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Abstract Comparisons between observations and back-
ground fields indicate that amplitude and phase differences
in oscillations result in a non-Gaussian distribution in
observation minus background vectors (OMB). Empirical
Orthogonal Function (EOF) quality control (QC) and Fast
Fourier Transform (FFT) quality control are proposed from
the perspective of data assimilation and are applied to the
surface specific humidity from ground-based stations. The
QC results indicate that the standard deviation between
observations and background is reduced effectively, and
the frequency distribution for the observation increment is
closer to a normal distribution. The specific humidity
outliers occur primarily in mountainous and coastal
regions. Comparing the two QC methods, it is found that
the EOF QC performs better than the FFT QC as it can
keep large scale of fluctuation information from the
original field, preventing these waves from entering into
the residual field and being removed by the QC process.
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1 Introduction

Surface observations from manual and automatic surface
stations are important data sources for weather and climate
research as they have high space-time resolution and can
record distinctive meso-scale weather phenomena in real-
time (Lanzante, 1996). Estimating surface information
correctly is especially important for the initialization of
short-medium range numerical weather prediction (NWP)
with high resolution (Mohanty et al., 1986; Hong and Pan,
1996; Ha et al., 2007). However, the quality of the
observation data has been greatly reduced because the
surface observations are easily affected by the station

positions, observing instruments, human factors and so on
(Hubbard and You, 2005). Therefore, it is important to
carry out quality control (QC) before data application.
Errors in surface station data can be broadly divided into

three categories: gross error, systematic error and random
error (Gandin, 1988). The most widespread QC methods
include limit checks (Wade, 1987), internal consistency
checks (Reek et al., 1992), spatial consistency checks
(Eischeid et al., 1995) and temporal consistency checks
(Shafer et al., 2000). These methods can effectively
identify gross errors in surface stations (Baker, 1992;
Feng et al., 2004). For data assimilation, the generalized
QC method is background consistency checks, using this
method, observations will be assimilated only when the
differences between background field and observations (O-
B, OMB) do not exceed a given threshold value (Ghil and
Malanotte-Rizzoli, 1991). This approach can effectively
avoid a lack of coordination between observations and
background field in NWP; however, data reflecting the
abnormal state of the atmosphere is also removed (Wang et
al., 2013). Moreover, errors are always assumed to be of
Gaussian type in most variational data assimilation
systems (Lorenc and Hammon, 1988; Ingleby and Lorenc,
1993; Anderson and Järvinen, 1999), and data after OMB
QC may not line up with the Gaussian assumption (Qin et
al., 2010). On the other hand, water vapor plays an
important role in the radiation and water cycle. Surface
observations can provide a reasonable and accurate
description of large-scale water vapor analysis. The
thermal effects of water vapor can affect local convections
and turbulences (Ramanathan et al., 1989), and the quality
of the water vapor will impact the assimilation results in
NWP (Mohanty et al., 1986). Specific humidity at surface
sites is selected as the study object in this paper, and the
paper is arranged as follows. Section 2 introduces the data
and methods. Section 3 compares observations and
background fields. Then, a bi-weighted standard deviation
QC method is applied to residual fields on the basis of
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Empirical Orthogonal Function (EOF) and Fast Fourier
Transform (FFT). Section 4 analyzes QC results and
comparisons between them. Section 5 summarlizes and
presents discussion and directions for future work.

2 Data and method

2.1 Data

An extraordinarily brutal snowstorm struck China in
January 2008, causing abnormal low temperatures,
excessive precipitation, and severe snow and ice disasters
over most of China. The specific humidity data of January
2008 over China were chosen for this study. There are
3,340 station observations in the area between 0 and 70°N,
55°E‒145°E from SYNOP (surface synoptic observations)
after conventional QC with three-hour temporal resolution.
The observed surface specific humidity can be expressed
as follows:

qOBSk,n , k ¼ 1,2,:::,3340, n ¼ 1,2,:::,239,

where k is the station index and n indicates the observing
time.
The National Centers for Environmental Prediction

