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Radar and Rain Gauge Merging-Based Precipitation
Estimation via Geographical–Temporal Attention
Continuous Conditional Random Field
Yongqiang Tang , Xuebing Yang , Wensheng Zhang, and Guoping Zhang
Abstract— An accurate, high-resolution precipitation estimation based on rain gauge and radar observations is essential in
various meteorological applications. Although numerous studies
have demonstrated the effectiveness of merging two information
sources rather than using separate sources, approaches that
simultaneously consider the local radar reflectivity, the neighborhood rain gauge observations, and the temporal information
are much less common. In this paper, we present a new framework for real-time quantitative precipitation estimation (QPE).
By formulating the QPE as a continuous conditional random
field (CCRF) learning problem, the spatiotemporal correlations
of precipitation can be explored more thoroughly. Based on the
CCRF, we further improve the accuracy of the precipitation
estimation by introducing geographical and temporal attention.
Specifically, we first present a data-driven weighting scheme to
merge the first law of geography into the proposed framework,
and hence, the neighborhood sample closer to the estimated
grid can receive more attention. Second, the temporal attention
penalizes the similarity between two adjacent timestamps via
the discrepancy of two-view estimates, which can model the
local temporal consistency and tolerate some drastic changes.
A sufficient evaluation is conducted on 11 rainfall processes that
occurred in 2015, and the results confirm the advantage of our
proposal for real-time precipitation estimation.
Index Terms— Continuous conditional random field (CCRF),
merging method, precipitation estimation, spatiotemporal
correlation.

I. I NTRODUCTION

A

N ACCURATE, high-resolution, and real-time quantitative precipitation estimation (QPE) is one of the critical
inputs for a hydrology and flood forecasting scheme [1], [2].
Rain gauges and radars, which provide direct and indirect
measurements of precipitation density, respectively, are two of
the most widely used sensors for rainfall. These sensors complement each other in a promising mode: 1) rain gauges can
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provide accurate measurements at a point location, but the rain
gauge networks are sparse, which leads to low spatial coverage
and 2) radars provide a precipitation estimation field at a much
higher spatial coverage, but rainfall estimations by radar contain various errors [3], [4]. The past several decades have witnessed the development of numerous methods for QPE using
radars and rain gauges. Most of the methods fall into three categories: radar-conversion-based methods, gauge-interpolationbased methods, and radar–rain gauge merging methods.
The conventional method for converting radar reflectivity
into rainfall rates relies on the Z-R relationship [5]. However,
this physical model is based on strictly ideal conditions, which
are difficult to meet. In recent years, data-driven methods for
radar conversion, such as artificial neural networks (ANNs)
[6]–[8], nonparametric methods [9], support vector machines
(SVMs) [10], and random forest (RF) [11], [53], have received
increasing research interest. In contrast to the Z-R relationship,
these methods attempt to capture the relationship between multiple levels of radar reflectivities and rain gauge measurements.
Nevertheless, these studies only consider radar reflectivity
at each grid; hence, they do not consider spatiotemporal
correlation information, which limits further improvements in
the performance of precipitation estimations.
Among the current rain gauge interpolation approaches,
kriging-based approaches are the most widely used and studied [22]. Kriging is a generic term for certain geostatistical
methods that estimate continuous attribute values at a location
where the true value is unknown. The basic kriging-based
methods have an underlying assumption of Gaussianity, and
the fitting of the variogram model is complicated [12], [13].
To relax the Gaussianity assumption and make the interpolation methods more flexible, some studies have made attempts
from various perspectives. Lee et al. [14] estimated daily
rainfall using radial basis function (RBF) networks based
on location information. Gilardi and Bengio [15] proposed
a local SVM method, considering the local variability of
the spatial data. Sivapragasam et al. [16] investigated the
efficacy of an ANN for interpolating monthly average rainfall
in nonsampling locations. Verdin et al. [17] compared two
interpolation methods, namely, ordinary kriging (OK) and
k-nearest neighbor local polynomials. Due to the nature of the
sparse rain gauge distribution, the performance of rain gauge
interpolation for high-resolution precipitation estimation is still
unsatisfactory in practice.
Rather than using separate rain-gauge-derived or radarderived maps, the idea of combining rain gauge observations
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Fig. 1. Illustration of the motivation for the proposed framework. (a) Spatiotemporal structure of rainfall. (b) Local radar reflectivity.

