




















































































































































Water 2017, 9, 753

assimilated in situ and radar altimetry data into a large-scale hydrologic-hydrodynamic model for
streamflow forecasts in the Amazon.

However, all of these studies are limited to some extent by the characteristics of present-day
sensors. The proposed SWOT mission, a joint project between the United States and France, aims to
alleviate the limitations and significantly improve spaceborne estimates of river discharge. The SWOT
mission will provide measurements of water surface elevation, river width and slope, through which
discharge can be estimated for river widths down to 50–100 m [25]. Despite the promising perspective
of the mission, one should keep in mind that SWOT will not observe baseflow depth (Figure 2), which
limits its value for estimating river discharge especially for those rivers with heterogeneous channel
geometry [26]. Therefore, river channel bathymetry is a significant source of uncertainty in estimating
discharge from spaceborne measurements [7].
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S
S slope
W effective river width
H surface water level
D river depth
H0 riverbed’s height
V stream flow velocity

Figure 2. A schematic representation of a river with observable parameters (black) and unobservable
ones (red, orange) from space. H0 is the average riverbed’s height that does not correspond to the
height of the deepest location in the channel section.

Some recent research was devoted to estimate river depth from currently available remote sensing
techniques. The work in [27] assessed the feasibility of mapping fluvial systems with passive optical
remote sensing and analyzing the physical processes of radiative transfer in shallow stream channels.
A spectrally-based approach was suggested in [28] to retrieve depth from passive optical image data.
Further, Ref. [29] developed a Forward Image Modeling (FIM) framework for the remote mapping of river
morphology via depth retrieval from passive optical images. The research in [30] used a combination
of remote sensing imagery and open-channel flow principles to estimate depths for each pixel in
an imaged river, which was called the Hydraulically-Assisted Bathymetry (HAB) model. Moreover,
Ref. [31] derived mean reach depth from the parameters of the power law establishing the rating curve
between water stages from satellite altimetry. A general relation to estimate the bankfull depth was
introduced in [32] from observed width and slope, although with significant error in the estimation.
The work in [14] used a data assimilation technique (ensemble Kalman filter) built around a river
hydrodynamic model to recover water depth and discharge. Similarly, Ref. [7] estimated bathymetric
depth and slope using synthetically-generated SWOT measurements and a Data Assimilation (DA)
methodology. The study in [33] combined coupled hydrologic/hydrodynamic modeling of an Arctic
river with virtual SWOT observations using a local ensemble Kalman smoother to characterize river
depth. An algorithm to obtain estimates of river depth and discharge was developed in [34] based
on Manning’s equation, which reduces the computational expense in contrast to data assimilation
techniques. Finally, Ref. [26] proposed “linear” and “slope-break” extrapolation methods that seek to
identify optimal locations where there is high correlation between w (cross-sectional flow width) or
W (effective width) and H (water surface elevation). As they concluded, the slope-break method can
detect fewer optimal locations, even though it shows fewer errors than the linear method. Recently,
Ref. [35] estimated discharge and as a by product bathymetry based on variational data assimilation
using data of water levels and width.
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However, none of the aforementioned studies used real spaceborne observations of both water
level and river width at the same time to estimate river depth. In this paper, we aim to obtain the river
depth using SWOT-type spaceborne observations: water surface elevation (H), effective river width
(W) and slope (S). To this end, we use satellite altimetry data for H and S and satellite imagery for
the estimation of W. We use our spaceborne observations in two recognized models for discharge
estimation developed by Bjerklie [9] and Dingman and Sharma [36]. Since river depth is an unknown
in these models, we employ a Gauss–Helmert adjustment model to estimate average river depth along
16 reaches defined over the Po River in Italy. We validate our results against surveyed cross-section
information along the river.

2. Case Study

The Po River, located in the Po valley in Italy, flows 652 km eastward through many important
Italian cities, including Turin (Torino), Piacenza and Ferrara (Figure 3). Since the river is subject to
heavy flooding, over half its length is controlled with dikes. A major dam is located at the village of
Isola Serafini 40 km downstream of Piacenza [37]. For this study, we defined 16 reaches along the river
from Bressana (45.11◦, 9.12◦) up to Berra (44.98◦, 11.98◦) almost every 20 km (Table 1). In order to obtain
two distinct reaches up and downstream of the dam at Isola Serafini, Reach 5 ends at the dam with a
length of 11.8 km, and Reach 6 starts from the dam location with a length of 28.2 km. The river reaches
are delineated in Figure 3. We selected this river for this study because of the following reasons.

1. The Po River with its narrow width (150–650 m) highlights the limitations of both altimetry
and imagery.

2. We have access to a variety of in situ data for the validation purposes.

Figure 3. The Po River flowing eastward in Italy. The red triangles indicate the location of virtual
stations and the white ones the location of gauging stations from west to east: Piacenza, Cremona,
Borgoforte, Sermide and Pontelagoscuro.
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Table 1. Selected reaches along the Po River.

Reach Number
Starting Point Ending Point

Reach Length
Lat. Lon. Chainage Lat. Lon. Chainage

(◦) (◦) (km) (◦) (◦) (km) (km)

1 45.11 9.12 250.00 45.10 9.34 270.00 20.00
2 45.10 9.34 270.00 45.11 9.55 290.00 20.00
3 45.11 9.55 290.00 45.08 9.66 310.00 20.00
4 45.08 9.66 310.00 45.07 9.82 329.36 19.35
5 45.07 9.82 329.36 45.09 9.90 341.16 11.80
6 45.09 9.90 341.16 45.03 10.07 369.36 28.20
7 45.03 10.07 369.36 45.00 10.28 389.34 19.98
8 45.00 10.28 389.34 44.94 10.46 409.37 20.02
9 44.94 10.46 409.37 44.96 10.66 429.37 20.00

10 44.96 10.66 429.37 45.04 10.79 449.36 20.00
11 45.04 10.79 449.36 45.07 11.00 469.33 19.97
12 45.07 11.00 469.33 45.06 11.21 489.36 20.03
13 45.06 11.21 489.36 44.97 11.39 509.36 20.00
14 44.97 11.39 509.36 44.92 11.57 529.34 19.98
15 44.92 11.57 529.34 44.96 11.75 549.36 20.02
16 44.96 11.75 549.36 44.98 11.98 569.35 19.99

3. Data

In this study, we obtained river water level and width from spaceborne sensors. We use the data
from different altimetry missions: TOPEX/Poseidon, ENVISAT, CryoSat-2 and the satellite with ARgos
and ALtiKa instruments (SARAL/ALtiKa), to generate water level time series along the river. In order
to obtain river width, we use MODIS surface reflectance eight-day composites with 250 m spatial
resolution (MOD09Q1). We also use in situ data of river discharge for the estimation of river depth
and surveyed cross-section information for the validation. Table 2 lists all the data used in this study.

Table 2. Summary of the datasets used in this study. AIPO, Agenzia Interregionale Fiume Po.

Variable Dataset
Resolution

Time Period Source
Spatial Temporal

Effective river width W MODIS 250 m 8 d 2000–2014 [38]

Variable Surface water level H and slope S

Multi-mission altimetry︸ ︷︷ ︸ – 3 d 2000–2014

[39]

TOPEX/Poseidon – 10 d 1992–2002
ENVISAT – 35 d 2002–2010
TOPEX/Poseidon XT – 10 d 2002–2005
ENVISAT XT – 30 d 2010–2012
CryoSat-2 – 369 d 2012–2014
Jason-2 – 10 d 2008–2016

River discharge Q in situ – 1 d 1995–2013 AIPO

Channel sections surveyed every 250 m – – AIPO

3.1. In Situ Data

In situ datasets at five gauging stations along the Po River are available from from 1995–2013.
Table 3 lists the location, elevation, average width, average flow velocity and annual discharge at these
gauging stations.
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Table 3. The location and height of available in situ data along the Po River. The height refers to the
mean water level derived from daily time series.

Name
Lat. Lon. Elevation Average Width Average Flow Velocity Average Discharge

(◦) (◦) (m) (km) (m/s) (m3/s)

Piacenza 45.06 9.70 42.37 106 0.61 933
Cremona 45.13 9.99 29.03 157 0.82 1075
Borgoforte 45.05 10.75 14.05 164 0.84 1313
Sermide 45.02 11.29 9.50 329 0.44 1378
Pontelagoscuro 44.89 11.61 3.48 175 3.01 1477

Moreover, we have access to channel section surveys at approximately 250 m intervals between
Busca Tornello and the outlet of the river (350 km). These data are provided by Agenzia Interregionale
Fiume Po (AIPO).

3.2. Water Level from Satellite Altimetry

With the help of virtual stations and the method defined in [39] (see Table 3 in [39]), individual
water level time series along the Po River are densified. That geodetic method allows us to connect
hydraulically and statistically all virtual stations of several satellite altimeters and produce water level
time series at any location along the river. Here, we generate densified altimetric water level time
series at the location of each selected reach. For that, we stacked the selected altimetric measurements
by shifting the water level hydrographs of all the virtual stations according to a corresponding time lag.
The time lag represents the time that the stream flows from one virtual station to the one downstream.
For the time lag estimation, which is necessary for stacking the altimetric measurements, we used
average river width W̄ obtained from satellite images (explained in Section 3.3) together with the
average slope S̄ derived from satellite altimetry as inputs for a hydraulic model that estimates average
flow velocity from the width and slope of a river [39]:

V = 1.48 · W̄0.8S̄0.6 , (1)

in order to compute the time lag, we then estimate the wave traveling time TL by [6,40]:

TL =
L
c

(2)

in which L is the distance between virtual stations and c is the celerity. In the case of the kinematic
wave equation, the momentum balance can be arranged using the Manning formula, and consequently,
the celerity c can be expressed as [41]:

c = 5/3V , (3)

We derive average flow velocity values at each virtual station using Model (1), the estimated
river width using imagery and river slope from the average water level of each virtual station.
After estimating the time lag and stacking the measurements, the following algorithm is performed to
densify the time series:

1. Normalization of the data between zero and one: The measurements are merged by normalizing
the time series according to their statistical characteristics. This step helps to make the range for
the distribution of water level variations at different virtual stations consistent. For the merging
process, the data of each virtual station is normalized by assigning the third percentile to zero
and the 85th percentile to one.

2. Confidence limit definition of 99% of a Student’s t-test for a sliding time window: The length
of the time window can be experimented with to achieve the best performance. Here, a time
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window of one month (15 days before and 15 days after the selected measurement) is chosen as it
leads to optimal results in terms of time series behavior and the number of identified outliers.

3. Outlier identification and rejection: The identification and the rejection of the outliers is carried
out by an iterative data snooping method and by iteratively updating the confidence limits.
The data snooping method searches for the observation (always one observation) with the largest
gross error [42].

4. Rescaling of normalized values to their corresponding river water level heights: After removing
the outliers, the combined normalized altimetric values are ready to be rescaled back to their true
water level values.

5. Constructing the time series: After rescaling, we now have a cloud of measurements with their
corresponding uncertainty for the selected location along the river, which is free from outliers.
The dense time series of water level can then be obtained by connecting the measurements using
a three-point distance weighted moving averaging.

Following the above algorithm, for the densified time series at the all 16 reaches, we obtain an
effective temporal resolution of around three days from individual time series with originally a 10- or
35-day sampling interval. Time series in the Figure 4 show the densified water level and effective river
width measurements obtained over the reach number 12 (the Borgoforte gauging station).

Figure 4. (Top panel) Water level time series from satellite altimetry and effective river width from
satellite imagery for Reach 12. (Bottom panel) Scatter plot of river discharge against water level
(correlation coefficient = 0.73) and effective river width (correlation coefficient = 0.52).

3.3. River Width from Satellite Imagery

In order to derive the effective width (W) at different river reaches, we apply the algorithm
introduced by [38] on MODIS images. The work in [38] developed a Markov Random Fields (MRF)
model, which considers spatial correlation between neighboring pixels and the long-term temporal

70



Water 2017, 9, 753

behavior of the river. In this method, to extract the river mask in each image, we define the Maximum
A Posteriori (MAP) estimate of the MRF that models the interaction between different constraints
and auxiliary sources of information. Based on Bayes’ rule, the posterior probability (P(d| f )) of the
hypothesis f (labeling structure) given the observations d (pixel values) is proportional to the product
of the prior probability (P( f )) and the likelihood (P( f |d)). In this case, the likelihood represents the
agreement between the label and value of pixels, and the prior probability describes the priority
between different hypotheses. Our aim is to find a realization of the MRF maximizing the posterior
probability. In this way, an energy minimization frame is developed regarding the problem and solved
by the graph cuts technique, which is a powerful solution for a wide range of image segmentation
problems. We followed the approach by [38] and used an undirected graph with two terminals to
extract the river mask by finding the max-flow solution on the graph. Figure 5 presents an example
of a derived water mask. It shows that the method is able to continuously capture meandering river
paths even for a narrow river like the Po.

(1) (2) (3) (4) (5)
(6) (7)

(8) (9)
(10)

(11) (12)
(13)

(14) (15)
(16)

Figure 5. (Top panel) A MODIS image of the Po river with the selected river reaches. (Bottom panel)
River mask extracted applying the proposed method by [38]. Date: 28 July 2000.

Although the graph cuts technique is preferred because of its ability to find a globally-optimal
solution in polynomial time, it cannot provide any uncertainty measurement associated with the
determined river mask. To overcome this deficiency, Ref. [43] introduced a method to measure
uncertainty in graph cuts solutions by measuring the max-marginal probability for each pixel. In this
way, a probabilistic river mask can also be provided. Following this, a reliable river area time series
is generated together with its uncertainty. We retain the assigned labels for pixels with marginal
probabilities higher than 10% in both water and land masks. This leaves a third region that contains
pixels with marginal probabilities less than 10% in both masks. This is the uncertain region, for which
we cannot define a proper label based on the available information. We consider the area of the third
region as an error in river area measurement.

Figure 4 shows the time series of effective river width together with the estimated uncertainty for
Reach 12. Since the river is very narrow with respect to the MODIS pixel size of 250 m, the magnitude
of uncertainty is relatively large. In Figure 4 (bottom panel), we compare the obtained effective river
width against in situ discharge for the same reach. An agreement between the behavior of the two
time series is expected. The majority of the river section passes through urban areas with river channel
contraction at the shoreline leading to the non-natural behavior of the river. Figure 4 (bottom panel)
comprises the obtained water level and the effective river width with the in situ discharge data at
Borgoforte. The scatter plots clearly demonstrate the challenge of using satellite imagery for discharge
estimation, whereas water level from altimetry agrees relatively well.
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4. Methodology to Estimate River Depth

In order to estimate the riverbed’s height H0 and, consequently, river depth H − H0, we rely
on two models developed for discharge estimation. It should be noted that H0 is the average
riverbed’s height that does not correspond to the height of deepest location in the channel section
(see Figure 2). Generally, a functional relationship between depth and discharge can be developed from
the Manning equation, which is applicable to natural rivers [44]. For a wide rectangular channel with
W > 10(H − H0), discharge can be obtained from the Manning equation as:

Q =
1
n
(H − H0)

1.67WS0.5 , (4)

in which n is the channel resistance. In practice, the channel resistance cannot be measured directly
and often varies considerably with discharge [9]. However, statistical studies by [9,36] have shown that
reasonably accurate estimates of discharge Q for within-bank flows can be obtained without resistance
as an input variable. The main assumption behind these studies is that the resistance varies with the
channel geometry. The works in [9,36] show that discharge can be estimated as:

Bjerklie et al. [9],

Q = aW1.02(H − H0)
1.74S0.35 (5)

Dingman & Sharma [36],

Q = aW1.17(H − H0)
1.57S0.34 (6)

for a wide range of rivers. These models are calibrated using a large database of observed flow
measurements from 103 rivers in the United States and New Zealand.

For the estimation of the riverbed’s height H0, we have considered both Models (5) and (6).
To this end, we use the estimated river width W from satellite imagery, densified altimetric height H,
slope S from satellite altimetry and river discharge Q from in situ data. When all these parameters
are available, only the H0 remains as unknown. However, estimating H0 in such non-linear models,
in which different datasets bring different levels of uncertainty, needs extra care. In fact, considering
the stochastics of Figure 4 (bottom left), the estimation of H0 would mean finding the water level (H)
where no water passes through the channel (Q = 0) with the added complexity of further stochastic
parameters. From the point of view of adjustment, this is an ill-posed extrapolation of data with
uncertainties in both axes. Since the data of both axes are provided with uncertainty, standard
regression with least squares estimation does not lead to a meaningful H0. Therefore, we derive the H0,
and consequently river depth, by implementing a Gauss–Helmert Model (GHM). Adjustment with the
GHM [45] is a combination of adjustment with condition equations and adjustment with observation
equations [46].

In the GHM, we add four terms, eQ, eW, eH, eS, to Equations (5) and (6), representing the error in
discharge, river width, water level and slope, respectively. Hence, Equation (5) would lead to:

Q − eQ − a(W − eW)1.02(H − eH − H0)
1.74(S − eS)

0.35 = f (a, H0, eQ, eW, eH, eS, Q, W, H, S) = 0. (7)

We now have an implicit functional relationship f (.) linking unknown parameters
a, H0, eQ, eW, eH, eS to observations Q, W, H, S. We can linearize the function by splitting up
the quantities:

H0 = H0
0 + δH0, a = a0 + δa

eW = e0
W + δeW, eH = e0

H + δeH

eS = e0
S + δeS, eQ = e0

Q + δeQ

(8)
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and choose Taylor points related to both parameters and uncertainties: a0, H0
0 , e0

Q, e0
H and e0

S.
Linearization around these Taylor points yields:

f = f
∣∣∣∣
0
+

∂ f
∂a

∣∣∣∣
0
δa +

∂ f
∂H0

∣∣∣∣
0
δH0+

∂ f
∂eQ

∣∣∣∣
0
(eQ − e0

Q) +
∂ f

∂eH

∣∣∣∣
0
(eH − e0

H) +
∂ f
∂eS

∣∣∣∣
0
(eS − e0

S) +
∂ f

∂eW

∣∣∣∣
0
(eW − e0

W) .
(9)

After reshaping, one obtains:

f =

⎡⎢⎢⎢⎢⎣
f 1
∣∣∣∣
0
− ∂ f 1

∂eQ

∣∣∣∣
0
eQ

0 − ∂ f 1

∂eH

∣∣∣∣
0
e0

H − ∂ f 1

∂eS

∣∣∣∣
0
e0

S − ∂ f 1

∂eW

∣∣∣∣
0
e0

W

...

f m
∣∣∣∣
0
− ∂ f m

∂eQ

∣∣∣∣
0
e0

d − ∂ f m

∂eH

∣∣∣∣
0
e0

H − ∂ f m

∂eS

∣∣∣∣
0
e0

S − ∂ f m

∂eW

∣∣∣∣
0
e0

W

⎤⎥⎥⎥⎥⎦
︸ ︷︷ ︸

w
m×1

+

⎡⎢⎢⎣
∂ f 1

∂a

∣∣
0

∂ f 1

∂H0

∣∣
0

... ...
∂ f m

∂a

∣∣
0

∂ f m

∂H0

∣∣
0

⎤⎥⎥⎦
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A
m×2

[
δa

δH0

]
︸ ︷︷ ︸

δx
2×1

+

⎡⎢⎢⎢⎢⎢⎣
∂ f 1

∂eQ

∣∣
0

∂ f 1

∂eH

∣∣
0

∂ f 1

∂eS

∣∣
0

∂ f 1

∂eW

∣∣
0 0 0 0 0 ... 0 0 0 0

0 0 0 0 ∂ f 2

∂eQ
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0

∂ f 2

∂eH

∣∣
0

∂ f 2

∂eS

∣∣
0

∂ f 2

∂eW

∣∣
0 ... 0 0 0 0

... ... ... ... ... ... ... ... ... ... ... ... ...
0 0 0 0 0 0 0 0 ... ∂ f m

∂eQ
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0
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∣∣
0
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∂eS

∣∣
0

∂ f m

∂eW

∣∣
0

⎤⎥⎥⎥⎥⎥⎦
︸ ︷︷ ︸

BT

m×4m

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

δeQ
1

δeH
1

δeS
1

δeW
1

...
δeQ

m

δeH
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δeS
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m
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δv
4m×1

= 0

(10)

Then, we have the linearized version of (7):

w+Aδx+BTδv = 0 (11)

The upper indices 1, 2, ..., m in matrix BT and vector δv are an index to the observations of
discharge, river width, water level and slope. In this formulation, we have two global parameters
a, H0 and 4-m parameters to be estimated from m epochs of {Qi, Hi, Si, Wi}. In the GHM, the least
squares objective function is:

δ̂x = argmin δvTPδv, subject to the Equation (11), (12)

where P is the weight matrix with dimension 4 m × 4 m:

P = diag
(

1/σ2
Q1

, 1/σ2
H1

, 1/σ2
S1

, 1/σ2
W1

, ..., 1/σ2
Qm

, 1/σ2
Hm

, 1/σ2
Sm

, 1/σ2
Wm

)
. (13)

The main benefit of the GHM lies within the weight matrix, which the uncertainties of
different measurements carefully take into account. For minimizing Equation (12), the corresponding
Lagrangian reads:

L(v, δx,λ) =
1
2
δvTPδv − λT(BTδv +Aδx+w), (14)

Setting the gradients of the Lagrangian with respect to δv, δx, λ to zero yields the equation system:⎡⎢⎣ P 0 B

0 0 AT

BT A 0

⎤⎥⎦
⎡⎢⎣δ̂vδ̂x
λ̂

⎤⎥⎦ =

⎡⎢⎣ 0
0

−w

⎤⎥⎦ (15)
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by solving Equation (15), we obtain δ̂x, δ̂v and λ̂ as:

δ̂v = −B(BTPB)−1{w−A[AT(BTPB)−1A]−1AT(BTPB)−1w} (16)

δ̂x = [AT(BTPB)−1A]−1AT(BTPB)−1w (17)

λ̂ = (BTPB)−1{w−A[AT(BTPB)−1A]−1AT(BTPB)−1w} , (18)

which we can use to update and estimate â, Ĥ0, ˆeQ, ˆeH, êS and ˆeW. We then update unknown
parameters and observations and iterate the whole until convergence is achieved for the norm of
δ̂x and δ̂v (< 10−9). After the final iteration, we obtain a and H0 with their uncertainties, for which
uncertainties of water level, river width, slope and discharge are taken into consideration.

5. Results, Validation and Discussion

Solving the models by [9,36] with the Gauss–Helmert formalism allows us to estimate two
unknown parameters of these models namely a and H0. For the implementation of the method,
we need data of water level (H), slope (S), river width (W) and river discharge (Q). As described
in Section 3, we obtain water level time series after applying the densification process [39] over the
selected virtual station along the river. Thus, we obtain a water level time series at the middle of each
reach, from which we estimate the corresponding time variable slope. The effective river width is
obtained from satellite imagery following the method proposed by [38].

In order to fill the weight matrix P, in the Equation (13), we obtain σHi from satellite altimetry
(error envelope in Figure 4 top); σWi are taken from the error estimation of our effective river width
estimation (error envelope in Figure 4 middle); and σSi are obtained by the error propagation of
consecutive height measurements:

σ2
Si
=

1
d2 (σ

2
Hup

i
+ σ2

Hdo
i
) , (19)

in which d is the distance between the center of two consecutive reaches. For σQi , we consider 10% of
Q measurements, i.e., σQi = 0.1Qi.

Unlike H, W and S that are available for each reach, discharge data are not individually available
for each reach. We use discharge data at five in situ gauges along the river. However, the question
remains which in situ discharge data lead to a better result for the estimation of H0. The intuitive
answer to this question is, of course, the discharge data at the gauge nearest to the selected reach.
In order to assess this issue, we first estimated H0 and a for all the reaches with the help of discharge
data at all the gauges. Figure 6 shows the estimated H0 after the implementation of the GHM for the
selected reaches along the Po River. For each reach, we obtain five estimates of Ĥ0 and â, for which
we use different discharge data. It is interesting to observe that the estimated H0 for each reach is
nearly independent of the choice of discharge data. In principle, we obtain similar values with a
discrepancy of ∼2% with respect to average riverbed’s height with the discharge data of different
gauges. Comparing the estimated H0 with those surveyed along the river (black steps) shows a general
good agreement in the range of ∼10% relative RMSE.

Such a good agreement is better visible in the scatter plot of estimated H0 versus in situ H0

(Figure 7). The scatter is aligned around the diagonal line indicating a good performance of our
method for river depth estimation. The results show a marginal difference between the estimated
H0 from the two models, with slightly better performance of the model by [9] (Table 4). As expected,
the estimated â values, which act like scale factors, are different for both models. The difference is due
to the different power for water level, slope and width data. It should be noted that the unit of value a
is also different for the two models. In the case of the model by [9], the unit of a is m0.24 s−1, and in the
case of the model by [36], it is m0.26 s−1.
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In situ riverbed
In situ riverbed (reach average)
riverbed, Q from Piacenza
riverbed, Q from Cremona
riverbed, Q from Borgoforte
riverbed, Q from Sermide
riverbed, Q from Pontelagoscuro
average level at VS
average level from in situ

Figure 6. Estimated river bed profile along the Po River for 16 defined reaches. VS refers to
virtual station.
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Figure 7. Scatter plot of estimated H0 using discharge data of different gauging stations along the
Po River.

Table 4. Estimated river bed height H0 using the two selected models, for which discharge data of the
nearest gauge are used.

Reach Hins
0 (m)

Model by Bjerklie et al. [9] Model by Dingman and Sharma [36]

â Ĥ0(m) Ĥ0 − Hins
0 (m) â Ĥ0 (m) Ĥ0 − Hins

0 (m)

1 50.27 0.69 50.37 ± 0.15 0.10 0.39 50.66 ± 0.14 0.39
2 45.62 0.60 44.72 ± 0.15 0.89 0.30 44.96 ± 0.14 0.66
3 40.09 1.36 41.47 ± 0.10 1.38 0.67 41.69 ± 0.09 1.59
4 35.91 2.06 40.73 ± 0.03 4.83 0.88 40.85 ± 0.03 4.94
5 32.20 29.20 32.07 ± 0.01 0.12 11.95 32.13 ± 0.01 0.07
6 24.60 0.80 24.91 ± 0.09 0.31 0.40 25.16 ± 0.08 0.57
7 20.63 0.22 16.06 ± 0.31 4.56 0.13 16.53 ± 0.31 4.10
8 17.18 0.27 13.06 ± 0.26 4.12 0.16 13.58 ± 0.26 3.60
9 12.92 0.74 12.07 ± 0.14 0.85 0.42 12.48 ± 0.13 0.44

10 11.54 0.50 9.37 ± 0.16 2.17 0.27 9.77 ± 0.16 1.77
11 7.38 0.53 7.04 ± 0.16 0.34 0.29 7.48 ± 0.16 0.10
12 2.70 1.40 5.64 ± 0.07 2.94 0.73 5.91 ± 0.07 3.21
13 2.08 1.25 3.00 ± 0.10 0.92 0.66 3.31 ± 0.09 1.23
14 −0.26 0.58 −1.49 ± 0.20 1.23 0.34 −0.87 ± 0.19 0.61
15 −3.00 4.83 1.07 ± 0.04 4.07 2.28 1.23 ± 0.04 4.24
16 −6.29 4.97 −1.32 ± 0.08 4.97 2.64 −1.07 ± 0.07 5.22
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In order to investigate the impact of the length of time series on the result, we arbitrarily consider
20%, 40%, 60%, 80% and 100% of data in the time series of water level, width and discharge. Figure 8
shows the estimated H0 for all reaches, where the results of using different portions of datasets for the
estimation of H0 are very similar to each other and lie within the estimated error. This result shows
that the estimation of H0 is insensitive to the length of the time series.

Figure 8. Estimated river bed height by considering 20%, 40%, 60%, 80% and 100% of data in the time
series of water level, width and discharge along the Po River for 16 defined reaches.

As a result of GHM, δ̂v is also estimated, which comprises the corrections to the original
observations. Figure 9 shows estimated residuals for discharge êQ, water level êH and effective
river width êW data of Reach 1 in the case of using the model by [9]. In fact, the two global unknowns
of a and H0 are estimated by adjusting the observations within the selected model and minimizing
the error.

ê Q
[m

3
/
s]

ê H
[m

]
ê W

[m
]

Figure 9. Estimated residual for observations of discharge ˆeQ, water level ˆeH and effective river width
ˆeW for the first reach along the Po River.

Despite good agreement for most reaches, the estimated H0 for Reaches 4, 7, 8, 12, 15 and 16 show
relatively large errors, which can be better seen in Figure 10.
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Figure 10. Bar plot of difference between estimated riverbed’s height Ĥ0 and those from in situ using
discharge data of different gauging stations along the Po River.

The errors seem to be independent of the choice of the in situ gauge for discharge data. Table 4
lists the results of H0 estimation for both of the models [9,36], for which we use the discharge data of
the nearest in situ station to the reach. It should be noted that for Reaches 1–5, located upstream of
the dam, we use the discharge data at a station also located upstream of the dam. The reason for that
was the difference between stream behavior up- and down-stream of the dam, which was discussed
in detail by [39]. A possible reason for such large errors is the quality of water level or river width
time series at these reaches. The water level time series show generally good correlation (>0.6) with
discharge data (Figure A1 in Appendix A), and no specific mismatch is visible at the problematic
reaches. On the other hand, the correlation coefficients of effective river width with discharge data for
all reaches are generally small especially at Reaches 1, 4 and 6 (Figure A2 in Appendix A). However,
again, the reaches with a large error for the estimated H0 do not show a distinctly low correlation
in comparison to other reaches. Based on these results, one can conclude that such large errors in
estimated H0 could be due to the choice of the model. In fact, for heterogeneous reaches with variable
channel resistance along the river, a single model does not represent the flow over the entire reach.

The error we obtain for the estimated H0 originated from different sources. Our error
assessment should distinguish between systematic errors, accuracy and the precision of our estimation.
The systematic error and accuracy in our case are mainly related to the choice of functional model for
depth estimation. This is, of course, testable by using different models and by assessing its effect on
the estimation of H0. In our study, since both models are very similar, we have obtained similar results.
In order to assess the sensitivity of estimated H0 to the precision of W, H and S, we write H0 as an
explicit function of all other parameters (in the case of model by Bjerklie et al.):

H0 = H − [ Q
aW1.02S0.35

]0.57 , (20)

and obtain its error dH0 as a function of error in other variables:

dH0 = dH +
∂H0

∂Q
dQ +

∂H0

∂W
dW +

∂H0

∂S
dS , (21)

in which ∂H0/∂H = 1, which means that any error in H will directly transfer into an equal error in H0.
The sensitivities ∂H0/∂Q, ∂H0/∂W and ∂H0/∂S depend on other parameters that are varying

in time. In order to assess the error in H0 due to the error of water level, width and discharge, here
we assume a constant error of 0.7 m for water level time series from altimetry, which would lead
to a constant error of 0.05 m/km for the slope of two consecutive reaches with a distance of 20 km
(Equation (19)). For the effective river width, we use our time variable uncertainty estimates based on
the method by [43]. For discharge, a multiplicative error of 10% is assumed. Figure 11 shows partial
errors in H0 due to the errors of other parameters in Reach 1. The contribution is about 0.2 m of the
discharge’s precision on the precision of estimated H0. The average error in H0 due to the errors of
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our width estimates is about 0.3 m. Since ∂H0/∂S is time variable, a constant error in slope leads to a
time variable error contribution with the average value of approximately 0.2 m for reach 1. This result
shows that among all the parameters in Models (5) and (6), errors in height will contribute the most in
the estimation of H0 under the assumption that dH = 0.7 m.

Figure 12 shows the average of time series for the error contribution of different parameters over
all 16 reaches. It is interesting to observe a large sensitivity of H0 to slope for Reaches 15 and 16,
at which we obtain a relatively large error. This means that for these reaches, the error in slope will
be amplified with a larger error in the estimation of river depth. Moreover, the effects of errors in
discharge and river width for the estimation of river depth are generally smaller than those for water
level and slope.
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Figure 11. Time series of error in H0 due to the error in Q, H, W and S for Model (1) over Reach 1.

d
H

0
[m

]

dH0 due to error in Q
dH0 due to error in W
dH0 due to error in S
dH0 due to error in H

Figure 12. Average error in H0 due to errors in discharge, water level, effective river width and slope
over all 16 reaches.