(NCEP) Final (FNL) Operational Global Analysis data
(Kalnay et al., 1996) were chosen as the background field,
with a 6-h temporal resolution and a 1°� 1° spatial
resolution. Because the spatial and temporal resolutions of
the data from the background field are different from the
station observations, the LaGrange polynomial interpola-
tion method was employed to interpolate the grid data into
the stations spatially. As Zou and Qin (2010) have noted

the data after time interpolation would not affect its cycle
characteristics, so the data at 0300 UTC, 0900 UTC,
1500UTC and 2100 UTC can be obtained by the cubic
spline interpolation method. Then, the background specific
humidity can be represented as follows:

qBFk,n, k ¼ 1,2,:::,3340, n ¼ 1,2,:::,239:

2.2 Methods used to analyze specific humidity

Power spectral analysis can decompose the total power
into different frequencies (Wei, 2007). Then, the major
cycle can be determined by those fluctuations. The major
oscillation should pass the standard spectrum test, which
would mean the period is significant. Figure 1 shows the
power spectrum density of specific humidity from
observations (qOBS) and background fields (qBF). Data of
the first eight days in January 2008 were used in the
research. It can be observed that there are three distinct
periodic oscillations: diurnal, semidiurnal and 8-h oscilla-
tions, all of which have passed the 95% confidence level.
The diurnal cycle is the strongest, and 8-h oscillation is the
weakest. In addition, the intensity of the diurnal oscillation
is slightly weaker in the observations than in the
background field. The data for other days in January
2008 yield the similar results.
The Fast Fourier Transform is another method to

determine the major oscillation of meteorological variables
(Cooley and Tukey, 1965). To meet the requirements of
operational application, the data used in each process
should not be too large. Thus every 64 times data (eight
days) were chosen as a sample. In total, there are 176
samples (ln = 1, 2,…, 176) for 239 observing times. All the

Fig. 1 Power spectrum density of surface specific humidity from observations (a) and background field (b), in 55°E‒145°E, 0‒70°N.
The 95% confidence level is shown (dashed line). Data are from the first eight days of January 2008.
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analyses and computations are based on these samples.
After FFT, the amplitude of q can be expressed by the
following:

ak,m ¼
XN – 1

j¼0

qk,je
– i2πm j

N , m ¼ 0,1,:::,N – 1, (1)

where k is the station index, m is the wavenumber, j is the
observing time, and N = 64, namely eight days.
The original field can be calculated by inverse FFT:

qk,j ¼
1

N

XN

m¼0

ak,me
i2πj

m

N , j ¼ 0,1,:::,N – 1, (2)

Thus, the specific humidity q can be divided into two
parts, i.e., qFFTreb and qFFTres . qFFTreb

includes the average
state and three main oscillations, m in Eq. (2) is the
wavenumber, as surface specific humidity has been
decomposed by FFT every 64 times, namely, eight days.
m = 0 indicates the average state in specific humidity.m = 8
means that there are eight waves in eight days, which
corresponds to the diurnal oscillations. By parity of
reasoning, m = 16 corresponds to the semidiurnal
oscillations and m = 24 represents the 8-h oscillations.
Therefore, m in Eq. (2) can be taken as 0, 8, 16, 24, which
can include the main oscillations in specific humidity,
while qFFTres represents other unapparent cycles.
EOF can also separate specific humidity into two parts:

qEOFreb
and qEOFres

. Different from FFT, which extract the
period characteristics from the original field, the EOF
analysis can separate the main space distribution structures
from the original field and obtain a few unrelated typical
modes, which can replace the original variable field. Each
mode contains sufficient information of the original field
(Lorenz, 1956). In recent years, EOF has been considered
for quality control for varieties of data (Li et al., 2004; Zou
et al., 2012; Zhao et al., 2013).
EOF is expanded for the space and time domain, which

can be expressed as the following matrix:

X ¼

q1,ln q2,ln � � � qk,ln
q1,lnþ1 q2,lnþ1 � � � qk,lnþ1

M M . .
.

M
q1,lnþ63 q2,lnþ63 � � � qk,lnþ63

2
666664

3
777775, (3)

where qk,lnþn – 1 indicates the specific humidity at the kth

surface station and nth time of the ln
th sample.