with radar measurements naturally emerged to acquire
high-resolution merged rainfall maps with higher accuracy.
Brandes [18] proposed using a calibration factor derived from
the ratio of radar estimations and rain gauge measurements
to correct the systematic errors of radar estimations. Since
then, several studies have shared similar ideas [19]–[21].
Although the correction improves the quality of the radar
precipitation estimation, such techniques lack sensitivity to
localized variations in the rainfall. In contrast, geostatistical
interpolation merging methods can produce spatially varying,
nonuniform bias corrections to radar estimations using disparate weighting factors for each grid. In [23], the results
highlight the additional benefit over a simple bias correction
using a kriging method to acquire an interpolated merged
product at each grid. Numerous kriging methods have been
employed for merging rain gauge and radar data, e.g., conditional merging (CM) [24], [25], cokriging [26], [27], and
kriging with external drift [28], [29]. These methods provide
good guidelines for follow-up studies regarding the merging
problem in question. Nevertheless, as we have depicted above,
they are also accompanied by some innate restrictions, which
are limited by the somewhat subjective definition of the
required variogram models and neighborhoods [12], [13], [22].
Radars and rain gauges can be regarded as multiview
data sources for QPE [35]. Moreover, rainfall, as a dynamic
process, involves complex spatiotemporal characteristics with
both variability and correlations, as shown in Fig. 1. In contrast
to previous studies, in this paper, we formulate QPE as a
continuous conditional random field (CCRF) learning problem. CCRF has been successfully applied for solving various
structured regression problems, e.g., remote sensing [30],
semantic segmentation [31], health care [32], energy load
prediction [33], and image depth estimation [34]. Motivated
by these successes, we propose using the CCRF framework
for precipitation estimation because of the continuous nature
of rainfall intensity in time and space. Based on the CCRF,
we further improve the accuracy of the precipitation estimation
by introducing geographical and temporal attention. This type
of data-driven model not only can overcome the subjective
assumption of previous methods but also considers the geographical and temporal correlations of rainfall. Specifically,
the proposed model unifies the following three considerations.
1) The radar reflectivity and neighborhood rain gauges are
used to estimate the rainfall intensity, which can be
regarded as two complementary views.
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2) According to the first law of geography [50]–[52],
the correlations between neighborhood grids and the grid
to be estimated decay with increasing distance. Hence,
the grids closer to the estimated grid should receive more
attention. We propose a new scheme to acquire weights
for describing the correlations, and the discrepancy of
weights is reflected in the loss function.
3) The sequential estimated outputs for a grid often share
high correlation due to the short time between two
continuous measurements of radar (6 min) and rain
gauges (1 min). However, some significant changes can
occur in two adjacent timestamps, which breaks the
similarity between these two measurements. To address
these local-level changes, we penalize the similarity by
measuring the discrepancy of the radar and rain gauge
estimates between two adjacent timestamps, which can
be used to model the local temporal consistency, as well
as achieve robustness against some severe changes
between these two adjacent timestamps.
To summarize, we highlight the main contributions of
the resulting model, which is referred to as geographic and
temporal attention CCRF (GTA-CCRF), as follows.
1) We propose a new framework for real-time precipitation
estimations with CCRF. To the best of our knowledge,
this is the first work to apply CCRF for precipitation
estimations.
2) We propose a data-driven weighting scheme to merge
the first law of geography with CCRF, which results in
further improved performance of our model.
3) We further enhance the proposed CCRF framework by
introducing temporal attention to capture the temporal
consistency and achieve robustness to some sudden
changes between two adjacent timestamps.
4) We conduct a sufficient evaluation on 11 rainfall
processes in one year. The results confirm the superiority
of our proposal.
The remainder of this paper is organized as follows.
In Section II, the most related works are summarized.
In Section III, we introduce the general CCRF framework.
Section IV presents the details of the proposed model for
precipitation estimation. The experimental results are shown
in Section V. Finally, the conclusions and future work are
presented in Section VI.
II. R ELATED W ORK
This section reviews some of the previous works on topics
closely related to this paper. We first briefly review CCRF in
this section, and then, related attention mechanism studies are
reviewed.
A. Continuous Conditional Random Field
A conditional random field (CRF) is a powerful graphical model for relational learning. The initial motivation
for CRF is handling discrete outputs with interdependence among the outputs when labeling sequence data.
As a discriminative approach, CRF has achieved promising
results in numerous classification (discrete) domains, such as
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image classification [37], [38], image segmentation [39], text
labeling [40], [41], and video activity recognition [42], [43].
However, the structured regression (continuous) problem by
CRF has only begun to be explored in recent years. As one of
the pioneering studies on CCRF, Qin et al. [36] proposed using
a CCRF for document retrieval ranking. Since then, CCRF
has successfully been used in various structured regression
applications. Liu et al. [34] combined a deep convolutional
neural network and a CCRF for the problem of depth estimation from single monocular images. Vemulapalli et al. [31]
proposed using a Gaussian CRF model for the task of semantic
segmentation. The work of Guo [33] shares a similarity
with this paper that is both works exploit the correlations
among the estimated outputs of adjacent time. Note that there
are two significant differences between [33] and our model.
First, the model in [33] treats each training sample equally,
whereas we give different attentions to samples according to
the geographic distance. Second, our proposed approach can
tolerate some sudden changes, in addition to having the ability
to capture the correlations between two adjacent timestamps.
B. Attention Mechanism
The idea behind the attention mechanism is that we
should selectively focus on parts of the areas to acquire
the information when and where it is needed. From the
temporal perspective, the attention mechanism is used to
provide a meaningful value for the salience of each time
step in the sequence [54], [55]. Pei et al. [45] presented a
temporal attention-gated model for sequence classification.
Nguyen et al. [44] proposed spatiotemporal attention-aware
pooling for action recognition. The proposed temporal attention approach is also inspired by the work in [46], which aims
to model the appearance consistency in visual tracking. From
the geographical perspective, the attention is similar to locally
weighted regression, which has been widely used to address
spatial nonstationarity issues. Duan and Li [49] constructed
the nonstationary relationships between land surface temperatures and other environmental factors using geographically
varying regression coefficients. Lv and Zhou [47] combined
ground-based and satellite-based rainfall measurements using
the geographically weighted regression (GWR) model, and
they applied the model to the Qaidam Basin of China.
Zou et al. [48] compared the GWR and ordinary least squares
(OLS) models to acquire the spatial distribution of PM2.5 , and
the result indicated that GWR has superior spatial variations
compared to OLS.
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where E is the potential function and Z (X) is the normalization constant defined as follows:

(2)
Z (X) = exp (−E(y, X))dy.
y

There are two types of potential feature functions H (yi , X)
and I (yi , y j , X) in a CCRF. Here, for descriptive purposes,
we denote H (yi , X) as node potenti al and I (yi , y j , X) as
i nter acti on potenti al. The output yi is associated with
input X by the node potential H . To model interactions
between outputs yi and y j , the edge interaction potential I is
used. Finally, we formulate the potential function of a CCRF
in the following form:
E(y, X) =

N


H (α, yi , X) +

i=1



I (β, yi , y j , X)

(3)

i, j

where α and β are the parameters to be estimated for these
feature functions and N is the number of output variables in a
sequence. Typically, the learning of the CCRF is to select the
parameters α and β to maximize the conditional log-likelihood
M
given training data {(X(m), y(m) )}m=1 (M is the number of
training samples)
M