The direct formulation (21) is also beneficial for investigating why the estimation of H0 is
insensitive to the choice of discharge station. Figure 13 shows that ∂H0/∂Q for Reach 1 varies between
3 × 10−4 and 12 × 10−4 with an average value of 6.8 × 10−4. On the other hand, according to Table 3,
average discharge at different stations is 933, 1075, 1313, 1378 and 1477 m3/s, respectively. This would
mean that for the estimation of H0 of Reach 1, a mischoice of Pontelagoscuro station with an average
discharge of 1477 m3/s instead of Piacenza with an average discharge of 933 m3/s would lead to only
0.36 m error in H0 (6.8 × 10−4 × (1477 − 933) = 0.36).
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Figure 13. The time variable sensitivity of estimated H0 to discharge observation ∂H0/∂Q.

6. Perspective for the SWOT Mission

In the future, the SWOT mission will provide measurements of water surface elevation, river
width and slope, through which discharge can be estimated for river widths down to 50–100 m,
which allows us to obtain consistent and coherent information about the spatial distribution of river
discharge. However, SWOT does not have the objective of and cannot be a replacement for in situ gauge
networks [47]. SWOT will irregularly sample mid-latitude locations approximately three times per its
21-day cycle rather than nearly continuously, as in a gauge estimate. Although irregular sampling is
appropriate to monitor the global water cycle, it is inadequate for many local-scale questions on rivers
where SWOT may not fully observe temporal dynamics [11,47].

Moreover, SWOT will not observe full river networks. According to the study by [25] given
the ability to observe rivers wider than 100 m, SWOT would observe more than 60% of the global
sub-basins with an area of 50,000 km2. In terms of estimation of river depth, recent studies suggest
that it may be possible to estimate river depth simultaneously from SWOT observations alone using
multiple overpasses over several adjacent river reaches. However, studies are required to improve the
understanding of the number of essential observations for a proper estimation of river depth [48].

The results in this study give a perspective of the SWOT mission and its scientific challenges in
the following ways:

• Satellite altimetry is put on an operational footing through the Sentinel 3 series of the European
Copernicus program. At the same time, research satellites such as CryoSat-2, SARAL/AltiKa
or Jason-3 remain in orbit and provide complementary space-time sampling. This constellation
addresses many current limitations and opens a significant area of investigation into the
operational use of altimetry missions for hydrological purposes. Developing methods to generate
dense time series of water level using altimetry data, demonstrated in this study, raise the hope
of using operational altimetry together with SWOT data in the future for a better monitoring of
temporal dynamics in many rivers around the world.

• Remote sensing techniques have been introduced as viable choices to monitor surface water
variations [5]. Optical and SAR satellite imagery missions provide the opportunity to monitor
surface water extent repeatedly at appropriate time intervals. Recent missions provide images
with better spatial and temporal resolution. Different Landsat missions have been gathering
images in various multispectral bands from the Earth since 1980. Recently, Landsat 8 with 30 m
spatial resolution has provided monthly images of the Earth’s surface. Applications that demand
a high temporal resolution preferably make use of the daily snapshots of MODIS imagery with
250-m resolution. Since 2015, Sentinel-2 has provided images with better resolution (10 m, 20 m,
60 m) and also a high revisit time (five days). On the other hand, SAR missions with images from
ERS-1, ERS-2 and ENVISAT in C-band are the main sources for spatial water area monitoring in
the tropical area, which is cloudy and rainy most of the year [12]. TerraSAR-X in X-band provides
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high resolution images with 1-, 2- and-3 meter pixel size every two days. From 2014 onwards,
Sentinel-1A has provided continuous imagery (day, night and all weather) in C-band, expanding
our understanding of surface water. Therefore, developing reliable algorithms to obtain reliable
dynamic river masks, as developed by [38] and implemented in this study, gives the perspective
of the SWOT mission that the results from different imagery sensors could be combined with the
results from SWOT for a better monitoring of river masks in the future.

• In terms of river depth estimation, our results in Figures 11–13 highlight the weaker dependency
of error in river depth estimation to the error of river width and river discharge. This means that
a preliminary result of river width and a coarse river discharge would be enough to estimate river
depth. This is especially important for discharge algorithms, which work based on Manning’s
flow resistance equation, and the initial values of variables play an important role in the fast
and precise estimation of discharge. Moreover, this result would mean that one could use a
rough estimation of river discharge instead of in situ data and still receive acceptable results for
river depth.

7. Summary and Conclusions

In this paper, we estimated the average river depth for 16 reaches along the Po River from
SWOT-type observables water surface elevation, effective river width and slope using models by [9,36].

In order to obtain dense time series of water level from altimetry, we followed the method
suggested by [39]. We connected all the virtual stations of several satellite altimeters along the Po River
and produced water level time series at any location along the river. To this end, the selected altimetric
measurements are stacked at the center of each reach by shifting the water level hydrographs of all
virtual stations according to time lag between different virtual stations. The stacked measurements
are then merged by normalizing the time series according to their statistical characteristics. After an
outlier identification process, we rescaled the measurements back to their true water level values.
For the densified time series at the 16 reaches, we obtained an effective temporal resolution of around
three days from individual time series with originally a 10- or 35-day sampling interval. Time series of
slope were obtained by differencing the time series of the water level at two consecutive reaches.

In order to derive effective width, we used MODIS images and extracted a dynamic river
mask by employing the algorithm developed by [38]. This algorithm uses an MRF model regarding
all sources of information available in images: spatial correlation between neighboring pixels and
the long-term temporal behavior of the river. We then extracted the river mask in each image by
maximizing a posteriori estimation in Markov random fields through minimizing the energy using
the graph cuts technique. Although the graph cuts technique is preferred because of its ability to
find a globally-optimal solution in polynomial time, it cannot provide any uncertainty measurement
associated with the determined river mask. We have used the method by [43] to estimate uncertainty
in the graph cuts solutions by measuring the max-marginal probability for each pixel. Following this,
we generated a reliable river area time series together with its uncertainty.

With the help of the effective river width from satellite imagery, as well as water level and slope
from satellite altimetry, we estimated river depth by implementing a Gauss–Helmert adjustment
scheme on two models by [32,36]. Unlike variables observed from the space, discharge data are not
available for each reach individually. We use discharge data at five in situ gauges along the river.
An interesting result of this work is that the estimated H0 for each reach only weakly depends on the
choice of discharge data, since we obtained similar values for H0 with a discrepancy of only ∼2% with
the discharge data of different gauges. This result was explained by the low partials ∂H0/∂Q, making
the obtained H0 less sensitive to the choice of discharge gauge.
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We validated our results against surveyed cross-section information along the Po River.
Validation shows general good agreement in the range of ∼10% relative RMSE. However, we faced
some problematic reaches (4, 7, 8, 12, 15 and 16) for which the estimated H0 is relatively large.
We inconclusively discussed possible sources for such error by analyzing the quality of water level
and effective river width time series. We have demonstrated that the water level time series generally
correlate well (>0.6) with discharge data, and no specific pattern at the problematic reaches has been
found. On the other hand, the correlation coefficients of effective river width with discharge data show
generally small values especially at Reaches 1, 4 and 6. However, again, the reaches with a large error
for the estimated H0 do not show a distinctly lower correlation in comparison to other reaches.

The sensitivity analysis in this study especially demonstrates that the the estimated river depth is
less influenced by the error of river width and river discharge, while it is strongly influenced by error
in water level and slope. These results give a perspective of the SWOT mission, where the estimation of
river depth would be possible using coarse estimates of river width and discharge and improved water
level and slope time series. Moreover, this result would mean that one could use a rough estimation
of river discharge instead of in situ data and still receive acceptable river depth. On the other hand,
given the abundance of existing and future altimetry and imagery missions, developing methods to
generate dense time series of water level using altimetry data and reliable river width from satellite
imagery raises the hope of using operational altimetry and imagery including the Sentinel-series
together with SWOT data in the future for a better monitoring of temporal dynamics in many rivers
around the world.
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Appendix A. Comparison of Water Level and Effective River Width with Discharge

Figure A1 shows scatter plots of discharge at nearby gauging stations against water level time
series for 16 reaches along the Po River. The water level time series show a generally good correlation
(>0.6) with discharge data. Figure A2 shows the scatter plots for the effective river width time series
for the 16 reaches. The correlation coefficients of effective river width with discharge data for all
reaches are generally small especially at Reaches 1, 4 and 6. Since the Po River width is generally
narrow for the MODIS pixels with 250 m resolution, such low correlation coefficients for the obtained
river width are expected. Moreover, the river passes through many urban regions with managed
channels, making the river width and discharge less correlated.
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Figure A1. Comparison of water level time series and discharge at nearby gauging stations for
16 reaches along the Po River.
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Figure A2. Comparison of effective river width and discharge at close-by gauging stations for 16 reaches
along the Po River.
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Figure A3 shows the surveyed sections along Reach 4 with the average water level at each
section obtained from satellite altimetry. The section at Chainage 312, for instance, would lead to a
non-homogeneous dependency between river width and discharge and would consequently lead to
an inaccurate estimation of H0 using the selected models. However, since we consider the averaged
parameters of reaches, the effect of an individual problematic section on the final results should
be negligible.

Figure A3. Sections along Reach 4. The red straight line represents the average water level obtained
from altimetry.
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Abstract: A new methodology for estimating the discharge starting from the monitoring of surface
flow velocity, usurf, is proposed. The approach, based on the entropy theory, involves the actual
location of maximum flow velocity, umax, which may occur below the water surface (dip phenomena),
affecting the shape of velocity profile. The method identifies the two-dimensional velocity distribution
in the cross-sectional flow area, just sampling usurf and applying an iterative procedure to estimate
both the dip and umax. Five gage sites, for which a large velocity dataset is available, are used as
a case study. Results show that the method is accurate in simulating the depth-averaged velocities
along the verticals and the mean flow velocity with an error, on average, lower than 12% and 6%,
respectively. The comparison with the velocity index method for the estimation of the mean flow
velocity using the measured usurf, demonstrates that the method proposed here is more accurate
mainly for rivers with a lower aspect ratio where secondary currents are expected. Moreover, the dip
assessment is found more representative of the actual location of maximum flow velocity with respect
to the one estimated by a different entropy approach. In terms of discharge, the errors do not exceed
3% for high floods, showing the good potentiality of the method to be used for the monitoring of
these events.

Keywords: streamflow measurements; surface velocity; maximum velocity; entropy; ADCP;
LSPIV; SVR

1. Introduction

The estimate of a reliable discharge is tightly connected to a robust velocity dataset where
the mean flow velocity is inferred using velocity measurements carried out for high water levels.
This condition is not so usual considering that at hydrometric sites the most common technique
used for velocity sampling is based on the current meter from the cableway, and measuring velocity
points during high floods in the lower portion of flow area is difficult and dangerous for operators [1].
The stage monitoring is straightforward and relatively inexpensive compared with the cost necessary
to carry out flow velocity measurements, which are, however, limited to low flows and constrained
by the accessibility of the site. Therefore, the discharge estimation is often obtained by extrapolating
the relationship between stage and the discharge obtained for velocity measurements referring to low
flows, and, as a consequence, a high uncertainty holds in the assessment [2]. For high flow, the mean
flow velocity is hard to estimate, affecting de-facto the reliability of the discharge assessment for
extreme events.

To date, ultrasonic devices, such as Acoustic Doppler Current Profilers (ADCP), can be adopted
to address the velocity measure for high floods. Indeed, the introduction of ADCP on moving-vessels
would allow operators to overcome the aforementioned issues, even if several limitations remain.
During high floods, the magnitude of sediment transport may produce a reduction of the signal-noise

Water 2017, 9, 120 86 www.mdpi.com/journal/water



Water 2017, 9, 120

ratio of acoustic sensors along with the capability of the signal to penetrate through the water [3].
In addition, high flow conditions, mean high velocity, and high turbulence can affect the water depth
estimation because of the roll and pitch motions of the vessel [4] as well as vessel tracking [5]. The high
velocity and high water levels represent big trouble for the operators considering that branches or
trunks of trees can be carried by the flow and could still represent a risk for the instrument as well as
the safety of the operators themselves.

On the other hand, the surface flow velocity can be easily monitored by using no-contact
technologies as Surface Velocity Radar (SVR) [6,7] and/or Large Scale Particle Image Velocimetry
(LSPIV) [8,9]. The radar technology may be affected during low flow when the backscatter of the beam
can be blended by high noise, while LSPIV might be not suitable for measurements during scarce
seeding, illumination conditions, and/or for any overnight floods [10]. However, the SVR and LSPIV,
being no-contact techniques, are suitable for high flows monitoring, without encountering the issues
connected to the floating surface material, sediment transport, and dangers for operators.

The information content given by SVR and LSPIV is the spatial distribution of surface flow velocity
from which the discharge at a river site might be estimated. In this context, a focal point is how
to turn the surface velocity, usurf, measured at a location (vertical) into depth-averaged velocity, uvert,
considering the different hydraulic and geometric characteristics of river sites which affect the velocity
profile shapes [11]. In the case of maximum flow velocity occurs on the water surface, the two-parameters
power law velocity distribution developed by Dingman [12] could be applied to this end.

However, the aspect ratio W/D (with W the channel width and D the flow depth) unfolds
a fundamental role on the characteristics of the velocity profile because the presence of the sidewalls
may influence the velocity distribution, causing secondary currents that drive the maximum velocity
below the water surface, so triggering the well-known dip phenomenon [13].

Overall, the surface velocities are transformed in depth-averaged velocity, assuming a monotonous
velocity profile and multiplying the surface velocity, usurf, by a velocity index, k = uvert/usurf, equal to 0.85
(e.g., [7] for SVR and [9] for LSPIV). However, the possible occurrence of the dip phenomenon could
make the assumption ‘weak’ for create flows where a monotonous velocity distribution does not take
place. Consequently, the velocity index value might be not representative of the two-dimensional
spatial velocity distribution anymore, leading to failure of the assessment of discharge.

The entropic velocity distribution developed by [14] can be used to cope with this matter.
This approach established a bridge between the probability domain, wherein a probability distribution
of the velocity is surmised, and the physical space by deriving the cumulative probability distribution
function in terms of curvilinear coordinates in the physical space [15,16]. Therefore, it would be possible
to relate the surface velocity measured by SVR and/or LSPIV across the river site, and the maximum
velocity occurring below the water surface corresponding to the vertical where the surface velocity is
sampled, as shown by [17]. In this context, the identification of the dip, i.e., the location where umax

occurs below the water surface, is the main issue. The dip may significantly affect the estimation of
the depth-averaged velocity from which, through the velocity area method, the mean flow can be
assessed and, hence, the discharge.

This work is aimed to present a new methodology based on the entropy theory of estimating
the discharge, starting from the surface flow velocity and taking the dip of the velocity profile into account.
Moreover, remarks on the robustness of the velocity index using field data are discussed. The entropy
method can be applied regardless of the technique adopted for the surface velocity measurement.

Five gage sites with different geometric and hydraulic characteristics are used as a case study.
The paper is organized as follows. Section 2 provides the theoretical background of the entropy

method applied to measured surface flow velocities. Section 3 describes the case study along with
the velocity dataset. Section 4 describes the results achieved for the five selected river gage sites and
makes a comparison with the velocity index method. Finally, the last section features the conclusions
drawn from this investigation.
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2. Method

The method is based on the entropy probability density function of velocity, u, such as
derived by [18] and simplified by [19] assuming that the entropy velocity profile at the y-axis,
where the maximum flow velocity, umax, occurs, holds for all verticals in flow area, yielding:

u(xi, y) =
umaxv(xi)

M
ln
[

1 +
(

eM − 1
) y

D(xi)− h(xi)
exp

(
1 − y

D(xi)− h(xi)

)]
for i = 1 . . . Nv (1)

where umaxv(xi) is the maximum velocity along the ith vertical, xi is the position of the ith sampled
vertical from the left bank, M is the entropic parameter, h(xi) is the dip, i.e., the depth of umaxv(xi)
below the water surface, D(xi) the vertical depth, y is the distance of the velocity point from the bed,
and Nv is the number of verticals sampled across the river section. The entropic parameter M, which is
a characteristic of the section [20], can be easily estimated through the pairs (um, umax) of the available
velocity dataset at a gauge site by using the linear entropic relation [14]:

um =

(
eM

eM − 1
− 1

M

)
umax = Φ(M)umax (2)

where um is the mean flow velocity and umax is the maximum flow velocity in flow area.
In addition, Moramarco [21] showed that, at a gauged river site, Φ(M) is constant for any flow

conditions and its estimation can be addressed for ungauged sites as well by leveraging the dependence
of Φ(M) on hydraulic and geometric characteristics.

Even if umaxv occurs below the water surface, it could be estimated for each vertical as a function
of surface velocity, usur f , such as proposed by [22]:

umaxv(xi) =
usur f (xi, D(xi))

1
M ln

[
1 + (eM − 1)δ(xi)e1−δ(xi)

] (3)

where δ(xi) = D(xi)
D(xi)−h(xi)

. Specifically, if h(xi) = 0, it follows that δ(xi) = 1 and, hence,
that umaxv(xi) = usur f (xi, D(xi)). An application of Equation (3) in natural channels was done by [17],
who calibrated a hydraulic model by leveraging the surface velocity measurements by SVR at
different times.

2.1. Dip Estimate

Considering that the dip, h(xi), is generally unknown across the flow area, a method is proposed
here for its estimation. The approach exploits the experimental outcomes obtained by [13] who
investigated the mechanism of the dip phenomenon by leveraging a laboratory channel velocity dataset.
Specifically, it was found that for different aspect ratios W/D (with W the channel width and D the flow
depth), the location of umaxv(xi) below the water surface, is mainly linked to the lateral position of
the velocity profiles from the sidewalls. Based on this analysis, the dip phenomenon was more significant
close to the banks and for large aspect ratio values, in accordance with the following relationship [13]:

δ(xi) = 1 + 1.3e−xi/D(xi) (4)

It is worth noting that Equation (4) well represented the measured data obtained in different
works dealing with smooth and rough natural channels and we refer to [13] for more details.

Placing Equation (4) into Equation (3) and both into Equation (1), the two-dimensional velocity
distribution can be identified by leveraging the surface velocity measured by SVR or LSPIV. In this way,
um and umax can be estimated using the velocity-area method [23], and, hence, Φ(M) can be computed
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by Equation (2) [19]. However, the uncertainty due to the presence of secondary currents lead us to
modify Equation (4) in:

δ′p(xi) = ap + δ(xi) (5)

where ap is a parameter representing the dip at the y-axis and which is updated through an iterative
process, wherein at each iteration, p, a constant value (0.1 m) is added to the initial value a1(p = 1),
assumed to be equal to 0.05 m. The iterative parameter refinement process ends by minimizing
the objective function when the optimal value of Φopt

(
Mp

)
is achieved in accordance with:

Φ(Mobs)− Φ
(

Mp
)
= ε (6)

where ε is the threshold error, assumed equal to 0.01.
Steps of the procedure described above are detailed in the schematic diagram as shown in Figure 1.

The method can be applied for gage sites in which a robust velocity dataset is available and Φ(Mobs)
can be easily estimated by the observed pairs (um, umax). For ungauged sites, the M parameter can be
even estimated by expressing its value in terms of hydraulic and geometric characteristics such as
proposed by [21] and/or following [20], who identified a simple way to estimate M from the maximum
surface velocity typically located near the middle of the channel [24].

Figure 1. Schematic representation of dip estimation procedure using measured surface velocity,
usurf (for symbols see text).
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For representing the dip in flow area, the relationship proposed by [25] may be also adopted:

h(xi)

D(xi)
= 0.2ln

58.3M∅(M)

eM − 1
(7)

Unlike the proposed method, Equation (7) does not need to consider an iterative procedure to estimate
the dip along sampled verticals and would be simpler to apply. Specifically, Equation (7) provides h(xi) that
can be used to estimate δ(xi). This implies the interest in comparing the two approaches. However, it is
worth noting that our target is not to estimate the effectiveness of these relationships in the dip assessment
but rather to analyze whether, if given a distribution of dip in flow area, the proposed method is
able to provide an accurate estimate of velocity, and considering that Equation (4) was tested with
laboratory and field data, it is sufficient for our purpose. However, as stressed above, a comparison
with Equation (7) is addressed as well and shown afterwards.

2.2. The Velocity Index

The velocity-area method is applied to estimate the mean flow velocity starting from
the depth-averaged velocity, uvert, estimated by velocity points along verticals sampled by using, e.g.,
current meter across the cross-sectional flow area. In this case, SVR is used for discharge monitoring,
the measure of velocity is limited to the surface, and there is the need to turn the surface velocity usurf,
into uvert. For that, an approach widely applied is to consider the velocity index, k, defined as:

k = uvert/usurf (8)

As stressed by [7], k is set to 0.85 for many river gage site configurations (see also [6,9,10]). It has to
be pointed out that the choice of k is of paramount importance, considering that Equation (8) refers to
a monotonous velocity profile that, however, does not take the dip phenomenon into account. This issue
could make the method ‘weak’ for estimating uvert, in the case of secondary currents taking place.

3. Case Study

Considering that our main purpose is to evaluate the effectiveness of the proposed procedure,
the analysis is addressed for the case of gage sites where the velocity measurements are limited only to
the surface, e.g., by using SVR. This aspect is of considerable interest for the monitoring of high floods.
Therefore, the proposed method is tested using a velocity dataset of five gauged sites. Four are located
in the Tiber basin; Santa Lucia (900 km2), Ponte Felcino (1970 km2), and Ponte Nuovo (4100 km2) along
the Tiber River and Rosciano (1950 km2) on the Chiascio River. One section is on the Po River, i.e.,
Pontelagoscuro (70,000 km2).

The velocity dataset consists of velocity points data collected during velocity measurements carried
out by conventional techniques, i.e., current meter from cableway. The number of velocity points sampled
along the verticals is sufficient (more than eight for some verticals) to reconstruct the vertical velocity
profile, even in presence of secondary currents. Table 1 shows for all the selected gaged sites the main flow
characteristics and, as it can be seen, the measurements cover low and high flow conditions.

Table 1. Flow dataset characteristics: Nm = number of velocity measurements considered,
Nv = total number of verticals (from the Nm measurements), Φ(Mobs) = observed entropy parameter,
Q = measured discharge, D = average flow depth, W = average channel width. The period of sampling
is also shown.

River Site Nm Nv Φ(Mobs) Q (m3/s) D (m) W (m) W/D Period

Tiber Santa Lucia 16 93 0.66 30–185 2.54 22 8.79 1987–2008
Tiber Ponte Felcino 8 78 0.60 28–411 3.22 38 11.66 1990–2003
Tiber Ponte Nuovo 12 77 0.66 10–540 3.98 50 12.30 1986–2005

Chiascio Rosciano 8 67 0.60 20–378 2.74 35 12.90 1982–2002
Po Pontelagoscuro 8 89 0.68 380–4000 6.32 270 43.63 1987–1992
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4. Results and Discussion

The effectiveness of the proposed procedure in estimating the dip phenomena along with
the velocity profile by Equation (1) is discussed here using the velocity dataset of the selected river
gage sites. The errors in estimating the depth-averaged velocity along with the discharge are analyzed
in-depth. Before that, however, the robustness of the velocity index is investigated using the velocity
measurements carried out at gage sites, considering that these measurements contain velocity points
well distributed along each vertical sampled in the cross-sectional flow area.

4.1. The Velocity Index Analysis

At a first step, the analysis of the velocity index, k, is addressed here. Unlike [7], who identified
the variation of k with relative roughness and flow depth, we investigate how k can vary at each
single site and if a dependence on the aspect ratio can be inferred. Considering the velocity dataset
in the five gage sites, for each velocity measurement the depth-averaged velocity, uvert, is estimated
starting from the measured surface velocity, usurf, i.e., uvert(xi,Di) = k usurf(xi,Di), and compared with
the depth-averaged velocity assessed by the sampled velocity points along each vertical.

The velocity at the water surface sampled by the current meter is used to mimic the surface
velocity measured by SVR or LSPIV. It is worth noting that the analysis does not aim to show
the capabilities of the above two technologies but only to verify the relationship between surface
velocity and depth-averaged velocity, which is useful to estimate the mean flow velocity by using
the velocity-area method. Figure 2 shows the box-plot of the velocity index values for the five gage
sites as a function of the aspect ratio, W/D, in terms of the 5th and 95th percentile along with
the median, minimum, and maximum values. As can be seen, the velocity index is quite scattered at
each gage site, while the median value is inversely proportional with the aspect ratio, starting from
1.05 at Santa Lucia, the narrowest river section, and dropping to 0.86 at Pontelagoscuro, the widest
site. Therefore, the average value of the k index observed for the five river gage sites deviates from
the constant value of 0.85 used in the literature (e.g., [6,7]); for the Po River the mean value is close
to 0.85. It is worth nothing that k > 1 means the dip phenomenon is significant in the velocity profile,
causing a consistent curved shape approaching a parabolic one and leading to the depth-averaged
velocity being greater than the surface velocity.

Figure 2. Box-plot of the values of the velocity index, k, as a function of the aspect ratios, W/D,
for the five gage sites based on the velocity dataset. The line corresponding to the value of 0.85 is also
shown along with the name of the gage sites.
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Moreover, inspecting Figure 2, one infers that the velocity index is also influenced by the geometry
of the river site, such as expressed by the aspect ratio, and while the median value tends to decrease
for large aspect ratios (e.g., Pontelagoscuro site with W/D = 43.6), the distribution of the velocity index
is always scattered, even in the widest channel. Indeed, as can be inferred from Figure 2, the mean
value of k tends to be 0.85 for large values of the aspect ratio, while the variance seems to decrease
only for the largest W/D occurring at the Pontelagoscuro site.

It has to be stressed that the limited sample of river gage sites does not allow a general rule for
applying the velocity index to any river worldwide to be inferred. However, Figure 3 provides useful
insights into understanding why k = 0.85 cannot be considered a parameter to be applied to rivers
everywhere and for whatever flow condition.
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Figure 3. Mean and variance of the velocity index, k, for the selected gage sites as a function of
the aspect ratio (W/D).

At a first attempt, Figure 3 could be useful for addressing the uncertainty in estimating the velocity
index as a function of W/D. In this case, identifying the relationship expressing kmean and kvariance
as a function of (W/D) could be of support in understanding the variability of the velocity index
and, hence, to evaluate how much the depth-averaged velocity can vary at each vertical sampled
in correspondence to the surface velocity measurement. However, more gage sites are necessary to
identify a robust relationship that can be leveraged in addressing the uncertainty in the k estimation.

Therefore, the above results indicate that, by using new technologies as SVR and/or LSPIV,
the application of a velocity index when dip phenomena occur may affect the accuracy of the mean
flow velocity assessment and, hence, of the discharge.

4.2. Comparison of Depth-Averaged Velocities

Based on the previous analysis, it is evident that the assumption of a constant index velocity, i.e.,
0.85, might lead to an incorrect estimate of the depth-averaged velocity and, hence, of the discharge.
The variability of the index velocity for each vertical sampled in the cross-sectional flow area depends
on the presence of dip phenomena due to effect of secondary currents caused by side walls, bridges,
and wind effects, as well as the presence of floating material. These effects seem to tend to be smooth
for large values of the aspect ratio. Therefore, in the case of streamflow measurements the use of
the velocity index method should be applied with care and the reliability verified.

The entropy method proposed here allows the location of the maximum velocity below the water
surface (dip) for each vertical sampled in the flow area to be estimated, starting from the measured
surface velocity. The procedure illustrated in Figure 1 is applied for all measurements available at
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the selected gage sites and the results are compared with the ones obtained using the velocity index
method with k = 0.85.

To this end, the error in magnitude for the depth-averaged velocity is computed for each gage
sites and the results are shown in Figure 4 in terms of a box-plot referring to the median, 5th, and 95th
percentile. As can be seen and expected, the differences are more noticeable for the narrower gage
sites, with a median that does not exceed 6% and 11% for the entropy and the velocity index method,
respectively; while for the Pontelagoscuro site, the differences are less evident, even though a slightly
larger scatter is always present in the velocity index approach.

Figure 4. Box-plot of absolute percentage errors (ε) in estimating the depth-averaged velocity using
the entropy approach (Entr) and the velocity index (Vel Ind).

The entropy approach has been also compared with Chiu and Tung’s formulation [24], for which
the dip is computed without an iterative procedure. In this case, the dip computed by Equation (7)
is replaced in Equation (3), from which umaxv(xi) is computed and used in Equation (1). By way of
example, Figure 5 shows for the Rosciano and Pontelagoscuro gage sites the comparison between
the errors in depth-averaged velocity computed using the dip assessment by [25] and the proposed
iterative method. As can be seen, the iterative entropy approach performs better than the one based
on Chiu’s dip, and, as expected, the difference tends to decrease if the aspect ratio increases as for
the Pontelagoscuro site. Similar performances obtained at the Rosciano site are for the three sites with
lower aspect ratios (W/D). Table 2 shows the mean and standard deviation of the percentage errors in
magnitude of estimating the depth-averaged velocity by using Equation (7) and the method proposed
here for the dip assessment, showing again that the dip computed by the iterative procedure is more
accurate than that based on Equation (7).

Figure 5. Absolute percentage error in estimating the depth-averaged velocity using the dip assessment
by the iterative procedure proposed here (Entr Iter) and Chiu’s formula (Entr Chiu) for (a) the Rosciano
and (b) the Pontelagoscuro gage sites.
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Table 2. Mean and standard deviation of the absolute percentage error in estimating the depth-averaged
velocity using the dip assessment by the iterative procedure proposed here (Entr Iter) and Equation (7)
(Entr Chiu) for the investigated gage sites.

Gage Site
Entr Iter Entr Chiu

Mean (%) Standard Deviation (%) Mean (%) Standard Deviation (%)

Santa Lucia 9.8 8.8 12.5 9.1
Ponte Felcino 11 9.6 19 11.1
Ponte Nuovo 8.6 7.9 15.4 10.2

Rosciano 8.9 8.1 15.1 11.4
Pontelagoscuro 7.2 6.9 8.9 7.8

4.3. Comparison of Mean Flow Velocity and Discharge

Once the depth-averaged velocities are computed for each measurement, the cross-sectional
mean flow velocity can be estimated using the velocity-area method. Considering that the estimate
of dip across the flow area by the proposed approach is more robust than that based on Equation (7),
the analysis is here addressed for the proposed procedure and velocity index only.

Figure 6 shows the box-plot of the absolute percentage error in the computation of mean flow
velocity for the whole velocity dataset for the five investigated gage sites. As can be seen, the entropy
approach performs better than the velocity index one, as is inferable by comparing the median and
95th percentile of errors and the differences in terms of the median and scattering tend to smooth for
larger aspect ratios, as for the Rosciano and Pontelagoscuro gage sites. The mean percentage error
does not exceed 4.5% and 10% for the entropy and velocity index methods, respectively.

Figure 6. Box-plot of the absolute percentage error (ε) in estimating the cross-sectional mean flow
velocity using the Entropy approach (Entr) and the velocity index (Vel Ind).

Moreover, considering the performances of the two methods the greatest differences are identified
for higher mean flow velocity, as can be seen in Figure 7, where a comparison between the observed
discharge and the one computed by the entropy and velocity index approaches is shown for the Santa
Lucia, Ponte Nuovo, and Pontelagoscuro gage sites. Similar results are found for Ponte Felcino and
Rosciano. Figure 7 demonstrates that, for the velocity index method (k = 0.85), the maximum errors
shown in the graph in Figure 6 are referred to as the high discharges with an error greater than
26%. This proves that the velocity index method needs to be applied with care if high flood events
are of interest. Conversely, for the proposed entropy approach the maximum error in percentage is
obtained for the lower flows and does not exceed 14%, while for high floods the errors do not exceed
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3%, thus showing the benefit in using the method for the monitoring of high floods starting from
the sampling of surface flow velocity.