Then, the original data can be written as follows:

qk,lnþn – 1 ¼
X64

m¼1

elnn,mc
ln
m,k , n ¼ 1,2,:::,64, (4)

where elnn,m is the eigenvector reflecting the time informa-

tion; elnm ¼ ðeln1,m,eln2,m, � � � ,eln64,mÞT represents the principal

components (PCs); and clnm,k represents the EOF modes
which show the space layouts. The extent of the ith EOF
mode describing the original variable field can be
explained by the ratio of the ith variance to the sum of all

variance (llni =
X64
i¼1

l
ln
i ), as the sum of all eigenvalues is equal

to the total variance of the data.

2.3 QC methods

Most of the gross errors can be eliminated by conventional
QC methods, but the random error, system errors, and
other small errors are difficult to address by these QC
methods. The distributions of most meteorological vari-
ables are usually assumed to be Gaussian in normal
conditions, but a Gaussian distribution is not suitable for
surface variables such as surface air temperature and
specific humidity because of the dominating diurnal and
semidiurnal oscillations. Errors induced by inconsistent
descriptions of the dominant oscillations between observa-
tions and background fields can be removed if the
oscillation descriptions from the background are improved.
Therefore, qOBS – qBF and qOBSEOFreb

– qBFEOFreb
ðqOBSFFTreb – q

BF
FFTrebÞ

cannot represent the quality of observations. By using EOF
and FFT, the diurnal and semidiurnal oscillations from
observations, background fields, and large-scale weather
characteristics are removed, and the small-scale features
caused by observation errors will be left in the residual
parts. Therefore, it is assumed that the residual parts should
be a Gaussian-distribution, and such a bi-weighted QC is
applied to the residual parts to identify instrument noise or
environmental errors in the observations.
Taking EOF QC as an example, the QC process can be

described in the following steps:
1) Use the EOF analysis to obtain the residual parts of

the observations qOBSEOFres
and background field qBFEOFres

.
2) Calculate the weight function in the kth station at the

nth time wk,n,

wk,n ¼
ðqOBSEOFres

– qBFEOFres
Þk,n –M

c�MAD
, (5)

where M is the median, M ¼ medianðqOBSEOFres
– qBFEOFres

Þ and
MAD is the median absolute deviation, MAD ¼ median
½ ðqOBSEOFres

– qBFEOFres
Þ –medianðqOBSEOFres

– qBFEOFres
Þ�� ���; c = 7.5; If

wk,n

�� �� > 1:0, then wk,n ¼ 1:0.
The weight for each point is intended to keep data with

large deviations from the average value from affecting the
calculation of the integral mean and standard deviation.

3) Write the bi-weighted mean (qOBSEOFres
– qBFEOFres

bw
) and

the bi-weighted standard deviation (STDbw) as follows:

Hong ZHAO et al. Quality control based on EOF and FFT 383



qOBSEOFres
– qBFEOFres

bw

¼ M þ

X
k,n

�
ðqOBSEOFres

– qBFEOFres
Þk,n –M

�
ð1 –w2

k,nÞ2X
k,n
ð1 –w2

k,nÞ2
, (6)

STDbw ¼
N
X
i¼1

�
ðqOBSEOFres

– qBFEOFres
Þk,n –M2ð1 –w2

k,nÞ4
�" #0:5

X
k,n¼1

ð1 –w2
k,nÞð1 – 5w2

k,nÞ
�����

�����
,

(7)

4) Write the definition of outliers as follows:

Zk,n ¼
ðqOBSEOFres

– qBFEOFres
Þk,n – qOBSEOFres

– qBFEOFres

bw
� ���� ���

STDbw

> Z, (8)

here Zk,n is called Z-score of the specific humidity
difference at the data point (k, n). Z is a specified threshold.
The flow of FFT QC is the same as EOF QC, only

qOBSEOFres
,qBFEOFres

are replaced by qOBSFFTres ,q
BF
FFTres in Eqs. (5)‒(8).

