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An analog ensemble system was developed for the realisation of local-scale surface meteorological variables
for independent test data (test data) at six stations over the north-west Himalaya (NWH), India. Extreme
values (the maximum value and the minimum value) and the mean value in 10 analog days (the analog
mean) and the climatological mean of each surface meteorological variable were compared with its
corresponding observed values on the same day (d0, lead time 0 hour (h)), d1 (d0 + 1, lead time 24 h),
d2 (d0 + 2, lead time 48 h) and d3 (d0 + 3, lead time 72 h) of test data. Pearson correlation coefﬁcients
(CCs), Mean Absolute Differences (MADs) and Root Mean Square Differences (RMSDs) of the extreme
values in analog days, and the analog mean and climatological mean of each meteorological variable on d0
with its corresponding observed values on d0, d1, d2 and d3 of test data were computed at six stations over
the NWH. CCs of extreme values in analog days and the analog mean of each meteorological variable on d0
with its observed values on d0, d1, d2 and d3 were found to be higher than the CCs of the climatological
mean of each meteorological variable on d0 with its observed values on d0, d1, d2 and d3. MADs (RMSDs)
of extreme values in analog days and the analog mean of each meteorological variable on d0 with its
observed values on d0, d1, d2 and d3 were found to be lesser than the MADs (RMSDs) of the climatological
mean of each meteorological variable on d0 with its observed values on d0, d1, d2 and d3. However, the
MADs (RMSDs) of the extreme values of each meteorological variable in analog days were found to be
higher than the MADs (RMSDs) of its analog mean. Results show that the analog mean of each meteorological variable holds better predictive skill than the extreme values in analog days and its climatological
mean. MADs (RMSDs) of different surface meteorological variables in surface weather analogs comparable
to Mean Absolute Errors (MAEs) and Root Mean Square Errors (RMSEs) for their prediction with the help
of different types of weather forecast models show that the surface weather analogs hold good promise for
the local-scale prediction of surface meteorological variables over the NWH.
Keywords. Weather; weather forecasting; analog ensemble system; north-west Himalaya.

1. Introduction
Ensemble forecasting is operationally being used
for a variety of meteorological, hydrological and
climatological applications (Toth and Kalnay 1993;