0

500

1000

1500

2000

2500

3000

3500

4000

4500

0 1 2 3 4 5 6 7 8

D
is
ch
ar
ge

(m
3/
s)

Measurement

Obs

Entr

Vel Ind

0

100

200

300

400

500

600

0 1 2 3 4 5 6 7 8 9 10 11 12

D
is
ch
ar
ge

(m
3/
s)

Measurement

Oss

Entr

Vel Ind

0

20

40

60

80

100

120

140

160

180

200

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

D
is
ch
ar
ge

(m
3/
s)

Measurement

Obs

Entr

Vel Ind

a) b) c)

Figure 7. Comparison between observed discharge (Obs) and discharge computed by the Entropy approach
(Entr) and the velocity index (Vel Ind) for (a) Santa Lucia; (b) Ponte Nuovo; and (c) Pontelagoscuro.

Finally, the correlation between umaxv values observed and computed by the entropy method for
each vertical is found good with the coefficient of determination, R2, varying from 0.84 for the narrower
sites (Santa Lucia and Ponte Felcino) to 0.94 for the wider ones. Moreover, by way of example, Figure 8
shows for the highest flood in the dataset of the Ponte Nuovo gauged site, the comparison between
the velocity profile at four different verticals computed by the entropy method, and the velocity points
sampled by current meter. It is worth noting that the velocity profiles are obtained just by sampling usurf,
and no information is used in terms of dip. It is noticeable how the velocity profile shape computed by
Equation (1) is able to embed the observed points and, particularly, umaxv. Similar performances are
obtained for the velocity dataset of the other investigated gage sites.
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the Ponte Nuovo gage site. x is the distance from the left bank, while the y-axis represents the vertical
where umax occurs.
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5. Conclusions

The trialing of emerging no-contact technologies, like SVR and LSPIV, for surface flow velocity
measurement in rivers is of considerable interest and represents an effective alternative to conventional
monitoring. These new technologies allow the issues related to the limited availability of hydraulic
information due to low flow conditions and the difficulties and dangers to operators measuring
velocity points in the lower portion of flow area using standard sampling techniques to be overcome.

In this context, this work addresses the crucial matter of turning the surface velocity into
depth-averaged velocity, even if secondary current effects occur, for whatever natural channel geometry,
providing some useful insights.

Based on the field data used, it has been shown that the proposed entropic algorithm well lends
itself to being applied when advanced no-contact technology is used to estimate the discharge by
monitoring the surface flow velocity across the river. The dip phenomenon, having a fundamental role
in depth-averaged velocity assessment, is accurately identified by the entropy procedure for whatever
flow conditions at the investigated gage sites.

The velocity index method, with k = 0.85, is of little use for rivers with a lower aspect ratio,
with significant errors in estimating high discharges; while for wider rivers, its performance is found
quite similar to that of the entropy method, considering that the dip phenomena are quite negligible.
The relationship found between the mean and variance of the aspect ration of the k index needs to be
further investigated by extending the velocity dataset and the case studies.
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Abstract: The space time image velocimetry (STIV) technique is presented and shown to be a useful
tool for extracting river flow information non-intrusively simply by taking surface video images.
This technique is applied to measure surface velocity distributions on the Uono River on
Honshu Island, Japan. At the site, various measurement methods such as a radio-wave velocity
meter, an acoustic Doppler current profiler (ADCP) or imaging techniques were implemented.
The performance of STIV was examined in various aspects such as a night measurement using
a far-infrared-ray (FIR) camera and a comparison to ADCP data for checking measurement accuracy.
All the results showed that STIV is capable of providing reliable data for surface velocity and water
discharge that agree fairly well with ADCP data. In particular, it was demonstrated that measurements
during the night can be conducted without any difficulty using an FIR camera and the STIV technique.
In particular, using the FIR camera, the STIV technique can capture water surface features better than
conventional cameras even at low resolution. Furthermore, it was demonstrated that measurements
during the night can be conducted without any difficulty.

Keywords: river flow measurement; surface flow; image-based technique; Space Time Image
Velocimetry (STIV); far-infrared camera; Large Scale Image Velocimetry (LSPIV)

1. Introduction

Intensive and record-breaking rainfall caused severe flood disasters in the world and in Japan in
recent years partially due to the global warming [1]. For example, in July 2011, Niigata and Fukushima
areas suffered from torrential rain with levee breaches and inundation disasters at many locations due
to the maximum flood in recorded history. In September 2011, typhoon No. 12 directly hit Nara and
Wakayama Prefectures causing landslide and sediment-related disasters in a wide area. Furthermore,
in July 2012, a total of eight first-class river systems in the northern part of Kyushu Island were severely
damaged twice by a torrential rain brought by a seasonal rain front. In 2015, the Kinugawa River,
a first-class river in Kanto area, suffered from a levee breach, causing a huge inundated area while
destroying nearby houses. In the Japanese river management system, 109 rivers are designated as
first-class rivers, for which the Japanese government is responsible for the management of major
river reach. The other smaller rivers of more than four thousand are classified as second-class rivers,
for which the local government takes care of the river reach.

It should also be mentioned that huge flood disasters are taking place every year in the
world; e.g., Australia, Brazil, China and Thailand were struck by a record-breaking flooding in
the past decades [2]. A specific feature of the recent flood is characterized by the fact that heavy
rain with an hourly rainfall intensity of about 100 mm continues for several hours, and this causes
a sudden increase of river discharge, which results in an inundation in the worst case. In order to
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be prepared for such disasters, it is of vital importance to collect and analyze hydrological data such
as rainfall intensity, water level and flow discharge. The acquisition of such data is important for
the purpose of understanding rainfall run-off processes correctly while tuning various parameters
included in a run-off model [3,4]. Among the hydrological data, peak discharge is the most important
information because it can determine the flow capacity of a river section in response to a heavy rainfall.
However, contrary to the floods in continental large-scale rivers, which last several days or weeks,
typical floods in Japan have a duration of several hours; therefore, it becomes difficult to correctly
measure the flow at the right timing especially when the peak flow occurs during the night time.
In the past, discharge measurements in Japan have been conducted mainly by using a float [5] with its
length dependent on the water depth. In Japan, float is made of cardboard pipe in which a certain
amount of sand is contained to control its specific gravity close to unity when it floats. According
to the Japanese regulation, floats with different lengths are used depending on the water depth;
e.g., two-meter float is used when the water depth is greater than 2.6 m and less than 5.2 m.

However, there exist several critical defects in this method because a measurement site of a bridge
can be submerged in a huge flood, as actually occurred in the 2011 Niigata Flood. In this case,
the measurement itself became impossible and one missed a chance to measure the peak flow.
Furthermore, the road to the measurement site was closed due to inundation. In the case of the flood of
Kyushu in 2012, the water level rose to the height of the river bank and overflowing flooding actually
occurred. Particularly in the dark night time, it is difficult to apply the float method as the measurement
might become dangerous in such a condition. In addition, even if measurement is possible, the float
may seriously meander under the influence of large-scale river turbulence, which may greatly reduce
measurement accuracy.

In the light of such a present status of discharge measurement, the so-called non-intrusive
measurement techniques have been paid attention to in recent years, such as a radio-wave velocity
meter (RVM) [6,7] or imaging techniques [8–12]. The RVM is usually installed at a bridge to measure
streamwise surface velocity continuously at one point by using the effect of the Doppler shift of the
surface flow [6,7]. However, the instrument has to be shifted back and forth along the bridge when
trying to measure a cross-sectional velocity distribution or a large number of the instruments have to
be installed along a bridge with a high cost. An alternative method is the use of surface-flow video
images taken from a river bank. The idea behind the use of video images is that surface flow features
composed of surface ripples or floating objects are assumed to be advected with the surface velocity as
long as the wind effect is negligible. Among the image-based techniques, such as a large-scale image
velocimetry (LSPIV) [13–15] or the space-time image velocimetry (STIV) [16–20], STIV seems to be
more robust under deteriorated image condition and utilized in the present research. The non-intrusive
methods are very useful and effective as they can measure the flow velocity information safely from
a remote place. However, the image obtained by a conventional video camera has a shortcoming
incapable of recording favorable images during the night. Since peak flows frequently occur in a dark
condition in Japan, the existing river monitoring systems’ installed conventional cameras are difficult
to use for flow measurements. In order to overcome this weak point, we propose a method to use
a far-infrared ray (FIR) camera in river flow measurements. It is worth mentioning that traditional
invasive instruments such as propeller ammeters, electromagnetic flowmeters or ADCP cannot be
applied during high-speed floods. On the other hand, STIV, for example, can measure velocities over
5 m/s [16]. In this paper, we examined the traceability of the surface texture composed of surface
ripples without tracers to the surface flow, and discussed the measurement accuracy of river flow
rate by using the image obtained by the FIR camera. Furthermore, robustness of the STIV technique
to LSPIV in measuring streamwise velocity components when using deteriorated images of low
resolution will be shown.
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2. Outline of Space-Time Image Velocimetry

2.1. Image Rectification by Camera Calibration and Search Lines

STIV is an image analysis technique to measure streamwise water surface velocity distributions
from video images usually taken from a riverbank. This technique assumes that features that appeared
on the water surface would follow the surface velocity when the wind effect is negligible. The idea
to use surface feature advection is the same as the radio-wave velocity meter or LSPIV. The aspect of
STIV different from the other techniques is that STIV pays attention to the time- and space-averaged
velocity along a line segment set in the streamwise direction. The line segment is treated as a search
line for velocity estimation.

In the first step of STIV, establishing a relation between the screen coordinates (x, y) and the
physical coordinates (X, Y, Z), by using the following collinearity equation is required:

x = −c
[

a11(X − X0) + a12(Y − Y0) + a13(Z − Z0)

a31(X − X0) + a32(Y − Y0) + a33(Z − Z0)

]
+ x0 (1)

y = −c
[

a21(X − X0) + a22(Y − Y0) + a23(Z − Z0)

a31(X − X0) + a32(Y − Y0) + a33(Z − Z0)

]
+ y0 (2)

where c is the focal distance, aij with 1 ≤ i ≤ 3 and 1 ≤ j ≤ 3 are mapping coefficients, (X0, Y0, Z0) is the
physical coordinates of the camera, and (x0, y0) is the center of the screen image. The coefficients can be
determined via a camera calibration procedure by using at least six ground control points. The image
rectification can be performed by substituting the water level data H to Z in the above equations.
An example of the image rectification for an image obtained by using a normal high definition video
camera is shown in Figure 1, together with the search lines set parallel to the streamwise direction.
The length of the search line is 17.6 m and the transverse spacing is 5.6 m in this case. The set of search
lines covers almost the whole width of the river of 140 m. The direction of search lines is determined by
visual inspection after generating a rectified image, i.e., the lines are drawn parallel to the riverbank.

(a) (b) 

Figure 1. Example of an ortho-rectified image (b) for an image (a) obtained by using a normal high
definition video camera, each with search lines.

2.2. Space Time Image

After the set of search lines, space time images (STIs) are generated for each search line by taking
brightness distribution in the search line as the horizontal axis and its evolution with time as the
vertical axis. Several examples of STI in a transverse direction is shown in Figure 2. The horizontal
length is 17.6 m and the downward vertical axis is ten seconds. Since the frame rate of image sampling
is 30 frames per second, the vertical length is composed of 300 images. The images are enhanced for
a better recognition of surface features by applying the histogram equalization technique. It is clearly
seen that an inclined pattern is generated in each STI, indicating that overall surface features are
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advected along the search line with the flow at almost constant speed, although there are some other
noisy patterns created by surface wave motion moving in the direction different from the main flow.
The average gradient of the pattern corresponds to the local time- and space-averaged mean velocity
along the search line.

Figure 2. Space time images obtained by normal high definition camera at several transverse location
(unit in meter): horizontal scale is 17.6 m and downward vertical scale is ten seconds. Image are
enhanced for a better recognition. The dotted line is the main orientation angle of the pattern.

2.3. Measurement of Orientation Angle of the Pattern

In the original STIV, the average orientation angle f of a STI is obtained by dividing the STI into
small segments and calculating the local gradient for each segment as indicated in Figure 3. The local
orientation angle φ can be calculated using the following relations [17]:

tan 2φ =
2Jxt

Jtt − Jxx
(3)

where
Jxx =

∫
A

∂g
∂x

∂g
∂x

dxdt (4)

Jxt =
∫

A

∂g
∂x

∂g
∂t

dxdt (5)

Jtt =
∫

A

∂g
∂t

∂g
∂t

dxdt (6)

g(x,t) is the grey level intensity in STI and A is the area of the small segment indicated in Figure 3a.
Typically, A is a square with a side length of fifteen pixels. Figure 3b provides a distribution of the
coherency defined by

Coh =

√
(Jtt − Jxx)

2 + 4J2
xt

Jxx + Jtt
(7)

which is a measure of the image pattern coherence and takes a value between zero and one;
for an ideal local orientation, its value becomes one, and, for an isotropic gray image, it becomes zero.
Therefore, it is possible to calculate the mean orientation angle by preferably obtaining clearer
orientation information by taking coherency as a weighting function:

φ =
∫

φCoh(φ)dφ/
∫

Coh(φ)dφ (8)
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Figure 3c is a weighted histogram of the orientation angle, showing a distribution with a peak.
Since the length and time scales of the STI are given, the mean velocity along the line segment can be
calculated by the following relation:

Us =
Sx

St
tan φ (9)

where Sx is the unit length scale along the search line (m/pixel) and St is the unit time scale of the
time axis.

Figure 3. Application of gradient tensor method: (a) local angle in segment (φ); (b) coherency
distribution; (c) histogram of orientation angles.

3. Outline of the Field Measurement

3.1. Study Area

Field investigations were conducted from 19 April to 22 April in 2012 at the Negoya Bridge of
the Uono River, which is a major tributary of the Shinano River, the longest river in Japan. The site is
located at Horinouchi in Uonuma City of Niigata Prefecture in the middle of Japan. This location was
chosen because daily snowmelt flood occurs frequently in early spring, and we could actually observe
the increase of water level of about 40 cm due to the snowmelt during our measurements every day as
shown in Figure 4. The water level sensor of a pressure type was temporally installed near the panel
R04 (Figure 5). On the measurement day, the water level rose up to the full width of the lower channel
with a width of about 150 m, while the bank to bank width is about 220 m. The measurements were
mainly conducted at the cross-section downstream of the bridge every hour in order to compare the
performance of various measurement methods, i.e., STIV with normal cameras, STIV with a FIR camera,
RVM, and an ADCP. Floats were also supplied from the bridge to compare their velocity with the
surface velocity measured by the above methods. Figure 5 is the measurement site showing the location
of cameras and mark point panels to be used for a camera calibration in STIV measurement. The panels
were carefully set so that at least six of them are visible for each camera screen. The measurements
were conducted jointly with staffs from International Centre for Water Hazard and Risk Management
(ICHARM) under the auspices of UNESCO and several consulting companies.
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every hour measurement

Figure 4. Water level hydrograph at the measurement site.

 

Figure 5. Measurement site description at the Negoya Bridge on the Uono River. L: Panels on the
left bank; R: Panels on the right bank; ADCP: acoustic Doppler current profiler; V.M.: velocity meter;
FIR: far-infrared-ray; ICHARM: International Centre of Excellence for Water Hazard and Risk Management.

3.2. Image Acquiring Methods

In the present observation, several cameras took images of the water surface from various angles.
The cameras are an FIR camera (Camera A in Figure 4) and four normal high-definition video cameras
(cameras B to E). Cameras A, B and C viewed the same water surface zone downstream of the bridge
where ADCP and radio-wave measurements were executed. Camera D and Camera E took images
just upstream and far upstream of the bridge, respectively. Figure 5 shows how the measurement were
conducted at the site. It shows that the image-based measurement technique is quite simple, i.e., just
take surface images from a riverbank, taking care about the size of the field of view. The important point
is to set at least six ground reference points (GRPs) within the field of view for the ortho-rectification
of images.
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The measurements were repeated every hour for about five minutes from 10:00 a.m. to 8:00 p.m.
The FIR camera (FLIR Systems, SR-334, Wilsonville, OR, USA), has a resolution of 320 by 240 pixels and
its image sampling frequency is 7.5 fps, while normal high definition (HD) cameras have a resolution
of 1920 by 1080 pixels with 30 fps. The video images of the FIR camera were recorded as an NTSC
(National Television System Committee) format on an analogue video recorder with a size of 640 by
480 pixels at 30 fps as indicated in Figure 4. Therefore, the recorded images were somewhat blurred
with a staggering frame sequence. The relationship between the screen and physical coordinates were
determined from the location of mark point panels for each coordinate. Typical panels are made of
plywood with a size of 1 m by 1 m. As the resolution of the FIR camera is not high, and, at the same
time, it was difficult to detect the panels on the other side of the river about 150 m away from the
camera, pocket heating pads were attached on the panel for improving the visibility of panel locations.
Since the air temperature is very low (about 5 ◦C), heated spots were clearly visible in FIR camera
screen even from a distant location.

3.3. Comparison of Captured Images

In order to demonstrate the interest of a FIR camera for river flow measurement, images captured
in the morning and at night are compared in Figure 6 together with the images captured by a normal
camera. It is obvious from the upper images in Figure 6 that the FIR camera can capture the river
surface pattern clearly even during the night with low light condition, while a normal camera can
recognize only the water surface just beneath street lamps at the bridge as indicated in lower left
image in Figure 6. It can be considered that an FIR camera senses only the heat differences of objects,
but the intensity of the received infrared ray changes depending on the slope of reflected surface
even when the object temperature is the same. It should be noted that the original image size is only
320 by 240 pixels in FIR compared with the normal image size of 1920 by 1080 pixels. Although the
surface pattern by FIR camera seems to be rather smoothed out in the night image as seen in Figure 6b,
advection of the pattern in the downstream direction was observed in STI, which is a significant
advantage over conventional cameras when developing a real-time measurement system using STIV.

(a) 10:00 (b) 20:00

(c) 10:00 (d) 20:00

Figure 6. Comparison of image quality by an FIR camera and a normal high definition video camera:
(a) image by FIR camera in the daytime; (b) image by FIR camera at night; (c) image by normal HD
camera in the daytime; (d) image by normal HD camera at night.
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Figure 7 shows 25 search lines set on oblique and rectified images for the FIR camera A. The search
lines were drawn parallel to the river bank at an equal spacing in a similar manner indicated in Figure 1.
Its length is 17.8 m and the spacing is 5.7 m, covering the river width of about 140 m. It can be noted
in Figure 7b that the image texture within a rectangle region becomes significantly blurred after
the ortho-rectification. This is because the pixel image is greatly expanded for the region far from
the camera location. As an example, the original spatial resolution along the farthest search line is
33.6 cm/pixel in this case, which is a very large value trying to reproduce the actual water surface
roughness pattern. Because of this insufficient information of image texture in that region, it was
difficult to apply LSPIV to the whole width since LSPIV uses a pattern matching technique to track
the surface texture. As an example, Figure 8 provides the results by LSPIV applied to sequential
ortho-rectified images such as shown in Figure 7b. The images ortho-rectified with a pixel size of
0.2 m and a time interval of 0.133 seconds were used for the analysis. The template size for the
pattern matching in PIV was set at 33 by 33 pixels, which is 6.6 by 6.6 m in physical scale. In Figure 8,
instantaneous vectors are superposed to show variations in data. It is obvious that variation in data
increases significantly with the distance from the left bank where the FIR camera is located. Since the
actual flow direction is almost unidirectional, the scatter in the data is unreliable. This is because the
image is largely stretched in the transverse direction in the process to ortho-rectification. On the other
hand, the data nearer to the left bank shows almost uniform variation, indicating that reliable data are
obtained only until about half-width, i.e., about 70 m, from the left bank. This feature suggests that the
flow rate cannot be analyzed from the LSPIV in the cases where the image resolution is low and the
image stretching becomes large in the image transformation, such as in the present situation.

(a) original image (b) ortho-rectified image 

Figure 7. Images from FIR camera A at 10:00: (a) original image taken from the left bank with search
lines, (b) ortho-rectified image of (a).

 

Figure 8. Superposed instantaneous velocity vectors measured by large-scale image velocimetry (LSPIV).
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In order to show good sensitivity when using spatiotemporal images, Figure 9 shows the STI
obtained by the FIR camera at almost the same position as the STI shown in Figure 2 obtained by a high
resolution camera. The images are enhanced by the same technique as for Figure 2. Although the FIR
camera used in the measurement have only one sixth of the resolution of the high definition camera,
similar patterns appear in the resulting STIs even at the farther locations from the camera location.
This feature of STI is the source of robustness in applying STIV to various types of flood flows [16].

 

Figure 9. Space time images obtained by an FIR camera at several transverse locations (units in meters):
horizontal scale is 17.6 m and downward vertical scale is ten seconds. Images are enhanced for a better
recognition. The dotted line is the main orientation angle of the pattern.

3.4. Traceability of Water Surface Features

In using non-contact techniques for surface flow measurement such as RVM, LSPIV or STIV,
water surface features generated by turbulence are assumed to be advected with the surface flow
velocity as previously mentioned. In order to validate this assumption, an STI for the search line
intentionally set along a trajectory of a float captured by camera B is shown in Figure 10 together
with an STI by an FIR camera for the same location. The trajectory of the float is visible as a straight
line as seen in Figure 10a, indicating that the float moved at a constant speed along the search line,
from which its speed can be easily obtained from the slope of the trajectory. In Figure 10a, there appears
a texture almost parallel to the float trajectory. An STI at the same location obtained by an FIR camera
is shown in Figure 10b. The important point is that the gradient of the oblique patterns obtained by the
two cameras is almost the same as that of the float trajectory. Referring to the four straight lines of the
same gradient superposed in the figures, a good agreement of the speeds can be visually recognized,
indicating the traceability of surface features to the surface flow.

(a) normal camera (b) FIR camera

Figure 10. Comparison of space time image (STI) captured downstream of the bridge in the daytime:
(a) STI captured by normal HD camera for a search line along a float trajectory; (b) STI captured by FIR
camera for the same search line as (a).
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Another example for examining traceability of surface features is shown in Figure 11,
which compares a trajectory of a piece of driftwood and surface features. Since these STIs are obtained
from the camera D located upstream of the bridge, surface features displays straight uniform patterns.
This is because the water surface was not disturbed by the pier of the bridge as in the downstream
region. The trajectory of driftwood coincides with the surface pattern gradient so that it seems to
be embedded in the pattern. This suggests that measurements by STIV should be conducted on the
upstream side of the bridge, without disturbance by the bridge pier

 

driftwood trajectory

16.3 m 19.0 m

5 s 

10 s 

Figure 11. Comparison of STIs with and without a driftwood obtained at the upstream of the bridge
from camera D shown in Figure 5.

Finally, Figure 12 compares the trajectory of a luminous float on the STI captured by a normal
camera and STI by an FIR camera obtained at night. The luminous float is used conventionally in
a dark condition in Japan. It has a fluorescent part at the top of the normal float so that an observer can
easily detect the light from the river bank. Again, due to the low spatial resolution of the FIR camera
used in the present study, oblique patterns displayed in Figure 12b do not have sharp outlines, but it
is possible to determine the slope of the general pattern even in such a deteriorated image condition.
Referring to the parallel lines drawn in the figure, the gradient of the light trajectory agrees quite
well with the pattern slope by the FIR camera. Therefore, the conventional measurement during the
night by using a luminous float can be replaced by STIV using an FIR camera. In this respect, STIV is
much more robust than LSPIV in which a reliable matching of image pattern has to be established in
a sub-pixel level. Alternatively, STI containing a float trajectory, such as indicated in Figure 12a, can be
used for STIV measurement when an FIR camera is not available. The gradient of the pattern can be
obtained either manually or automatically with the aid of an STIV algorithm [17].

(a) normal camera (b) FIR camera 

float trajectory 

15.4 m 17.7 m 

5 s 

Figure 12. Comparison of STI obtained at night: (a) STI captured by normal HD camera for a search
line along a luminous float trajectory; (b) STI captured by FIR camera for the same search line as (a).
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4. Results and Discussion

4.1. Comparison with Other Measurement Methods

As mentioned previously, the measurements were conducted every hour from 10:00 a.m. to 8:00 p.m.
During the measurements, the water level rose about 50 cm due to the melting of snow from the
mountainous region. The water level repeated up and down changes due to the snowmelt in the
daytime as has been indicated in Figure 5. Figure 13 shows surface velocity distributions downstream
of the Negoya Bridge at 1:00 p.m. and 8:00 p.m. measured by various methods, i.e., STIV by the
far infrared camera on the left bank, STIVs by normal camcorders on the left and the right banks,
a radio-wave velocity meter, and an ADCP. The cross-sectional bottom shape measured by ADCP was
also indicated in the figure.

 
(a) 13:00

 
(b) 20:00

Figure 13. Comparison of surface velocity distributions by various techniques.

As for the ADCP data, the streamwise velocity component closest to the water surface, about 30 cm
below it, were compared as representing the surface velocity. Since the ADCP measurement is
conducted by tagging the boat-mounted sensor manually in a transverse direction, the data indicated
are almost instantaneous values and have a great scatter especially in the region downstream of the
bridge piers, where large-scale unsteady wake flow is generated. On the other hand, measurements by
a radio-wave velocity meter were conducted by shifting its position step by step manually along the
bridge. It measures a locally averaged velocity within a circular spot with a diameter of a few meters
on the water surface by utilizing the Doppler shift effect. The obtained data falls into a scattered range
of ADCP data.

Regarding the measurements by STIV, plots by the normal video cameras and the FIR camera
show a large scatter within the wake flow region with the maximum relative error more than 0.5 m/s
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as shown in Figure 13a. Compared to the ADCP data, the FIR camera produced a favorable velocity
distribution with a relative error of about 10%, which also agreed well with the RVM data. Since normal
cameras are impossible to use at night, STIV by the FIR camera are compared with ADCP and RVM as
shown in Figure 13b. Keeping in mind the scatter in ADCP data, data by the FIR camera agrees quite
with the other data with a relative error of about 10%.

Comparing the STIV data obtained by normal video cameras and the FIR camera, normal cameras
record the light reflection from the water surface roughness while the FIR camera mainly detects the
temperature difference as well as the radiation intensity that varies with the roughness shape. Since the
spatial resolution along a search line decreases with the distance from the camera, there should be
some limitation in terms of the width of the river that STIV can be applicable. According to the author’s
experience, the present case with a width of about 150 m might be the maximum distance at which
STIV can yield reliable data.

Regarding the transverse bed profile at the section downstream of the bridge shown in Figure 13,
the river bed is deeper closer to the left bank and a ridge-like deposition occurs downstream of
a bridge pier. Another lower deposition can be found closer to the right bank just after the other
bridge pier. Generally speaking, water surface velocity distributions measured by the above methods
agree well with each other in the entire cross-section with its distribution influenced by the bottom
variation, i.e., faster in a deeper zone and slower in a shallower part. The maximum velocity occurred
near the left bank increased from about 2.8 m/s at 1:00 p.m. to about 3.3 m/s at 8:00 p.m. due to the
increase of discharge.

In order to examine the effect of the bridge piers that disturb the surface features, time variation of
velocity distributions measured by STIV with Camera D just upstream of the Negoya Bridge is shown
in Figure 14. The location of the Camera D is indicated in Figure 4. As can be seen from Figure 10
obtained at the upstream section, the oblique patterns that appeared on the STI show continuous
straight features with little disturbance, indicating that surface features are advected steadily at
a constant speed without the influence of hydraulic structures. As a result, the transverse velocity
distributions are much smoother than that shown in Figure 13. This feature is important for improving
the measurement accuracy by STIV. Unfortunately, we could not calculate the flow rate because the
riverbed shape of this section was unknown, but once the topographic data is available, more reliable
discharge data could be obtained.

Figure 14. Surface velocity distribution measured by space time image velocimetry (STIV) at the
upstream section of the bridge.

4.2. Discharge Measurement Accuracy

Figure 15 compares a discharge directly measured by ADCP and estimated discharges from
surface velocity distributions by STIV and a radio-wave velocity meter. In integrating the velocity
distribution measured by ADCP, the surface velocity Us was assumed to be the same as the data 30 cm

109



Water 2017, 9, 269

below the water surface. In using STIV, discharge was obtained by dividing the river width by the
interval of the search line Δyi, multiplying the flow velocity at the search line by a surface velocity
ratio α, the local flow depth hi, and finally summing the piecewise discharges. Therefore, the discharge
can be calculated by the following formula:

QADCP/RVM =
n

∑
i=1

αUsihiΔyi. (10)

 

Figure 15. Comparison of measured discharges.

Similar flow rate calculation is also performed by RVM, but the number of measurement
cross-sections by STIV was much larger than RVM; i.e., 25 sections in STIV and eight sections in
RVM. In STIV, the number of sections can be increased easily, but it becomes physically difficult to
conduct a simultaneous measurement in using RVM. In the present discharge calculation shown in
Figure 14, the conventional value of 0.85 was used for α, and, as a result, underestimated values were
obtained when compared to ADCP data. Therefore, using a value of 0.9 for α would increase the degree
of coincidence at the section downstream of the bridge. As shown in Figure 14, even with a value of
0.85 for α, the relative error is less than ten percent, which is acceptable in the practical usage of STIV.

Figure 16 compares the discharge hydrographs obtained by the above methods. The discharge
increased about 200 m3/s due to the snowmelt. The discharge began to increase just after noon,
reached its peak at 7:00 p.m. and decreased again after that, which indicates a typical feature of
snowmelt flood in Japan.

Figure 16. Discharge hydrographs obtained by various techniques.
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5. Conclusions

Velocity fields of the snowmelt flood that occurred in the Uono River were measured by various
cutting-edge methods such as imaging techniques, ADCP and radio-wave velocity meter. Among them,
imaging techniques used to be considered difficult to apply during the night. However, this shortcoming
was overcome by introducing a far-infrared ray camera in the present study for the first time for
flood flow measurement with surface velocities more than 3 m/s. Puelo et al. [21] used a thermal
infrared camera to measure small stream flows, but the velocity level was low with the maximum
velocity less than 0.9 m/s, and it was not a flood measurement. Regarding the traceability of surface
features, the assumption that surface features are advected with the surface velocity was verified by
directly comparing it with the velocities of floating objects such as driftwood or floats in a space-time
image. It was also made clear that the measurement accuracy of discharge by STIV was comparable to
the direct measurement by ADCP with a relative error less than ten percent. In the actual situation
of discharge measurements, measurement sections should have to be located upstream of a bridge
because surface features at the downstream section can be destroyed by wake flows generated at the
piers. Regarding the use of LSPIV, another widely-used image-based technique, it yielded erroneous
values where the stretching of the image in the transverse direction is remarkable. On the other hand,
STIV yielded stable results even where the image resolution and quality is low farther from the camera
location. In that sense, STIV is a promising technique for measuring river discharges safely from
a remote place even for an overtopping flood flow. However, the conventional surveillance camera such
as closed-circuit television (CCTV) is difficult to use at night with little surrounding light. Therefore,
an FIR camera is recommended for establishing a real-time measurement system that works all the
time. Further investigation is required to examine the effects of strong wind or heavy rain on the
accuracy of STIV measurements.
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Abbreviations

The following abbreviations are used in this manuscript:

ADCP Acoustic Doppler Current Profiler
RVM Radio-wave Velocity Meter
FIR Far-Infrared Ray
ICHARM International Centre for Water Hazard and Risk Management
LSPIV Large Scale Particle Image Velocimetry
STIV Space Time Image Velocimetry
STI Space time image
CCTV Closed-circuit television
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Abstract: Based on a high-quality dataset of 713 daily precipitation series, changes in daily
precipitation events during 1960–2013 were observed in China’s ten largest river basins. Specifically,
the amount of precipitation in four categories defined by fixed thresholds and their proportion
on total precipitation were analyzed on annual and seasonal time scales. Results showed annual
precipitation increased by 1.10 mm/10yr in China, but with obvious spatial differences. Regionally,
annual precipitation increased significantly in northwestern rivers, upstream areas of the Yangtze
River, the Yellow River, southwestern rivers (due to increase in light and moderate precipitation); and
in southeastern rivers, downstream areas of the Yangtze River, and the Pearl River (due to increase in
heavy and extreme precipitation). Annual precipitation decreased significantly in the mid-Yangtze
River and upstream Pearl River (due to decrease in light, moderate, and heavy precipitation).
Seasonally, precipitation decreased only in autumn; this was attributable to a decrease in light
and moderate precipitation. Results show that the distribution of precipitation intensity over China
has shifted to intense categories since the 1960s, there has been an increase in moderate precipitation
in Northwestern and Northern China, and an increase in extreme precipitation in Southeastern China.
This shift was detected in all seasons, especially in summer. Precipitation extremes were investigated
in the categories of extreme precipitation and results show that the risk of flood has been exacerbated
over the past half-century in the Huaihe River, the mid- and lower Yangtze River, the Pearl River, and
southeastern rivers.