3 Characteristics of specific humidity from
observations and background fields

Figure 2 shows cumulative variances explained by the first
to fifteenth EOF modes from observations (shaded areas)
and background fields (dashed line) within an 8-day period
ending at different observing times indicated by the
numbers on the x-axis. It can be observed that the first
EOF mode has explained 96.0% of the total variance,
while the cumulative variance of the first ten EOF modes
has reached 99.5% throughout January 2008. Therefore,

the first ten modes (clnm,k ,m ¼ 1,2, � � � ,10) are chosen as the
rebuild fields of EOF for the following analysis. In addition

to the EOF modes, PCs (elnn,m ¼ ðeln1,m,eln2,m,:::,eln64,mÞT,
m ¼ 1,2,:::,64) show the time variation characteristics of
those EOF modes. The PCs of the first to tenth EOF modes
from the observations and background fields are presented
in Fig. 3. The diurnal cycle can clearly be observed
obviously in the 1st, 4th, 5th and 6th modes in both the
observations and background fields. The semidiurnal
oscillations can be found from the 8th to 10th EOF
modes in the observations instead of the background fields,
where the low frequency waves are dominant in those
modes. Moreover, there exists an obvious phase and
amplitude difference between the observations and back-
ground fields for the first ten PCs.

Fig. 2 Cumulative variances explained by the first 15 EOF modes for specific humidity from observations (shaded) and background
fields (dashed line) within an 8-day period ending at different observing times indicated by the numbers on the x-axis. The time of 0000
UTC 9 January 2008 is the 65th observing time in January 2008.
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To obtain a clear understanding of the main oscillation
characteristics of specific humidity in EOF modes, wavelet
analysis (Torrence and Compo, 1998) and Fourier analysis
are employed to analyze the top ten EOF modes. Figure 4
presents the wavelet modulus varying with the periods of
oscillations. For the sake of finding the characteristics of
diurnal and semidiurnal oscillations in the EOF modes, the
period is divided into two phases: 6‒18 h and 18‒72 h. It is
found that the diurnal cycle characteristics of the surface
observations are more significant in the 4th, 6th and 8th
EOF modes. However, for the background fields, in
addition to the modes mentioned above, the 5th mode also
shows significant diurnal oscillations. The long wave
oscillations are also remarkable but only exist in the last
few modes. The conditions of the semidiurnal cycles are
more complicated than those of the diurnal cycle. First,
semidiurnal oscillation is the most important feature for the
2nd, 6th and 8th‒10th modes in the observations and the
5th and 8th modes in the background fields. Second, it
should be noted that the modulus of wavelet analyses from
the background fields is smaller than the observations,

which means that the semidiurnal oscillation in the
background fields is weaker than that in the observations.
Different from spectral analysis, the 8-h oscillation is not
significant in the EOF modes. Furthermore, the first ten
EOF modes are decomposed by FFT, and the results
distinctively show that the more significant the cycles of
the modes, the larger their amplitudes (figure omitted).
Skewness (Mardia, 1970) is a measure of the asymmetry

of the probability distribution of a real-valued random
variable. A skewness of zero indicates that the variable
values are relatively evenly distributed on both sides of the
mean, typically implying a symmetric distribution. Kurto-
sis (Mardia, 1970) is a measure of the “peakedness” of the
probability distribution of a real-valued random variable.
Distributions with less than 3 or greater than 3 are called
platykurtic or leptokurtic respectively. As the truth is
unknown, the observation error and background error
cannot be determined. However, the OMB vector can
replace them to perform analysis, because the difference of
two variables with Gaussian distribution is Gaussian. As
both the EOF and FFT rebuild fields can reflect the main

Fig. 3 PCs of the first ten EOF modes of specific humidity from observations (solid line) and background fields (dashed line) from 0000
UTC 1 January to 0000 UTC 8 January 2008. The number indicates the EOF mode number.
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oscillations, Fig. 5 presents the OMB distributions of the
rebuild fields from EOF and FFT. It shows that the two
distributions are different from a Gaussian distribution

with the characteristics of nonzero mean, right-skewed and
leptokurtic distribution. Similar to temperature, the
inaccurate descriptions of the intensity and phase differ-

Fig. 4 Modulus of wavelet analysis for the PCs of the first ten EOF modes of specific humidity from observations (a, c) and background
fields (b, d) for oscillation periods with 18‒72 h (top panels a and b) and 6‒18 h (bottom panels c and d).