L(α, β) =

log P(y(m) |X(m) )

m=1

(α, β) = arg max(L(α, β)).
α,β

(4)

After learning α and β, we should solve the following MAP
inference problem to predict the sequence output y given an
input X :
y = arg max(P(y|X)).
y

(5)

In the discrete case, approximation methods need to be
applied to the integral in (2). Here, because y is continuous,
approximation methods no longer work. However, under certain circumstances, the integral can be analytically calculated,
as we will show in Section IV.
IV. GTA-CCRF FOR P RECIPITATION E STIMATION
We present the details of the GTA-CCRF model in this
section. We first elaborate upon the model design. Then,
the algorithm for learning the model parameters is proposed.
Finally, how the inference operates, given a new sequence,
is presented.
A. Model Design

III. CCRF F RAMEWORK
CCRF was recently presented in [36] to address structural
regression problems. As an undirected graphical discriminative
model, for a particular sequence, the CCRF is used to model
the conditional distribution P(y|X) over all outputs y given
all inputs X as follows:
P(y|X) =

1
exp (−E(y, X))
Z (X)

(1)

1) Node Potential Feature: The node potential feature of the
CCRF, as described in (3), aims to merge multiple information
sources. To this end, we formulate the node potential features
by considering the least square loss
H (α, yi , X) =

K


αk,i (yi − f k (X))2

(6)

k=1

where yi indicates the i th target output and fk (X) is the
predictor of the kth information source. For the i th target
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Graphical representation of the CCRF model.

output, αk,i is used to measure the confidence level in the
kth information source, which should be estimated through
the training data.
The graphical model that represents our CCRF is shown
in Fig. 2. There are two layers in this model. In the first
layer, each predictor can be viewed as a hidden node, which
takes corresponding features as the input. The predictors are
flexible and can include many efficient and accurate singletarget regression models, such as neural networks, support
vector regression machines, and decision tree. In the second
layer, for each individual node, the CCRF merges the outputs
from multiple predictors by assigning a greater weight to the
approach that achieves a lower error.
In this precipitation study, we have two information sources
for a grid: one source is radar reflectivity at the estimated grid
and the other source is neighborhood rain gauge observations.
Here, to make sufficient use of radar reflectivity 3-D spatial
information [8], RF is used for converting radar reflectivity
into rainfall intensity. Interpolation of neighborhood rain gauge
measurements onto a regular grid can be achieved in a number
of ways. Here, we adopt an RBF neural network to acquire
the rain gauge interpolation field [13].
2) Interaction Potential Feature: In contrast to the node
potential feature that associates the individual output yi with
multiple-input information sources, the interaction potential
features of the CCRF are designed to capture the relationship between two adjacent target outputs. We formulate the
interaction potential feature in the following form:
I (β, yi , y j , X) =

L

l=1

(l)
1
2 βl Si, j (yi

− y j )2

(7)

where S (l) is the lth similarity matrix, whose elements are
denoted as Si,(l)j [S (l) is symmetric] and β = [β1 , . . . , βl ]T
represent the weights for these feature functions; and the
weights will be learned during training.
Note that various similarity measurements, such as proximity relation in time or space [33] and color or texture disparity
in images [34], can be used. This provides the convenience
of adding domain knowledge into the CCRF model. Fig. 3
presents the partial autocorrelation graphs of one year’s 6-min
precipitation. This figure indicates that the adjacent temporal
output variables show a significant correlation compared with
the other output variables. As shown in Fig. 3, the first lag has
a correlation value close to 0.8. In contrast, other lags have a
correlation value less than 0.2.
Aiming to capture the correlation, we assume that two
target variables yi and y j are related only if they are adjacent

Fig. 3. Our analysis on real-world short-term precipitation data (6 min)
indicates that the adjacent timestamp outputs are highly correlated.

temporally. Specifically, we define the similarity matrix S (l) as
 (l)
Si, j = 1, if i, j ∈ {l, l + 1}
(8)
(l)
Si, j = 0, otherwise
where S (l) is an N ×N matrix, with N representing the number
of consecutive outputs to be estimated for a grid.
With the above node potential features and interaction
potential features, our CCRF strategy results in the graph
structure shown in Fig. 2, which has the following formula:
P(y|X) =

1
Z (X, α, β)
⎛
⎞
N


· exp ⎝
H (α, yi , X) +
G(β, yi , y j , X)⎠
i=1

=

i, j

1
· exp −
Z (X, α, β)

K
N 


αk,i (yi − f k (X))2

i=1 k=1
⎞
L

1
(l)
βl Si, j (yi − y j )2 ⎠.
−
2
i, j l=1

(9)
3) Geographical Attention CCRF: The key step for QPE at
an estimated grid is learning α and β from training samples.
Since rain gauge observations are treated as the true label,
we maximize the conditional log-likelihood [see (4)] to select
M
the optimal α and β given training data {(X(m) , y(m) )}m=1
(other than the whole grids, only M rain gauges can be used
for training). In this typical approach for CCRF training, each
training sample is treated equally. However, according to the
first law of geography [50], [51], the correlations between
neighborhood grids and the grid to be estimated decay with
increasing distance, e.g., a grid located 5 km away from the
estimated grid point can provide more convincing information
than a grid located 10 km away. Hence, the motivation of
GA-CCRF is the idea that the training samples that are closer
to the estimated points will be given more attention. Compared
to (4), we formulate the conditional log-likelihood of the
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Fig. 4.