Tracton and Kalnay 1993; Hamill and Colucci
1997; Buizza et al. 1999; Zorita and Stroch 1999;
Whitaker et al. 2006; Jaun and Ahrens 2009; Raje
and Mujumdar 2011). The analog method is one
of the methods employed to develop ensemble
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forecasting systems (Hamil and Whitaker 2007;
Daoud et al. 2011; Charles et al. 2013; Delle Monache et al. 2013 and references herein). A variety of
analog ensemble (AE) systems have been developed primarily following two approaches, i.e.,
searching for analogs corresponding to a single
meteorological ﬁeld (or variable) of interest and
searching for analogs corresponding to multiple
meteorological ﬁelds (variables) of interest (Lorenz
1969; Radinovic 1975; Barnett and Preisendorfer
1978; Van Den Dool 1989; Hamil and Whitaker
2006; Gibergans-Baguena and Llasat 2007; Bannayan and Hoogenboom 2008; Hall et al. 2010;
Singh et al. 2010; Nagarajan et al. 2015).
AE systems have been developed for the
prediction of various weather elements such as temperature, precipitation amount, wind speed and
solar radiation, etc., statistical downscaling and/or
post-processing of predictions of various meteorological variables with the help of numerical weather
prediction (NWP) models (Van Den Dool 1989;
Zorita and Stroch 1999; Sievers et al. 2000; Obled
et al. 2002; Hamil and Whitaker 2006; Bannayan
and Hoogenboom 2008; Singh et al. 2008; Delle
Monache et al. 2013; Junk et al. 2015; Nagarajan
et al. 2015). AE systems developed as statistical
downscaling and/or post-processing tools for the
NWP model predictions are found to show better
skills than parent NWP models for various meteorological variables like temperature, precipitation, wind speed, etc. (Hamil and Whitaker 2007;
Delle Monache et al. 2013; Junk et al. 2015;
Nagarajan et al. 2015). However, applications of
the AE system as the post-processing and/or statistical downscaling technique demand historical
archives of NWP predictions from the frozen stateof-the-art NWP models and corresponding surface
meteorological observations (Hamil and Whitaker
2006, 2007; Delle Monache et al. 2013; Junk et al.
2015). Such requirements of the AE system and
other statistical downscaling techniques may limit
their eﬀective and eﬃcient use for data-sparse
mountainous regions like the north-west Himalaya
(NWH) (or elsewhere) (Das 2005; Hatwar et al.
2005; Singh and Ganju 2005; Dimri 2006; Dimri
and Niyogi 2013; Dimri et al. 2013). This can be
attributed to many factors such as the lack of
adequate surface and an upper air observational
network, spatially–temporally inhomogeneous
meteorological observations and the lack of a long
historical archive of the NWP model predictions at
a high spatial resolution and corresponding surface
meteorological observations over the NWH (Das
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et al. 2003; Mohanty and Dimri 2004; Dimri and
Mohanty 2007; Dimri and Niyogi 2013; Menegoz
et al. 2013; Palazzi et al. 2013; Fiddes and Gruber
2014; Terzago et al. 2014; Tiwari et al. 2014).
Large spatio-temporal variability in various
surface weather elements over the NWH demands
real-time local-scale weather forecasts (Mohanty
and Dimri 2004; Dimri and Mohanty 2007; Singh
et al. 2008, 2010, 2019; Srinivasan et al. 2010; Joshi
and Ganju 2012; Joshi and Ganju 2013). The AE
system developed utilising local-scale surface
meteorological observations can be of great help
for the real-time local-scale prediction of various
surface meteorological variables for data-sparse
mountainous regions due to its ability to ﬁnd
reasonably good analogs, capability to capture a
ﬂow-dependent error growth and address forecast
uncertainty (Barnett and Preisendorfer 1978; Van
Den Dool 1989; Bannayan and Hoogenboom 2008;
Delle Monache et al. 2013). However, this can be
ensured only via a systematic study of whether the
AE system developed utilising the local-scale surface meteorological observations is capable of
realising different surface meteorological variables
and their temporal evolutions in analog days, and
whether it is adaptable to the local-scale climatic
conditions of the forecast area and the differences
(errors) between observed surface meteorological
variables on independent test days (test data) and
their corresponding values in analog days are reasonable at a local scale (speciﬁc site) over the
NWH. Such study is possible by ﬁnding the
resemblance between observed surface meteorological variables and their temporal evolutions on
independent test days with the corresponding surface meteorological variables in analog days. A
good resemblance between observed surface meteorological variables and their temporal evolutions
on test days with the corresponding surface meteorological variables in analog days can provide
evidence that the AE system holds promise for
local-scale prediction of various surface meteorological variables over the NWH (or elsewhere).
Hence it is extremely important to study the
resemblance between local-scale surface meteorological variables and their temporal evolutions on
independent test days with the corresponding surface meteorological variables in analog days to gain
an insight into and an understanding of the quality
of local-scale surface weather analogs over the
NWH and develop an AE system for the prediction
of various surface meteorological variables at the
local scale over the NWH.
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AE systems have been developed for qualitative
weather and quantitative categorical snowfall
forecasts and prediction of a few surface meteorological variables at a speciﬁc site over the NWH
(Singh et al. 2008, 2010). Singh et al. (2008) focus
on the prediction of a few surface meteorological
variables at a single station location over the
NWH. However, it does not provide a comprehensive study on the quality of surface weather
analogs and errors associated with various surface
meteorological variables in analog days at different
stations over the NWH. Hence the objectives of
this study are to ﬁnd whether the AE system
developed utilising local-scale surface meteorological observations is capable of realisation of various
surface meteorological variables and their temporal
evolutions in analog days for independent test
data, whether it is adaptable to the local climatic
conditions of the forecast area and examine and
compare the differences (errors) associated with
the local-scale surface weather analogs and climatological mean of various surface meteorological
variables at six stations over the NWH. This study
focuses and addresses the predictability associated
with the surface weather analogs (the AE system)
at six stations spread across different mountain
ranges over the NWH. The conﬁguration of the AE
system and a set of variables taken to conduct this
study are significantly different from an earlier
study (Singh et al. 2008). The ﬁndings of this study
can be useful to gain an insight into and an
understanding of local-scale surface weather analogs and to develop a real-time local-scale weather
forecast model for high-altitude remote areas of the
NWH.