Keywords: daily precipitation; precipitation distribution; precipitation extremes; river basin

1. Introduction

As global climate experiences significant change with increasing concentrations of greenhouse
gasses [1], assessing changes in climatic variables has become a key issue for researchers around the
world [2]. Although it is widely recognized that global temperature is increasing significantly, there
are large uncertainties concerning precipitation change because of variabilities in time and space [3].
Revealing changes in precipitation receives great interest because of its importance to agriculture,
water supply, and natural hazards, such as droughts and floods.

Precipitation can be observed and analyzed in terms of long-term mean state and the intensity
and frequency of precipitation events. Global land precipitation has increased by about 2% since
1900 [4], but this increase has been neither spatially nor temporally uniform [3].

A study of the US also showed a precipitation increase during the 20th century; the increase was
most pronounced during the warm season [5]. To detect changes in the frequency and intensity of
precipitation, daily precipitation is usually categorized using two methods: percentile thresholds and
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fixed thresholds. They are both widely used in many studies [1,5–7]. Brunetti et al. observed changes
in daily precipitation within percentile categories across Italy and found that the significant decrease
in frequency of precipitation was due to a decrease in low-intensity precipitation events [6]. Using
fixed thresholds, Karl et al. observed that the proportion of total precipitation contributed by extreme
precipitation had increased significantly within the US [8]. In the hydrological cycle, the frequency and
intensity of precipitation directly affect rainfall-runoff processes and further determine regional water
resources. For example, in forest stands, the proportion of interception loss could be up to 100% in light
precipitation, while the loss could be 25% in heavy precipitation [9]. Percentile categories are generally
defined by specific quantiles of the precipitation distribution at a single station, such as the top 5% for
extreme precipitation [6] and bottom 50% for light precipitation [7]. Li et al. showed extreme events by
the top 5% of precipitation distribution was about 10~20mm/d in Western China [10]. Additionally,
the mean intensity of precipitation in the same percentile at different stations, therefore, could be
different. Although percentile categories benefit the detection of precipitation changes across regions
and seasons [1,6], fixed categories could be more useful in hydrological models, as rainfall-runoff
processes generally derive from the amount of precipitation events across a river basin.

In recent years, changes in precipitation characteristics have also been widely discussed in China.
Liu et al. found that the frequency of precipitation decreased by a significant 10% over the same period
for most of China, except the northwest [1]. Precipitation extremes have also been studied extensively
in China. A more recent study by Wu et al. found that heavy precipitation events had higher rates of
change than did mean precipitation [7]. The river basin is an important unit in hydrological processes.
Water resource management is principally practiced at the basin scale [11]. It is, therefore, valuable to
identify precipitation changes at that scale. Precipitation extremes are one focus in studies over basins
in China. Chen et al. studied precipitation extremes in large basins across China [12] and, similarly,
studies were also performed in the Yangtze River [13], Pearl River [14,15], Lancang River [16], and
Yellow River [17]. Zhang and Cong analyzed the mean intensity and frequency of precipitation events
in large river basins across China from 1956 to 2005. Their results indicated that precipitation intensity
had significantly increased, while precipitation frequency had decreased in all basins except for rivers
in the northwest [11]. Changes in the distribution of precipitation intensity, however, are rarely
explored in river basins across China. In hydrology, if the distribution of precipitation intensity shifts,
even when there is no change in total precipitation, runoff quantities would also significantly change
due to changes in rainfall-runoff processes. A relative study is, therefore, urgently needed in China.

Climatic variability research, however, is not an easy task. One of the greatest problems in
examining climate change is a lack of high-quality long-term data [6] because of non-climatic noise
in climate signals [18]. Although researchers have understood that developing reliable datasets is
essential in climate-change studies, checking prospective datasets and adjusting for biases has received
little attention around the world and in China.

This study focused on changes in daily precipitation of different intensities over large river
basins in China and attempted to reveal changes in the distribution of precipitation intensity in these
basins. The research first considered issues of quality control, homogeneity, and completeness and
a high-quality dataset of daily precipitation was produced. Second, changes in daily precipitation
were analyzed on annual and seasonal time scales during the past half-century. Specifically, fixed
thresholds were used to categorize precipitation events. The amount and proportion of precipitation
by category and annual or seasonal precipitation were calculated for every station each year, and then
the trends were analyzed across China and its ten largest river basins. This paper is organized as
follows. Section 2 describes the data, data-processing methods, and analysis methods used in this
study. Results and analysis are presented in Section 3, and the discussion and conclusion are given in
Section 4.
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2. Data and Methodology

2.1. Data and Pre-Processing

The observed daily precipitation dataset obtained from the Chinese National Meteorological
Center was used in our study. It contained 819 stations for the period from 1 January 1951 to
31 December 2013. This dataset is well distributed across China, including the Tibetan plateau [1], and
is widely used in all kinds of studies [19–24]. In the 1950s, however, there were only about 160 to 400
stations with available data [25]. We, therefore, restricted our study to the period 1960–2013.

2.1.1. Quality Control

Quality control is an essential part of climatic variability research [26]. The dataset used in this
study was compiled with quality control procedures including the extreme value test, consistency
check, and spatial outliers test [11]. A detailed description of these procedures can be found in the
work of Feng et al. and Qian and Lin. The study by Feng et al. applied quality control tests to daily
meteorological data for 1951–2000 from the same source we used, and only 0.02% stations showed low
quality [22]. We, therefore, considered the precipitation data to be of good quality.

2.1.2. Data Homogeneity

The homogeneity of meteorological data has been highlighted in many studies; climatic variability
research is not possible without clear knowledge about it [18,27–33]. A number of non-climatic factors,
including station relocation and changes in instruments, observing regulations, and algorithms for the
calculation of means, can introduce bias into climatological time series [6]. These biases have disturbed
the record of actual climatic variations over time [30].

A variety of direct and indirect methods has been developed to identify and adjust for
inhomogeneities [18]. A comprehensive review of such methods was given by Peterson et al. [30].
In China, only 60 stations have metadata available [22], which the direct correction techniques for
inhomogeneities require. Relatively indirect methods were, therefore, chosen for this study. Most
of the indirect methods are based on the comparison of a candidate series with a reference series
formed from nearby or correlative stations; these include Potter’s ratio test [34], the standard normal
homogeneity test (SNHT) [32], Bayesian procedures [20], and multiple linear regression [31].

No complete protocol, however, is available for processing daily precipitation datasets [27] and
most methods were developed for monthly or annual data [30]. For daily precipitation, precipitation
frequency is an important factor that affects the homogeneity of a time series [6,29]. Brunetti et al.
attempted to check the homogeneity of daily precipitation records. They tested two kinds of
heterogeneities in daily precipitation records: (1) the precipitation amount and (2) the number of rainy
days [6]. This study followed their methods in that both precipitation amount and rainy days per
month were used to evaluate the homogeneity in dataset. One of the most-used methods to identify
inhomogeneities, the standard normal homogeneity test (SNHT) developed by Alexandersson was
mostly used [27,35]. In China, Feng et al. also applied the SNHT method to identify inhomogeneity in
daily meteorological data. Therefore, SNHT was used in this study.

After identifying inhomogeneities of our dataset, 11 stations showed homogeneity problems
in precipitation amount and more stations, 57 stations, displayed homogeneity problems in rainy
days. Among them, four stations were overlapped. At the end, a set of 755 stations constitute the
newly-homogenized dataset in this study.

2.1.3. Missing Values

Missing values could also introduce bias in a climatological time series, so we attempted to fill in
any missing values before proceeding. At first, we filtered the dataset to exclude stations with more
than five missing years (nearly 10% of study period) between 1960 and 2013. Specifically, following
Lucie et al., the monthly and, consequently, annual, values were considered to be missing when data for
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more than three consecutive days or more than five random days within a month were missing [36]. In
the end, 713 of 755 stations with more than 48 years of complete data remained in our study (Figure 1).

Each candidate station subjected to the SNHT was compared to a reference series created to
identify its inhomogeneities. The reference series is a weighted average of a number of the nearest
available stations [30]. The SNHT reference series was used to fill in the missing values from the
713 stations.

 

Figure 1. Large river basins and the locations of the 713 meteorological stations evaluated in China.

2.2. Methodology

The China Meteorological Administration (CMA) categorizes daily precipitation (P) into five
intensity groups: P < 10 mm/d, 10 ď P < 25 mm/d, 25 ď P < 50 mm/d, 50 ď P < 100 mm/d,
and P ě 100 mm/d. Since the P ě 100 mm/d group occurs infrequently in Northern China [13],
following Gong et al., we combined the last two groups and defined four categories: light precipitation
(<10 mm/d), moderate precipitation (10–25 mm/d), heavy precipitation (25–50 mm/d), and extreme
precipitation (ě50 mm/d). The amount and proportion of daily precipitation falling into these four
categories were calculated for each station. We then analyzed the trends over China and in its ten large
river basins (Figure 1).

2.2.1. Trends Detection

In this study, the trends were analyzed using the Mann-Kendall test, which is well suited to
non-normally distributed data [37,38] and has been widely used in many previous studies [6,7].
To remove lag-1 autocorrelation in a time series, which could overestimate significance of the
Mann-Kendall test, the trend-free pre-whitening (TFPW) method developed by Yue et al. was adopted
before applying the Mann-Kendall test [38].

The Mann-Kendall test represents a ranked-based approach. The test statistic S is given as follows:

S “
n´1ÿ
i“1

nÿ
j“i`1

sgn
`
xj ´ xi

˘
(1)
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where:

sgn pxq “
$’&
’%

1, f or x ą 0
0, f or x “ 0

´1, f or x ă 0
(2)

xi and xj are the sequential data values, and n is the length of the dataset.
A positive value of S indicates an upward trend and a negative value of S indicates a downward

trend. The test is conducted using the normal distribution, with the expectation (E) and variance (V)
as follows:

E pSq “ 0 (3)

V pSq “ 1
18

˜
n pn ´ 1q p2n ` 5q ´

hÿ
k“1

tk ptk ´ 1q p2tk ` 5q
¸

(4)

where tk is the number of data points in the kth tied group and h is the number of tied groups in
the dataset.

The Mann-Kendall Z is then calculated by:

Z “

$’’&
’’%

S´1?
Vpsq f or S ą 0

0 f or S “ 0
S`1?
Vpsq f or S ă 0

(5)

The Z value can be related to a p-value of a specific trend. In a two-sided test for trend, the null
hypothesis of no trend H0 is accepted if ´Z1´α{2 ď Z ď Z1´α{2, where α is the significance level [39].
The null hypothesis of no trend is rejected if |Z| > 1:65, |Z| > 1:96 and |Z| > 2:57 at the 10%, 5%, and 1%
significance levels, respectively.

The magnitudes of tendency were estimated using Theil-Sen approach (TSA), which is also a
non-parametric statistical technique [39,40]. In this study, the TSA slope in precipitation was multiplied
by 10 to express trends per decade. The TSA slope β is given by:

β “ median
„

xj ´ xi

j ´ i

j
f or all i ă j (6)

2.2.2. Spatial Interpolation

Meteorological stations can provide reliable and accurate precipitation data, but their spatial
distribution is generally uneven in China [7]. In order to explore the temporal variation of ten large
river basins, Kriging interpolation was chosen to generate grid data due to its good performance with
geographic data [41]. The spherical semi-variogram model was used as the weighting function in
interpolation [11]. Trends across the whole country and each basin were then derived from regional
averaged data from 1960 to 2013.

3. Results and Analysis

3.1. Annual Character of Precipitation Tendencies

The Mann-Kendall trends for annual precipitation during 1960–2013 are shown in Figure 2.
Stations with a significance level of 0.05 are labeled by pluses (positive) or triangles (negative). The
averaged trends over China and its ten large river basins are showed in Table 1.

Over the past half-century, annual precipitation increased in China at a magnitude of
1.10 mm/10yr, but this trend was not statistically significant (Table 1). Regionally, significantly
increasing trends occurred in the eastern coastal region, northwestern China, and the Tibetan Plateau,
while significantly decreasing trends occurred in southwestern and northern China (Figure 2). In the
ten large river basins, significant uptrend was observed in southwestern rivers. Large downtrends were
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observed in the Huaihe, Liaohe, and Haihe Rivers, while large uptrends were observed in southeastern
rivers and northwestern rivers, although these findings were not statistically significant (Table 1).

Figure 2. Trends in annual precipitation for 1960–2013. A plus/triangle shows a positive/negative
trend for each station with statistical significance at the 5% level.

Table 1. Trends in amounts and proportion of precipitation in each category in the large river basins in
China during 1960–2013.

Basin

Amount (mm/10yr) Proportion (%/10yr)

Light
Rain

Moderate
Rain

Heavy
Rain

Extreme
Rain

Total
Light
Rain

Moderate
Rain

Heavy
Rain

Extreme
Rain

Songhuajiang
River

´0.01 ´1.65 ´0.57 0.20 ´2.89 0.25 ´0.10 ´0.06 0.00

Liaohe River ´1.68 ´1.48 ´1.80 ´2.48 ´8.60 0.13 0.12 0.05 ´0.29
Northwestern

Rivers
1.44a 0.99a 0.41 0.32 3.69a ´0.68a 0.37b 0.13 0.02

Haihe River ´1.65 0.86 ´0.45 ´4.39b ´5.59 ´0.05 0.53b 0.08 ´0.56b

Yellow River ´1.73 ´1.44 0.61 ´0.31 ´2.69 ´0.45 0.12 0.33b ´0.05
Yangtze River ´2.28b ´3.30b 0.61 3.88b ´1.13 ´0.22b ´0.28a 0.08 0.45a

Huaihe River ´3.08a ´1.24 ´1.80 ´1.10 ´7.20 ´0.31a ´0.01 0.04 0.47
Southeastern

Rivers
´3.94 ´3.71 9.35b 15.63a 22.21 ´0.48a ´0.52 0.34a 0.71a

Southwestern
Rivers

1.44 1.04 2.14 1.84b 5.29 ´0.43a 0.19 0.12 0.13a

Pearl River ´5.44a ´4.48 0.39 5.00 ´5.71 ´0.23a ´0.24a 0.04 0.34b

All China ´0.41 ´0.65 0.47 1.76b 1.10 ´0.39a 0.06 0.15a 0.15a

a Significance at 95% level; b Significance at 90% level; Unit “mm/10yr” and “%/10yr” means mm and %
per decade.

Light precipitation showed a slight decrease (´1.20 mm/10yr) during 1960–2013 (Table 1), but a
contrasting pattern of trends emerged across China (Figure 3a). Northwestern rivers, the headwaters
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of the Yangtze River and Yellow River, and southwestern rivers showed a significant increase, whereas
other regions showed a significant decrease (Figure 3a). In the ten river basins, northwestern rivers and
southwestern rivers showed an increase in light precipitation over the past half-century, and the trend
in northwestern rivers was statistically significant (Table 1). Light precipitation in the Yangtze, Huaihe,
and Pearl Rivers showed significant decreases. Data shown in Table 1 further suggest decreases in
light precipitation largely contributes to the decrease in annual precipitation in these regions.

Figure 3. Trends in precipitation of each category for 1960–2013. (a) Light precipitation; (b) moderate
precipitation; (c) heavy precipitation; and (d) extreme precipitation.

A decreasing trend for moderate precipitation was also detected across China (´0.65 mm/10yr,
Table 1). Significant decreases occurred from Central to Southern China, including the mid-Yellow
River, mid- and downstream Yangtze River, Pearl River, and southeastern rivers (Figure 3b).
In the Yangtze River, moderate precipitation showed a significant decrease at a 0.1 significance
level (´3.30 mm/10yr), which had a strong influence on the downtrend of annual precipitation
(Table 1). Southeastern rivers and Pearl River also displayed large decreases in moderate precipitation
(´3.71 mm/10yr and ´4.48 mm/10yr, respectively). Significant increases mainly occurred in Northern
and Western China (Figure 3b). Northwestern rivers were dominated by a significant increasing
trend (0.99 mm/10yr). In the Haihe River, only moderate precipitation showed a positive trend
(0.86 mm/10yr), which would partly alleviate the drier conditions over the past half-century.

Heavy precipitation was mainly detected in monsoon regions of China, and stations with
significant increases were mostly located in the lower reaches of the Yangtze and Pearl Rivers and
the southeastern rivers (Figure 3c). Table 1 shows that heavy precipitation significantly increased
in northwestern rivers (0.82 mm/10yr) and southeastern rivers (9.35 mm/10yr), and fluctuated
largely in Liaohe River, Huaihe River, and southwestern rivers, although these trends were not
statistically significant. Extreme precipitation was mainly detected in the eastern and southeastern
coastal regions, and stations with significant increases stretched from southeastern coastal areas to
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the middle reaches of the Yangtze and Huaihe Rivers (Figure 3d). In the whole country, on average,
extreme precipitation showed a significant increase from 1960 to 2013 (1.76 mm/10yr). Regionally, in
northwestern rivers, Yangtze River, southeastern rivers, and southwestern rivers, extreme precipitation
significantly increased, while in Haihe River a significant decrease was detected (Table 1). The
southeastern rivers displayed a large increase in total precipitation (22.21 mm/10yr), which was
primarily the result of an increase in extreme precipitation (15.63mm/10yr).

Karl et al. noted that even when there is no change in the total precipitation, the distribution
of precipitation events might shift significantly [8]. In this study, the proportion of precipitation
falling in each category was sensitive to changes in the distribution of precipitation. Results showed
the proportion of light precipitation decreased significantly in nearly whole China over the past
half-century (Figure 4a), while moderate precipitation in Northwestern China (Figure 4b) and extreme
precipitation in Southeastern China (Figure 4d) significantly increased. On basin scale, a decrease in
proportion of light precipitation was detected in most basins except Songhuajiang River and Liaohe
River, even though in the northwestern rivers and southwestern rivers, where light precipitation
increased from 1960 to 2013 (Table 1). In the Yangtze River and Pearl River, the proportion of
moderate precipitation also decreased significantly, mainly resulting from larger percentage of
extreme precipitation. The proportion of heavy precipitation increased in nearly all basins except the
Songhuajiang River, and the trend was significant in the northwestern rivers, Yellow River, and the
southeastern rivers (Table 1). The proportion of extreme precipitation increased in basins locating in
Southern China, but decreased significantly in Haihe River, where the distribution of precipitation
shifted toward the moderate category (Table 1). Similarly, in Yellow River, the proportion of extreme
precipitation also showed decreasing trend, although without significance, and the distribution of
precipitation shifted toward the heavy category (Table 1). There was no marked change in the
distribution of precipitation in the Songhuajiang River and Liaohe River.

Figure 4. Trends in the proportion of each precipitation category relative to annual precipitation
for 1960–2013. (a) Light precipitation; (b) moderate precipitation; (c) heavy precipitation; and
(d) extreme precipitation.

120



Water 2016, 8, 185

3.2. Seasonal Characteristics of Precipitation Tendencies

Changes in seasonal precipitation over China during 1960–2013 are shown in Figure 5 and the
averaged trends in each season over China and its ten large river basins are given in Table 2. In spring
(Figure 5a), precipitation increased in Northern and Western China, especially over the southwestern
rivers and the headwaters of the Yellow River and Yangtze River. Significant decreases were observed
over the middle and lower reaches of the Yangtze River and the middle reaches of the Yellow River
(Figure 5a).

 
Figure 5. Trends in seasonal precipitation during 1960–2013. (a) Spring; (b) summer; (c) autumn; and
(d) winter.

Table 2. Seasonal precipitation trends over China’s large river basins during 1960–2013 (mm/10yr).

Basin Spring Summer Autumn Winter Annual

Songhuajiang River 2.03 ´4.90 ´2.16a 1.33a ´2.89
Liaohe River 2.21 ´7.75 ´3.42 0.17 ´8.60

Northwestern rivers 0.97b 1.36 0.33 0.75a 3.69a

Haihe River 4.91a ´12.53a 1.85 ´0.18 ´5.59
Yellow River ´0.62 ´0.84 ´3.38 0.34 ´2.69
Yangtze River ´3.35 6.68b ´6.15a 2.56 ´1.13
Huaihe River ´1.48 3.30 ´7.60 1.86 ´7.20

Southeastern rivers ´5.14 15.99b 0.55 7.37a 22.21
Southwestern rivers 5.72a ´2.70 0.59 ´0.09 5.29

Pearl River ´4.27 0.94 ´9.47 2.11 ´5.71
All China 0.54 0.10 ´2.76 1.26 1.10

a Significance at 95% level; b Significance at 90% level.
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In summer, precipitation has markedly changed over the past half-century, showing large uptrends
and downtrends with absolute values as large as >16 mm/10yr in most monsoon regions of China
(Figure 5b). Specifically, significantly uptrends were observed in the Yangtze River and southeastern
rivers, while significant downtrends were observed in Haihe River (Table 2).

Autumn precipitation showed a significant decrease from 1960 to 2013 in the whole of China, as
well as in Songhuajiang River and Yangtze River (Table 2). Precipitation increases occurred only in
limited areas of the Haihe River, northwestern and southwestern rivers (Figure 5c).

However, in winter, precipitation has increased significantly in China since 1960s, and nearly
all basins experienced positive trends; significant in Songhuajiang River, northwestern rivers, and
southeastern rivers (Table 2). The increase was more than 8 mm/10yr in the southeastern rivers,
downstream areas of the Huaihe River and Yangtze River (Figure 5d).

Comparing changes in annual precipitation (Figure 2) to those in summer precipitation (Figure 5b),
we can see that the large increase in summer rainfall in Southeastern China and large decrease
in Northeastern and Southwestern China dominated the annual change during 1960–2013. At
the basin scale, the strong impact of summer rainfall on annual precipitation change could be
found in southeastern rivers and the Haihe River (Table 2). In the Yellow River basin, however,
which experienced only small changes in summer rainfall, the annual decreasing trend represented
precipitation decreases in the spring and autumn (Table 2). This was also observed in the Yangtze River,
Huaihe River, and Pearl River, even though summer rainfall increased in these basins (Table 2). In
northwestern rivers, the increase in annual precipitation was the result of increases during all seasons.

3.2.1. Seasonal Precipitation

As Figure 6a,b shows, there was less light and moderate precipitation during spring in regions
from the mid-Yellow River to the Pearl River. Table 3 shows significant increasing trends in spring
precipitation were observed in the Haihe River, northwestern rivers, and southwestern rivers (Table 3).
In northwestern rivers, the increase in spring precipitation resulting from increase in light and moderate
categories, while in southwestern rivers all categories led to the increase. The significant changes
of light precipitation in basins, such as Songhuajiang River, northwestern rivers, Huaihe River, and
southeastern rivers, and significant changes of moderate precipitation in basins, such as Liaohe River,
Yangtze River, and southeastern rivers dominated changes in spring precipitation in these basins
(Table 3). Moreover, in many basins, trends in moderate precipitation made a greater contribution to
spring trends than trends in light precipitation.

Heavy and extreme precipitation were also observed in spring; these events occurred mainly in
Southeastern China (Figure 6c,d). Specifically, heavy precipitation increased significantly in the Haihe
River and southwestern rivers, decreased largely in the Yangtze River and Pearl River, but without
significance (Table 3). Stations with significant extreme precipitation increase occurred in southeastern
coastal regions (Figure 6d), and there was significant increase in Songhuajiang River, Haihe River, and
southwestern rivers (Table 3).

Decreasing trends in light precipitation during the summer were observed in most basins, except
for over the northwestern rivers, and moderate precipitation also decreased in many basins, such as
Liaohe River, Haihe River, and Pearl River (Table 3). As Figure 6g shows, heavy precipitation increased
significantly during the summer over the southeastern rivers, downstream areas of the Yangtze River
and in some regions of the Huaihe River and Pearl River. Extreme precipitation occurred mainly in
the summer (Figure 6h). The significant increase in extreme precipitation over the southeastern rivers
and Yangtze River and significant decrease in Haihe River largely represented the changes in summer
rainfall over these regions.

In autumn, both light and moderate precipitation exhibited significant decrease over China, and
decreasing trends of light and moderate precipitation were observed in most basins during the study
period (Table 3). Moreover Table 3 shows that in the Songhuajiang River, Yellow River, Yangtze
River, Huaihe River, and Pearl River, light and moderate precipitation largely represented the overall
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decrease. Downward trends in heavy autumn precipitation in the Yangtze River, Huaihe River, and
Pearl River also contributed to the autumn decrease. In the Haihe River; however, autumn precipitation
increased substantially (1.85 mm/10yr), mainly resulting from an increase in moderate precipitation
(1.03 mm/10yr).

Figure 6m–p shows winter precipitation trends. Stations that displayed significant trends
in moderate and heavy precipitation were only in downstream areas of the Yangtze River and
southeastern rivers (Figure 6n,o), while stations was rarely observed with changes in extreme
precipitation across China during the past half-century (Figure 6p). Light precipitation increased
significantly nearly in the whole country (Figure 6m) and, regionally, significant in Songhuajiang River,
northwestern rivers, and Yellow River, which largely explained the increases in winter precipitation
over these basins (Table 3). In the southeastern rivers, wetter winter conditions largely derived
from increases in moderate and heavy precipitation, and in the Yangtze River and Pearl River, these
conditions largely derived from increases in heavy precipitation (Table 3).

Figure 6. Seasonal trends in precipitation categories during 1960–2013. (a–d) Spring; (e–h) summer;
(i–l) autumn; and (m–p) winter. For each season, the maps show light, moderate, heavy, and extreme
precipitation from left to right.

123



Water 2016, 8, 185

T
a

b
le

3
.

Se
as

on
al

tr
en

ds
of

pr
ec

ip
it

at
io

n
in

te
ns

it
y

ov
er

C
hi

na
’s

la
rg

e
ri

ve
r

ba
si

ns
du

ri
ng

19
60

–2
01

3
(m

m
/1

0y
r)

.

S
e
a
so

n
In

te
n

si
ty

S
o

n
g

h
u

a
ji

a
n

g
R

iv
e
r

L
ia

o
h

e
R

iv
e
r

N
o

rt
h

w
e
st

e
rn

R
iv

e
rs

H
a
ih

e
R

iv
e
r

Y
e
ll

o
w

R
iv

e
r

Y
a
n

g
tz

e
R

iv
e
r

H
u

a
ih

e
R

iv
e
r

S
o

u
th

e
a
st

e
rn

R
iv

e
rs

S
o

u
th

w
e
st

e
rn

R
iv

e
rs

P
e
a
rl

R
iv

e
r

A
ll

C
h

in
a

S
p

ri
n

g

Li
gh

tr
ai

n
1.

02
b

0.
56

0.
43

b
0.

28
´0

.5
6

´0
.6

9
´1

.6
7a

´2
.5

2a
1.

21
a

´0
.8

2
0.

11
M

od
er

at
e

ra
in

0.
84

1.
29

a
0.

31
b

1.
93

a
´0

.1
1

´1
.9

5a
´0

.8
7

´5
.8

9a
1.

93
a

´1
.7

1
´0

.1
5

H
ea

vy
ra

in
0.

03
0.

35
0.

13
1.

15
a

0.
16

´1
.5

3
´0

.2
0

0.
05

1.
34

a
´1

.2
8

0.
02

Ex
tr

em
e

ra
in

0.
11

a
0.

08
0.

15
0.

28
a

´0
.0

2
0.

40
0.

95
2.

66
0.

89
a

´0
.6

6
0.

36
To

ta
l

2.
03

2.
21

0.
97

b
4.

91
a

´0
.6

2
´3

.3
5

´1
.4

8
´5

.1
4

5.
72

a
´4

.2
7

0.
54

S
u

m
m

e
r

Li
gh

tr
ai

n
´2

.2
1a

´2
.2

8a
0.

23
´1

.5
8a

´0
.5

6
´0

.2
3

´0
.7

4b
´0

.2
3

´0
.3

6
´1

.2
2b

´0
.5

7b

M
od

er
at

e
ra

in
´2

.1
2

´2
.0

5b
0.

52
b

´2
.7

1b
0.

49
0.

19
0.

06
´0

.2
7

´1
.8

3
´2

.1
3

´0
.6

0
H

ea
vy

ra
in

´1
.2

2
´1

.0
1

0.
33

´2
.0

8
´0

.1
9

1.
44

2.
63

6.
05

a
´0

.7
9

0.
67

0.
29

Ex
tr

em
e

ra
in

0.
06

´2
.4

9
0.

36
´5

.1
2b

´0
.5

3
4.

79
a

2.
95

8.
88

b
0.

55
5.

16
0.

88
b

To
ta

l
´4

.9
0

´7
.7

5
1.

36
´1

2.
53

a
´0

.8
4

6.
68

b
3.

30
15

.9
9b

´2
.7

0
0.

94
0.

10

A
u

tu
m

n

Li
gh

tr
ai

n
´0

.5
3

´0
.4

8
0.

20
´0

.1
7

´1
.4

6b
´1

.9
5a

´1
.8

1b
´1

.4
2

´0
.1

9
´3

.5
5a

´0
.8

6a

M
od

er
at

e
ra

in
´0

.9
7

´0
.5

2
´0

.0
3

1.
03

´1
.4

4
´3

.0
4a

´1
.8

8
´0

.7
7

0.
28

´3
.5

4a
´1

.0
9a

H
ea

vy
ra

in
´0

.3
1

´0
.9

0
0.

02
0.

39
0.

05
´1

.0
1

´3
.3

3b
0.

58
0.

23
´3

.0
9

´0
.3

8
Ex

tr
em

e
ra

in
´0

.0
3

´0
.1

9
0.

05
0.

37
´0

.4
3b

´0
.5

9
´0

.4
0

1.
90

0.
18

0.
29

´0
.0

6
To

ta
l

´2
.1

6
´3

.4
2

0.
33

1.
85

´3
.3

8
´6

.1
5a

´7
.6

0
0.

55
0.

59
´9

.4
7

´2
.7

6a

W
in

te
r

Li
gh

tr
ai

n
1.

12
a

0.
36

0.
53

a
0.

01
0.

38
b

0.
46

1.
00

0.
17

´0
.0

3
´1

.2
1

0.
38

b

M
od

er
at

e
ra

in
0.

18
a

0.
03

0.
05

´0
.0

1
´0

.0
1

0.
63

1.
11

3.
75

b
´0

.1
0

1.
00

0.
27

H
ea

vy
ra

in
0.

05
0.

00
0.

03
´0

.0
1

´0
.0

1
1.

15
a

0.
04

3.
08

b
0.

24
1.

93
a

0.
44

a

Ex
tr

em
e

ra
in

0.
00

0.
00

0.
02

´0
.0

1
0.

00
0.

09
0.

00
0.

52
b

0.
01

0.
55

b
0.

09
To

ta
l

1.
33

0.
17

0.
75

´0
.1

8
0.

34
2.

56
1.

86
7.

37
´0

.0
9

2.
11

1.
26

a
Si

gn
ifi

ca
nc

e
at

95
%

le
ve

l;
b

Si
gn

ifi
ca

nc
e

at
90

%
le

ve
l.

124



Water 2016, 8, 185

3.2.2. Seasonal Distribution

As discussed above, the annual proportion of light precipitation decreased across nearly the
whole country; the only regions where it increased were over the Songhuajiang River and Liaohe River,
but without significance (Table 1). Seasonally, Table 4 shows the proportional changes in precipitation
categories for each basin. For light precipitation, its decreasing proportion was observed across the
country in seasons except winter, and was significant in spring and summer (Table 4), even when its
amounts were observed to have increased in spring (Table 3). In winter, however, seven of the ten
basins still displayed negative trends (Table 4).

In spring, the proportion of moderate, heavy and extreme precipitation all exhibited significant
increase over China, as well as in northwestern rivers, Haihe River, and southwestern rivers (Table 4).
However, in southeastern rivers, the proportion of moderate precipitation showed significant increase,
and the distribution of precipitation shifted toward heavy and extreme categories (Table 4). Besides,
the proportion of extreme precipitation increased significantly in Songhuajiang River and Huaihe
River (Table 4).