Fitted curve between the Pearson CC and the spatial distance.

training data in the following form:
L(α, β) =

M


wm log P(y(m) |X(m))

m=1

(α, β) = arg max(L(α, β)).
α,β

(10)

As discussed, the weight wm for each training sample
is associated with the distance to the estimated grid point.
To calculate the weight, an intuitive idea is to choose a kernel
function of the distance manually. Clearly, if the bandwidth
of the kernel function is such that it assigns the weights to
each sample without a significant difference, then there will be
relatively little or no spatial variation in the coefficients. Conversely, if the bandwidth is small, then there will potentially
be large amounts of variation. A natural concern emerges that
some variation or smoothness in the pattern of the estimated
coefficients may be artificially introduced by the technique and
may not represent true weight effects, which greatly limits the
utility of GA-CCRF.
Algorithm 1: Weight Calculation Method for GTA-CCRF
Input: rain gauge observation matrix G ∈ R N×M , distance
matrix of rain gauge D ∈ R M ×M , distance vector
of estimated grid point d ∈ R M×1
Output: Weight vector w
1
2
3
4
5
6
7

for i = 1 : M do
for j = 1 : M do
cov(G ,G )
Ci, j = δG :,iδG :, j ;
:,i

:, j

end
end
 M M 1
2
 = arg min i=1
j =1 2 Ci, j − f (Di, j , ) ;
Compute the similarity for each rain gauge
cm ← f (dm , )
Compute
the
weight
of
each
rain
gauge
wm ←  Mex p(cm )
m=1 ex p(cm )

5

correlation matrix C, with each element corresponding to the
Pearson correlation coefficient (CC) for each rain gauge pair
(G:,i , G:, j ). Here, G ∈ R N×M is the matrix of rainfall records,
with N rainfall records and M rain gauges. G:,i represents the
vector of historical rainfall records for rain gauge i . Next,
we fit the curve between the Pearson CC and the spatial
distance to minimize the root-mean-square error (RMSE),
as shown in Fig. 4. For an estimated grid point, the distances
to all the rain gauges are calculated, and then, we calculate
the correlation vector c from the fit curve; finally, the weight
vector w is calculated.
4) Temporal Attention CCRF: In most cases, the rainfall
intensity will not change substantially in 6 min, and there
is a close relationship between two adjacent moments. However, in some cases, a drastic change in convection may
occur. In such situations, the estimated values between these
two adjacent moments will be significantly different. Hence,
the motivation of TA-CCRF is the idea that we should
pay more attention to drastic changes. Here, we use Z ∈
R K ×N to denote the predictor output matrix in N consecutive timestamps with K (K = 2 in this paper) predictors
per timestamp. Then, we use z = [ Z:,2 − Z:,1 2 , Z:,3
−Z:,2 2 , . . . , Z:,N − Z:,N−1 2 ] to retain the discrepancies
of K predictors between two adjacent target outputs, where
 · 2 is the l2 -norm. The
Z:,i is the i th column in Z and
 N−1
2
minimization of z ◦ β2 =
i=1 (zi βi ) means that the
dependence between two adjacent timestamps will be small
if the discrepancies of K predictors are large. This temporally
restricted term can be appropriately subject to the rainfall
intensity variation during the rainfall process, because z◦β2
not only describes the similarity between two adjacent frames
in most situations but can also model some drastic rainfall
intensity changes by penalizing the temporal dependence
with z.
During learning, in addition to minimizing the conditional
log-likelihood of the training data [see (10)], we also add
temporal attention to β as we described above and apply l2
regularization to α. Finally, we arrive at the final optimization
(α, β) = arg min
α,β

M


wm (− log P(y(m) |X(m) ; α, β)

m=1

+

λ1
λ2
α2 + z ◦ β2 ).
2
2

(11)

B. Training of GTA-CCRF
Promisingly, the above CCRF, namely, (9), can be further
mapped to a multivariate Gaussian distribution because of the
quadratic forms for the node and interaction potential features
E(y, X) =

N 
K


αk,i (yi − f k,i (X))2

i=1 k=1

+

Return The final weight vector w;

L

1
i, j l=1

2

βl Si,(l)j (yi − y j )2

= y (A + B − R)y − yT d + c
1
= yT  −1 y − yT  −1 μ + c
2
T

Here, we propose a new scheme to acquire the sample
weight, as described in Algorithm 1. First, we calculate the

(12)
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K
where A is an N × N diagonal matrix, with Ai,i = k=1
αk,i
representing the contribution of node
potential
features;
B
N
L
(l)
is a diagonal matrix, with Bi,i =
β
S
;
R
is
l
l=1
 Lr=1 i,r(l)
the affinity matrix, with the element of
l=1 βl Si, j ; and
K
αk,i f k,i (X) represents the weighted sum for each
di = 2 k=1
information source. c is a constant term.  −1 and μ are the
covariance and mean value of the Gaussian CCRF distribution,
respectively


−1

= 2(A + B − R)

(13)

μ = d.

(14)

We can analytically calculate the integral in the partition
function [see (2)] as follows:

Z (X, α, β) = exp (−E(y, X))dy
y
N

= exp(−c) ·

(2π) 2
| −1 |

1
2

exp

1 T −1
μ  μ .
2

(15)

From (9), (12), and (15), we can now obtain the probability
distribution function as follows:

to logαk,i and logβl , rather than αk,i and βl , as in [36]:
∂logP(y|X)
∂logαk,i
∂logP(y|X)
∂logβl
∂α2
∂logαk,i
∂z ◦ β
∂logβl
Finally, we have the
algorithm (Algorithm 2)
log-likelihood [see (11)].

