of the MSE of the block-averaged simulated radar-rainfall estimate
of the 100 randomly selected Goodwin Creek rainfall ﬁelds to the SSE of the

to consider ubiquitous sensors with a larger number of poss-

URS model with 15% observational coverage by the ubiquitous sensors.

ible categorical measurements (e.g. no rain/light rain/
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moderate rain/heavy rain) or ubiquitous sensors with differ-

impact the model. On the other hand, if this pixel does

ent

be

not share the same wet/dry condition as is measured by

accomplished by modifying Equation (2) to generalize to

the mislocated ubiquitous sensor, then this positioning

more than two values of the categorical value X and modify-

error will appear as if the sensor is simply malfunctioning

ing Equation (3) to include different observation models

by reporting an observation inconsistent with the true

P(Yi,j jXi,j ).

state, and thus will not impact the URS model performance

measurement

reliabilities.

Likely

this

could

Categorical wet/dry measurements alone are insufﬁ-

differently than already described.

cient to provide quantitative rainfall estimates; however,

Experiments using the synthetic ﬁeld showed that as the

they do provide important spatial information on the

number of ubiquitous sensors increased, the accuracy of the

extent of the rainy region. By combining the quantitative

quantitative precipitation ﬁeld estimate monotonically

accuracy of the remote-sensing method with the spatial

increased, albeit at a diminishing rate. While the time to

information contained in the ubiquitous sensor measure-

compute the ﬁeld increased as the number of ubiquitous sen-

ments, a quantitative rainfall ﬁeld estimate can be

sors increased, this increase was insigniﬁcant, and the

produced that is resilient to malfunction of the ubiquitous

compute time remained very small. For example, on an

sensors and provides an accuracy increase of 40% relative

IBM ThinkCentre with a 3 GHz Intel Pentium G3220 pro-

to the remotely sensed rainfall estimate alone. This accuracy

cessor and 4 GB RAM, it took 0.17 s to run the URS

increase can be achieved with a ubiquitous sensor density of

model with 50 m pixels and 15% ubiquitous sensor cover-

only 56 sensors per km2. To put this in perspective, many

age; increasing the coverage to 95% increased the

urban residential areas in North America have one-quarter

computing time to 0.20 s. These behaviors negate the need

acre lots. Thus, this level of observational resolution could

to carefully manage the number of sensors participating in

be achieved if ubiquitous sensors were associated with

the observation network and permit sensor networks cre-

only 6% of the houses in an urban residential area, for

ated by allowing individual users to choose to connect

example as part of a smart irrigation system. If more sensors

their devices to the observation system. This opt-in strategy

were available, however, the URS model would produce an

is already prevalent in other Web-based systems hosting

even more accurate rainfall ﬁeld estimate.

user-generated content. Furthermore, since the compute

The URS model treats sensor malfunction very gener-

time scales with the square of the domain size, it is concei-

ally, by including a term that quantiﬁes the probabilities

vable that this model could scale up to moderate-sized

that a sensor measurement is an accurate or inaccurate rep-

(∼100 km2) urban areas, such as Vancouver, and still be

resentation of the ‘true’ state of the rainfall process in a given

computed in less time than the 5-min data frequency of a

pixel (Equation (3)). Clearly, this model of sensor malfunc-

weather radar. For regions larger than this, parallel proces-

tion is appropriate for ubiquitous sensors that sometimes

sing could be used to reduce computation times.

report binary observations that are inconsistent with the

In addition to increasing the ﬁeld estimation accuracy,

true state of the rainfall ﬁeld at that location (e.g. that

as the number of ubiquitous sensors increases, the URS

report wet when it is in fact not raining in that pixel). How-

model becomes more resilient to ubiquitous sensor malfunc-

ever, this model can also account for random positioning

tion, and the speed of computing the binary wet/dry ﬁeld

errors that are to be expected from a GPS device. Position-

increases, because there are fewer unobserved locations

ing errors for civilian devices using the NAVSTAR GPS

that need to be estimated. The model presented here

system are expected to be within the 10–30 m range

assumes a single ubiquitous sensor per pixel, and thus a

(Gomerasca ; Konecny ). Using a pixel size of

strategy, such as majority voting, would need to be employed

50 m, this means that measurements from ubiquitous sen-

to resolve the situation of multiple sensors per pixel. This

sors near the pixel boundary may be erroneously located

could serve to further reduce the impact of erroneous sen-

in a neighboring pixel. If this pixel shares the same wet/

sors, since it is unlikely that the majority of sensors in a

dry condition as is measured by the mislocated ubiquitous

pixel would malfunction at the same time. However, for

sensor, then this positioning error will not negatively

very large numbers of sensors, such as one might encounter
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in dense urban areas, it might become necessary to limit the

smart urban infrastructure. This study explores how a stat-

number of sensors participating in the URS model to

istical model can be used to fuse noisy measurements from

improve computational efﬁciency.

ubiquitous sensors providing categorical wet/dry measure-

Finally, the results presented in this paper were achieved

ments to improve remotely sensed rainfall intensity

using simulated ubiquitous sensors located randomly

measurements by as much as 40%. An exploration of the

throughout the study region and simulated radar-rainfall

sensitivity of this URS model to its parameters suggests

estimates that are considered to be error-free. In practice,

that there are a wide range of possible parameter combi-

however, the ubiquitous sensors may not be randomly dis-

nations that will provide good results even when the

tributed, but rather clustered according to development

ubiquitous sensors malfunction frequently (up to 20% of

patterns, and radar measurements are certainly subject to

the time). These results suggest that even with a rough cali-

error (Rico-Ramirez ; Bringi et al. ; Islam et al.

bration, the URS model will provide a good estimate of an

). If clustering of the ubiquitous sensors is present,

arbitrary rainfall ﬁeld. Furthermore, the URS model’s accu-

then it is expected that this will reduce the level of quantitat-

racy increases as the sensor density increases. Thus, as

ive rainfall ﬁeld estimation accuracy achievable by the URS

more and more embedded sensing devices are deployed in

model and may change the location of the point of diminish-

the urban environment, a fusion model, such as the URS

ing returns in the accuracy-versus-coverage curve. However,

model presented here, will produce more and more accurate

it is also expected that the URS model, using a reasonable

estimates of spatial phenomena.

number of ubiquitous sensors, would still produce a superior

Although many issues of privacy and connectivity must

spatial estimate of rainfall than would a radar estimate

be addressed before ubiquitous sensing of the environment

alone. Furthermore, although errors in the radar-rainfall esti-

will become practical (Hill et al. ), this initial study

mate will likely negatively impact the level of quantitative

illustrates the immense potential that can be realized by

rainfall ﬁeld estimation accuracy achievable by the URS

leveraging ubiquitous sensing for environmental monitor-

model, it is expected that the model presented here could

ing. In addition, future effort should be directed towards

be integrated with the radar-rainfall estimation and bias-cor-

issues of statistical modeling of non-stationary spatiotem-

rection process to minimize the impact of radar-rainfall

poral processes and the real-time fusion of asynchronous

estimation errors and possibly increase the overall ﬁeld esti-

measurements from heterogeneous sensors with these

mation accuracy. Previous work by the author (Hill )

models.

has shown that integration of rain gauge data with radarrainfall estimates may hold potential for real-time correction
of radar-rainfall estimates, even when the rain gauge data
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CONCLUSION
Small, low-cost sensors that are embedded in everyday consumer products have the potential to provide high-resolution
environmental observations that can be used to enable
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