2. Study area and data
This study was conducted at six stations falling
within the altitude range 2192–3800 m above mean
sea level and these stations are located in the
Shamshawari range, the Pir Panjal range and the
Great Himalaya range in the NWH (ﬁgure 1). A
major component of winter precipitation (November–April) over the NWH is in solid form, i.e.,
snowfall (Dimri and Das 2011; Singh et al. 2015).
Heavy snowfall during winter causes interruptions
in necessary services and supplies, electricity and
communication failures and generates many
weather-related natural hazards such as severe cold
temperatures, snow avalanches and landslides, etc.
over the NWH (Rangachary and Bandyopadhyay
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1987; Das et al. 2003; Singh and Ganju 2005).
Therefore, local-scale weather forecasts play a very
important role in planning day-to-day human
activities and the mitigation of weather-generated
natural hazards over the NWH during winter
(Rangachary and Bandyopadhyay 1987; Hatwar
et al. 2005; Srinivasan et al. 2005; Singh et al.
2008). Large spatio-temporal variability in various
surface meteorological variables over the NWH
demands real-time local-scale weather forecasts
(Mohanty and Dimri 2004; Dimri and Mohanty
2007; Singh et al. 2008). The AE system developed
based on in-situ surface meteorological observations can be of great help for the local-scale prediction of surface meteorological variables over the
NWH. However, a systematic study assessing the
quality of local-scale surface weather analogs over
the NWH is lacking.
Snow and Avalanche Study Establishment
(SASE), India, has data archive of surface meteorological observations collected daily at 0300 and
1200 UTC for more than two decades over the
NWH (Dimri and Das 2011; Singh et al. 2015).
Surface meteorological observations on variables
listed under table A1 at each station were obtained
to conduct this study (table 1). More than 97%
observations on different surface meteorological
variables fall within the range mean ± 3 standard
deviations; hence the data were assumed to be
suitable to conduct this study (Singh et al. 2015).
Cumulative precipitation amount of a 24 h time
interval was computed by adding the snow water
equivalent of the 24 h time interval with the rainfall amount of the 24 h time interval.
Surface meteorological observations on variables
listed under appendix A1 at each station were split
into two mutually exclusive datasets: base dataset
and independent test dataset (test data, test days).
The base dataset was utilised to ﬁnd analog days
corresponding to each day of the test dataset. The
base dataset consists of surface meteorological
observations collected daily at 0300 and 1200 UTC
of the past 11–28 winters and the test dataset
consists of surface meteorological observations
collected at 1200 UTC of the past 10 winters
(winter 2006–2015) at six stations over the NWH
(table 1).
A large spatial variability in mean maximum
air temperature, mean minimum air temperature,
mean cumulative precipitation amount in the 24 h
time interval of precipitation days (precipitation
amount C0.1 mm) and their standard deviations,
large differences in the number of records in the
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Figure 1. Station locations in different mountain ranges over the Northwest Himalaya (NWH).

Table 1. Mean and standard deviation of maximum air temperature, minimum air temperature, cumulative precipitation amount
of 24 hours (h) time interval of precipitation days, number of records in base dataset (0300 and 1200 UTC) and number of days in
independent test dataset (test data) (1200 UTC only) at six stations over the NWH (Mtn range = mountain range; Stn = station;
Winters = winters to which base dataset belongs; S range = the Shamshawari range; P range = the Pir Panjal range; G range =
the Great Himalaya range).
Mtn
range
S range
P range

G range

Stn

Winters

No. of records
in base dataset

A
B
C
D
E
F

1991–2005
1979–2005
1989–2005
1995–2005
1983–2005
1995–2005

4640
8811
5825
3483
6808
3612

MX

MN

PT

No. of days
in test dataset

l

X

l

X

l

X

1711
1476
1643
1650
1722
1543

6.0
14.8
8.1
5.0
2.1
2.2

4.8
5.0
4.9
4.5
4.9
5.7

–2.8
1.8
–1.2
–5.4
–11.9
–13.3

4.1
3.1
3.8
4.4
5.4
7.3

18.3
16.0
24.3
15.7
8.7
8.0

19.2
17.6
27.6
17.6
10.2
8.4

base dataset, number of independent test days in
the test dataset and temporal resolutions of various
surface meteorological variables show that the AE
system was tested for a variety of climatic regimes
and meteorological conditions over the NWH
(tables 1 and A1).
3. Materials and methods
Ten analog days (hereafter analog days) corresponding to each test day of the test dataset were
searched from the base dataset using Euclidean
distance between surface meteorological variables
of a test day and surface meteorological variables of
the candidate analog days at each station (Barnett
and Preisendorfer 1978; Gutzler and Shukla 1984;
Toth 1989; Van den Dool 1989; Bannayan and

Hoogenboom 2008; Singh et al. 2008, 2010). The
following Euclidean distance metric was used to
ﬁnd the analog days from the base dataset corresponding to each test day of the test dataset (Singh
et al. 2008, 2010; Delle Monache et al. 2011):
"
#1=2
p
X