With a multivariate Gaussian distribution, the learning of
the CCRF, as depicted in (16), becomes a convex optimization
problem. Recall that the covariate matrix  −1 is a symmetric
matrix with the property ( −1 )T =  −1 , ()T = , and
|| = |1−1 | . Thus, we can directly calculate the partial derivatives of logP(y|X) with respect to the parameters α and β
∂logP(y|X)
∂αk,i

∂ − 12 yT  −1 y + yT d − 12 dT d + 12 log| −1 |
=
∂αk,i

1 T
T
T
∂ −y Ay + y d − 2 d d + 12 log| −1 |
=
∂αk,i
2
= −yi + 2yi f k,i (X) − 2μi f k,i (X) + μ2i + i,i
(17)
∂logP(y|X)
∂βl

∂ − 12 yT  −1 y + yT d − 12 dT d + 12 log| −1 |
=
∂βl

∂ −yT (B − R)y + μT (B − R)μ + 12 log| −1 |
=
∂βl
= −yT (l) y + μT (l) μ + Tr((l) )
(18)
where Tr(·) denotes the trace of a matrix. Here, we introduce
the matrix (l) = B(l) − R(l) . Similar to 
the matrices B and
(l)
(l)
N
R, B(l) is the diagonal matrix with Bi,i = r=1
Si,r , and R(l)
(l)
is the affinity matrix with the element of Si, j .
To guarantee that (15) is integrable, we must have α > 0
and β > 0. Therefore, we use partial derivatives with respect

(19)
(20)

2
= 2αk,i

(21)

= 2zl2 βl2 .

(22)

following gradient calculation
for maximizing the conditional

Algorithm 2: Parameter Learning Algorithm of GTACCRF
Input: training set {(X(1), y(1)), · · · , (X(M) , y(M) )}, sample weight vector w, number of iterations T , learning rate η > 0, regularization terms λ1 > 0 and
λ2 > 0
Output: Parameters α and β
1

1
exp (−E(y, X))
P(y|X) =
Z (X, α, β)
1
1
=
exp − (y − μ)T  −1 (y − μ) . (16)
N
1
2
(2π) 2 || 2

∂logP(y|X)
∂αk,i
∂logP(y|X)
= βl
∂βl
= αk,i

2
3

4
5
6
7
8
9

Initialization:
logα = 0, logβ = 0
for t = 1 : T do
for m = 1 : M do
Compute gradients ∇logαk,i and ∇logβl by Eqs. (19),
(20) ;
2 ) ;
logαk,i = logαk,i + ηwm (∇logαk,i − λ1 αk,i
2
2
logβl = logβl + ηwm (∇logβl − λ2 zl βl ) ;
Update parameters α and β ;
end
end
Return The final parameters of GTA-CCRF α and β ;

C. Inference of GTA-CCRF
Estimating the rainfall density at a grid point is to solve
the MAP inference in (5). Since we have shown in (16) that
the output y follows a multivariate Gaussian distribution, it is
convenient to infer y by selecting the mean value of the
distribution:
y = arg max(P(y|X)) = μ = d.
y

(23)

V. E XPERIMENTAL R ESULTS AND A NALYSIS
This section presents an extensive experimental validation
of the proposed precipitation estimation method. We organize
this section into four parts. We first describe the data and
experimental design in detail. Next, we compare our model
with the baseline methods and further analyze the reasons
why the proposed method performs better than the baseline
methods. Third, both quantitative and qualitative methods are
used to evaluate the performance of the proposed method
in comparison with three state-of-the-art merging methods.
Finally, we conduct further analyses and experiments to better
understand the characteristics of our proposal.
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TABLE I
T ECHNICAL C HARACTERISTICS OF THE H ANGZHOU R ADAR

A. Data Description and Experiment Design
1) Radar and Rain Gauge Introduction: The radar reflectivity data were obtained from the Public Meteorological Service
Center, China Meteorological Administration (CMA), for the
Hangzhou radar (Zhejiang, China) during the period from
January 2014 to October 2015. The Hangzhou radar is an
S-band Doppler radar with a 6-min temporal resolution and
a 1-km spatial resolution. This radar covers a useful range
of 230 km from the radar site, with a bandwidth of 1°
and the wavelength of 10 cm. The details of the Hangzhou
radar are listed in Table I (additional details can be found
at http://www.cnhyc.com/showcpzs.asp?id = 415). The radar
reflectivity data used in this paper are the constant altitude
plan position indicator (CAPPI) reflectivity data, which were
obtained from the raw volume scanning data after azimuth
complementary processing, dual-linear interpolation in the
horizontal direction, and linear interpolation in the vertical
direction. The CAPPI product has built-in algorithms to
facilitate quality control, particularly for ground clutter and
anomalous propagation, prior to the calculation of the QPE.
In general, the CAPPI data contain 21 levels (from 1 to 18 km)
of reflectivity, with a spatial resolution of 1 km. The radar
provides a measure of the instantaneous rainfall rate on a 1-km
resolution grid per 6 min. Multiple composites for the required
time period are then combined to produce an estimation of
rainfall during the required accumulation period.
Rain gauge data observed by a total of 35 rain gauges
in automatic weather stations (AWSs) within the Hangzhou
radar coverage area were also obtained from the Public
Meteorological Service Center, CMA. The locations of these
gauges are shown in Fig. 5. The rain gauges are tippingbucket gauges with a 1-min temporal resolution and a 0.1-mm
precision. For this recording resolution, sampling errors due to
accumulating gauge measurements and accumulation methods
are not evident.
2) Data Set Description: For this paper, we focus on rainfall
estimation, and snowfall processes will be handled in the
future work. Rainfall processes are defined as discrete meteorological events based on visual inspection of the time series
of radar images. The start of each rainfall process is chosen
such that there is significant rainfall over a spatially coherent

Fig. 5. Illustration of experimental samples related to geographical distribution of rain gauges.