Changes in proportions of summer precipitation categories are shown in Figure 7e–h; these were
similar to those representing the whole year. In summer, the proportion of moderate, heavy and
extreme precipitation significantly increased across China (Table 4). Light precipitation decreased in
proportion nearly across all basins except Haihe River. In the Yangtze River, Huaihe River, southeastern
rivers, and Pearl River, the proportion of moderate precipitation decreased significantly over 1960–2013,
indicating precipitation became much more intense than basins such as northwestern rivers and Yellow
River (Table 4). Contrary to other regions, the Liaohe River, Haihe River, and Yellow River experienced
a negative trend in its proportion of extreme summer precipitation.

In winter, the proportion of heavy precipitation significantly increased over China, as well as in
Yangtze River, southeastern rivers and Pearl River (Table 4). In Songhuajiang River, northwestern rivers,
and Huaihe River, moderate precipitation exhibited significant increase in proportion (Table 4). These
suggested the distribution of winter precipitation shifted toward the intense category in these basins.
Changes in the distribution of autumn precipitation during the study period were inconspicuous
across China. In general, however, decreasing trends in autumn precipitation were observed over
nearly the whole of China, as discussed above.
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Figure 7. Seasonal trends in precipitation intensity proportions during 1960–2013. (a–d) Spring;
(e–h) summer; (i–l) autumn; and (m–p) winter. For each season, the maps show light, moderate, heavy,
and extreme precipitation from left to right.

4. Discussion and Conclusion

Long-term changes of precipitation are regarded as a practical subject for monitoring changes
in water resources. In China, the result of our study showed that annual precipitation had increased
slightly in the past half-century, which was consistent with some previous studies [7,42]. At the basin
scale, significant increasing trends over the northwestern rivers was found, while annual precipitation
decreased in large amplitude over the Liaohe River, Haihe River, Huaihe River, and Pearl River.
Seasonally, Liu et al. found that precipitation had increased in winter and summer but decreased in
spring and fall, over 1960–2000 [1]. Our study showed that autumn precipitation significantly decreased,
while in spring, precipitation increased by 0.54 mm/10yr across China during the past half-century.

In hydrology, precipitation intensity is an important factor in rainfall-runoff processes [43]. Many
studies have shown that over the past several decades, daily precipitation has become more intense
in China [1,11,21,44]. In this study, changes in daily precipitation were analyzed by fixed categories.
Results from trends in proportion showed the distribution of precipitation significantly shifted toward
heavy and extreme precipitation over China. At the basin scale, precipitation intensity significantly
increased in basins except Songhuajiang River, Liaohe River, Haihe River, and Yellow River. These
increases are consistent the study of Zhang and Cong, which showed that precipitation intensity
increased principally in the southern basins of China [11]. Seasonally, the shift in precipitation
distribution from light to intense occurred in all seasons, significantly in spring and summer. However,
this study showed, in northwestern rivers, precipitation also became more intense than before. Within
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the ten large basins, only the Haihe River experienced a significant decrease in extreme precipitation,
while the proportions of the moderate and heavy categories increased there. In the Yellow and
Songhuajiang Rivers, the proportions of the extreme category also decreased, but without significance.

Liu et al. showed that changes in annual precipitation could be attributed mostly to changes
in the frequency and intensity of precipitation events in the top decile (90%) in China [1]. Using
fixed thresholds, the results of this study showed only in the Haihe River, southeastern rivers, and
southwestern rivers, extreme precipitation significantly influenced total precipitation. Furthermore,
the impact of extreme precipitation was also obvious in spring, not merely in summer. The results
also revealed, however, that changes in light and moderate precipitation also played an important role
in the trends observed in the total precipitation in many basins, such as the northwestern rivers and
Huaihe River, even in the Yangtze River and Pearl River. Seasonally, the increase in winter precipitation
and the decrease in autumn precipitation also mainly derived from changes in the amount of light and
moderate precipitation. In hydrology, precipitation in lower intensities also has considerable influence
on basic flow, ground water, and so on [43,45]. For example, water infiltration of the soil surface
during rainfall tends to be higher during lower-intensity rainfalls [1]. Therefore, significant increases
in light precipitation over China during winter, and some basins during spring, could alleviate the dry
conditions during the cold seasons in these regions.

China is prone to natural hazards from extreme weather events and flooding has always been
a major problem [7]. Recently, numerous studies have documented precipitation extremes in China.
Zhai et al. found significant increases in extreme precipitation events in Western China, the mid- and
lower reaches of the Yangtze River, and coastal areas of China during 1951–2000 [42]. Xu et al.
found that extreme precipitation amounts and extreme precipitation days significantly increased
in the mid-and lower Yangtze River valley and Northwestern China [20].In those studies, extreme
precipitation derived from percentile thresholds. As discussed above, extreme events by top 5%
was just equal to moderate or light precipitation (defined in this study) in Western China. In this
study, extreme precipitation is defined by fixed threshold (>50 mm/d), which could be more closely
linked to floods. Results showed extreme precipitation in the Yangtze River, southeastern rivers, and
southwestern rivers, increased significantly during 1960–2013, indicating a trend toward high risk
of floods within these basins, as these basins are relatively developed regions of China with high
population densities. What is more, the seasonal changes in extreme precipitation revealed in this
study indicate that the risk of floods in some regions may be higher than suggested by previous studies;
this should be highlighted in water resources management as follows. (1) Over the Yangtze River and
southeastern rivers, a significant increase in extreme precipitation at the annual scale mainly derived
from the summer, reflecting extreme events being concentrated in summer. (2) A significant increase in
extreme precipitation was observed across the southwestern rivers and Songhuajiang River during
spring, and Pearl River during winter, when vegetation cover is sparse and rainfall-runoff processes
would be quick and heavy. (3) In the Haihe River, extreme precipitation during spring also significantly
increased, although the yearly extreme precipitation showed a marked decrease. (4) However, in
northwestern rivers, the increase in precipitation intensity was not related to an increase in the risk of
floods over the past half-century, because it mainly resulted from an increase in moderate precipitation.

The amount and distribution of precipitation also play crucial roles in the occurrence of drought.
As light precipitation generally occupied a fairly large proportion in rainfall events, a significant
decrease in light precipitation over Yangtze, Huaihe, and Pearl Rivers might indicate an increase in
dry-spells. Seasonally, autumn precipitation significantly decreased in the Songhuajiang and Yangtze
Rivers, which might enhance the possibility of seasonal drought in these regions.
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Abstract: Precipitation during the period 2001–2016 over the northern and central part of Tuscany
was studied in order to characterize the rainfall regime. The dataset consisted of hourly cumulative
rainfall series recorded by a network of 801 rain gauges. The territory was divided into 30 × 30 km2

square areas where the annual and seasonal Average Cumulative Rainfall (ACR) and its uncertainty
were estimated using the Non-Parametric Ordinary Block Kriging (NPOBK) technique. The choice of
area size was a compromise that allows a satisfactory spatial resolution and an acceptable uncertainty
of ACR estimates. The daily ACR was estimated using a less computationally expensive technique,
averaging the cumulative rainfall measurements in the area. The trend analysis of annual and
seasonal ACR time series was performed by means of the Mann–Kendall test. Four climatic zones
were identified: the north-western was the rainiest, followed by the north-eastern, north-central and
south-central. An overall increase in precipitation was identified, more intense in the north-west,
and determined mostly by the increase in winter precipitation. On the entire territory, the number
of rainy days, mean precipitation intensity and sum of daily ACR in four intensity groups were
evaluated at annual and seasonal scale. The main result was a magnitude of the ACR trend evaluated
as 35 mm/year, due mainly to an increase in light and extreme precipitations. This result is in contrast
with the decreasing rainfall detected in the past decades.

Keywords: precipitation distribution; extreme events; seasonality; rain gauge; kriging; stationary
random function; exponential variogram model; trend detection

1. Introduction

In recent decades, there has been a gradual increase in the average temperature of the atmosphere.
Global warming has determined a higher water vapor concentration and thus an increase in global
precipitation [1]. Despite this overall scenario, a decrease in rainfall was found in the Mediterranean
area; for example, experimental results for Italy and Spain indicated a reduction in precipitation [2,3].
Along with the decrease in the average rainfall amount, there has been a change in rainfall patterns,
with extreme events becoming more frequent [4]; in particular, Brunetti [5] and Martinez [6] found
similar results for Italy and northern Spain (Catalonia). The pattern was not homogeneous on the
Italian territory, being more pronounced in the north [7].

Climate change may cause increased drought and extreme events, therefore the study of the
evolution of the rainfall regime is a very important task in order to construct a hydrological model,
prevent flooding and hydraulic risk [8,9]. It is thus necessary to study rainfall phenomena in different
time periods. Evaluation of the rainfall regime for relatively long time periods, annual or seasonal,
is essential for the study of climate change and hydrological models. Prevention of hydraulic risks
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requires an assessment of rainfall phenomena for relatively short time periods, daily or hourly. In this
perspective, the amount of rain falling on the territory has to be estimated and its uncertainty evaluated
in order to establish the reliability of the results.

In this study, the rainfall regime in the Tuscany region was analyzed during the years 2001–2016.
A rain gauge network was used that provides measurements of the cumulative rainfall relative to a
small area (in the order of hundreds of square centimeters). There were only a limited number of rain
gauges in the territory, the typical distance between them was a few km in more populated areas and
more than ten km in hilly areas.

The spatial variability of the cumulative rainfall field implies that for a distance of a few km, the
values of the correlation coefficient of such an observable is very low [10–12]. Therefore, by means of a
rain gauge network with such a low density, it was not possible to reconstruct the details of the rainfall
field using some spatialization techniques. Given the limitation of the instrumentation, an observable
was chosen that evaluates the overall rainfall amount on a selected area: the Average Cumulative
Rainfall (ACR) i.e., the cumulative rainfall averaged over the area. The spatialization technique chosen
to estimate the ACR was Non-Parametric Ordinary Block Kriging (NPOBK) [13–18]. It allows the best
value to be estimated and the standard deviation of the ACR, which is a measure of the uncertainty.

An observable closely related to the ACR is the Rain Volume (RV) i.e., the ACR multiplied by the
area; RV can be estimated during thunderstorms by means of the area time integral method, a technique
based on non-quantitative rainfall detection [19,20]. Griffith et al. [21] used geosynchronous visible or
infrared satellite imagery to estimate rainfall over large space and time scales. All these techniques are
characterized by lower spatial and temporal resolution.

The estimation of ACR degrades the spatial resolution compared to rain gauge measurements but
it allows the amount of rainfall to be assessed on a selected area. In this context, the Tuscany territory
was divided into square areas where the ACR was estimated. The uncertainty of the ACR decreases by
increasing the area under consideration, but the increase in the area deteriorates the spatial resolution.
A compromise was therefore found for the area size that allows a satisfactory spatial resolution and an
acceptable uncertainty of ACR estimates.

The annual, seasonal and daily ACR were estimated for all the areas, highlighting the difference in
the precipitation amount in different parts of the territory. The trend detection of annual and seasonal
ACR time series was performed by means of the Mann–Kendall test. The analysis showed higher
rainfall in the north-western area, and an overall increase during the period, more pronounced on the
Tyrrhenian coast. This increase occurred mainly in winter. The precipitation increase in Tuscany is
contrary to that of previous decades, when a null or negative trend was recorded [22,23]. The analysis
of daily ACR time series showed an increase in extreme events, therefore in this case, in agreement
with the results obtained for the previous years [5,7].

2. Data and Methodology

2.1. Data

The instrumentation used to evaluate the rainfall field was a network of weather stations equipped
with rain gauges and other meteorological sensors. The rain gauges measure cumulative rainfall with
an hourly accumulation time. The network is managed by the Hydrological Service of Tuscany Region
that provides the quality control of the data. The area covered extends over the Tuscany region and
neighboring areas of Emilia-Romagna, Lazio and Umbria. Figure 1 reports the rain gauges located in
Tuscany in March 2015.
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Figure 1. The Tuscany rain gauge network. (a) shows the position of the Tuscany region on the Italian
peninsula; (b) the rain gauges installed in the region (March 2015).

The number of rain gauges increased during the period considered (2001–2016) as new gauges
were installed: 325 in 2001 and 801 in 2016. The cumulative rainfall for different accumulation times
was evaluated for each rain gauge by adding the hourly measurements. The accumulation times
considered were annual (from 1 September to 31 August); seasonal (from 1 September to 30 November
in autumn; from 1 December to 28 or 29 February in winter; from 1 March to 31 May in spring; and
from 1 June to 31 August in summer); and daily.

Only cumulative rainfall measurements of rain gauges that had recorded more than 90 percent of
the hourly measurements during the accumulation time were considered. The results obtained were
multiplied by the ratio between the number of hours of the accumulation time and the number of
hourly measurements recorded in order not to underestimate the result. This procedure eliminates
the bias due to a loss of hourly measurements, but introduces an increase in the uncertainty of the
cumulative rainfall.

2.2. The NPOBK Technique

The complete characterization of the rainfall regime on the territory can be obtained by evaluating
the amount that falls on an arbitrary area for an arbitrary time period; this can be obtained by means
of ACR, which can be expressed in terms of rain rate as:

ACR(A, T) =
1
A

∫
A

∫ T

0
r(x, t)dxdt =

1
A

∫
A

C(x)dx, (1)

where t is an arbitrary instant of time period T, x an arbitrary point inside area A, r the rain rate
evaluated in point x and time t, C(x) the cumulative rainfall in point x.

Determination of the rain rate field for every instant and every point is a necessary and sufficient
condition to determine the ACR for any space–time domain. This is obviously impossible given the
limitations of the measurements provided by the available instrumentation; the rain gauges perform
cumulative rainfall measurements that represent an integral of the rain rate, furthermore they are only
installed at a limited number of points. The first limitation implies that 1 h is the shortest accumulation
time to evaluate the ACR. The second implies that the ACR estimates should be made by means of a
spatialization of the measurements. The spatialization technique used was the NPOBK method; it is
based on the assumption that the cumulative rainfall field C(x) is statistically describable by means of
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a second-order stationary random function [13–18] i.e., the first and second moments are invariant
under translations; they are described by means of the following equation:

m = E[C(x)]
F(h) = E[(C(x)− m)(C(x + h)− m)]

, (2)

where E[] is the mean value operator, m the mean value of cumulative rainfall independent of point x,
F(h) the correlation function that depends only on the distance h of the two points as the isotropy of
the field was also assumed [13]. In this perspective, ACR is described by means of a random variable
(R_ACR), its mean was considered the best estimate of ACR and its variance a measure of uncertainty.
The technique produces an interpolation function that gives the best unbiased linear estimate of the
mean of R_ACR (Equation (3)) and its variance (σ2

ACR) (Equation (4)):

ACR(A, T) =
N

∑
α=1

λαC(xα), (3)

σ2
ACR =

n

∑
α=1

λαγαV − γVV − μγαV =
1
|A|

∫
A

γ(xα, x)dx γVV =
1

|A|2
∫
A

∫
A

γ(x, y)dxdy, (4)

where C(xα) is the rain gauge measurement value on the points xα, A the area, T the accumulation time,
γ(x, y) the variogram relative to the pair of points x and y. The parameters λα and μ are the solution of
the following linear equations system:

N

∑
α=1

λαγ
(

xα, xβ

)− μ = γβV β = 1, ..., N. (5)

The uncertainty of the ACR estimate was a decreasing function of the number of rain gauges
installed within and near the analyzed area, so the size of the area had to be large enough to contain a
sufficient number of these in order to perform acceptably accurate estimates. It is worth noting that
to estimate ACR, only rain gauge measurements placed within or in proximity to area A were used.
The use of measurements away from the area decreases the value of the variance very little at the
expense of a substantial increase in the calculation time required.

The variogram, for the isotropy of the model, is a function that depends only on the distance of
the points and it can be evaluated by the following equation:

γ(h) =
1
2

Var[C(x)− C(x + h)] =
1
2

[〈
(C(x)− C(x + h))2

〉
− 〈(C(x)− C(x + h))〉2

]
. (6)

C(x) is second-order stationary therefore the second term of the second member is equal to zero
(Equation (2)). The sample values of the variogram were estimated nonparametrically, i.e., without
supposing the shape a priori, evaluating approximately the second member of Equation (6) by means
of the following:

γ(h) =
1

2n(h)

n(h)

∑
i=0

[C(xi)− C(xi + h)]2, (7)

where C(xi) is the cumulative rainfall measurement of the rain gauge installed in point xi. The sample
values of the variogram were determined accurately by considering large values of n(h), therefore
using the measurements of rain gauges installed in a large area N. To determine the largest area N
where the field was stationary, the variogram was evaluated using measurements of the rain gauges
located within increasingly larger areas centered on the same point. When increasing the size of the
area, a significant increase was observed in the sill evaluation of the variogram, so the field cannot be
considered stationary. Indeed, the apparent growth of the sill is due to the non-stationarity of the field,
so in this case, the second term of the second member of Equation (6) is not negligible and therefore
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Equation (7) does not accurately determine the sample values of the variogram. In all the cases studied
(Section 3.1), the largest area N where the cumulative rainfall field was stationary contains the area
A where the ACR was estimated (a 30 × 30 km2 square area), therefore the cumulative rainfall is
also stationary in area A and the NPOBK method can be applied to estimate the ACR in this area.
To avoid negative values of the R_ACR variance, a conditionally negative defined variogram [15–18]
was assumed. For this reason, the variogram was determined by fitting the sample values with the
following exponential function [18]:

γ(h) = Q
(

1 − exp
(
−|h|

r

))
, (8)

where Q and r are the fitting parameters.
The rain rate field was always different for each area and in each time as every rainfall event

has its own peculiarities, so the characteristics of the accumulation rainfall field differed for each
analyzed case. For this reason, for each ACR estimate, the procedure described above was repeated;
first the maximum area was determined where the accumulation rainfall field was stationary, then the
variogram was calculated using Equations (7) and (8).

2.3. ACR Estimation

The territory was divided into square areas, the annual, seasonal and daily ACR(Ai,Tj) were
evaluated for each area during the period 1 March 2001–31 May 2016. Ai denotes an arbitrary area in
Figure 2, Tj an arbitrary year, season or day. Each area was identified by means of its center, latitude and
longitude, expressed in decimal degrees. The annual and seasonal ACR were estimated by means of the
NPOBK technique described in Section 2.2. The relative error, defined by 3σACR/ACR, was evaluated.
Only ACR estimates with relative error lower than 90 percent were considered sufficiently accurate.

Figure 2. Areas where the ACR was estimated. Latitude and longitude of the centers of the areas
expressed in decimal degrees are indicated below and above them.
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The size of the areas had to be large enough to contain a sufficient number of rain gauges in
order to perform an acceptably accurate ACR estimate. Conversely, the spatial resolution of the
accumulation rainfall field is better for small areas. Based on these statements the choice of the size
of square areas was 30 × 30 km2, which is the best compromise between a good resolution and an
acceptable uncertainty of the ACR estimates. Only the northern and central part of Tuscany was
examined, as the low density of rain gauges installed in the southern part of the region does not allow
the ACR to be estimated with sufficient accuracy (Figure 2).

Over a hundred thousand daily ACR had to be estimated, which is an enormous number.
The algorithm to perform the NPOBK is computationally expensive so it was not possible to estimate
the daily ACR in a reasonable amount of time. For this reason, the NPOBK technique was not used
and another computationally less expensive technique had to be considered. The daily ACR were
therefore estimated averaging the cumulative rainfall measurements recorded by rain gauges within
the study area. This technique, identified as AM, provides less accurate estimates than the NPOBK
technique, and also does not allow the uncertainty to be evaluated.

To establish whether the estimates obtained by means of the AM technique were sufficiently
accurate for the aims of this study, the daily ACR estimated by AM and NPOBK techniques was
compared for some special cases. The discrepancy of the values in all cases was in the order of a few
tens of percentage points, a quantity considered small enough.

2.4. Local Rainfall Regime

2.4.1. Time Average of Local Rainfall

For each area (Figure 2), in order to establish the difference of the typical rainfall amount falling in
different zones of Tuscany, the means of the annual and seasonal ACR over the entire period (ACR_AV)
were considered:

ACR_AV(Ai) =
1
N

+∞∫
−∞

+∞∫
−∞

...
+∞∫
−∞

f (R_ACR(Ai, T1), ..., R_ACR(Ai, TN))·(
N
∑

n=1
(R_ACR(Ai, Tn))

)
dR_ACR(Ai, T1).....dR_ACR(Ai, TN)

, (9)

where Ai is an arbitrary area (Figure 2), T1, . . . . Tn, all the years or all autumn, winter, spring and
summer seasons of the considered period, f the joint probability density function of the random
variables R_ACR(Ai,T1), . . . , R_ACR(Ai,TN).

The exact value of ACR_AV could not be established as the joint probability density function was
unknown. ACR_AV was therefore evaluated approximately averaging the values of the ACR estimated
for each year or season:

ACR_AV(Ai) =

N
∑

n=1
(ACR(Ai, Tn))

N
. (10)

2.4.2. Trend Analysis of Local Rainfall

To establish the rainfall regime evolution in each area, in particular if an increase or a decrease
in ACR occurred, the trend analysis of annual and seasonal ACR(Ai,Tj) time series was conducted
together with an evaluation of the magnitude of the trend.

The trend analysis of the time series was performed by means of the non-parametric
Mann–Kendall test for autocorrelated data [24,25]. The Z statistic used to perform the trend analysis
is a random variable whose probability density function is known and can be approximated to a
Gaussian with zero mean and standard deviation equal to 1 for time series with a number of elements
greater than or equal to 10. The significance level chosen to reject the null hypothesis, i.e., the absence
of a trend, was 0.05, corresponding to Z > 1.96 (positive trend) or Z < −1.96 (negative trend).
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The magnitude of the trends was computed using the Theil–Sen estimator (TSA), which is less
sensitive to outliers than the least square linear fitting [26,27].

2.5. Global Rainfall Regime

2.5.1. Global Rainfall

Annual, seasonal and daily ACR evaluated over the entire territory (ACR_TOT) was analyzed
in order to study the overall evolution of the rainfall regime. The cumulative rainfall field was not
second-order stationary as the area was too large, so the NPOBK technique was not applicable. It
was therefore chosen to evaluate ACR_TOT by means of the mean of ACR in all areas (Figure 2)
corresponding to the same accumulation time:

ACR_TOT(Tj) =
1
M

+∞∫
−∞

+∞∫
−∞

...
+∞∫
−∞

f
(

R_ACR
(

A1, Tj
)
, ..., R_ACR

(
AM, Tj

))·(
M
∑

m=1

(
R_ACR

(
Am, Tj

)))
dR_ACR

(
A1, Tj

)
......dR_ACR

(
AM, Tj

) , (11)

where Tj is an arbitrary year for annual ACR_TOT, or an arbitrary autumn, winter, spring, summer
season for seasonal ACR_TOT, or an arbitrary day for daily ACR_TOT; A1 . . . ..Am are all the areas in
Figure 2, f the joint probability density function of random variables R_ACR(A1,Tj), . . . , R_ACR(AM,Tj).

Once again, the joint probability density function of the R_ACR was unknown so the ACR_TOT
was evaluated, approximately averaging the ACR estimates;

ACR_TOT(Tj) =

M
∑

m=1

(
ACR

(
Am, Tj

))
M

. (12)

2.5.2. Observables for the Study of the Global Rainfall Regime

The following observables were analyzed on annual and seasonal time scales, [27,28]:
ACR_TOT.
Number of rainy days (NRD): the number of days during which daily ACR was greater than 1

mm. If the ACR was less than 1 mm, the day was considered not rainy.
Mean intensity of precipitation (MIP): the ACR_TOT divided by NRD.
The sum of daily ACR_TOT falling into these intensity groups: ACR_TOT <10 mm (SD0), 10 mm

< ACR_TOT < 25 mm (SD10), 25 mm < ACR_TOT < 40 mm (SD25), 40 mm < ACR_TOT (SD40).
The time scale will be indicated in subscript to the name of the observable (ann, aut, win, spr, sum

indicate the annual and seasonal time scales respectively).
It should be noted that the daily ACR evaluated over relatively large areas never presents the

peak of daily cumulative rainfall values observed by some rain gauges, which take measurements on a
much smaller area. The correlation coefficient of daily cumulative rainfall presents values significantly
lower than 1, even for distances of a few km [10–12]. This implies that the peak values may not remain
on the whole area. For this reason, the threshold value (40 mm) chosen for the last intensity group is
significantly lower than the cumulative rainfall measurements of some rain gauges during an extreme
event, which may exceed 100 mm.

The trend analysis was performed for all time series and the magnitude of the trends
was computed.
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3. Results

3.1. Evaluation of the Variogram

The sample values of variograms for all the years and seasons were derived by means of
Equation (7), using the cumulative rainfall measurements inside 30 × 30, 40 × 40, 50 × 50, 60 × 60,
70 × 70 km2 square areas. The variograms were evaluated by fitting the sample values obtained by
the measurements within the largest areas where the condition of stationarity occurred. In almost
every case, the stationarity of the field is checked inside areas of 60 × 60 km2 or smaller. In all cases,
the value of the SILL (Q parameter of Equation (8)) was between 40,000 and 600,000 mm2 for the
annual ACR and between 3000 and 100,000 mm2 for the seasonal ACR. The r parameter (Equation (8))
was between 7000 and 30,000 m for the annual ACR and 15,000 and 70,000 for the seasonal ACR.
As an example, Figure 3 reports the variograms of annual and seasonal ACR for the year 2009–2010
(areas centered at lat. 43.75◦, lon. 11.25◦). In all cases, the 60 × 60 km2 area was the largest where the
stationarity condition was verified, except in spring 2010, where this condition was also verified for
the 70 × 70 km2 area.

 
Figure 3. Variograms of annual (a) and seasonal (b–e) ACR (year: 2009–2010, areas centered at lat.
43.75◦, lon. 11.25◦). The sample values obtained with the measurements inside 50 × 50, 60 × 60, and
70 × 70 km2 areas are reported. The distances of the points (meters) are reported in the abscissa, the
values of the variogram (mm2) in the ordinate. The fitting function is also reported.
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3.2. Estimation of Rainfall Amount

The annual and seasonal ACR were estimated for each area (Figure 2) by means of the NPOBK
technique during the considered period. Examples are given in Table 1 (for some areas and all years
and seasons) and in Figures 4 and 5 (for all areas and some years and seasons). The typical values
of the relative error were some tens of percentage points; in all cases, it was lower than 75 percent.
The density of rain gauges was not homogeneous, it was greater near the main towns and in the most
populated areas in general (Figure 1), therefore the relative error decreases accordingly. New rain
gauges were installed during the considered period, so in some areas the uncertainty was lower when
evaluated more recently. For some seasons and areas, it was not possible to estimate the ACR since the
measurements acquired by rain gauges were less than 90 percent of the total.

Table 1. Examples of annual and seasonal ACR (mm) and their standard deviations (σ) and relative
errors (ERR). M denotes missing values. Latitude and longitude are expressed in decimal degrees.

lat.: 43.480053 lon.: 11.250000

YEAR ANNUAL AUTUMN WINTER SPRING SUMMER

ACR σ ERR ACR σ ERR ACR σ ERR ACR σ ERR ACR σ ERR

2001–2002 795 99 0.38 229 29 0.38 117 17 0.43 197 25 0.38 172 43 0.75
2002–2003 780 80 0.31 290 30 0.31 238 24 0.31 158 16 0.31 104 26 0.75
2003–2004 870 89 0.31 278 28 0.31 238 24 0.31 227 23 0.31 208 52 0.75
2004–2005 798 89 0.34 143 36 0.75 222 25 0.34 158 18 0.34 226 57 0.75
2005–2006 983 110 0.34 513 57 0.34 220 25 0.34 M M M 100 11 0.34
2006–2007 842 86 0.31 240 18 0.23 189 14 0.22 200 13 0.19 78 9 0.34
2007–2008 681 51 0.23 135 11 0.25 188 14 0.23 224 16 0.22 109 11 0.31
2008–2009 931 95 0.31 324 23 0.22 272 17 0.19 221 14 0.19 139 14 0.31
2009–2010 982 61 0.19 200 13 0.19 365 23 0.19 265 15 0.17 96 10 0.31
2010–2011 937 60 0.19 443 30 0.20 230 15 0.19 123 8 0.19 138 14 0.31
2011–2012 541 36 0.20 127 8 0.20 114 8 0.21 224 15 0.20 64 6 0.28
2012–2013 1155 83 0.22 446 31 0.21 261 19 0.22 309 21 0.20 136 34 0.75
2013–2014 1266 95 0.23 418 29 0.21 330 24 0.22 170 13 0.23 233 41 0.53
2014–2015 824 51 0.19 316 19 0.18 203 12 0.18 176 10 0.18 246 27 0.34

lat.: 44.019947 lon.: 10.875702

YEAR ANNUAL AUTUMN WINTER SPRING SUMMER

ACR σ ERR ACR σ ERR ACR σ ERR ACR σ ERR ACR S ERR

2001–2002 1375 243 0.53 386 97 0.75 284 35 0.38 324 21 0.19 359 24 0.20
2002–2003 1434 96 0.20 750 48 0.19 408 27 0.20 194 13 0.21 63 5 0.22
2003–2004 1940 130 0.20 701 47 0.20 617 45 0.22 464 31 0.20 171 11 0.19
2004–2005 1036 116 0.34 M M M 251 17 0.20 291 19 0.19 194 20 0.31
2005–2006 1459 94 0.19 509 33 0.19 490 33 0.20 M M M 199 11 0.17
2006–2007 1328 83 0.19 364 21 0.17 504 29 0.17 251 14 0.16 159 10 0.18
2007–2008 1231 71 0.17 341 20 0.17 353 20 0.17 427 23 0.16 105 6 0.16
2008–2009 1843 109 0.18 677 37 0.16 700 37 0.16 392 21 0.16 111 6 0.15
2009–2010 1906 97 0.15 453 23 0.15 786 39 0.15 361 18 0.15 317 16 0.15
2010–2011 1744 89 0.15 740 38 0.15 575 29 0.15 233 11 0.15 210 10 0.15
2011–2012 1162 59 0.15 384 20 0.15 287 15 0.16 424 21 0.15 80 4 0.15
2012–2013 2193 112 0.15 744 37 0.15 570 29 0.15 815 40 0.15 140 7 0.15
2013–2014 2241 117 0.16 599 31 0.15 1057 54 0.15 290 15 0.16 300 15 0.15
2014–2015 1478 75 0.15 643 33 0.15 374 19 0.15 325 17 0.15 138 7 0.15
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Figure 4. Annual (a) and seasonal (c,e,g,i) ACR (mm) and their relative errors (b,d,f,h,j), for all areas,
year: 2003–2004.

Figure 5. Annual (a) and seasonal (c,e,g,i) ACR (mm) and their relative errors (b,d,f,h,j), for all areas,
year: 2014–2015.
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It should be noted that, for each year, the sum of seasonal ACR estimates is not exactly equal
to the annual one. This discrepancy is due to two distinct causes. First, the data quality control
sometimes excluded the measurements of some rain gauges; the rain gauge measurements excluded by
the annual estimates may differ from the seasonal ones. Therefore, the set of data in the interpolation
equations (Equation (3)) to estimate annual and seasonal ACR were different. Second, the annual and
seasonal cumulative rainfall fields and thus the shape of the related variograms did not coincide, so the
coefficients of the NPOBK linear systems (Equation (5)) related to the same rain gauges were different.

The daily ACR were estimated by the AM technique. Table 2 reports examples of estimates
obtained by means of the NPOBK and AM techniques. The results show a discrepancy in the order of
some tens of percentage points, which is sufficiently accurate.

Table 2. Comparison of daily ACR estimates obtained by means of AM and NPOBK techniques.

Lat. Lon. Day_Month_Year ACR AM ACR NPOBK

43.75 10.13 11_11_2001 4.4 5.2
44.02 10.88 7_10_2003 0.8 0.5
44.02 10.13 29_10_2004 44.1 37.0
44.29 9.75 22_3_2006 12.2 8.9
44.20 10.13 29_2_2008 1.2 1.9
43.75 12.00 24_7_2011 7.5 11.0
43.21 11.25 5_10_2013 17.1 18.7

3.3. Characterization of the Local Rainfall Regime

3.3.1. Estimation of the Time Average of the Local Rainfall

The annual and seasonal ACR_AV of each area was calculated (Equation (10)); the results are
reported in Table 3 and Figure 6. The annual values of ACR_AV highlight different rainfall regimes
for different areas. In central-southern areas (centered at lat. 43.21◦ and 43.48◦) ACR_AV were
between 800 and 900 mm, in central-northern areas (centered at lat. 43.75◦) they were about 1000 mm.
In north-western areas (centered at lat. 44.01◦, 44.28◦ and lon. 10.12◦, 10.87◦) ACR_AV were about
1600 mm, in north-eastern areas (lat. 44.01◦, lon. 11.25◦, 11.62◦) 1100 mm.