2
xl;k  xm;k
;
ð1Þ
dlm ¼
k¼1

where dlm is the Euclidean distance between day
l and day m and xl,k and xm,k are the vectors of
k (k = 1 to p) measurements for day l and day m.
Surface meteorological variables may be partially correlated and the principal components are
not used to ﬁnd the analog days (Storch and Zwiers
1999; Xavier and Goswami 2007). This is due to
the partially incomplete surface meteorological
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observations over the NWH and a meteorological
variable missing for any day is not considered for
ﬁnding the analog days (Das 2005; Singh and
Ganju 2005; Singh et al. 2010; Dimri 2006; Dimri
and Niyogi 2013; Dimri et al. 2013). However,
uncorrelated surface meteorological variables are
likely to provide better analog days and less errors
in various surface meteorological variables due to
the removal of redundancies in the data.
All surface meteorological variables were normalised into the range 0.0–1.0 for computing
Euclidean distances (Singh et al. 2010). Ten analog
days (10 days with least Euclidean distances) corresponding to each test day were searched from the
base dataset and dates and values of different
surface meteorological variables in analog days
were retained. Statistical characteristics of each
surface meteorological variable such as the maximum value, minimum value, mean value and
standard deviation in analog days were computed
using the following expressions:
xk;mx ¼ Max

!

n
[

xk;m ;

ð2Þ

m¼1

xk;mn ¼ Min

!

n
[

xk;m ;

ð3Þ

m¼1

xk;me ¼ Mn

n
[

!
xk;m ;

ð4Þ

m¼1

xk;st ¼ St

n
[

!
xk;m ;

ð5Þ

m¼1

where xk,m is the value of the surface meteorological
variable, k (kS= 1 to p) in the mth analog day (m = 1 to
n, n = 10), is the union operator, xk,mx, xk,mn, xk,me
and xk,st are the maximum value, minimum value,
mean value and standard deviation, respectively, of a
meteorological variable xk in analog days. Max, Min,
Mn and St are mathematical operators used to compute the maximum value, minimum value, mean value
and standard deviation of a meteorological variable xk
in analog days, respectively.
Resemblance measures such as Pearson correlation coefﬁcients (CCs), Mean Absolute Differences (MADs) and Root Mean Square Differences
(RMSDs) between observed values of different surface meteorological variables on test days and corresponding maximum values, minimum values and
mean values of them in analog days (analog means)

are computed to assess the quality of local-scale
surface weather analogs at six stations over the NWH
(Lorenz 1969; Radinovic 1975; Gutzler and Shukla
1984; Suranjana and Van Den Dool 1988; Van Den
Dool 1989). CCs provide an insight into the joint
distributions of the observed values of different surface meteorological variables on test days and their
corresponding extreme values (the maximum value,
the minimum value) and analog means in analog
days as summary measures (Murphy and Winkler
1987; Murphy 1988; Jensenius 1990; Kalnay et al.
1990). However, CCs cannot identify the differences
and biases between the observed values of different
surface meteorological variables on test days and
their corresponding extreme values and analog
means in analog days (Murphy and Winkler 1987;
Barnston 1992; Livezey 1994). Therefore, MADs and
RMSDs are used as resemblance measures in addition to CCs to assess the quality of local-scale surface
weather analogs at six stations over the NWH.
CCs, MADs and RMSDs of the observed values
of different surface meteorological variables on test
days with the corresponding extreme values (the
maximum value, the minimum value) in analog days
and their analog means for the same day (d0, lead
time 0 hour (h)) are computed. Here, d0 refers to a
test day for which analog days are searched from the
base dataset. CCs, MADs and RMSDs of the
observed values of different surface meteorological
variables on d1 (d0 + 1, lead time 24 h), d2 (d0 + 2,
lead time 48 h) and d3 (d0 + 3, lead time 72 h) of the
test days with their analog means on d0 are computed
to get an insight into whether surface weather analogs
are capable of capturing temporal evolutions of different surface meteorological variables on test days at
a local scale over the NWH. Reasonable values of
resemblance measures between the observed values of
different surface meteorological variables on test days
(test data) with their corresponding extreme values
and analog means in analog days can provide evidence that the AE system holds good promise for the
real-time prediction of various surface meteorological
variables at a local scale over the NWH.
MADs and RMSDs between the observed values
of a surface meteorological variable, xk, on d0, d1,
d2 and d3 of test days with extreme values in
analog days and its analog mean on d0 of test days
were computed using the following expression:
Xk;MADs;d0;d1;d2;d3

 ð6Þ
Pnd0;d1;d2;d3
abs xk;o;i;d0;d1;d2;d3  xk;a;i;d0
i¼1
¼
;
nd0;d1;d2;d3
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Xk;RMSDs;d0;d1;d2;d3
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
Pnd0;d1;d2;d3 
xk;o;i;d0;d1;d2;d3  xk;a;i;d0
i¼1
;
¼
nd0;d1;d2;d3