area. The end of each rainfall process is found when there
is no longer any significant rainfall occurring in the region.
Thus, the duration of each rainfall process is allowed to vary,
and the final data set is compiled from all hours belonging
to any rainfall process. The selected 11 rainfall processes
between January 1, 2015 and October 31, 2015 lead to 95 h of
rainfall and contain a wide range of rainfall process durations
varying between 4 and 25 h. It is, therefore, concluded that the
data set contains a good mixture of convective and stratiform
events. The radar reflectivity and rain gauge rainfall data are
extracted with the same event start and end times, assuming
no time lag between radar and rain gauge. Data from the rain
gauges that do not cover the complete study period are not
considered. We also collect data for 2014, including 15 rainfall
processes, to confirm the optimal parameters for RF and the
Z-R relationship.
3) Implementation of GTA-CCRF: Per timestamp, we first
acquire radar-derived and rain-gauge-derived rainfall estimations at each grid with RF [8] and RBF [14], respectively.
Note that the rain-gauge-derived rainfall estimations at the
rain gauge sites are also acquired by their neighboring rain
gauges with the RBF. Thus, we have two estimate values at each grid, including the grids where rain gauges
are located. Subsequently, for the grid to be estimated,
the sequences of rain gauge sites are used to train the GTACCRF model to obtain the temporal correlation of N consecutive timestamps and the confidence of two information sources.
Finally, we use the learned parameters to derive the sequential
estimations.
4) Cross-Validation and Verification Scores: The leave-oneout cross-validation method was used to evaluate the accuracy
of the GTA-CCRF model. We first selected one rain gauge as
the test site, and the other 34 rain gauge sites were used to train
the GTA-CCRF model for obtaining the parameters α and β.
The rainfall estimations by the GTA-CCRF model were compared with rain gauge measurements to verify the proposal.
All 35 rain gauges were operated using the same procedure.
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TABLE II
V ERIFICATION S CORES B ETWEEN G AUGE O BSERVATIONS AND P RECIPITATION E STIMATION U SING D IFFERENT M ETHODS OVER THE E NTIRE S TUDY

Fig. 6. Iteration process of (a) beta and (b) alpha. Based on the analysis,
we set the maximum number of iterations to 50.

To be consistent with the researcher’s hourly comparisons, ten
consecutive precipitations in 6 min were accumulated.
Here, five metrics, namely, the RMSE, mean absolute error
(MAE), CC, mean relative error (MRE), and median absolute
error (MedianAE), are used as the quality evaluation metrics.
An RMSE is the most common parameter used in verification
studies. An MAE is less sensitive to large errors compared
with the RMSE. CC is a measure of the correlation between
estimated values and gauge-observed values. The RMSE and
the MAE will be strongly influenced by the highest rainfall
intensity, whereas the MRE and the MedianAE are expected
to be less influenced by the intensity of the rainfall [52]. These
metrics are formulated as follows:


N
1 
(Ri − G i )2
(24)
RMSE = 
N
i=1

MAE =

N
1 
|Ri − G i |
N

(25)

cov(R, G)
σ R σG

(26)

i=1

CC =

N
1  |Ri − G i |
MRE =
× 100%
N
Gi

(27)

i=1

AE = |G i − Ri |

(28)

where G and R are the gauge observation and radar estimation
of all test hours, respectively, G i and Ri represent the i th
test hour, and N is the number of test hours. Performance
improvements by the methods can be indicated by increased
CC and reduced RMSE, MAE, MRE, and MedianAE.

B. Baseline Comparisons
1) Parametric Setting and Method Comparison: In this
section, we first introduce the parametric setting and compare the performance of baseline methods. Next, we experimentally prove the importance of some key components in
the proposed model. Finally, we further analyze why the
proposed method performs better than the baseline methods.
The performances of all methods are evaluated by comparing them with the gauge observations and are presented
in Table II.
To confirm the optimal parameters for each method,
we randomly choose five rainfall processes from a total
of 15 processes in 2014 as the validation data set. By varying
the coefficients A and b in the Z-R relationship ( A varies
from 31 to 400 and b varies from 1.1 to 1.9), we obtain the
optimal parameters A = 48 and b = 1.77. In the following
comparisons, the Z-R relationship refers to Z = 48R 1.77
by default. For RF-based rainfall estimates, considering radar
spatial information, we use the 3-D radar reflectivity as the
input feature. Here, we adopt four levels of CAPPI reflectivity
with nine neighbors for each level as in [8]. The altitudes of the
four levels are 1.5, 2, 2.5, and 3 km. We vary the tree number
from 30 to 100 with an interval of 2 to determine the optimal
value. Finally, we empirically choose the number of trees as
60, the random number of split dimensions at each tree node
is equal to the square root of the total input dimensions, and
the minimum number of samples at a leaf node is 5. We obtain
the optimal performance using the RBF with 23 neighboring
rain gauges and linear activation function.
The learning rate for the gradient descent in GTA-CCRF is
0.0075. For almost all samples, the values of α and β converge
in 50 iterations, as shown in Fig. 6. Hence, the number of
iterations is fixed to 50. The proposed method uses an N − 1
edge feature function to estimate the precipitation values of
the past N timestamps simultaneously. In this paper, we set
the value of the time-series length N to 5, i.e., half an hour.
The sensitivity of N will be discussed later. We fit the curve
of Fig. 4 with a Gaussian function by varying the mean from 0
to 10 and the variance from 20 to 40. When the mean = 0 and
variance = 30, the fitted curve for all points reaches the minimum value under the RMSE metric. The regularization coefficients λ1 and λ2 are set according to the grid search. We use
a discrete set = {0.005, 0.01, 0.05, 0.1, 0.5, 1, 5, 10, 20} to
parameterize the coefficients, and the randomly chosen five
rainfall processes are utilized to select the optimal combination
of λi , i = 1, 2. Finally, we set λ1 = 0.5 and λ2 = 5 for the
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Fig. 7. Comparison of CC. (a) Parametric Z-R relationship with A = 48 and b = 1.77. (b) RF method. (c) RBF method. (d) Our proposed method (GTA-CCRF).