In spring, the ACR_AV values in central-southern areas were about 210 mm. In central-northern
areas a gradient in the east–west direction was observed; in the east, the ACR values were
about 200 mm, while in the west 280 mm. In north-western areas, they were about 350 mm,
while in north-eastern areas 300 mm. In the summer, the ACR_AV values in central-southern
and central-northern areas were about 130 mm, and in northern areas 200 mm. In autumn, in
central-southern areas, a gradient in the east–west direction was observed; in the west, the ACR_AV
values were about 350 mm, in the east 250 mm. In central-northern and northern areas, values were
about 350 mm and 500 mm respectively. In the winter, the ACR_AV values in central-southern areas
were about 250 mm, in central-northern areas about 300 mm and 500 mm in northern areas.

Based on these results, it may be noted that the annual volume of rainfall decreases moving in
the north–south direction; furthermore, the north-western part of the territory was rainier than the
north-east. The rainfall regime, on a seasonal basis, reproduces the same pattern; if a region is rainier
annually, the same pattern occurs for all seasons.
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Figure 6. Annual and seasonal ACR_AV estimates (a,d,g,j,m); values of Z statistic (b,e,h,k,n); and
magnitudes of the trend (c,f,i,l,o).

3.3.2. Evolution of the Local Rainfall Regime

The trend analysis was performed for the time series of annual and seasonal ACR of each area
(Figures 2 and 6, Table 3). For almost all areas, the value of the Z statistic of the Mann–Kendall test
was positive, which is a clue to a positive trend. The Z value of many time series was lower than 1.96,
the threshold chosen to reject the null hypothesis, therefore it is not possible to state with sufficient
confidence the presence of a positive trend in many of the areas considered.

The magnitude of trends of annual ACR was higher in the north-western coastal areas; in general
the gradient of the trend magnitude was directed towards the north-west; in other words, there is a
trend increase by moving in the western and northern directions. The typical trend magnitude was
some tens of mm/year. In autumn, winter and summer, the trend analysis highlights a similar pattern
to the annual one; in spring, the magnitude of the trend was overall homogeneous.
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3.4. Characterization of the Global Rainfall Regime

The annual and seasonal values of ACR_TOT, NRD, MIP, SD0, SD10, SD25, SD40 were evaluated
(Figures 7 and 8). The Mann–Kendall test was performed for all time series (Table 4).

 
Figure 7. Annual and seasonal time series of ACR_TOT (a); NRD (b) and MIP (c).

 

Figure 8. Annual and seasonal time series of SD0 (a); SD10 (b); SD25 (c) and SD40 (d).

ACR_TOTann highlights an increase in precipitation; the Z statistic value of 1.86 was very close to
the threshold value, suggesting the presence of a growing trend. The trend magnitude of 35.4 mm/year
indicates a significant increase in the rainfall amount. The Z values of ACR_TOTaut, ACR_TOTwin,
ACR_TOTspr, ACR_TOTsum show an increase in precipitation only in winter.
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Table 4. Values of Z statistic and trend magnitudes of annual and seasonal observables. The Z values >
1.96 are reported in bold.

ANNUAL AUTUMN WINTER SPRING SUMMER

Z T Z T Z T Z T Z T
ACR_TOT 1.86 35.4 0.49 2.9 3.57 14.8 0.20 1.1 1.48 3.9

NRD 1.20 2.2 0.00 −0.1 3.37 1.1 0.69 0.4 1.14 0.5
MIP 1.86 0.1 1.29 0.2 1.58 0.1 0.00 0.0 0.79 0.1
SD0 2.36 13.3 1.68 3.3 1.78 3.1 0.40 0.6 4.16 2.7
SD10 0.71 4.3 −0.79 −1.6 1.48 6.5 0.10 0.5 0.40 1.7
SD25 0.88 7.6 0.30 0.5 0.94 2.8 0.10 0.0 −1.14 0.0
SD40 2.58 10.5 1.51 0.2 3.96 2.689 0.68 0.0 1.50 0.0

The trend analysis of the NRDann time series does not clearly highlight an increase in this
observable. However, the Z values of seasonal time series show that a positive trend was detected
only in winter.

The Z value of MIPann was 1.86; also in this case, the presence of a positive trend is very likely.
The analysis of the Z statistic of the seasonal time series did not show an increase in this observable;
although the Z value of MIPwin suggests the possible presence of a positive trend in winter.

The study of these observables highlights that one of the causes of the increase in annual
precipitation was the growth of MIPann. The Mann–Kendall test of NRDann does not clearly show
a positive trend, although the Z value might suggest it; therefore, it cannot be excluded that this
phenomenon could also have caused the increase in annual rainfall. For all the considered time series,
the positive trend was always attributable to a change of the rainfall regime in winter; a clear growth
of the observables was not highlighted in the other seasons.

The trend analysis of SD0ann shows a positive trend; the value of the Z statistic was 2.36.
The magnitude of trend equal to 13.3 mm/year was very high, so the rainfall amount caused by
low-intensity events has increased a lot during the considered period. SD10ann and SD25ann did not
show any positive trend, so the rainfall amount due to medium intensity events can be considered
stationary. The value of the Z statistic of SD40ann was 2.58, so the presence of a positive trend was
established. The magnitude of the trend equal to 10.5 mm/year was very high; it shows a significant
increase in the contribution of extreme events to the rainfall amount.

The analysis of seasonal time series shows that the rainfall regime in autumn, winter and summer
was similar to the annual one; there was an increase in rainfall amount for the light and extreme
precipitations and there was substantial stability for the intermediate ones. In the spring, no trend was
observed in any of the intensity groups.

4. Discussion and Conclusions

The estimation of rainfall amount is fundamental to evaluate the rainfall regime on the territory.
The observable introduced to perform this task was the ACR [13,14], evaluated on some square
areas in the studied territory. In addition to the best value of the observable, it is very important
to quantitatively evaluate the uncertainty to establish the validity of the results. The annual and
seasonal ACR and its uncertainty was therefore estimated, spatializing the measurements of a rain
gauge network by means of the NPOBK technique [13–18]. The daily measurements were evaluated
without an assessment of the error.

The uncertainty was due mainly to the limited density of rain gauges on the territory; indeed,
the standard deviation of the ACR estimate depends essentially on the number of rain gauges in the
area. In this context, a compromise was reached about the size of the square areas (30 × 30 km2) that
allows a satisfactory spatial resolution and an acceptable uncertainty. Only the northern and central
part of Tuscany was studied as the low density of rain gauges in the south does not allow acceptable
estimates to be obtained. The period considered was 1 March 2001–31 May 2016.

The results can be summarized as follows:
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the territory can be divided into four areas distinguished by the ACR_AV values during the
considered period. The north-western area is the rainiest (ACR_AV about 1600 mm) and experienced
the highest increase in precipitation. The north-eastern area (ACR_AV about 1200 mm), central area
(ACR_AV about 1000 mm) and southern-central area (ACR_AV about 800 mm) had the most limited
increase in precipitation. For all areas, the precipitation in autumn and winter was more abundant
than in spring; summer precipitation was the least abundant.

The ACR_TOT time series showed a very strong increase in precipitation; this was assessed as
35 mm/year and was mainly due to winter rainfall. It was caused by the positive trend in MIP and
probably also in NRD. The ACR_TOT positive trend was not homogenous on the territory but the
magnitude of the trend was higher in the north-western area. Analysis of the distribution of daily
precipitation shows an increase in the contribution of low and extreme intensity events, while the
contribution of medium intensity events can be considered stationary.

The increase in rainfall that occurred during the considered period is in contrast with the overall
trend of the last decades. Bartolini et al. [23] showed a tendency to a decrease in rainfall during the
period 1948–2009 in two distinct sites in Tuscany, while Fatichi et al. [22], during the period 1916–2003,
showed an absence of any trends in precipitation amount or intensity of extreme events.

The results of this paper are only apparently surprising. Within a generally decreasing rainfall
trend, a period of precipitation increase may occur without affecting the overall trend. For example,
Romano et al. [28] showed an overall decreasing trend in annual precipitation in the Tiber river basin,
an area close to Tuscany. The details of the pattern of the rainfall time series showed a succession of
dry and wet periods when the rainfall amount increased.

The values of SD40 have increased, so extreme rainfall events have become more frequent. This
result is in agreement with Crisci et al. [29] who reported an increase of extreme events in Tuscany
during the period 1973–1994, while Fatichi et al. [22] did not detect any trend on the basis of a longer
time series. The increase in extreme precipitation aggravates the risk of flooding; in this context, the
monitoring of these events, also with the technique described in this paper, becomes essential.

In the future, the ACR estimates will be improved by means of the measurements from radar
operating on the territory. The radar can measure the average rain rate on 1 × 1 km square pixels, so can
improve the spatial resolution of ACR estimates. The radar sweeps all Tuscany, so the measurements
will allow the rainfall regime to be studied over the whole region.
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Abstract: Daily gridded rainfall data over Peninsular Malaysia are delineated using an objective
clustering algorithm, with the objective of classifying rainfall grids into groups of homogeneous
regions based on the similarity of the rainfall annual cycles. It has been demonstrated that Peninsular
Malaysia can be statistically delineated into eight distinct rainfall regions. This delineation is closely
associated with the topographic and geographic characteristics. The variation of rainfall over
the Peninsula is generally characterized by bimodal variations with two peaks, i.e., a primary
peak occurring during the autumn transitional period and a secondary peak during the spring
transitional period. The east coast zones, however, showed a single peak during the northeast
monsoon (NEM). The influence of NEM is stronger compared to the southwest monsoon (SWM).
Significantly increasing rainfall trends at 95% confidence level are not observed in all regions during
the NEM, with exception of northwest zone (R1) and coastal band of west coast interior region
(R3). During SWM, most areas have become drier over the last three decades. The study identifies
higher variation of mean monthly rainfall over the east coast regions, but spatially, the rainfall
is uniformly distributed. For the southwestern coast and west coast regions, a larger range of
coefficients of variation is mostly obtained during the NEM, and to a smaller extent during the
SWM. The inland region received least rainfall in February, but showed the largest spatial variation.
The relationship between rainfall and the El Niño Southern Oscillation (ENSO) was examined based
on the Multivariate ENSO Index (MEI). Although the concurrent relationships between rainfall in
the different regions and ENSO are generally weak with negative correlations, the rainfall shows
stronger positive correlation with preceding ENSO signals with a time lag of four to eight months.

Keywords: rainfall zonation; rainfall trends; rainfall variability; rainfall regionalization;
Peninsular Malaysia

1. Introduction

Delineating climatic zones facilitates the investigation of the general climate characteristics of the
region, and helps improve understanding of climate variability across a range of spatial and temporal
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scales. It plays an important role in gaining knowledge of water balance dynamics on various scales
for water resources planning and management [1–3]. At low latitudes, where temperatures vary little
within and over years, climate differences are largely determined by differences in rainfall patterns.
Climatic boundaries are often plotted according to mean monthly rainfall, varying gradually except
where the gradients steepen on mountain slopes or along seacoasts [4]. Distinction between zones is
always arbitrary and relies on the cartographical convenience. For example, the climatic regions are
grouped according to the same category of isohyet range, the climatic zones boundaries are not clear
and are always subjectively determined [4]. Thus, an objective quantitative climatic classification is
essential for discovering definite and distinctive climate zones boundaries using the climatic data.

The relationship between monsoon seasons and rainfall of Peninsular Malaysia was studied
by Lim [5]. He delineated rainfall regions based on 29 rainfall stations and assessed pentad rainfall
patterns that could be grouped roughly into five rainfall regions. These results became the reference
for the researchers in investigating rainfall distribution across the country [6–9]. Bishop [10] who
researched on integration of land use and climatic data, believed that this could produce good region
classification. However, his efforts generated some doubts over certain regions, which were mainly
attributed to the reliability of climatic data used in his research. He recommended that a more
sophisticated statistical analysis procedure and better data sets be applied to overcome the uncertainty
in defining the climatic regions.

With the defined climatic regions, the knowledge of past rainfall distribution and patterns
can be assessed in order to qualify the nature of changes in time and space. In the past, most
of the hydroclimatic studies focused on rainfall distribution and patterns of change over time.
For example, Nieuwolt [11] adopted an agricultural rainfall index to quantify rainfall variability
over time. Researchers further investigated the temporal and spatial characteristics of rainfall during
1990s, but often restricted their analyses to small catchments, e.g., an urbanized area [12] or a forested
catchment [13].

Peninsular Malaysia has undergone development at a rapid pace over last decades. Thus, the
overall picture of country water resources distribution has become important for future water resources
planning and management. However, a comprehensive regional study of rainfall patterns is still very
limited. The mean annual rainfall maps, derived from long-term monthly records (1950–1990) by the
Economic Planning Unit [14,15], are only able to show the spatial distribution of average rainfall in the
country instead of high temporal and spatial variability of rainfall patterns. Regional trends of rainfall
distribution also have not received much attention from researchers.

The climate over Peninsular Malaysia is subjected to pronounced interannual variability
which modulates hydrological variability, including floods and droughts [16–18]. The relation
between Malaysian rainfall anomalies, sea surface temperature and El Niño-Southern Oscillation
(ENSO) were studied by Tangang and Juneng [17] and Juneng and Tangang [19,20]. The global
warming/temperature trends and variations were investigated by Tangang et al. [21] and Ng et al. [22].
However, these studies were based solely on station observations which have insufficient spatial
coverage [23], biases associated with the gauge measurement process and homogeneity of rainfall time
series [24], and problems of missing data [23]. The need for data with better accuracy and space-time
resolution has been emphasized by many researchers [12,25–27].

The development of gridded rainfall data sets [27] can provide better spatio-temporal coverage
across a region. It is also timely to reassess the climatic regions as defined by Lim [5] and Bishop [10],
and investigate regional rainfall trends and distribution to update the understanding of the spatial and
temporal variability in the country and support further water resource planning and management.

The aim of this study is two-fold. First, to delineate climatic regions using clustering algorithm
based on the daily gridded rainfall data set for Peninsular Malaysia. Second, to explore the regional
characteristics of rainfall distribution through trend analysis and analysis of spatial rainfall variability
on annual and monsoon-seasonal basis for different climatic regions.
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2. Materials and Methods

2.1. Study Area

Peninsular Malaysia is located in the tropics between 1◦ and 7◦ north and between 99◦ and
105◦ east. The total area of 132,000 km2 is composed of highlands, floodplains and coastal zones.
The Titiwangsa range forms the backbone of the Peninsula, running approximately south-southeast
from southern Thailand over a distance of 480 km and separating the eastern part from the western part.
Surrounding the central high regions are the coastal lowlands. In general, the Peninsula experiences a
warm and humid tropical climate all year round, with uniform temperatures ranging from 25 ◦C to
32 ◦C. Rainfall is characterized by two rainy seasons associated with the southwest monsoon (SWM)
from May to September and the northeast monsoon (NEM) from November to March [7,16,28].

2.2. Data Sources

The rainfall data used in this study is the gridded data set described by Wong et al. [27]
for a period of 31 years from 1976 to 2006. The daily rainfall data originates from four data
sources, i.e., the automatic station database of the Department of Irrigation and Drainage (DID),
the Malaysian Meteorological Department (MMD), the Global Summary of the Day (GSOD)
that archived at the National Climatic Data Center of the National Oceanic and Atmospheric
Administration (NOAA/NCDC) was transmitted over the Global Telecommunication System of
the World Meteorological Organisation (WMO-GTS), and additional Global Energy and Water Balance
Experiment (GEWEX) research programme Asian Monsoon Experiment (GAME) data which also
originate from MMD. The combination of all data sources brings an average of 123 daily point
observations with maxima of 167 in years 2001 and 2003.

2.3. Methodology

Rainfall regions are delineated from annual rainfall cycles based on monthly climatological
values using a clustering algorithm. The delineated regions were then analyzed statistically to assess
the spatio-temporal rainfall distribution. Rainfall trends were investigated using Mann-Kendall
nonparametric trend detection method. The spatial variability of annual and monsoon rainfall of all
regions is calculated. The relationship and influence of El Ninõ-Southern Oscillation (ENSO) over the
delineated regions is assessed by using the Multivariate ENSO Index (MEI) indicator.

2.3.1. Data Interpolation

The rainfall is interpolated directly from point observation values. The input data stations are
mostly located at elevations below 300 m above sea level (m.a.s.l) with relatively few stations at
higher altitudes between 1000 and 2000 m.a.s.l. Analysis of the available data did not reveal a clearly
identifiable orographic relationship in daily rainfall between the station time series. The available
rainfall data have been interpolated into daily grids with 0.05 degree resolution (approximately 5.5 km).
The interpolation scheme is based on an adaption of Shepard’s [29] angular distance weighting
(ADW) procedure.

2.3.2. Climatic Regions Delineation

Zones of different annual rainfall cycles based on monthly climatological values were identified
using a clustering algorithm. The identification of groups or clusters is based on the similarity between
data properties. There are several algorithms developed for this purpose. Here, a non-hierarchical
K-means clustering algorithm [30] coupled to an empirical orthogonal function (EOF) analysis
was applied.

There are 4289 rainfall grid cells in the study areas. Hence, the size of monthly rainfall
climatological data matrix is 4289 × 12. In order to reduce the dimensionality of the data and to
filter the random noise, the EOF analysis [31] was applied to the monthly rainfall climatological
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matrix. The EOF analysis is also commonly known as principal component analysis (PCA) in statistical
literature [32]. A Monte-Carlo randomization test suggests a cut-off point at the sixth principal
component which describes a total of ~98% of the cumulative variance in the data matrix. The resulting
data matrix (4289 × 6) was subjected to the non-hierarchical K-means clustering algorithm.

The K-means clustering algorithm minimizes the Euclidean distance between the data items
and the cluster centroid by partitioning the data into k non-overlapping regions. Each of the data
items is represented by six values corresponding to the six principal components selected earlier.
The algorithm iteratively minimizes the total intra-cluster variance (V) described by the following:

V =
k

∑
i=1

∑
xj∈Ci

(xj − μi)
2 (1)

where Ci shows the ith cluster (i = 1, 2, . . . , k) and μi is the centroid of all the cluster points xj ∈ Ci.
The algorithm however requires the number of clusters, k, to be set a priori. Here, the algorithm was
applied to the 4289 data items, setting the value of k from 3 to 10. The validity of the optimum number
of cluster was then determined by the silhouette width [33] for each data items is calculated as:

S(i) =
b(i)− a(i)

max {a(i), b(i)} (2)

where a(i) is the averaged Euclidean distance of the i data item to all other data items in the same
cluster, b(i) is the minimum of the averaged distance of i data item to all data items in the other clusters.
The averaged silhouette width, S evaluates the quality of the clustering solution by considering both
compactness (distance between data items within the same cluster) and separation (distance between
data items in two neighboring clusters). The closer S value is to 1, the better the grouping.

2.3.3. Trend Detection

The annual and monsoon seasonal averaged time series of rainfall of the climatic regions were
analyzed using the Mann-Kendall nonparametric trend detection test [34,35]. The Mann-Kendall
method has been widely used and tested to be an effective method to evaluate the presence of a
statistically significant trend in climatological and hydrological time series [2,36–38]. In the trend test,
the null hypothesis H0 is that there is no trend in the series (the data are independent and identically
distributed). The alternative hypothesis H1 is that a trend exists in the data. The Kendall S-statistic is
obtained from comparison between all possible (x, y) pairs of data and is given by:

S =
n−1

∑
i=1

n

∑
j=i+1

sgn(xi − xj)sgn(yi − yj) (3)

where, the sign function is defined (for any variable u) as

sgn (u) =

⎧⎪⎨⎪⎩
−1 if u < 0

0 if u = 0
+1 if u > 0

(4)

Under the null hypothesis, the statistic S is approximately normally distributed with zero mean
and variance given by

Var (S) =
n (n − 1) (2n + 5)− ∑n

i=1 tii (i − 1) (2i + 5)
18

(5)
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where ti is the number of ties of extent i in either the x or y data. The summation term in the numerator
is used only if the data series contains tied values. The standardized test statistic Z is obtained as

Z =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
S+1√
Var(S)

if S < 0

0 if S = 0
S−1√
Var(S)

if S > 0

(6)

The test statistic Z is used to measure the significance of a trend. In a two sided test, H0 should be
accepted if |Z| is greater than Zα/2, where α represents the chosen significance level (e.g., 5% with
Z0.025 = 1.96) then the null hypothesis is rejected implying that the trend is significant. A positive
Z value indicates an upward trend, whereas a negative Z value indicates a downward trend. If a
significant trend is present, the average rate of increase or decrease can be obtained from the slope of a
simple linear regression.

2.3.4. Spatial Variation of Rainfall

Assessment of spatial variation is based on computation of the spatial variance within a particular
delineated gridded region, as

σ2 =
1
n

n

∑
i=1

(xi − x)2 (7)

where x is the average areal rainfall and, xi is the rainfall depth in each grid cell. The average areal
rainfall and the spatial variance are computed for each region. The coefficient of variation of rainfall
which is used to characterize the monthly spatial variability of rainfall is defined as the standard
deviation divided by the average areal rainfall.

2.3.5. Rainfalls Correlation Analysis with El Ninõ-Southern Oscillation (ENSO)

The influence of ENSO over the delineated regions in Peninsular Malaysia is assessed by
correlating the rainfall time series with the Multivariate ENSO Index (MEI). The MEI is based on
six observed variables over the tropical Pacific Ocean, i.e., sea-level pressure, zonal and meridional
components of the surface wind, sea surface temperature, surface air temperature, and total cloudiness
fraction of the sky [39]. Negative values of the MEI represent the cold ENSO phase, i.e., La Niña, while
positive MEI values represent the warm ENSO phase (El Niño). This index was chosen because it is
less vulnerable to errors compared to station-based or single variable field based indices (e.g., Southern
Oscillation Index, SOI) and has more robust key features in spatial variations and seasonal cycle [39].

To examine the relationship between the interannual rainfall and ENSO, each regional monthly
rainfall index is correlated with the MEI time series concurrently. To further explore potential lagged
influence of ENSO on NEM and SWM rainfall, the monsoon seasonal rainfall index is created to
allow for comparison with the monthly MEI values preceding the seasons. The lag is defined by the
time distance between the first month of monsoon season and monthly MEI value. For example, the
correlation between the NEM rainfall and MEI at one month lag is the correlation coefficient value
between the NEM, which is aggregated from November(0) to March(1)) rainfall and MEI value in
October(0). The lagged correlation coefficient values were calculated with a lag time of 0–8 months
(MEI leads the rainfall) as well as each individual monsoon month considered.

3. Results and Discussion

3.1. Characteristics of Delineated Climatic Regions

Table 1 shows the averaged silhouette width, S suggesting a best grouping of eight different
regions for a maximum S value of 0.53. The eight delineated rainfall zones are shown in Figure 1.
The classification patterns are generally consistent with Lim [5] that classified subjectively the
Peninsular Malaysia rainfall into five different zones based on pentad data. The general similarity
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appears to be the existence of the northwest zone and the central interior rainfall zone over the
central mountainous valley areas of Peninsular Malaysia. However, there exist some differences
over the southern part of Peninsular Malaysia where current clustering algorithm further delineates
the southwest zone of Lim [5] into two different rainfall zones. This rainfall characteristic is also
observed by Dale [40] who reported the existence of a distinctive Port Dickson-Muar coastal rain belt
in conjunction with other four larger rainfall zones. In addition, the east coast zone is further divided
north-south into the northeastern zone and southeastern zone. The latter covers a large part of Johor
state. Another difference between the current analysis and that of Lim [5] is the east-west separation of
the west coast zone which is represented by region R6 (refer to Figure 1).

Table 1. Averaged silhouette width, S indicates better grouping if closer to one.

K, Non-Overlapping Regions 3 4 5 6 7 8 9 10

Averaged silhouette width, S 0.35 0.41 0.43 0.46 0.43 0.53 0.50 0.48

Figure 1. Box and whisker plot of areal average mean monthly rainfall (1976–2006) of the eight
delineated rainfall regions in Malaysia. The solid line is the median, the height of the box is the
difference between the third and first quartiles (IQR). The zones delineated by Lim [5] are shown in
red lines.

An examination of the rainfall zonation patterns and the regional topographic structure suggests
that the delineation is closely associated with the topographic characteristics. The temporal
variation of rainfall over Peninsular Malaysia is generally characterized by a bimodal annual cycle,
i.e., a primary peak occurring during the autumn transitional period and a secondary peak during the
spring transitional period as shown in Figure 1. However, over the east coast regions (R7), the rainfall
appears to have a single peak during the NEM. This region received 2940 mm/year of mean annual
rainfall, 52% and 33% of which occurred during NEM and SWM periods, respectively, as shown in
Table 2. The monsoons contribute 85% of the total annual rainfall in this region. During the NEM,
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the dry northeasterly cold surge winds become moist during the passage over the South China Sea.
The interaction with the land along the east coast area creates deep convection clouds and rainfall
during the NEM [41–43]. The difference between the northeast zone (R7) and southeast zone (R8)
appears to be the higher monsoon rainfall during November–December over the northeastern coast
region (see Figure 1). Based on numerical experiments, Juneng et al. [43] argued that the higher
elevation in the interior parts of the north-eastern coast of Peninsular Malaysia (in R7) plays a crucial
role in providing additional lifting and enhances convection and rainfall while interacting with the
mesoscale circulations. Over the south of the eastern region (R8), the rather flat terrain allows the
storm systems to reach further inland [43], hence resulting in higher inland rainfall.

Table 2. Rainfall contributions in Peninsular Malaysia for the period of 1976–2006.

Region

Mean
Elevation
(m) (min,

max)

Annual
Rainfall
(mm/Year)

Standard
Deviation

Northeast
Monsoon

(Nov.–Mar.)
Rainfall

Southwest
Monsoon

(May–Sep.)
Rainfall

Total Monsoon
Rainfall

mm/Year % mm/Year % mm/Year %

R1 272
(0, 860) 2118 440 567 26 1035 48 1602 75

R2 116
(0, 773) 2229 314 922 41 806 36 1728 77

R3 326
(16, 1475) 2154 347 921 42 765 35 1686 78

R4 74
(0, 189) 1807 464 705 39 743 41 1448 80

R5 50
(0, 183) 2206 604 1004 45 794 35 1798 81

R6 457
(68, 1280) 2174 329 868 39 868 39 1736 79

R7 266
(0, 1044) 2940 321 1530 52 993 33 2523 85

R8 128
(0, 352) 2383 550 1268 53 735 30 2004 84

Over the southwestern coast of Peninsular Malaysia, the bi-modal seasonal variation of the rainfall
is significantly weaker. The terrain is relatively flat to undulating compared to the northern regions.
The seasonal rainfall cycle shows that the southern area (R5) of the southwest zones has a rainfall
peak in December and maintains a high amount of rainfall in January. Over the northern parts of the
southwest zones (R4), rainfall peaks in November and decreases sharply in January the following year.
The monsoon rainfall contributes 80% to the mean annual of 1807 mm/year (see Table 2). Note that
this zone lies at the edge of the central mountain range (Titiwangsa mountain range) and the local
meteorology may interact with the land-sea breeze to nurture storm intensity system over this part of
Peninsular Malaysia [44,45].

The west coast region of Peninsular Malaysia, which is characterized by strong bi-modality,
is delineated into the coastal band (R2) and the interior zone (R3). The seasonal variations of
these two zones show similarity with two rainfall peaks during the monsoon transitional periods.
The meteorology during this time of the year is dominated by strong diurnal variations [46] with
high frequency of rainfall occurrence in the evening hours. However, the interior zone, which is
characterized by rough terrain of the Titiwangsa mountain range, has a sharper drop in monthly rainfall
after the annual peaks. The diurnal rainfall cycle over the Straits of Malacca is largely dominated
by land-sea breeze forcing [44,45]. The blockage by the high north-south oriented terrain structures
(Titiwangsa range) limits the in-land penetration of the sea breezes. This results in minor differences of
rainfall climatology over this lower coastal band (R2) of the west coast region. The contribution of
monsoon rainfall for both zones (R2 and R3) is relatively equal (see Table 2), but region R2 has higher
annual rainfall of 2229 mm/year, compared to R3 with 2154 mm/year.
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The northwest zone (R1) also shows a bimodal annual rainfall distribution. However,
the primary peak during the autumn transitional period in October is higher compared to the secondary
peak during the spring transitional period in April/May. The primary monthly rainfall peak drops
dramatically and reaches at minimum level in January. Another significant difference that delineates
this zone from the rest of the west coast region is the relatively high amount of rainfall received during
the May–July months (>200 mm/month). This is likely due to the exposure of the northern region to
the southwest monsoon wind influence. On the other hand, the rest of the west coast areas are shielded
by the mountain ranges in Sumatra during this time of the year. Geographically, the northwest zone
has a relatively flat topography separated from the rest of the regions by high and rough terrains in the
northern parts of Peninsular Malaysia. The R6 region in the central interior part of the country received
2174 mm of mean annual rainfall, 79% of which occurred during the NEM and SWM (see Table 2).
The reduction of rainfall amount in this region compared to the west coastal regions during NEM
is due to the Titiwangsa mountain range, that appears to block the westward progression of the
climatic system and therefore inhibits excessive rainfall over the central interior zone [43]. According
to Nieuwolt [47], the rainfall produced in this region is mainly due to local convection caused by
intense heating of land surface.

3.2. Rainfall Trends

Most climatic regions do not show any significant trends at the 95% confidence level as indicated
in Table 3. The west coast interior region (R3) and south of eastern region (R8) were the only two
regions with significant (at 90% confidence level) positive trends in the total annual rainfall. During
SWM monsoon, most of the areas are drier over the years, in particular the northwest region (R1)
which shows significant trends at the 95% confidence level, i.e., a −5.1 mm/season/year of rainfall
declining trend. In contrast, significant increasing trends at the 95% confidence level have been found
in the NEM rainfall for the northwest (R1) and west coast interior region (R3) of the Peninsula. During
the NEM, the northwest (R1) and west coast interior regions (R3) show large increasing rainfall trends,
i.e., 7.5 mm/season/year and 6.7 mm/season/year, respectively.

Table 3. Annual and monsoons rainfall trends (mm/year) of eight distinct climatic regions for the
period of 1976–2006.

Region Annual NEM SWM

R1 6.3 7.5 −5.1
R2 3.7 4.3 −1.5
R3 7.7 6.7 0.0
R4 2.1 3.1 −1.8
R5 7.1 4.9 −0.8
R6 5.8 5.0 −1.0
R7 13.3 11.4 −1.1
R8 9.1 5.8 −0.3

Notes: Light grey indicates significant rainfall (mm) trend at 90% confidence level; Dark grey indicates significant
rainfall (mm) trend at 95% confidence level; NEM: northeast monsoon; SWM: southwest monsoon.

Focusing on monthly rainfall trend, Table 4 shows that all regions, with exception of the northern
parts of the southwest zones (R4), have a significant increasing trend with at least 90% confidence level
in January. It is noted that although most of the monthly rainfall throughout the NEM do not exhibit
a significant trend at 95% confidence level, the monthly rainfall is at an increasing trend over years
(with exception of regions R4 to R8 in November, R4 and R5 in February). On the other hand, most of
the monthly rainfall for SWM (May to September) no trend was found, but the monthly rainfall is in
decreasing condition over the years. It is interesting to note that although the monthly rainfall does
not necessary show significant trends, the consistent sign of changes throughout the seasons resulted
in significant trends (at 95% confidence level) when the seasonal means were analyzed.
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Table 4. Monthly rainfall trends (mm/month) of eight distinct climatic regions.