Fig. 5 Frequency distributions of the differences between the observations and background fields for the EOF rebuild terms qOBSEOFreb
–

qBFEOFreb
(a), and the composite fields extracted from FFT qOBSFFTreb – q

BF
FFTreb (b). The solid curve is the Gaussian fitting.
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ences in diurnal, semidiurnal and 8-h oscillations con-
tribute to the non-Gaussian distributions of OMB. These
differences mainly exist in the first ten EOF modes.

4 QC Results

The standard deviation spatial distributions of qOBSEOFres
–

qBFEOFres
and qOBSFFTres – q

BF
FFTres are shown in Fig. 6. The data

calculated from all available stations are selected from the
first eight days in January 2008. The conditions of the other
days are similar. We can clearly find that the STD (standard
deviation) of qOBSFFTres – q

BF
FFTres is relatively larger than that of

qOBSEOFres
– qBFEOFres

, and the STD of the difference between
observations and background fields in the India Peninsula,
Indo-China Peninsula and the islands in south-east is much
larger than that in the north. Therefore, the whole domain
can be separated into two parts: a south region (S) and a
north region (N). The solid line in Fig. 6 indicates the
boundary between these two regions. There are 836
stations in the south region and 2504 stations in the
north region. The STDbw (bi-weighted standard deviation)
time series of qOBSEOFres

– qBFEOFres
and qOBSFFTres – q

BF
FFTres in the two

regions can be observed in Fig. 7. It is shown that the
STDbw remains nearly constant in January 2008, so it is
reasonable to choose a constant Z-score to perform QC
during the whole month. Moreover, through comparing the
STDbw determined by EOF and FFT in the same region, the
STDbw of EOF is approximately 0.15 g/kg smaller than
FFT in the north region and 0.2 g/kg smaller in the south
region.
The STDbw in the south region is greater than that in the

north, due to the nature of the variability of the data.

Observations will be identified as the outliers when jqOBSEOFres

– qBFEOFres
j exceed the given value-Z. By testing many

different thresholds of Z, the thresholds of Z are
empirically specified, for EOF QC, 3.0 and 3.5 are used
for the north region and the south region, respectively for
FFT, they are 2.8 and 3.3, respectively.
Because the impact of QC on the frequency distributions

of qOBSEOFres
– qBFEOFres

and qOBSFFTres – q
BF
FFTres occurred mostly on

the tails of the distributions, Figure 8 gives the frequency
distributions before and after QC on the left and right tails.
It seems that the stations with large OMB can be eliminated
effectively after QC, and the OMB error ranges are
consequently reduced when the stations with large OMB
are eliminated by QC. Additionally, the EOF QC method
can remove more outliers. The distributions of frequencies
after QC are much more similar to a Gaussian distribution.
To illustrate more objectively the characteristics of the

frequency statistics before and after QC, Table 1 gives the
mean, standard deviation, skewness and kurtosis of the
OMB of variables q, qEOF1 – 10

, qFFT0,8,16 , qEOFres
and qFFTres

before and after QC. It is noted that after EOF or FFT QC,
the mean, standard deviation, skewness and kurtosis of the
distribution of qOBS – qBF shows slight improvement. This
is due to the non-Gaussian characteristics still being
present in the qOBS – qBF after QC, and the non-Gaussian
characteristics are mainly from the rebuild terms of EOF
(qOBSEOFreb

– qBFEOFreb
) or FFT (qOBSFFTreb – q

BF
FFTreb), which are

contained in inaccurate descriptions of the diurnal,
semidiurnal and 8-h oscillations. In addition, when the
Gaussian and non-Gaussian distributions are both super-
posed together in the observation, the OMB distribution is
dependent on the relative strength of two signals (Zou,
2009). The QC process for residual parts can greatly