GTA-CCRF model (11). All methods are implemented with
MATLAB on a standard i5 3.2-GHz computer.
From Table II and Fig. 7, it is clear that RF can substantially reduce the RMSE and MAE and improve the CC
compared with the Z-R relationship. There are two reasons
for this result. First, the 3-D spatial feature can obtain a
better representation ability of the environment information
around the estimated site. Second, due to the existence of
radar and rain gauge error sources, the relationship between
radar reflectivity and rain gauge measurements is complex.
RF, as a type of data-driven method, can describe the complex
relationship better than the simple Z-R relationship. The results
also support the conclusion that CCRF is superior to the base
estimators, which confirm the effectiveness of the CCRF
merging framework.
2) Key Component Validation: In this section, we aim to
experimentally prove the importance of some key components
in the proposed model: 1) the local temporal attention mechanism, which penalizes the discrepancy between the adjacent
observations to tolerate some sudden precipitation changes and
2) the geographical attention scheme for improving the degree
of importance of geographically closer training samples (rain
gauge).
First, we present a case study to prove the effectiveness of
the local restricted term z ◦ β2 , as shown in Fig. 8. The
l2 -norm enforces the condition that when the discrepancy in
the base predictors (z) is greater, the corresponding value of
β will be smaller. The first row in Fig. 8 presents the practical
rainfall sequence of 2 h. The second row is the corresponding
value of β learned from the training samples. The rainfall sud-

Fig. 8.
Effectiveness of the temporal restriction used to penalize the
discrepancy of adjacent timestamps and tolerate sudden precipitation changes.

denly changes in the timestamp intervals of 3 ∼ 5, 6 ∼ 7, and
13 ∼ 17. As shown in the second row of Fig. 8, the
corresponding values of β are small. Therefore, the case
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TABLE III
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study reveals that the proposed temporal attention can model
the drastic precipitation changes between adjacent timestamps
well.
To quantitatively analyze the effectiveness of the temporal
attention and geographical attention, we remove the geographical attention from (11) to construct TA-CCRF. The local
temporal attention term is removed to form GA-CCRF. The
comparisons on five metrics are shown in Table II, and all
the experiments are implemented using the same parameter settings and computer. From the comparisons, we find
that GA-CCRF and TA-CCRF also perform relatively well.
However, the proposed GTA-CCRF outperforms all of them,
thereby experimentally demonstrating the importance of the
key components.

compared to using the radar or rain gauge alone, as shown
in Table II.
Clearly, gauge density is an important factor in determining
the effectiveness of the proposed method. To further assess
the impact of gauge density, we use the mean distance of the
k-nearest rain gauges (k = 5 in this paper) to the estimated
site as the metric of gauge density. Similar to rainfall rate,
we divided the mean distance into different bin sizes. For the
distance, we used a bin size of 0.5 km. The results presented
in Fig. 9(b) show that the RF method performs better than the
RBF method when the gauge density is low. Conversely, when
the gauge density is high, the RBF method achieves a better
result. Similar to rainfall rates, the combination method leads
to the lowest RMSE for almost all distance bins.

3) Insight of the Proposed Method: The motivation for
the proposed method is to ensure that for any location and
timestamp: 1) the proposed method can fully utilize the
advantages of RF and RBF and 2) the temporal dependence is
utilized to adjust the final estimate value. The results presented
above have mainly considered the aggregate performance of
each of the methods over all rainfall processes in the year
2015. How the combination of the RF and RBF methods
improves the performance is also of interest. In this section,
we consider the relationship between the proposed method and
several rainfall characteristics, such as rainfall rate and gauge
density. For each characteristic, the data set is binned into
several classes.
The impact of rainfall rate on the performance of each of
the estimation methods has been analyzed by categorizing
the mean rainfall across the region into a 2-mm/h bin size.
As shown in Fig. 9(a), the RBF method generally performs
better than RF in scenarios with low rainfall intensity. This
result is because low rainfall intensity mostly characterizes
stratiform precipitation, which has less variation between adjacent gauges; hence, the spatial interpolation is more successful.
RF achieves superior results when the rainfall rate is high
because high rainfall intensity mostly characterizes convective
precipitation, which shows more variation between adjacent
gauges; hence, the strength of radar reflectivity can better
describe the intensity of rainfall. Note that the performance
of RF in the bin between 22 and 24 mm/h is worse than that
of RBF. This result is likely due to the lack of observed data
points in the bin when we train RF from the past observed data
set. Fortunately, GTA-CCRF can find the optimal estimator
between RF and RBF, and the final estimate value is closer
to RBF in this case. For different rainfall rates, the dynamic
combination method of GTA-CCRF leads to the best performance, substantially reducing the MRE, RMSE, and MAE

C. Merging Method Comparisons
Various methods have been developed to merge radar
and rain gauge measurements from different perspectives,
as described above. Here, we compare the proposed
GTA-CCRF method with three representative merging methods: feature merging based on multiple-layer perceptron
(FMMLP) [8], CM [25], and dynamic weight merging
(DWM) [35]. These three methods address the merging
problem of radars and rain gauges from the perspectives
of machine learning, geostatistics, and model combination,
respectively. FMMLP achieves superior performance among
machine learning methods [8]. Generally, CM performs well
among geostatistical merging methods and is suitable for
practical application [23], [25]. DWM inspired us to some
degree and proved that model combination can improve estimates compared with using single sources of information [35].
The results for all the competitors are shown in Table III,
where the proposed method achieves the best results for all
the metrics. In this section, we first introduce in detail the
parametric settings for each compared method to perform a
fair comparison. Next, we further analyze the performance by
comparing our proposed approach with the three compared
methods in real rainfall processes.
1) Comparison to FMMLP: Merging all information at
the input feature level is a simple and intuitive idea. For
FMMLP, in addition to a 36-D radar reflectivity feature,
Kusiak et al. [8] also added two nearby rain gauge observations in 2 h as the feature. Here, we adopt the same
parameter set as FMMLP. The only difference is that, due to
the different temporal resolutions of the rain gauge-radar pair
(6 versus 15 min), we have 20 rain gauge records for each
nearby rain gauge over 2 h. Hence, the final input includes a
36-D radar reflectivity feature and 40-D nearby rain gauge
records over 2 h. Compared with FMMLP, improvements
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Fig. 9. Conditional performance measure of different estimation methods conditioned to rainfall rate and reflectivity. (a) RMSE conditioned to rainfall rate.
(b) RMSE conditioned to reflectivity.