Region Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

R1 1.3 1.3 2.5 0.7 −3.5 0.8 −0.8 0.5 −2.0 2.6 0.2 2.8
R2 1.6 0.3 −0.2 0.1 −1.7 0.3 −0.3 0.5 −0.2 0.3 1.7 1.5
R3 2.2 0.2 1.2 0.8 −1.0 0.3 −0.1 0.5 0.4 −0.7 1.6 2.5
R4 2.0 −1.3 1.1 −0.2 −0.3 −0.2 −0.6 1.1 −2.0 0.1 −0.9 3.1
R5 5.6 −1.1 1.5 −0.2 −0.0 −0.9 0.0 0.8 −0.7 1.1 −0.4 1.5
R6 2.2 0.2 1.7 0.3 −1.4 0.9 −0.9 0.9 −0.6 0.1 −0.5 2.8
R7 5.0 2.4 3.5 −0.4 −0.6 1.1 −1.4 0.0 −0.2 1.0 −1.2 4.2
R8 5.8 0.1 1.1 −0.1 −0.5 −0.1 −0.2 0.9 −0.4 0.8 −0.3 2.0

Notes: Light grey indicates significant monthly rainfall (mm/month) trend at 90% confidence level; Dark grey
indicates significant monthly rainfall (mm/month) trend at 95% confidence level.

3.3. Spatial Variability

Figure 2 shows the mean monthly spatial variability for the eight climatic regions. It is noted that
the spatial rainfall variation is more uniform throughout the year in the east coast regions (R7 and R8)
as shown in Figure 2g,f, although both regions have the largest variation in mean monthly rainfall as
indicated in Figure 1. The southwestern coast (R4 and R5) and west coast (R2 and R3) regions receive
smaller amounts of monthly rainfall, but the spatial variation differs, particularly during monsoons.
For the inland region (R6), the largest spatial variability occurs in February, the month with the smallest
rainfall amount of 94 mm/month (refer to Figure 1). The larger range of coefficients of variation is
most visible for all regions during the NEM, when the largest amount of rainfall is received over the
east coast region (see Table 1), and to a smaller extent during the SWM.

Figure 2. Box and whisker plot of mean monthly coefficients of spatial variations (1976–2006) of the
eight delineated rainfall regions (Panel a to h). The solid line is the median, the height of the box is the
difference between the third and first quartiles (IQR). Any data observation which lies 1.5 IQR lower
than the first quartile or 1.5 IQR higher than the third quartile is considered an outlier in the statistical
sense, indicated by open circles.

156



Water 2016, 8, 500

The northern region (R1) shows the largest interquartile range (0.19) and mean monthly
coefficients of variation (0.38) compared to the other regions. In contrast, the northern part of the
southwest region (R4) has a smaller interquartile range (0.13) and lowest mean monthly coefficients of
variation (0.25), indicating that the areal rainfall is more uniformly distributed. The calculated median
values of the coefficients of variation are close to the mean values for all regions, which suggest that
the spatial rainfall variation is symmetrically distributed.

Figure 3 shows the coefficients of variation as a function of the spatial mean monthly rainfall
for each climatic region. The relative coefficients of variation generally decreases exponentially with
increasing mean monthly rainfall before reaching about 150 mm/month. The coefficients of variation
remain fairly constant at 0.30 for mean monthly rainfall exceeding 150 mm/month. This implies the
rainfall is more uniformly distributed across the region when the average rainfall amount is high. It is
usually associated with heavy monsoon rainfall over the east coast of Peninsular Malaysia [43].

Figure 3. Mean monthly rainfall coefficients of variation over the eight delineated rainfall regions
(Panel a to h) for the period of 1976–2006.

The topography and monsoon winds are likely the main factors controlling the magnitude of
the spatial rainfall variation in the country. The Titiwangsa Range is a mountain range that forms the
backbone of the Peninsula. During the northeast monsoon (NEM), stronger winds blow to the exposed
areas, e.g., the east coast of Peninsular Malaysia [28,43,48], thus these areas receive substantial high
amount of rainfall. Higher wind speeds promote more evaporation, which destabilizes the boundary
layer and triggers deep convection, and hence, increases rainfall [49]. The inland and west coast areas,
which are sheltered by mountain ranges, are relatively free from its influence. On the other hand,
the southwest monsoon (SWM) wind speed is generally lighter. It tends to be wetter at the west
coast of Peninsular Malaysia compared to the inland and east coast areas. The presence of mountain
ranges separating the eastern and western parts of the Peninsula could be the best reason explaining
the differences between the rainfall distributions of each region. The relatively flat landscape of the
southern region (R5) and east coast regions (R7 and R8) result in reduced spatial rainfall variability.
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3.4. Influence of ENSO

The evolution of the ENSO [19,50] may have implications on the rainfall distribution over the
Peninsula. The 31-year long-term rainfall anomaly for Peninsular Malaysia was, as a whole, found to be
rather weakly and insignificantly (at 95% level) correlated (−0.19) with MEI. In addition, the monthly
rainfall of all eight regions generally showed weak concurrent relationships with MEI. Figure 4 shows
the correlation coefficients between the rainfalls over the Peninsula and MEI on monthly basis. The
most obvious monthly rainfall-MEI correlation (−0.58) was seen in April during the inter-monsoon
season. The relationships between monthly rainfalls and MEI of each region were also relatively
weak (see Figure 5). These weak relationships are found to be consistent with findings of Juneng
and Tangang [19]. The impact of ENSO on rainfall anomalies over the maritime continent has shown
considerable spatial variation throughout the different phases of ENSO. During the SWM months,
ENSO signature is largely confined to the south of the equator, induced by the interaction between the
regional anomalous circulation and the background flow. This anomalous circulation is maintained by
the regional feedback processes between the regional seas and the atmosphere. Hence the impact does
not extend far northward to the Peninsular Malaysia. During the NEM months, the ENSO signature
is shifted northeastward due to the establishment of the northwestern Pacific anticyclone/cyclone
anomalies as the Rossby wave response to the surface heating/cooling. Due to the location of this
anomalous circulation in the northwestern Pacific, the impact is largely confined to the northern
Borneo and southern Philippines, but does not extend far westward to the Malay Peninsula. Thus, the
concurrent impact of ENSO is generally weaker over the Peninsular Malaysia.

Figure 4. The correlation of concurrent monthly rainfall (mm/month) and Multivariate El
Ninõ-Southern Oscillation (ENSO) Index (MEI) for Peninsular Malaysia. The dotted line indicates
significance at 95% level.

A lagged correlation analysis to determine potential lag/lead relationship between monsoon
rainfall and MEI is presented in Table 5, showing the lagged correlation between monthly NEM rainfall
and MEI for the eight climatic regions. The months of NEM rainfall are mostly correlated negatively
with MEI during the NEM months, i.e., from November to March, suggesting modulation of drier
conditions during the warm phase of ENSO events during ENSO mature months. The northwest zone
(R1), west coast interior zone (R3) and central interior part (R6) of Peninsular Malaysia are correlated
negatively with MEI at 95% level of significance. It is interesting to note that the NEM rainfalls posed
positive correlation at 95% level of significance with MEI, with a delay of between five and eight
months. The correlation magnitude is generally larger compared to the concurrent coefficient values.
This means any ENSO (La Niña or El Niño) events could affect Peninsular Malaysia with a time lag of
between five and eight months. The lagged correlation between monthly rainfalls of SWM and MEI
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was found to have similar correlation results as shown in Table 6 where monthly rainfalls are mostly
correlated negatively with the MEI indicator during SWM monsoon months, with few regions (as
highlighted in dark grey colour in Table 6) posting negative correlation at 95% level of significance
in August and September. Generally, the monthly rainfalls of SWM monsoon correlated positively
with MEI at 95% level of significance, with a delay of 4–8 months. The analysis clearly shows that
the influence of ENSO on rainfall in Peninsular Malaysia is delayed by several months before posing
implications to rainfall distributions, especially during SWM. The stronger lagged impact of ENSO
on Peninsular rainfall may be explained by the capacitor effect [51] of ENSO which sees the tropical
Indian Ocean acting as a heat capacitor during the decaying of a warm ENSO event. It is noted that
after the dissipation of El Nino in the spring over the equatorial Pacific, the sea surface temperature
over the tropical Indian Ocean remains anomalously warm. This causes the tropospheric temperature
to increase by a moist adiabatic adjustment in deep convection, emanating a baroclinic Kelvin wave
into the Pacific [51]. Numerical experiment by Xie et al. [51] suggests that this generates low pressure
on the equator and anomalous anticyclone over the western north Pacific. The sea surface temperature
over the South China Sea is anomalously warm and this promotes deep convective activities over the
region. Hence, together with the lower pressure, the increases the rainfall anomalously over the region
as shown by the positive lagged correlations in Table 6. Conventionally, the warm ENSO phases are
associated with dry rainfall anomalies over Malaysia [17] during the development of ENSO events and
this relationship was used to forecast the seasonal rainfall anomalies in the country [20]. The lagged
positive relationship found in this study is an important consideration in predicting seasonal rainfall
anomalies over Peninsular Malaysia with a longer lead time.

Figure 5. The correlation of concurrent monthly rainfall (mm/month) and Multivariate ENSO Index
(MEI) of eight distinct climatic regions. The dotted line indicates significance at 95% level.
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4. Conclusions

Statistically, Peninsular Malaysia can be differentiated into eight distinct rainfall regions.
The results are generally in line with Lim [5] who classified subjectively the regional rainfall into five
different zones based on pentad rainfall data. The differences between the current analysis and that
of Lim [5] are (i) the east-west separation of the west coast zone; (ii) two different rainfall zones over
south-west zone; and (ii) the east coast zone is divided into the northeastern zone covering parts of the
states of Kelantan, Terengganu and Pahang, and southeastern zone covering large parts of Johor state.

The delineated rainfall zones are closely associated with the geography and topographic
characteristics. The temporal variation of rainfall over the Peninsula is generally characterized by a
bimodal distribution, i.e., a primary peak occurring during autumn transitional period and a secondary
peak during the spring transitional period, except in the east coast zones with a single pronounced
rainfall peak during the NEM. Generally, the NEM influence is relatively stronger and contributes
more rainfall over all regions than the SWM. Significant increasing trends at the 95% confidence level
have been found in the NEM rainfall for the northwest and west coast interior regions. The opposite is
true during the SWM where most areas get drier due to decreases of rainfall over the year.

The east coast regions receive high monthly rainfall compared to other regions, but the rainfall is
uniformly distributed spatially. For the southwestern coast and west coast regions, the spatial variation
is more pronounced during monsoon periods, especially for NEM rainfalls. The larger range of the
coefficients of variation is most visible during the NEM, and to a smaller extent during the SWM.
The NEM also brings the largest amount of rainfall to the east coast region. It is noted that the inland
regions, which received less rainfall in February, showed the largest spatial variation. The topography
and monsoon winds are the main factors controlling the spatial rainfall variation in the country.

The relationship between monthly time series and MEI throughout the study period (31 years)
showed a weakly negative correlation in the concurrent monthly rainfall and MEI for all regions.
The influence of ENSO showed a correlation lag in the range of a 4–8 month period. Such delays may
have implications for the rainfall distribution over the country, especially during NEM and SWM.

The results presented in this study demonstrate the advantages of using high quality gridded
data sets in understanding hydrological regimes over Peninsular Malaysia. With a consistent
spatio-temporal pattern of the data set, various precipitation indices can be properly defined, offering
new insights to different hydrological regimes over the regions in the future. In addition, the enhanced
understanding of the spatial and temporal rainfall variability is useful for more effective planning and
management of water resources.
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Abstract: Precipitation measurements by rain gauges are usually affected by a systematic
underestimation, which can be larger in case of snowfall. The wind, disturbing the trajectory of the
falling water droplets or snowflakes above the rain gauge, is the major source of error, but when
tipping-bucket recording gauges are used, the induced evaporation due to the heating device must
also be taken into account. Manual measurements of fresh snow water equivalent (SWE) were taken in
Alpine areas of Valtellina and Vallecamonica, in Northern Italy, and compared with daily precipitation
and melted snow measured by manual precipitation gauges and by mechanical and electronic heated
tipping-bucket recording gauges without any wind-shield: all of these gauges underestimated the
SWE in a range between 15% and 66%. In some experimental monitoring sites, instead, electronic
weighing storage gauges with Alter-type wind-shields are coupled with snow pillows data: daily
SWE measurements from these instruments are in good agreement. In order to correct the historical
data series of precipitation affected by systematic errors in snowfall measurements, a simple ‘at-site’
and instrument-dependent model was first developed that applies a correction factor as a function
of daily air temperature, which is an index of the solid/liquid precipitation type. The threshold air
temperatures were estimated through a statistical analysis of snow field observations. The correction
model applied to daily observations led to 5–37% total annual precipitation increments, growing
with altitude (1740 ÷ 2190 m above sea level, a.s.l.) and wind exposure. A second ‘climatological‘
correction model based on daily air temperature and wind speed was proposed, leading to errors
only slightly higher than those obtained for the at-site corrections.

Keywords: precipitation measurement; precipitation correction; snow water equivalent

1. Introduction

Snow precipitation is one of the key hydrometeorological variables, besides snow monitoring
activities connected to hydrological and meteorological processes. Planning and managing water
resources, as well as preventing floods and landslides, need precise and accurate precipitation data.
However, precipitation measurements by rain gauges are normally affected by systematic errors
that lead to an underestimation of the real value [1–3]. The wind, disturbing the trajectory of
the falling water droplets or snowflakes above the rain gauge, is the major source of error [4–6].
When precipitation occurs in its liquid phase, the maximum underestimation, even in strong wind
conditions, is generally below 15%. Errors are much higher when precipitation turns into snow:
even 100% underestimation is possible in this case [7,8].
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Evaporation induced by heating devices (necessary for tipping bucket rain gauges) adds to the
wind effect [9]. Tipping-bucket rain gauges are the most used around the world [10], but they are
very often installed in those areas where snowfall exceeds rainfall throughout the year. This happens
despite their well-known low reliability in such conditions [11–13].

The errors clearly show up in the Alps, a densely-monitored area, where precipitation
measurements are commonly underestimated, more and more as altitude increases. It is at higher
elevations that precipitation is greater, the wind is stronger and more continuous, and snowfall is
the predominant form of precipitation: these are the most critical issues in correctly measuring the
water volume that falls onto the ground. The increasing automatization in meteorological monitoring
systems poses new challenges in this field of work, but also pushes to develop new, and maybe
crucial, technologies, including advanced methods for monitoring the snow water equivalent and
snow properties with remote sensing [14].

In this study a dataset from snow-meteorological monitoring stations located in Northern Italy is
analysed. The focus is on the Valtellina and Vallecamonica upper areas, belonging to the Lombardy
Region, with the purpose of estimating systematic errors in solid precipitation measurements collected
by rain gauges (1740 ÷ 2190 m a.s.l.). To do so, daily rain gauge observations are compared to
fresh Snow Water Equivalent (SWE) data from monitoring sites close to the study area. The dataset
was collected thanks to cooperation between Università degli Studi di Brescia and the Snow and
Avalanches ARPA centre located in Bormio, which is the official snow, avalanche, and weather
monitoring institution for mountain areas in Lombardy. Field surveys supported the choice of the
most suitable sites, according to the study aim. This paper not only draws the reader’s attention to the
issues of solid precipitation-measuring methods, but it also suggests a practical way to reconstruct
the time series of precipitation observations affected by underestimation errors. Therefore, a simple
statistical one-parameter model is proposed here, useful to correct daily precipitation data and based
on two meteorological variables, temperature, and precipitation.

2. Case Study and the Error Estimate

Lombardy Region owns a dense meteorological monitoring network, part of which is a legacy
of the former National Hydrological Service SIMN (Servizio Idrografico e Mareografico Nazionale,
decommissioned in the nineties) and it is still composed of the original manual and mechanical devices,
such as the mechanical tipping-bucket rain gauges with paper ink recorders manufactured by SIAP
(Villanova (BO), Italy) (Figure 1a,b). With the transfer to regional administrations of the responsibility
of environmental monitoring services from the national level to the regional level (ARPA Lombardia,
the regional Environment Protection Agency), electronic devices and digital recording systems were
installed in addition to the old ones, sometimes adjacent to the old manual stations. In many cases
rain gauges manufactured by CAE (San Lazzaro di Savena (BO), Italy) (PMB2 model, Figure 1c) were
chosen, so these are now the newest instruments in Lombardy.

For each one of the sites shown in Figure 2 and listed in Table 1, selected from those that are still
active in the area, freshly-fallen snow water equivalent (SWE) daily measurements were compared to
daily precipitation data retrieved from rain gauges nearby (Figure 3). SWE data by depth and density
measurements of freshly-fallen snow collected on snowboards are assumed to be reliable because they
provide a direct estimate of the real precipitation fallen on the ground [15]. In fact SWE was previously
used by Sevruk [11,16] to reconstruct solid precipitation data from rain gauges and also by [17] as
a representative reference measure for quality control of snow pillow measurements by the Snow
Telemetry (SNOTEL) Data Collection Network by the U.S Department of Agriculture (USDA).
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(a) (b) (c) 

Figure 1. (a) Precipitation gauge at Pantano d’Avio (Brescia province, see also Figure 7b) monitoring
site. The tank is inside a heated housing made by SIAP (Italian weather instruments manufacturer).
On the left, the heating device, activated by a thermostat, here set to 4 ◦C; (b) Cancano monitoring site,
where a CAE PMB2 electronic tipping-bucket heated gauge (yellow circle) is installed besidea heated
mechanical SIAP one (red circle); (c) Electronic tipping-bucket heated gauge model CAE PMB2 at the
Aprica Magnolta (SO) monitoring site.

 

Figure 2. Map of the sites selected for the error estimate for solid precipitation measurements through
precipitation gauges in the upper Valtellina and upper Valcamonica, in Northern Italy.

Figure 3. Comparison between melted snow measured daily by rain gauges and SWE of freshly-fallen
snow manually measured at snow field sites. Plots refer to Pantano d’Avio (2390 m a.s.l., period 1987–2014)
and Livigno S. Rocco (1865 m a.s.l., period 1989–2014).
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Starting with seasonal manual monitoring observations, only the precipitation events with the
fresh snow density and depth correctly recorded by the observers were selected, in order to evaluate
the snow water equivalent (SWE) with snow course data according to the following formula:

SWE =
ρ·HN
100

(
mm =

kg
m2

)
, (1)

where the snow density ρ is expressed in kg/m3 and the depth of fresh snow HN is in cm and SWE in
mm or kg m−2.

To assess the underestimation of fresh fallen snow, no snow-mixed-to-rain events were considered
(specific forms following the international standards are adopted in Italy [18–20]), nor were those
with missing, incomplete, or inconsistent SWE measurements or rain gauge precipitation values.
SWE manual measurements were taken between 8:00 and 10:00 am with a white wood snow board,
a graduated scale and a snow sampler attached to a dynamometer (Figure 4 shows an example snow
monitoring field). SWE measurements given by Equation (1) were assumed as the ‘true’ precipitation
reference value. These data are affected by uncertainties in both depth of fresh snow and snow
density measurements. In order to assess such uncertainty, results of a recent intercomparison of
SWE measurement methods adopted in Italy were analysed [21]. They showed a 7% coefficient of
variation of 92 SWE estimates conducted with combined depth and density measurements. This is
a result of a 1 cm standard uncertainty of snow depth measurements and a typical 5% standard
relative uncertainty of gravimetric snow density measurements with density cutters and portable
dynamometers in the field [22]. Rain gauge types are: manual rain gauge with 1000 cm2 hole and
melting snow operation made at the measurement time (P1); manual rain gauge (1000 cm2) in a heated
housing SIAP model (P2); mechanical tipping-bucket recording gauge (1000 cm2) SIAP or Salmoiraghi
in a heated housing SIAP model (P3); CAE PMB2 electronic tipping-bucket recording heated gauge
(1000 cm2) (P4).

(a) (b) 

Figure 4. (a) S. Caterina Valfurva manual monitoring site; and (b) instruments for the direct manual
measurement of snow water equivalent: snow sampler and dynamometer.

In addition to the ARPA Lombardia monitoring network, A2A (an Italian energy generation
and trading company) also manages several hydrometeorological stations, used in their management
activity of hydroelectric power plants located in this area. Some of these stations are equipped with
snow pillows and electronic weighing storage precipitation gauges with Alter-type wind-shields
(Figure 5). Table 2 shows the comparison between daily precipitation measurements from weighing
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storage gauges (model Geonor T200B, with 200 cm2 hole) and the respective snow pillows (model STS
ATM/N; see also [23]). In both cases the total amount in 24 h and a 0.5 mm lower bound were
considered to avoid high relative differences [24,25]. A 0 ◦C higher bound was also set for the
daily average temperature, to leave out most of the snow-mixed-to-rain events. The obtained daily
dataset was finally purged of all records with missing or incoherent data from one of the instruments.
The literature [17] indicates that snow pillow SWE data are within 15% of the snow course reference
value in 68% of the SNOTEL network sites and within 5% in 28% of the sites.

(a) (b)

Figure 5. (a) Val Cancano monitoring site managed by A2A equipped with Geonor T200B weighing
storage gauge with an Alter-type wind-shield and snow pillow; and (b) a comparison of daily
precipitation measurements: melted snow measured by the Geonor weighing storage gauge with
an Alter-type wind-shield versus SWE of fresh fallen snow measured by snow pillows, for the
period 2008–2014.

Table 2. Comparison between melted snow measured by Geonor weighing storage gauge with Alter
windshield (PT) and SWE of fresh fallen snow measured by snow pillows (SP) installed in new A2A
monitoring sites.

Sites
Elevation
(m a.s.l.)

Period Instruments
No. of

Measurements
Accumulated

SWE (mm)
Accumulated P

(mm)
Bias (%)

Eita 1950 2008–2014 SP-PT 195 2405.4 2554.3 6
Malghera 1995 2008–2014 SP-PT 164 1835.0 1805.7 −2

Val Cancano 2190 2008–2014 SP-PT 254 2112.7 2294.3 9

Regarding the manual rain gauges and tipping-bucket heated recording gauges, the underestimation
is systematic and varies from 15% to 66%; windy sites (Cancano and Pantano d’Avio) are those with
the highest errors, above 50%, while in low wind conditions or wind-covered stations the average error
is around 25%. The wind effect is responsible for about half of the total underestimation encountered
for the Cancano mechanical tipping-bucket gauge SIAP model (Figure 1b) and Pantano d’Avio manual
gauge in a SIAP heated housing (Figure 1a), since these instruments have no wind shielding device; in
fact, the same instrument installed in low wind sites shows about halved errors. For the majority of
the sites, the lack of wind data makes it difficult to comment more precisely on the influence of the

169



Water 2017, 9, 461

wind. For this reason our basic correction procedures of rain gauge precipitation measurements are
based on air temperature only, as presented in the next section.

However, at Cancano and S. Caterina, with two types of tipping bucket gauges, and Aprica
Magnolta wind data are also available, although for a limited period and with some gaps. The results
of the analysis of those data confirm the influence of the wind on the SIAP mechanical tipping-bucket
heated gauge systematic errors, which in S. Caterina are about halved compared to Cancano, where the
station is significantly more exposed to the wind. Using the SWE, precipitation, air temperature,
and wind speed data available for these three sites a correction procedure of precipitation
measurements based on both daily air temperature and wind speed data will be discussed in the
fourth section.

Less significant, and apparently contradictory, are the results from the CAE PMB2 electronic
tipping-bucket heated gauge. In fact, at S. Caterina, the errors are large despite the fact that the wind
speed is even lower when compared to the Aprica Magnolta ones, where the same instrument shows
only 15% underestimation, the lowest of all the examined ones, as shown in Table 1. This discrepancy
may be justified by the fact that the Aprica Magnolta precipitation gauge is equipped with a heating
device only from the end of 2012. Measurements considered for this comparison are mostly from
the 2013–2014 season (only one winter season), in which exceptional temperature anomalies were
recorded in Northern Italy (up to 4 ◦C above the average; see also [26]). At Aprica Magnolta the
average temperature during the days taken into account for the 2013–2014 season was −1.7 ◦C;
the remaining measurements are from the 2012–2013 season, in which days the average temperature
was −3.7 ◦C. Considering only the data from the 2012–2013 season the gap in accumulated precipitation
is −29.3%. At S. Caterina, where the same instrument shows an underestimate near 50%, the data
refer to the 2005–2010 period, with an average temperature equal to −4.0 ◦C. This fact, added to
an on-average lower intensity precipitation occurring at this site compared to Aprica, because of the
interior Alps precipitation regime, could justify this different instrument performance, less accurate
at lower temperatures and lower rainfall intensities. In fact, at S. Caterina, the SIAP mechanical
tipping-bucket heated gauge shows fewer underestimations than the CAE PMB2 electronic one,
probably due to the different heating devices of the two instruments, given that all other conditions
are nearly identical.

Regarding the automated monitoring stations equipped with snow pillows and weighing storage
gauges, there is a good correspondence between the increments of precipitation recorded by the gauge
and daily increases of snow water equivalent on the snow pillow (Table 2). However there might
still be a non-negligible underestimation of the measurements from the snow pillow because the
considered sites are not fully wind protected and the Geonor T200B weighing precipitation gauge,
equipped with an Alter-type wind shield, is known to underestimate snow precipitations by about
5–10% already for 1–2 m/s wind speed [27–30]. Therefore, it is reasonable to assume that there is
an underestimation in the measurements from the snow pillow, because of the well-known problem
caused by the internal cohesion of the snowpack. Unfortunately, none of these stations is equipped
with wind sensors, so it was not possible to resolve these uncertainties. Results are consistent with
those obtained in other similar studies referring to the Alpine region [11,31–34].

3. Correction of Precipitation Data

In order to reconstruct the precipitation data series, a simple model was developed and calibrated.
It is based on the application of a correction factor to the daily measurement as a function of daily
average temperature [31,35–41]. It appears thusly:

Pc = (1 + αsCs)P, (2)
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αs =

⎧⎪⎨⎪⎩
1 if Tm < Tl
(Th − Tm)/(Th − Tl) if Tl < Tm < Th
0 if Tm > Th

(3)

where the daily recorded precipitation P is corrected using a factor Cs as a function of the daily
average temperature Tm through the coefficient αs, which varies linearly between 0 and 1 as the
temperature increases from the minimum threshold value for liquid precipitation Th to the maximum
threshold value for solid precipitation Tl (Figure 6a). In this way, theoretically, the snow-only
precipitation measurements are increased, rain-only precipitation measurements remain the same and
the snow-mixed-to-rain ones are partially corrected in a linear way according to the position of the
daily mean temperature value between the two thresholds. This model is widely applicable because
daily observations of air temperature are easy to find even in very old datasets. Wind speed data
would be very useful for a more accurate correction, but they are seldom available and representative
data samples are too hard to find, especially regarding the time extension. The nature of the area
concerned does not even allow easy connections or interpolations with the data of other stations
nearby, as the wind is influenced by the extremely complex orography. In order to determine the
transition temperature between liquid and solid precipitation, a statistical analysis was carried out on
the data collected by the observers at manual monitoring sites.

(a) 

 

(b) 

Figure 6. (a) Variability of the coefficient αs as a function of mean daily temperature; (b) Probability
density distribution of the precipitation events as a function of the daily mean temperature
for the generalized sample, obtained joining many single station samples (S. Caterina Valfurva,
Livigno S. Rocco, Cancano, Aprica, Lago d’Arno, Pantano d’Avio, for the time period shown in Table 1).

AINEVA (Associazione Interregionale di coordinamento e documentazione per i problemi inerenti
la NEve e le VAlanghe), the Italian association for snow and avalanche studies, has set a procedure
useful to clearly classify the precipitation events as: rain-only, snow-only, and sleet events. Given the
availability of samples with a high abundance for each type of event and, very often, also for each
individual station, it was possible to carry out a statistical analysis which can be assumed to be
representative. Subdividing the samples of the three types of events mentioned above in temperature
classes of 1 ◦C, it was possible to observe that they are well approximated by the normal distribution
(Gauss). First, the samples of the three types of meteorological events selected for each station were
taken into account; then, to obtain a generalized result, the samples of individual stations were
also added.

The generalized sample analysis (Figure 6b) led to the setting of the following thresholds:

• 90% of snow-only events occur in days with average temperature below 1.5 ◦C
• 90% of rain-only events occur in days with average temperature above 0.1 ◦C
• 90% of sleet events occur in days with average temperature between −3.1 ◦C and 4.8 ◦C
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The number of snow-mixed-to-rain events is significantly less than the number of rain-only
or snow-only events (264 against 1284 and 2780, respectively). Therefore, it is logical to give more
importance to the temperature thresholds identified by the rain-only and snow-only events. On the
other hand the fact that the sleet events have a distribution centred at 1 ◦C was accounted for by
choosing symmetrical temperature thresholds with respect to this value. In particular, the selected
threshold temperatures are Th = 2 ◦C and Tl = 0 ◦C. That is coherent with those specified by [31]
and [35] for the application of the same model (based on a similar precipitation event analysis) to
Malga Bissina and Pinzolo-Prà Rodont sites, in the Trentino-Alto Adige/Südtirol Region.

The correction factor Cs was calibrated for each monitoring site by minimizing the square bias
of the individual measurements or the bias between the cumulative values (Table 3). The Cs value
appeared to always be higher in the latter case. Subsequently, an intermediate value was chosen,
fulfilling also the condition that the slope of the best-fit line of each measurement has to be lower
than 1. In this way the resulting values of Cs were close to those obtained by minimizing the RMSE.

Table 3. Estimate of the correction factor Cs for each monitoring site and statistics of the resulting errors
by considering the freshly-fallen snow water equivalent as the ‘true’ reference measurement.

Sites
Elevation
(m a.s.l.)

Distance
(m)

Instruments
No. of

Measurements
Correction
Factor Cs

New Bias
(%)

Errors St. Dev
(mm)

S. Caterina
Valfurva

1740 590
SWE-P3 75 0.30 −3.6 4.9

SWE-P4 28 0.80 −11.8 4.3

Livigno-S. Rocco 1865 0 SWE-P3 241 0.35 −2.6 6.6

Cancano 1950 120
SWE-P3 301 1.15 −17.0 13.1

SWE-P4 73 1.50 −17.7 10.9

Aprica 1180 0 SWE-P1 66 0.60 −4.7 13.4

Aprica-Magnolta 1865/1950 740 SWE-P4 38 0.11 −6.1 5.8

Lago d’Arno 1830 0 SWE-P2 163 0.25 −6.9 10.7

Pantano d’Avio 2390 20 SWE-P2 176 1.05 −2.3 11.5

Lago d’Avio 1902 0 SWE-P1 12 0.20 −3.6 13.9

The model was applied to four precipitation data series: Pantano d’Avio, Lago d’Avio, S. Caterina
and Cancano. In particular for the following years: Pantano d’Avio: 1990, 1994, 1996; Lago d’Avio:
1987–1994, 1996, 2002, 2003, 2005; S. Caterina Valfurva: 1968–1970, 1972–1976, 1978–1984, 1986,
1988–1992, 1994–1997, 1999–2007, 2009, 2012–2013; Cancano: 1979–1986; 1988–1989; 1997; 2002–1913.

An example of the correction effects on monthly precipitation averages and annual total value
is reported in Figure 7a and Table 4. Corrected values for Cancano were compared to data from the
nearby Val Cancano station, about 2 km apart and 250 metres higher than the first, but equipped with
a Geonor T200B weighing precipitation gauge with a Alter-type wind-shield, considered a more reliable
instrument in measuring solid precipitation. Regarding the 2009–2013 period, the average precipitation
shows significant differences both in the annual values, and in the monthly ones, that cannot be
explained only by the different exposure and the altitude gap. The corrected data show excellent
consistency on the mean yearly total; at the monthly scale the variability is greater, probably due to
an over-correction in the winter months but, overall, the precipitation regime (with the maximum in
November) is properly reproduced.

Table 4. Mean yearly precipitation in some monitoring stations before and after the correction
model application.