ð7Þ

where Xk,MADs,d 0,d 1,d 2,d 3 and Xk,RMSDs,d 0,d 1,d 2,d 3
are MADs and RMSDs, respectively, of the observed
values of a variable, xk, on d0, d1, d2 and d3 of test
days from extreme values in analog days (d0 only)
and its analog means on d0. Xk,o,i,d 0,d 1,d 2,d 3 is the
observed value of a variable, xk, on the ith test day
corresponding to d0, d1, d2 and d3 and Xk,a,i,d 0 is the
extreme value in analog days (d0 only) and analog
mean of a variable, xk, on the ith test day corresponding to d0. nd 0,d 1,d 2,d 3 is the total number of test
days corresponding to d0, d1, d2 and d3.
CCs of the climatological means of different
surface meteorological variables on d0 with their
observed values on d0, d1, d2 and d3 of test days
and MADs (RMSDs) of climatological means of
different surface meteorological variable on d0 with
their observed values on d0, d1, d2 and d3 of test
days were computed using expressions (6 and 7).
This was done to gain an insight into the resemblance measures of the climatological means of
different surface meteorological variables on d0
with their corresponding observed values on d0,
d1, d2 and d 3 of test days. Resemblance measures
(CCs, MADs, RMSDs) of different surface meteorological variables in analog days with their corresponding observed values on test days and
resemblance measures of the climatological means
of different surface meteorological variables with
their corresponding observed values on test days
are compared to know whether the surface weather
analogs exhibit some skill for the prediction of
different meteorological variables relative to their
climatological means.
4. Results and discussion
The developed AE system was run for independent
test days falling in the range of 1476–1722 days
for the past 10 winters (winter 2006–2015) at six
stations over the NWH (table 1). The maximum
value, minimum value, analog mean and standard
deviation of each surface meteorological variable in
analog days corresponding to d0 of test data were
computed. CCs of the observed values of different
surface meteorological variables on d0 of test days
with extreme values (the maximum value, minimum value) in analog days and their analog means

on d0 were computed. CCs between the observed
values of different surface meteorological variables
on d1, d2 and d3 of test days and their analog
means on d0 were computed. Statistically significant positive CCs between the observed values of
different surface meteorological variables on test
days and their values in analog days will indicate a
good resemblance between the observed surface
meteorological variables on test days and the corresponding surface meteorological variables in
analog days. This will indicate that the AE system
is capable of ﬁnding reasonably good analogs and it
can capture the observed dynamics (tendency) of
different surface meteorological variables for d0
through d3 at a local scale over the NWH.
Statistically significant high positive CCs
([0.85) between the observed values of different
surface meteorological variables on d0 with the
corresponding extreme values and their analog
means on d0 show that surface meteorological
variables in analog days resemble well with their
corresponding observed values on d0 of test days at
a local scale over the NWH (table 2). However,
lower values of CCs between the observed surface
atmospheric pressure on d0 of test days with the
surface atmospheric pressure in analog days at a
few stations compared to the other stations over
the NWH can be attributed to the large variability
in observations on surface atmospheric pressure at
a few stations over the NWH (table 2). The temporal resolution of observations on variables AM,
AVG and P was 9 hour (9 h) and the temporal
resolution of observations on variables MX, MN,
DAVG, PT and SSH was 24 h (appendix,
table A1). Comparable values of CCs between the
observed values of MX, MN, AM, AVG, P, DAVG,
PT and SSH on d0 of test days with their corresponding values in analog days show that the AE
system is capable of handling surface meteorological variables of different temporal resolutions
simultaneously at a local scale over the NWH
(table 2).
CCs between the observed values of different
surface meteorological variables on d0 of test days
with their climatological means were found to be
significantly lesser than CCs between the observed
values of different surface meteorological variables
on d0 of test data with the corresponding extreme
values in analog days and analog means of them at
six stations over the NWH (table 2). This suggests
that different surface meteorological variables in
analog days resemble their observed values on d0
of test days better than their climatological means
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Table 2. Pearson correlation coefﬁcients (CCs) between the observed values of different surface meteorological variables on d0
(same day, lead time 0 hour (h)) of independent test days and corresponding maximum values, minimum values and analog mean
of them in 10 analog days (analog days).
A
Variables

MX

MN

MX(O)
MN(O)
AM(O)
AVG(O)
DAVG(O)
P(O)
PT(O)
SSH(O)