of 11% in the RMSE, 13.4% in the MAE, 5.6% in the
MedianAE, and 6.7% in the MRE are obtained. The reason
for why the proposed method achieves superior performance
is that the spatial and temporal structure is destroyed by the
approach of simply merging all features together. In contrast
to FMMLP, the local information (radar-derived estimate),
the global information (rain-gauge-derived estimate), and the
temporal information are unified into a framework by our
proposed approach, thereby fully utilizing the advantages of
the three information sources.
2) Comparison to CM: For CM, we first apply OK to the
gauge observations using an exponential model to obtain the
estimate of rainfall for all grid points. Next, radar-derived
rainfall values of the gauge locations are extracted from the
gridded radar data and interpolated by OK with the experimental variogram fitted by the radar-derived values of the gauge
locations. This is followed by a calculation of the deviation
between the interpolated and observed radar rainfall values
for each grid point. Finally, the deviation grid is added to the
rain gauge interpolation field from the first step. Compared
with CM, improvements of 4.4% in the RMSE, 9.4% in the
MAE, 19.6% in the MedianAE, and 20.2% in the MRE are
obtained. The main reason for why the proposed method is
superior to CM is that CM does not utilize the time-series
information, which is critical for the precipitation estimation
of high temporal resolutions.
3) Comparison to DWM: To perform a fair comparison
between DWM and our proposed approach, we first use RF
and RBF, with the same parameters as in the operation of
our proposed method, to acquire the radar-based estimates
and the gauge-based estimates, respectively. Then, we use the
DWM framework to merge these two sources of information.
The other parameters are consistent with DWM. Compared
with DWM, improvements of 6.3% in the RMSE, 8.6% in
the MAE, 14% in the MedianAE, and 17.8% in the MRE
are obtained. There are two reasons for these improvements.
First, as we discussed in the previous paragraph, DWM ignores

the dependence between two adjacent moments. The second
reason is the similarity measure of rainfall patterns by the
reflectivity value. Due to the complex noise, the reflectivity
values of single grid points cannot accurately reflect the
practical rainfall pattern.
4) Qualitative Comparison: The hourly radar QPEs from
different merging methods are accumulated and compared to
gauge observations. Six rain gauges, with different rainfall
densities during the rainfall process, are shown in Fig. 10. The
24-h (from 0000 to 2300 UTC on July 11, 2015) accumulations observed by each gauge are 81.6 mm (755020), 73.4 mm
(755064), 71.6 mm (755112), 57.4 mm (755561), 57.9 mm
(755563), and 64.2 mm (755583). Generally, the proposed
method achieves the best performance compared to the other
three methods, and the hourly QPE from our proposed method
(red line) approximately matches the gauge observation (black
line). In this example, although all methods can produce a
good estimation for relatively light rain (R < 5 mm h−1 ),
the proposed method can provide an accurate estimation for
relatively heavy rain.
D. Discussion
We conduct further analyses and experiments to better
understand the characteristics of our proposal.
1) Time-Series Length N: We further analyze the impact of
N on the performance of the proposed scheme. We vary N
from 2 to 10, and the RMSE and CC for each length are shown
in Fig. 11. When N is less than 6, the final results exhibit
minimal change. As the time-series length increases, the performance decreases. There are two reasons for this result. First,
from the model perspective, the number of parameters (α and
β) increases with the time-series length. However, the fixed
number of training samples (rain gauge) cannot fit increasingly more complex models well. Second, the precipitation
correlation of the entire sequence will decrease with increasing
joint estimation interval. The results show that our proposed
method is more suitable for precipitation estimation scenarios
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Fig. 10. Hourly accumulations comparison between gauge observations from automatic weather stations ((a) 755020, (b) 755064, (c) 755112, (d) 755061,
(e) 755561, (f) 755563) and QPEs with our method (red line), FMMLP (green line), CM (purple line), and DWM (blue line). Gauge observations are the
black line. The 23-h data from 0000 to 23000 UTC on July 11, 2015 are used in this example.

with high time resolution, which is vital for many practical
applications.
2) Confidence Interval: Due to the multivariate Gaussian
distribution, the proposed GTA-CCRF can also provide

products with a confidence probability rather than only the
estimated values. In Fig. 12, we depict a case study of
rain gauge 755020 [as shown in Fig. 10(a)] with 95%
confidence intervals. The 95% confidence intervals of the
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Fig. 11. Estimated precipitation value with 95% confidence interval for AWS
no. 755020.

Fig. 12. Estimated precipitation value with 95% confidence interval for AWS
no. 755020.

estimated outputs can be obtained by y ± 1.96 × diag().
In practical applications of hydrology and flood forecasting,
this uncertainty information can be beneficial for better decision making.
VI. C ONCLUSION AND F UTURE W ORK
In this paper, we propose a new framework for real-time precipitation estimation with CCRF. In this framework, temporal
attention is introduced to model the temporal consistency and
to achieve robustness to some sudden changes between two
adjacent timestamps. Moreover, we propose a new scheme to
acquire the sample weights to merge the first law of geography
into CCRF. The effectiveness of the above key components is
experimentally demonstrated by extensive self-comparisons.
The experimental results over 11 rainfall processes within
Hangzhou radar coverage in 2015 reveal that the proposed
method significantly outperforms the base estimators and is
superior to three representative merging methods. Moreover,
the operational use of our proposal within Shanghai radar
coverage can acquire similar results.
Future research will include the following: 1) some additional discriminative features to measure the discrepancy of
two adjacent timestamps; 2) adaptive connection penalties
when drastic changes occur; and 3) more elaborative considerations when acquiring the sample weights, e.g., adjusting the
weights according to different rainfall patterns.
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