Fig. 6 The spatial distributions of standard deviations for the EOF residual terms (a) and FFT residual terms (b) of specific humidity.
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improve the frequency distributions of qOBSEOFres
– qBFEOFres

and

qOBSFFTres – q
BF
FFTres . The mean and the standard deviation are

close to 0, and the skewness and kurtosis are close to 0 and

3, respectively. This means the frequency distributions
after QC are more Gaussian.
Figures 9(a) and 9(b) present the spatial distribution of

the total number of station data points removed by the EOF
QC and FFT QC for specific humidity. The specific
humidity outliers which occur more than 20 times are
mainly present at the periphery of the Qinghai-Tibet
plateau, around Gansu and Sichuan provinces and the
Yunnan-Guizhou Plateau. These areas are mountainous
and sparsely populated with fewer data sources, causing a
large deviation between the observations and the back-
ground field. Other regions with more outliers are found in
the coastal areas such as southern China, the Korean
Peninsula and Japan. The data in those regions contain
random and environmental errors due to the influence of
the water vapor from the ocean. The results of the EOF QC
and FFT QC appear similar, but the FFT QC identifies
more outliers in southern China. Figure 9(c) shows the
outliers identified by both QCs. Outliers with more than 50
occurrences are mainly present in Gansu and the coastal
areas in southern China and Japan. In addition, the EOF
QC distinguishes 4.29% and 3.13% of the outliers in the

Fig. 7 The bi-weighted standard deviations of qOBSEOFres
– qBFEOFres

(solid lines) and qOBSFFTres – q
BF
FFTres (dashed lines) in the north region

(thick lines) and the south region (thin lines) (See Fig. 6 for the two
regions).

Fig. 8 Frequency distributions of the differences of qOBSEOFres
– qBFEOFres

(a, b) and qOBSFFTres – q
BF
FFTres (c, d) before (white bar) and after (shaded

bar) QC. For clarity, only the tails of the frequency distributions are shown.
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south and north regions, respectively while the percentages
of data removed by FFT QC are 4.51% and 3.08%,
respectively. Furthermore, outliers identified by both QC

methods hold up to 40.71% and 43.66% for the total
outliers of EOF QC and FFT QC, respectively.
Figure 10 shows that the percentage of data removed

Table 1 Mean, Standard Deviation, Skewness, and Kurtosis of OMB of variables qOBS – qBF , qOBSEOFreb
– qBFEOFreb

, qOBSFFTreb – q
BF
FFTreb , q

OBS
EOFres

– qBFEOFres
,

qOBSFFTres – q
BF
FFTres , before and after QC.

Mean/(g$kg–1) STD/(g$kg–1) Skewness Kurtosis

qOBS – qBF 0.1086 0.8375 0.1834 4.3971

qOBS – qBF (after EOF QC) 0.1197 0.7968 0.2633 4.2744

qOBS – qBF (after FFT QC) 0.1273 0.7750 0.2414 4.6269

qOBSEOFreb
– qBFEOFreb

(before/after EOF QC)
0.1214
0.1274

0.7968
0.7637

0.2183
0.1959

4.3292
4.1707

qOBSFFTreb – q
BF
FFTreb (before/after FFT QC)

0.1661
0.1660

0.7151
0.6808

0.4204
0.3180

5.6551
5.2848

qOBSEOFres
– qBFEOFres

(before/after EOF QC)
– 0.0065
– 0.0043

0.5674
0.4104

– 0.0178
– 0.0049

7.0047
3.7451

qOBSFFTres – q
BF
FFTres (before/after FFT QC)

– 0.0457
– 0.0294

0.6858
0.5366

– 0.1161
– 0.0208

5.6329
3.6687

Fig. 9 Total number of specific humidity data removed at each surface station by (a) EOF QC, (b) FFT QC and (c) both QCs.
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varied with time for specific humidity during January
2008. The outliers’ percentage of EOF QC and FFT QC is
nearly the same during the whole month, except for the
period from 10th January to 13th January of 2008. We have
found that a large number of FFT outliers are clustered into
one area at 1500 UTC on 10 January 2008 over northern
and central China, as shown in the subdomains in Fig. 11.
To see the example clearly, the subdomains in Fig. 11 are