0.97*
0.97*
0.97*
0.99*
0.94*
0.32*
0.96*
0.99*

0.97*
0.97*
0.97*
0.99*
0.94*
0.37*
0.94*
0.99*

B
M(CM)
0.98*
0.98*
0.98*
0.99*
0.96*
0.42*
0.98*
0.99*

(0.64*)
(0.74*)
(0.70*)
(0.13*)
(0.17*)
(0.24*)
(0.07*)
(0.12*)

MX

MN

0.97*
0.95*
0.97*
0.98*
0.89*
0.96*
0.93*
0.98*

0.97*
0.95*
0.97*
0.98*
0.87*
0.96*
0.86*
0.98*

D
Variables

MX

MN

MX(O)
MN(O)
AM(O)
AVG(O)
DAVG(O)
P(O)
PT(O)
SSH(O)

0.97*
0.97*
0.96*
0.98*
0.93*
0.09*
0.94*
0.99*

0.96*
0.97*
0.96*
0.98*
0.95*
0.19*
0.87*
0.98*

C
M(CM)
0.98*
0.97*
0.98*
0.99*
0.91*
0.98*
0.94*
0.99*

(0.55*)
(0.65*)
(0.54*)
(0.24*)
(0.20*)
(0.23*)
(0.13*)
(0.17*)

MX

MN

0.98*
0.96*
0.97*
0.99*
0.86*
0.97*
0.94*
0.99*

0.97*
0.97*
0.97*
0.99*
0.85*
0.96*
0.92*
0.99*

E
M(CM)
0.97*
0.98*
0.97*
0.99*
0.95*
0.07*
0.96*
0.99*

(0.63*)
(0.72*)
(0.75*)
(0.08*)
(0.08*)
(0.09*)
(0.02)
(0.11*)

MX

MN

0.97*
0.97*
0.97*
0.97*
0.92*
0.95*
0.89*
0.99*

0.97*
0.97*
0.97*
0.98*
0.93*
0.95*
0.88*
0.99*

M(CM)
0.98*
0.97*
0.98*
0.99*
0.88*
0.98*
0.96*
0.99*

(0.66*)
(0.65*)
(0.71*)
(0.12*)
(0.18*)
(0.30*)
(0.18*)
(0.13*)

F
M(CM)
0.98*
0.98*
0.98
0.99*
0.95*
0.97*
0.94*
0.99*

(0.75*)
(0.69*)
(0.77*)
(0.10*)
(0.03)
(0.40*)
(0.04)
(0.09*)

MX
0.97*
0.97*
0.96*
0.99*
0.95*
0.05
0.92*
0.99*

MN
0.97*
0.97*
0.94*
0.98*
0.93*
0.27*
0.86*
0.99*

M(CM)
0.98*
0.98*
0.97*
0.99*
0.96*
0.18*
0.95*
0.99*

(0.79*)
(0.70*)
(0.79*)
(0.20*)
(0.17*)
(0.03)
(0.11*)
(0.09*)

CCs between the observed values of different surface meteorological variables on d0 of test data and climatological means of them
on d0 are given within brackets (MX(O) = observed maximum air temperature, MX = maximum value of maximum air
temperature in 10 analog days; MN = minimum value of maximum air temperature in 10 analog days; M = mean value of
maximum air temperature in 10 analog days; CM = climatological mean, A, B to F = station; * = CCs significant at 1%
significance level; see text for details).

(table 2). The analog means and climatological
means of different surface meteorological variables
on d0 show statistically significant high positive
CCs with their observed values on d1, d2 and d3 of
test days at six stations over the NWH (tables 3
and 4). However, CCs of the climatological means
of different surface meteorological variables on d0
of test days with their corresponding observed
values on d1, d2 and d3 are found to be lesser than
the CCs of analog means of different surface
meteorological variables on d0 of test days with
their corresponding observed values on d1, d2 and
d3 (tables 3 and 4).
CCs between analog means of air temperatures
(the maximum air temperature, the minimum air
temperature and the ambient air temperature) on
d0 with the observed values of air temperatures on
d1, d2 and d3 were found comparable to CCs
between the observed air temperature and predicted air temperature over the NWH and/or other
places (Maini et al. 2003; Kumar and Krishnamurti
2006; Eccel et al. 2007; Shank et al. 2008; Joshi and
Ganju 2012; Tiwari et al. 2014). CCs of analog