Sites No. of Years Cs Pm (mm) Pm,c (mm) Error ΔP (%)

S. Caterina Valfurva 40 0.3 860.3 923.6 7%
Cancano 23 1.15 788.3 1055.5 34%

Pantano d’Avio 3 1.05 1417.3 1897.0 34%
Lago d’Avio 12 0.2 1263.3 1324.8 5%
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, ,

(a) (b)

Figure 7. (a) The effects of the application of the correction model to the precipitation data gathered by
mechanical SIAP heated tipping-bucket recording gauges in Cancano. In the upper part, the annual
values and, beneath, the monthly mean values for the 2009–2013 period also compared with the
precipitation measured by the close weighing storage gauge with wind-shields at the Val Cancano
monitoring site; (b) Probability part of the official Lombardy mean annual precipitation map, made
in 2003 for the General Water Management and Protection Plan (PTUA). For the highlighted stations
a more representative value using the correction model was estimated: the panels show a comparison
between the official values with no correction (PTUA), the correction suggested by Regione Lombardia
(RL), from a mean estimated SWE, and the correction suggested in this paper using the Lendvai-Ranzi
model (LR). For a better comparison, the mean annual precipitation are also measured at two weighing
storage gauges with wind-shields (PT) are shown.

4. Discussion

The results obtained for this and other stations can be compared in Figure 7b with those reported
on the current official Lombardy Region precipitation distribution map (2003), here limited to the
area of this study. To compensate the well-known underestimation of precipitation measurements
at the high elevation sites, the Lombardy Region in its General Water Management and Protection
Plan-PTUA (2006) uses, and proposes to use for other hydrological studies, a procedure in order to
compensate the solid precipitation missing values. This consists in adding, to the yearly precipitation
average value, a variable SWE value according to the different river basins and only to the basin area
above the winter mean freezing level.

Figure 7b also shows the average precipitation measured by the manual storage gauge at Rifugio
Mandrone (TN). Data published on Hydrological Yearbooks by SIMN show a mean yearly precipitation
of 1973 mm calculated on the hydrological year and according to the available data for the period
between 1924 and 1973. In the same period, starting from the daily measurements, the manual rain
gauge at Lago d’Avio shows a yearly average of 1240 mm. Although the comparison is not as rigorous
as the one made for Cancano site, since there is no coincidence in time period, nor the availability of such
evolved instruments, the reconstruction performed on the data of Pantano d’Avio can still be considered
consistent: it gives an yearly average of about 1900 mm for the three years 1990, 1994, and 1996.
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A complete dataset of wind data was available for only three stations, and for an extensive and
systematic solid precipitation data correction for the past, the simple temperature-based correction
procedure was implemented for all of the stations. However, for the three stations equipped with five
instruments for which wind data were available some variability with respect to wind speed in the
systematic underestimation of precipitation was found.

To test the possibility to extend the information collected for these stations to other environments
a temperature and wind-based data correction was tested. The value of the Cs (now Cs,w) factor in
Equation (2) was assigned by minimising the RMSE between the corrected value Pc and the reference
‘true’ value of the fresh fallen SWE with the following criteria:

• if daily wind speed V is < 1.5 m/s, then Cs,w = 0.4 (S. Caterina, Aprica Magnolta)
• if 1.5 < V < 2.5 m/s, then Cs,w = 0.7 (Cancano P3)
• if V > 2.5, then Cs,w = 1.5 (Cancano P4)

Since this second procedure is no more an at-site correction through a best fit value of Cs,w for
each station, but has a more general climatological value, a slight loss of accuracy (bias) and precision
(RMSE) was observed, as expected, although it has to be kept in mind that the dataset used for the
climatological correction is smaller than the one used for the at-site correction, because wind data are
available only for a subset of measurements. The results are still acceptable, though, as it can be seen
by comparing the error standard deviation in Tables 3 and 5 and, for this reason, this second method is
suggested in case both temperature and wind data are available.

Table 5. Data used for the verification of the correction procedure based on both temperature and wind
speed data. The coefficient Cs,w is calibrated by minimising the RMSE of the corrected precipitation Pc

vs. the ‘true’ value of fresh fallen snow SWE. Uncorrected rain gauge precipitation measurements are
indicated by P.

Sites Instrument
Number of

Measurements
Accumulated
SWE (mm)

Accumulated
Measured

Precipitation
P (mm)

Corrected
Precipitation

Pc (mm)

Error St.
Dev (mm)

Event
Average

Wind Speed
(m/s)

Annual
Average

Wind Speed
(m/s)

SCP/S.Caterina
Valfurva

SWE-P3 26 337.8 256.2 387.0 4.5
0.7

1.1
(2005–2009)SWE-P4 26 337.8 170.2 264.6 3.3

CAN/Cancano
SWE-P3 82 1758.3 650.4 1354.4 13.4

2.3
2.6

(2005–2009)SWE-P4 71 1566.8 530.0 1106.1 9.7

AMA/Aprica
Magnolta

SWE-P4 37 694.6 595.4 991.9 13.4 1.1 2.2
(2012–2014)

5. Conclusions

This study concerned Valtellina and Vallecamonica upper areas, located in the Lombardy
Region, where ARPA Lombardia is officially in charge for the snow monitoring and avalanche
risk warning service. Regarding the precipitation measurement in high-altitude areas, the current
monitoring network is mostly equipped with mechanical and electronic tipping-bucket recording
gauges, and only some of them have a heating device useful to melt the snow; moreover, there are
still some manual precipitation gauges in use. During the snow season, there are several sites where
human observers take fresh fallen snow water equivalent (SWE) measurements that are assumed as
a reference ‘true value’ to correct systematic errors of precipitation measured by rain gauges nearby.
Heated tipping-bucket gauges and manual gauges underestimate the real precipitation depth by
between 15% and 66%; windy monitoring sites are those with the highest errors, above 50%, while in
low wind or wind-covered stations the average error is around 25%.

In addition the A2A hydropower generation company had some hydrometeorological stations
installed in 2008, equipped with snow pillows and electronic weighing storage precipitation gauges
with Alter windshield. For each station, a comparison between measurements taken by these
instruments showed to be in good agreement. This fact confirms the high reliability of electronic
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weighing gauges in solid precipitation measurement. However, it is likely that the snow pillows also
underestimate the snowpack SWE when this is subject to significant internal cohesion, so that it creates
a bridge effect that threatens the correct sensor reading.

The results obtained are, overall, consistent with those obtained from other similar studies
conducted in the Alpine region and confirm the great variability of the underestimation of solid
precipitation observations through rain gauges, depending on both site conditions and instrument type
and model. In order to correct the precipitation datasets affected by systematic errors, first, a simple
model was developed, which takes into account only daily average temperature and a site and
instrument-dependent correction factor as parameters to set the correction. The model is then widely
applicable since the air temperature is often the only meteorological information available, especially in
old monitoring sites with similar characteristics. The model evaluates the constant correction factor Cs,
ranging between 0.11 and 1.50, to daily precipitation measurements when they refer to a snow-only
event: it does not modify the measurements of rain-only events. It also considers a linear variation
within the temperature range in which snow-mixed-to-rain event occurred. The proposed model was
applied to the precipitation datasets of four stations, with different results in terms of the impact on the
monthly and yearly averages, which are increased between 5% and 37% as altitude above the sea level
and the site’s wind exposure increase. These results were compared to those reported on the Lombardy
map of yearly precipitation distribution, which is the current official reference in this field of work,
and with some interesting old data from the former National Hydrological Service (SIMN). A second
correction procedure with more general climatological value, based on both daily temperature and
wind speed data is then considered. The verification of this procedure provides only slightly worse
performances than those obtained with the at-site and instrument-dependent correction and, therefore,
can be used when complete meteorological data are available.
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Abstract: Snowmelt provides a reliable water resource for meeting domestic, agricultural, industrial
and hydropower demands. Consequently, estimating the available snow water equivalent is essential
for water resource management of snowy regions. Due to the spatiotemporal variability of the
snowfall pattern in mountainous areas and difficult access to high altitudes areas, snow measurement
is one of the most challenging hydro-meteorological data collection efforts. Development of an
optimum snow measurement network is a complex task that requires integration of meteorological,
hydrological, physiographical and economic studies. In this study, site selection of snow measurement
stations is carried out through an integrated process using observed snow course data and
analysis of historical snow cover images from National Oceanic Atmospheric Administration
Advanced Very High Resolution Radiometer (NOAA-AVHRR) at both regional and local scales.
Several important meteorological and hydrological factors, such as monthly and annual rainfall
distribution, spatial distribution of average frequency of snow observation (FSO) for two periods
of snow falling and melting season, as well as priority contribution of sub-basins to annual
snowmelt runoff are considered for selecting optimum station network. The FSO maps representing
accumulation of snowfall during falling months and snowpack persistence during melting months
are prepared in the GIS based on NOAA-AVHRR historical snow cover images. Basins are partitioned
into 250 m elevation intervals such that within each interval, establishment of new stations or
relocation/removing of the existing stations were proposed. The decision is made on the basis of the
combination of meteorological, hydrological and satellite information. Economic aspects and road
access constraints are also considered in determining the station type. Eventually, for the study area
encompassing a number of large basins in southwest of Iran, several new stations and relocation of
some existing stations are proposed.

Keywords: snow measurement network; site selection; satellite images; Iran

1. Introduction

Water demand increase in urban, agriculture and industry sectors all over the world continues to
intensify the pressure on water resources. In the southwestern of Iran, the Karkheh, Dez, Karun and
Marun river basins provide over a quarter of surface water resources in the country and even supply
water for the central arid part of Iran via transboundary water transfers [1].

Nowadays, hydrological and water resources modeling play a key role in water resources
management [2]. On the other hand, development and calibration of hydrologic and water resources
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models rely on adequate and accurate hydro-climatic observation data [3]. Reliable data may
be acquired through appropriate design, installation and operation of an optimum network of
hydro-climatic stations. Designing a proper measurement network results in the representative
location and optimum number of stations so that interpolation techniques can lead to acceptable
estimation of spatially distributed factors with adequate accuracy [4,5].

Among the hydro-climatic variables, snow is one of the most important factors in the hydrology
of mountainous areas. Snow, as a renewable water resource, remains on the ground for weeks or
months. Since the lag time of river flow from snowmelt is more than that of rainfall, management
of this reliable resource is relatively easier. The amount of snowfall and snowmelt depends on both
geographic (elevation, slope and aspect, latitude, etc.) and synoptic factors. Storing and melting snow
is a continuous process especially in southwest of Iran with low latitude and relatively ephemeral snow.
Therefore estimating accumulated snowpack and its spatiotemporal pattern is complex. Furthermore,
due to limited access to high altitudes of mountainous areas, snow measurement is considered as one
of the most difficult data collections in water resources. The position of snow gauges and the type of
snow measurement instruments should be selected in a way to represent the spatial and temporal
variations of snow characteristics. Selecting representative locations for automated snow-pillow (ASP)
stations or manual snow-course (MSC) stations will ensure access to the reliable data required for
snow storage estimation.

Nowadays, satellite images and remote sensing (RS) techniques are widely used for the estimation
of snow cover areas. Derived snow cover areas from satellite images accompanied with field
observations can provide a unique tool for estimation of snow storage, river flow forecasting and flood
control required in water resource management.

ASP measurement networks have been developed in many countries. The snow measurement
network in western U.S. states or SNOTEL [6], provincial or local networks in Canada, such as ASP
measurement network in British Columbia [7], and the ASP measurement network in Pakistan [8] are
good examples of available operating networks.

Nonetheless, there are insufficient studies on site selection of snow measurement networks
at regional scale and a few existing studies are limited to local scale, focusing mainly on a single
station [6]. According to the World Meteorological Organization [9], the number of snow measurement
stations or snow courses and their positions depend on topography, the type and aspect of vegetation,
the objectives of data collection, and economic considerations. WMO recommended one snow
measurement station for about 2000 to 3000 km2 in low homogeneous region and one for about 5000
km2 for more homogeneous and plain regions [9]. For developing a snow measurement network, it is
recommended to establish a temporary and dense network that measures the snow parameters for four
to six years continuously in order to detect snow cover characteristics, related to the physiographical
parameters. Then, according to the required accuracy, operation constraints and cost minimization,
the network density may be reduced [4].

In this study, areas will be prioritized according to the need for snow measurement stations using
field observations that are supported by satellite snow cover images. Furthermore, through assessment
of the existing snow measurement network in each of the altitudinal range, installation of new stations,
removal/maintaining/relocation of the existing stations MSC stations, or upgrade to ASP stations is
proposed. The paper is organized as follows. Case study, data acquisition, and methodology, including
the meteorological, hydrological, and remote sensing criteria used are described in Section 2. Results
are presented in Section 3. Section 4 provides conclusions and recommendations.

2. Data and Methods

2.1. Study Area

The Zagros Mountains are one of the major snowy regions of Iran, which include the four large
river basins of Karkheh, Dez, Karun and Marun. The study area encompasses the Karkheh basin,
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upstream of Karkheh Dam, with approximately 43,000 km2 in area and 5.2 km3 mean annual runoff;
Dez Basin, upstream of Dez Dam with 17,300 km2 in area and 8.4 km3 mean annual runoff; Karun
basin, upstream of Gotvand Dam with 32,000 km2 in area and 12.5 km3 mean annual runoff; and
two tributaries of the Marun basin, first upstream of Shohadaye Behbahan Dam and second upstream
of Jarreh Dam with 6800 km2 in area and 2.3 km3 mean annual runoff, in total. The area lies between
the geographical latitude of 30◦15′ N to 34◦55′ N and 46◦05′ E to 52◦03′ E longitude. The mentioned
river basins play a major role in food production and economy of more than 4 million people [10,11].
Figure 1 shows the location of these major river basins.

Figure 1. Location of the study basins and distribution of the meteorological and hydrometric stations.

2.2. Data Collection

The data used for this study comprise the monthly air temperature from 44 climatological
stations (including the stations installed by Iran Ministry of Energy, IRME and Iran Meteorological
Organization, IRMO), daily and monthly precipitation of 152 rain-gauge stations, daily temperature
and 3-h precipitation depth and 6-h precipitation type (rainfall or snow) measured at 20 synoptic
stations, snow water equivalent and snow depth at 45 available MSC stations accompanied by daily
discharge at 40 hydrometric stations with long term data (Figure 1). For monthly temperature and
rainfall, a 25-year data period is identified as a normal climate period (1974–1999). Missing data are
reconstructed using linear correlation with the nearest neighboring station. The snow water equivalent
may also be estimated through analysis of the amount and type of precipitation in the form of rainfall or
snowfall, at synoptic stations (detail information is available in Saghafian and Davtalab, [12]). The only
snow measurements available from MSC stations that are located in the Karun and Dez Basins. Data
sampling in the mentioned stations is performed manually once a year. However, the sampling time
varies between late February and late March. Therefore, the sampling period lasts about one month in
any given year. Accordingly, the above-mentioned data are used for spatial analysis.

Quantity and quality of daily discharge data are assessed as well and the annual discharge series
are obtained. The snow cover maps extracted from the National Oceanic Atmospheric Administration
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Advanced Very High Resolution Radiometer (NOAA-AVHRR) series for the period of 1984 to 2003 have
been used in this study. The maps are provided by Jamab [13] based on the methodology available in
Porhemmat et al. [14]. The spatial resolution of the NOAA-AVHRR image is about 1.1 km, suitable for
snow cover extraction over vast areas. There are two images for every 24 h, one of which corresponds
to daytime. However, not all daytime images were suitable because of atmosphere noise and/or cloud
cover. In all, 480 snow cover maps were available in Jamab’s archive [13]. The snow cover maps are
stored in binary format in GIS (1 denotes snow and 0 denotes non-snow pixel). The hypsometric maps,
boundary of basins and sub-basins, digital elevation model (DEM), slope and aspect maps are derived
from 1:250,000 topographic maps (Iran National Cartographic Center: http://www.ncc.org.ir) with
100 m contour interval. For instance, the contour map for Dez Basin is shown in Figure 2.

Figure 2. Elevation contour map of Dez Basin.

2.3. Methodology

The snow station site selection methodology is based on integration of meteorological,
hydrological, and remote sensing studies. Meteorological analysis includes preparation of isothermal
and isohyetal maps, determination of snowfall threshold temperature and precipitation estimation
variance analysis [15]. Prioritization of the sub-basins has been done based on the contribution of
snowmelt to the total annual runoff in each sub-basin. Analysis of remote sensing data includes the
extraction of the FSO layers for two periods of snowfall accumulation and snowpack persistence.
The details are given in the following sections of the paper.

2.3.1. Meteorological Criteria

Temperature is the most dominant meteorological factor in determination of precipitation type
(snow and rain) and determines regions subject to snowmelt, snowfall, or both. Therefore, temperature
and its spatial variation is a key factor in determining the proper location of snow measurement
stations. In this study, the snowfall threshold temperature refers to the temperature under which the
precipitation is assumed to be in the form of snow. Threshold temperature may vary from below 0 ◦C
to 5 ◦C and may not be constant even in a single day [16]. Therefore, in many studies an average value
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is used as threshold temperature [2,17,18]. Daily precipitation data accompanied with the rain/snow
observation at synoptic stations are used to estimate the threshold temperature [16].

In each station, through assigning the snowfall percentage in various temperature intervals,
the temperature corresponding to 50% snowfall is determined as the threshold temperature. Based on
the monthly and annual mean temperature for the study period at all stations, the spatial correlation
relationships between temperature and elevation are found using DEMs. The areas below the
threshold temperature are identified as potential snow storage areas using the isothermal maps.
Hence, establishing snow gauges is considered in these areas.

In addition, the semi-variogram analysis [15] is conducted using observed snow water equivalent
(SWE) data from snow measurement stations or MSC stations (average of SWE for the period of 1974
to 1999). The best variogram model is adopted to compute the spatial distribution of error variance.
Estimation variance denoted by σ2

e demonstrates the variance of the error between observed and
estimated values. In geostatistics, it can be computed from average values of semi-variograms using
available supplementary functions [19]. In addition, for calculation of confidence levels, estimation
variance is used in many other cases, such as designing an optimal measurement network, calculating
the error reduction resulted from increasing the number of sampling, and assessing different sampling
methods. Estimation variance can be defined with the following equation [20]:

σ2
e = 2

n

∑
i=1

λi × γoi − γo −
n

∑
i=1

n

∑
j=1

λi × γij (1)

where λi is weight of data at point i, γo is the variogram value for h = 0, (where h is the distance
between paired points), γoi is the variogram value between the considered point and point i, γij is the
variogram value among i and j samples and σ2

e is the estimation variance at the ith point.
Further explanation about the error variance map is available in [19]. Error variance maps are

used as the main reference in determining the new locations of a gauge or omitting redundant gauges.
Therefore, snow measurement stations can be established where error variance is high. The reduction
of spatial error variance corresponding to adding one station can also be determined.

2.3.2. Hydrological Criteria

In mountainous areas with a mixed snow-rain precipitation regime, the contribution of snowmelt
to the annual runoff is an important factor. Because of the inherent uncertainty in the separation of
flow components, a simple water balance model is used [21]. Precipitation over the melting season,
annual runoff coefficient and snowmelt runoff determined for each hydrometric station are accounted
in the water balance model, which can be expressed as follows:

R = (Hw + P) × C (2)

where R is the total runoff over the snowmelt season in millimeters, Hw is the depth of SWE at the
beginning of the snowmelt season in millimeters, P is the precipitation over the snowmelt season
(spring and summer) in millimeters and C is the average runoff coefficient that can be computed based
on precipitation and discharge data. P is calculated based on monthly isohyetal maps. Hw represents
the unknown of the model.

Having determined R at hydrometric stations, a regional model is developed to estimate R at
ungauged locations. Basin characteristics such as area, average elevation, and the percentage of
areas with elevation above 2000, 2500 and 3000 m are used as independent variables of the regional
model [22]. As a result, a map of R values at sub-basin scale is produced such that sub-basins may be
prioritized based on snowmelt runoff contribution. This map is used as one of the criteria in selection
of snow measurement stations.
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2.3.3. Remote Sensing Snow Observation Criteria

Time series of snow cover maps were available from Jamab [13]. These maps had been
extracted from NOAA-AVHRR images for the period of 1984–2003. Detailed description of image
geo-referencing, noise reduction, and snow cover extraction are available in Porhemmat et al. [14].
In brief, the methodology of snow detection by Porhemmat et al. [14] has two steps of split and merge
technique on AVHRR satellite images, channels 2, 3 and 4. In the first step, two split-and-merge
clustering/labeling procedures were used in order to separate clear land pixels from pixels contained
by either snow or cloud as described by Simpson et al. [23]. In the second stage, the same procedure was
used only on pixels containing cloud, snow or a mixture of both. At this stage, pixels containing snow
were distinguished from those containing cloudy pixels. To improve and control this computerized
procedure, the above methodology was combined with threshold techniques and filter analysis of
AVHRR channels data, especially channel 2, 3, and 4. Due to the high contrast between snow covered
and snow free surfaces, channel 1 facilitates the definition of snow pack boundaries. Also, channel 3
and channel 4 analyses were effectively used as the snow/cloud discrimination channels. Validation
of the NOAA snow detection algorithm was performed against eye interpretation via on screen
digitization of simultaneous NOAA and Landsat TM images.

The FSO derived from the mentioned snow cover maps is a key criterion for identifying the
potential snowy areas. The following relationship for calculating FSO has been proposed by Saghafian
and Davtalab [12]:

FSO(i) =

T
∑

l=1
X(i, l)

T
× 100 (3)

where FSO(i) is frequency of snow observations for the i-th pixel, T is the total number of snow cover
maps over the study period and X is a binary number equal to one if it is snow and zero otherwise.

In this study FSO is calculated for two time periods of December–February and March–May. Since
the study area receives snow from early December to late February [12], FSO during these months
is considered as snowfall probability (FSO-SFP). Also, almost all snow storage of study area melts
during March until end of May. Therefore, FSO during these months is considered as snowpack
persistence probability (FSO-SPP). FSO-SPP is dependent on temperature, additional precipitation and
topographic conditions of the land [24,25]. Snow may disappear quickly due to temperature increase
and/or shallow depth of snow. Snowmelt and loss of snow storage occurs faster along southern
aspects because of direct sunshine [24,25]. Since spring and summer are high water demand seasons
in the study area, FSO-SPP or snowpack persistence is important for meeting the water demands.

2.3.4. Synthesis of Criteria in Site Selection

As previously mentioned, the study area is divided into 250 m elevation intervals.
Establishment/relocation of new/existing snow measurement stations is analyzed within each interval.
The area ratio of each elevation interval to the total basin area is considered as a weight index.
The weighted average snowfall probability in each interval is also calculated, using FSO-SFP map.
This criterion is used as one of the main factors in snow station site selection.

The areas with FSO-SFP higher than the weighted average snowfall probability are identified in
each elevation interval that has no snow measurement station. If spatial distribution of the identified
areas were like patchy snow cover, those small polygons were eliminated. Then the meteorological
and hydrological criteria are taken into account so that the areas with no or minimal snowfall potential
and/or sub-basins with low snowmelt runoff volume are eliminated in further analyses.

However, if a snow measurement station is already operational in an altitudinal range,
the appropriateness of its present location is assessed based on the criteria such as FSO-SFP, FSO-SPP
and field visit.

In addition, the spatial pattern of stations is investigated according to the estimation variance maps.
Therefore, new stations are likely to be proposed in areas subject to high estimation variance. The
FSO-SPP map is further used as a reference in very large areas of high variance to reduce the field visit
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area. Clearly, areas with FSO-SPP higher than the weighted average snowpack persistence probability are
appropriate areas for establishing new stations, since they provide the snow storage data for simulating
snowmelt runoff over dry seasons.

After determining suitable areas at regional or macro scale, topography, road access, and proximity
with residential areas (to facilitate the operation and maintenance of stations) are the main factors
for site selection of snow stations at local or micro scale. The final step for site selection was field
study to determine the exact point for installing the stations based on WMO recommendations [26].
The following criteria has been considered during the field study for selecting the representative
location for the snow course: leaving clear space within the radius of at least equal to the height of
the nearest obstacle, absence of strong wind and snowdrift (as much as possible), safety of the station
against avalanche, no significant changes in elevation in a radius of 50 m (if possible), no reverse slopes
and hard surface conditions for ease of leveling, good drainage, homogeneous vegetation cover and
land use in the vicinity, and having enough open space to avoid snow interception.

For sake of brevity, only Dez Basin results will be presented.

3. Results

3.1. Classification of Regions Based on Meteorological Criteria

Isothermal maps are developed using the digital elevation model (DEM) and the temperature
gradient relationships. The average threshold temperature is 2.4 ◦C at most synoptic stations, which is
assigned as the threshold for the entire region (more explanation is available in Saghafian et al. [16]).
The area with average monthly temperature less than 2.4 ◦C are designated as the potential snowfall
areas and areas with temperature below 0 ◦C are classified as the potential area for snow persistence.
Therefore, the regions with temperature between 0 ◦C and 2.4 ◦C represent areas prone to coupled
snowfall-snowmelt processes. Figure 3 illustrates the spatial distribution of potential snowfall,
snowmelt, and snow persistence areas in February in Dez Basin.

Figure 3. Potential areas for snow persistence (T < 0 ◦C), snowfall (0 < T < 2.4 ◦C) and snowmelt
(T > 2.4 ◦C) in Dez Basin in February (for the period of 1974–1999).
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Semi variogram analysis is carried out using the average of SWE data over the historical period,
and the spatial distribution of estimation error variance is extracted using the best variogram model.
Since the SWE data are available only for Dez and Karun basins, the performed estimation error
variance analyses are limited to these basins. Figure 4 shows the error variance in the Dez Basin, areas
with higher error are candidates for establishment of new stations.

Figure 4. Error variance map of snow water equivalent for Dez Basin.

3.2. Hydrological Criteria

Snowmelt runoff volumes at 40 hydrometric stations are calculated based on the water balance
model. Figure 5 shows the location of the selected stations in Dez Basin and all the hydrometric
stations are shown in Figure 1. A regional regression model between snowmelt runoff volume
and the percent of basin area higher than 2500 m is then built in order to provide estimates of
snowmelt runoff at sub-basin outlets without hydrometric station (more information is available in
Ghanbarpour et al. [22]). Snowmelt runoff volume and the corresponding priority in Dez Basin are
given in Table 1 as an example.

Table 1. Snowmelt runoff volume and the corresponding priority in Dez Basin.

Sub-Basin Snowmelt Runoff (mm) Priority

Upstream of Tang Sezar 4.7 7
Upstream of Sepidan 12.4 6

Upstream of Sezar 44.7 2
Upstream of Tang Bakhtiari 42.5 3
Upstream of Zard Fahreh 84.2 1

Upstream of Daretakht 25.5 4
Upstream of Doroud 22.7 5
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Figure 5. Selected hydrometric stations in Dez Basin.

3.3. Snowfall and Snowpack Persistence Probability Criteria

As previously indicated the FSO-SFP and FSO-SPP maps are derived based on Equation (3) over
the snowfall and snowmelt seasons, respectively. These two layers represent the spatial distribution
of the probability of the accumulation and persistence of snow that are key factors in site selection.
Figures 6 and 7 show FSO-SFP and FSO-SPP maps in Dez Basin, respectively.

Figure 6. FSO-SFP Map in Dez Basin (for the period of 1984–2003).
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Figure 7. FSO-SPP Map in Dez Basin (for the period of 1984–2003).

3.4. Site Selection and Station Type

Site selection for snow stations is performed by integration of all available criteria including
meteorological, hydrological and remotely-sensed variables. Site selection using the systematic and
comprehensive approach described in this study will help decision makers to implement economically
sound plans for optimizing a new set of stations or upgrading the existing network. This will be the
case even where there is no historical snow data in the basin. In the study area, there is no historical
snow data or MSC station available in Marun and Karkheh basins. Therefore, site selection of the
snow stations is performed by integrating hydrological, meteorological and remotely-sensed variables.
However, there are some operational MSC stations located in Karun and Dez Basins. Therefore,
the refinement and optimizing of the existing network is performed based on the distribution of
current stations and the error variance map, in addition to other variables mentioned above.

To make the proposed methodology more operationally practical, we choose to start the
integration process from the altitudinal range of 250 m intervals and then generalize it to the basin
scale. During the integrating phase, there is more emphasis on satellite images in terms of FSO-SFP
and FSO-SPP criteria, due to the lack of homogeneous and long-term snow data. In the next step,
meteorological and hydrological factors are also considered in order to compensate the impacts of
snow data shortage. Since the site selection has been done in each individual elevation boundary, as an
example, one of the altitudinal ranges of Dez Basin will be described in detail. This example shows
step by step procedure that is followed in this research for all four major basins as follows.

The altitudinal range 2250–2500 m approximately covers 12% of the Dez Basin. The weighted
average of FSO-SFP in this interval is about 40.8%. There are 11 MSC stations in this interval as listed
in Table 2. According to this table, the distribution of stations over elevation is relatively good. Dalooni
and Barfian stations have the highest and lowest snowfall probability or FSO-SFP in this altitudinal
range, with 57% and 38%, respectively. In addition, Dalooni and Yazdgerd stations have the highest
and lowest snowpack persistence probability or FSO-SPP, with 38% and 25%, respectively. Based
on hydrologic criterion and road access, the ranking of each station is carried out for this altitudinal
range. For example, in terms of road access, Ghaleh-Rostam and Yazdgerd stations are the most
undesirable locations.

187



Water 2016, 8, 539

Table 2. Existing manual snow-course (MSC) stations in altitudinal range of 2250–2500 m in Dez Basin.

MSC Station Elevation (m) FSO-SFP (%) FSO-SPP (%)

Vanaee 2250 42 30
Ghalavardeh2 2300 44 17
Vazmeh-dar 2300 48 32

Ghaleh-rostam 2300 32 10
Aziz-abad 2300 46 20

Barfian 2350 38 20
Yazdgerd 2500 44 25

Palang-dar2 2400 46 26
Dalooni 2500 57 38

Chahar-cheshmeh2 2400 46 18
Gardanehe-khakbad 2450 39 27

To make a final decision, the weighted average snowfall probability in this altitudinal range
(rounded to 40%) is used as a criterion to determine the appropriate area for installing the stations.
Thus, we set a threshold FSO-SFP of 40% to assess the present network. The selected zone for
new stations is shown in Figure 8 along with the current station network. According to this figure,
the existing network in this elevation has a desirable distribution, however, Ghaleh-rostam and
Vazmeh-dar stations are close to each other and located at same elevation (2300 m). Therefore, one
of the two stations should be removed. Vazmeh-dar station has more priority than Ghaleh-rostam
station based on the FSO-SFP and FSO-SPP criteria, the ratio of winter precipitation to the annual
precipitation, potential of snowfall, and road access. The two stations have similar contributions in
snowmelt runoff according to the hydrological criteria. Therefore, Vazmeh-dar station is kept.

Figure 8. Selected zone for new snow stations and the existing station network in 2250–2500 m elevation
interval in Dez Basin.

According to Figure 8 and the error variance map in Figure 4, spatial distribution of snow
measurement stations in the 2250–2500 m elevation interval is generally appropriate while the error is
relatively high in the west of the basin (shown by a thick polygon). Moreover, the average of snow
persistence or FSO-SPP in this area exceeds 20% (Figure 7). By checking on topography and road
access, one location is proposed for a new station in the mentioned area.

188



Water 2016, 8, 539

4. Conclusions

In this paper, a comprehensive approach for site selection of snow measurement stations in
a mountainous area is proposed, based on an integration of meteorological, hydrological and remote
sensing analysis. The approach is applied to a vast region encompassing four large river basins in the
southwest of Iran. Snowfall and snowpack persistence probability maps are derived based on satellite
images and used in a systematic site selection approach. Meteorological and hydrological variables
such as basin average snowmelt and snowfall threshold temperature are included in the analysis to
overcome lack of historical snow data availability.

The comprehensive site selection methodology for snow measurement stations not only
ensures reliable snow data availability for the purpose of sustainable water resource management,
but also provides an economically sound approach to optimize and maintain a cost-effective
measurement network.

According to Moss [27], who emphasized economic considerations in network design, access
(distance) to roads is considered as an indirect economic criterion for site selection of snow stations at
local scale.

As a result of this study, six automatic snow-pillow stations (ASP) and four manual snow-course
stations (MSC) in Karkheh basin; 17 ASP stations, 14 MSC stations and six control points in Dez Basin;
16 ASP stations, 10 MSC stations and 10 control points in Karun basin; and four ASP stations in Marun
basin are proposed.

There is limited literature on design or evaluation of snow measurement networks in large
spatial scale. The authors believe that the methodology described in this paper is a step forward for
such studies, especially in data-poor regions where satellite information can play a significant role.
However, there is room to improve on snow station network design in the future. One attractive
alternative is to examine different scores for each input variable depending on their suitability, accuracy,
and importance.
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