amplified, and Fig. 12 presents the spatial distributions of
q, qFFTreb ,qEOFreb

,qFFTres and qEOFres
from the observations,

the background and the differences between them. It is
noted that the specific humidity is presented in the form of
two ridges with a deep trough, but the locations of the two
ridges and the deep trough in the background fields are

ahead of that in the observations. Thus, the difference
between observations and background fields shows a
structure similar to a saddle-type field (Fig. 12(a)). The
FFT rebuild fields can depict the distributions of water
vapor troughs and ridges but fail to capture their intensity.
The differences between observations and background
fields show a large positive error over the research area
(Fig. 12(b)) because the rebuild field only catches the mean
and main oscillation components from the original fields.
Furthermore, the FFT QC method is carried out at
individual stations, so the wavelet information with other
periods will be kept in the residual parts and removed as
outliers during the QC process (Fig. 12(d)). Compared
with FFT, the first few EOF modes can capture the spatial
structures for both observations and background fields
(Fig. 12(c)); the residual fields looks more homogeneous,
with a small OMB value (Fig. 12(e)).

5 Summary and discussion

A local surface station observation network has been set up
in many areas in China, and considerable attention has
been paid to the application of surface data (Baker, 1992;
Guo et al., 2002). Specifically, data quality is one of the
roadblocks to surface data application, especially data
assimilation (Fan and Zhang, 2006). The poor quality of
the data results in the low utilization rate in NWP.
Systematic quality control procedures should be applied to
the station data to ensure they are representative and
accurate to capture weather phenomena in the boundary
layer so that effective information can be extracted from
the “good” observations and a better initial background
field can be discerned for numerical simulation.
Comparisons between observations and background

fields show that amplitude and phase differences between
observations and background fields result in a non-
Gaussian distribution in OMB, which violates the
assumption of normalized distribution observation error
in data assimilation systems (Sasaki, 1970). For this
reason, a bi-weighted standard deviation QC method (Zou
and Zeng, 2006) based on EOF and FFT is proposed. The
chief features of the data, such as their distinctive
oscillations and information related to abnormal weather
events, are retained in the rebuild terms. The QC for
residual terms can avoid the influence of systematic errors
in the background field. The standard deviation between
observations and the background fields is reduced after
QC, and the frequency distribution for OMB is closer to
the normal distribution. The specific outliers occur mainly
in mountainous and coastal regions, which is mainly due to
the location of the observation sites. The data are sparse in
the mountainous areas, causing large deviations between
observations and the background fields. For the coastal
areas, the specific humidity is vulnerable to the water vapor
from the ocean, which may produce environmental errors.

Fig. 10 The percentage of surface specific humidity removed at
each observing time by QC methods using the EOF and FFT
methods.

Fig. 11 Spatial distributions of the outliers identified by only the
EOF QC (blue points), only the FFT QC (red points), and by both
methods (green points) at 1500 UTC 10 January 2008.
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The results of the two QC methods show a slight
difference. EOF QC can keep large-scale fluctuation
information from the original field, avoiding these waves
entering into the residual field and being removed by the

QC process, so it performs better than FFT QC.
This paper presents an effective QC method for data

assimilation regarding surface specific humidity. The next
work will focus on the flowing aspects: (1) comparing

Fig. 12 Spatial distributions of (a) q, (b) qFFTreb , (c) qEOFreb
, (d) qFFTres and (e) qEOFres

from observations (solid lines), FNL data (dashed

lines), and the differences between observations and FNL data (shaded areas: qOBS – qBF in (a), qOBSFFTreb – q
BF
FFTreb in (b), qOBSEOFreb

– qBFEOFreb
in

(c), qOBSFFTres – q
BF
FFTres in (d), and q

OBS
EOFres

– qBFEOFres
in (e)) at 1500 UTC 10 January 2008 in the subdomain indicated by the small box in Fig. 11.
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other surface variables (e.g., surface pressure and hor-
izontal winds) with other reanalysis data such as ERA-
Interim (Simmons et al., 2007), JRA-25 (Onogi et al.,
2007) and T639 (Chen et al., 2007); (2) applying this QC
method to other surface variables and verifying the QC
results; and (3) evaluating the impact of surface data
passing QC on meso- and micro-scale weather system
prediction.
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