mean and climatological mean of each surface
meteorological variable on d0 with its observed
values on d0, d1, d2 and d3 decrease with increasing lead time, i.e., d0 through d3 (tables 2–4).
This shows that the resemblance between surface
meteorological variables in analog days and their
observed values on d1, d2 and d3 decreases with
increasing lead time from d0 through d3 (tables 3
and 4). Similarly, the resemblance between the
climatological means of different surface meteorological variables on d0 with their observed values
on d1, d2 and d3 decreases with increasing lead
time, i.e., d0 through d3 (tables 3 and 4). The
analog mean and the climatological mean of surface
atmospheric pressure on d0 with its observed values on d1, d2 and d3 at stations D and F show
lower values of CCs than the CCs between analog
mean and climatological mean of surface atmospheric pressure on d0 with its observed values on
d1, d2 and d3 at other stations over the NWH
(tables 2–4). This may be due to large variations in
the measurements of surface atmospheric pressure
at stations D and F. The analog mean of the
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Table 3. CCs between the mean values of different meteorological variables in analog days on d0 of the test data and their
corresponding observed values on d1 (d1 = d0 + 1, lead time 24 hours (h)) and d2 (d2 = d1 + 1, lead time 48 h) of test days.
Station

MX (CM)

MN (CM)

AM (CM)

AVG (CM)

DAVG (CM)

P (CM)

PT (CM)

SSH (CM)

Surface
A
B
C
D
E
F

meteorological
0.83* (0.62*)
0.75* (0.53*)
0.81* (0.65*)
0.86* (0.62*)
0.87* (0.75*)
0.86* (0.77*)

variables and CCs for D1
0.92* (0.73*) 0.86* (0.69*)
0.82* (0.61*) 0.73* (0.53*)
0.87* (0.65*) 0.84* (0.71*)
0.88* (0.70*) 0.86* (0.74*)
0.80* (0.68*) 0.87* (0.76*)
0.86* (0.68*) 0.88* (0.77*)

0.63*
0.35*
0.40*
0.53*
0.58*
0.64*

(0.12*)
(0.20*)
(0.09*)
(0.08*)
(0.08*)
(0.15*)

0.65*
0.45*
0.48*
0.56*
0.61*
0.67*

(0.15*)
(0.19*)
(0.18*)
(0.09*)
(0.0)
(0.13*)

0.29* (0.23*)
0.67* (0.23*)
0.77* (0.30*)
0.03 (0.06*)
0.81* (0.38*)
0.17* (0.03)

0.38*
0.33*
0.39*
0.35*
0.24*
0.35*

(0.08*)
(0.14*)
(0.14*)
(0.01)
(0.07*)
(0.09*)

0.51*
0.46*
0.41*
0.55*
0.34*
0.41*

(0.14*)
(0.18*)
(0.13*)
(0.11*)
(0.04)
(0.05*)

Surface
A
B
C
D
E
F

meteorological
0.72* (0.61*)
0.65* (0.64*)
0.82* (0.77*)
0.77* (0.61*)
0.77* (0.61*)
0.82* (0.77*)

variables and CCs for D2
0.84* (0.73*) 0.79* (0.68*)
0.70* (0.64*) 0.69* (0.70*)
0.71* (0.66*) 0.82* (0.78*)
0.77* (0.70*) 0.80* (0.73*)
0.77* (0.70*) 0.80* (0.73*)
0.71* (0.66*) 0.82* (0.78*)

0.57*
0.24*
0.57*
0.43*
0.43*
0.57*

(0.11*)
(0.09*)
(0.15*)
(0.08*)
(0.08*)
(0.15*)

0.61*
0.28*
0.57*
0.48*
0.48*
0.57*

(0.15*)
(0.17*)
(0.10*)
(0.11*)
(0.11*)
(0.10*)

0.22* (0.23*)
0.48* (0.28*)
0.09* (0.05)
0.03 (0.08*)
0.03 (0.08*)
0.09* (0.05)

0.10* (0.08*)
0.02 (0.10*)
0.10* (0.06*)
0.09* (0.02)
0.09* (0.02)
0.10* (0.06*)

0.26*
0.13*
0.17*
0.33*
0.33*
0.17*

(0.14*)
(0.12*)
(0.07*)
(0.08*)
(0.07*)
(0.08*)

CCs between the climatological means of different surface meteorological variables on d0 and their corresponding observed values
on d1 and d2 of test days are given within brackets (MX = CCs between the observed values of maximum air temperature on d1/d2
and the mean values of maximum air temperature in analog days, on d0, CM = CCs between the observed values of the maximum
air temperature on d1/d2 and the climatological means of the maximum temperature on d0, A, B, to F = station; * = CCs
significant at 1% significance level).

Table 4. Same as table 3 but for d3 (d3 = d2+1, lead time 72 h).
Surface meteorological variables and CCs for D3
Station
A
B
C
D
E
F

MX (CM)
0.65*
0.53*
0.65*
0.70*
0.77*
0.80*

(0.60*)
(0.52*)
(0.64*)
(0.60*)
(0.75*)
(0.76*)

MN (CM)
0.77*
0.64*
0.70*
0.69*
0.60*
0.61*

(0.72*)
(0.59*)
(0.64*)
(0.70*)
(0.67*)
(0.66*)

AM (CM)
0.73*
0.54*
0.69*
0.75*
0.77*
0.78*

(0.67*)
(0.51*)
(0.70*)
(0.72*)
(0.75*)
(0.78*)

AVG (CM)
0.57*
0.32*
0.24*
0.44*
0.48*
0.52*

DAVG (CM)

(0.11*)
(0.20*)
(0.09*)
(0.06*)
(0.09*)
(0.15*)

0.59*
0.34*
0.28*
0.46*
0.48*
0.51*

(0.16*)
(0.18*)
(0.17*)
(0.08*)
(0.01)
(0.11*)

P (CM)

PT (CM)

0.15* (0.22*)
0.41* (0.22*)
0.48* (0.28*)
0.08 (0.08*)
0.57* (0.35*)
0.03 (0.06**)

0.02 (0.08*)
0.01 (0.11*)
0.02 (0.10*)
0.04 (0.05)
0.01 (0.04)
0.04 (0.07**)

SSH (CM)
0.15*
0.18*
0.13*
0.21*
0.09*
0.08*

(0.13*)
(0.17*)
(0.12*)
(0.12*)
(0.11*)
(0.10*)

** = CCs significant at 5% significance level.

precipitation amount on d0 do not show statistically significant CCs with its observed values on d3
of test data (table 4). This can be attributed to the
very less number of precipitation days and a large
temporal variability in the precipitation amount
over the NWH.
MADs and RMSDs of extreme values (the
maximum value, the minimum value) in analog
days, analog means and climatological means of
different surface meteorological variables on d0
from their observed values on d0, d1, d2 and d3
were computed. This was done to gain an insight
into the differences (errors) associated with localscale surface weather analogs over the NWH.
MADs (RMSDs) of extreme values in analog days
and analog means of different surface meteorological variables on d0 from their observed values on
d0, d1, d2 and d3 were compared with MADs

(RMSDs) of the climatological means of different
surface meteorological variables on d0 from their
observed values on d0, d1, d2 and d3.
The mean and standard deviation of extreme
values in analog days, analog mean and climatological mean of different surface meteorological
variables on d0 were computed to gain an insight
into whether surface weather analogs are capable of
reproducing (represent) the observed mean and
variability (standard deviation) of different meteorological variables at a local scale over the NWH.
The mean and standard deviation of the observed
maximum air temperature, extreme values of maximum air temperature in analog days, the analog
mean of maximum air temperature and the climatological mean of maximum air temperature on d0 of
test days are given in table 5 at six stations over the
NWH.
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Table 5. Statistics (mean, standard deviation) of the observed maximum air temperature (M(O)), the maximum value of the
maximum air temperature (MMX(A)), the minimum value of the maximum air temperature (MMN(A)) and mean value of the
maximum air temperature (M(A)) in analog days and the climatological mean of the maximum air temperature (M(C)) on d0 of
test data at six stations over the NWH (M = mean of six stations over the NWH).
Mean
Station
A
B
C
D
E
F
M

Standard deviation

MX(O)

MMX(A)

MMN(A)

M(A)

M(C)

MX(O)

MMX(A)

MMN(A)

M(A)

M(C)

6.2
15.8
8.6
5.5
2.3
2.3
6.8

7.7
17.6
10.3
7.1
4.7
4.9
8.7

4.1
13.5
6.5
3.2
0.4
0.1
4.6

5.8
15.5
8.4
5.1
2.6
2.4
6.6

6.2
14.6
7.8
4.7
1.9
1.9
6.2

4.7
4.9
5.2
4.6
4.9
5.7
5.0

4.5
4.4
4.8
4.3
4.4
5.4
4.6

4.4
4.7
4.7
4.0
4.8
5.2
4.6

4.4
4.5
4.7
4.1
4.5
5.2
4.5

3.4
2.7
3.1
3.2
3.5
4.7
3.4

The analog mean of maximum air temperature
on d0 was found to represent the observed mean of
maximum air temperature on d0 of test days better
than the extreme values of maximum air temperature in analog days and the climatological mean of
maximum air temperature at each station over the
NWH (table 5). This indicates that the AE system
(surface weather analogs) is capable of capturing
local-scale features of maximum air temperature at
six stations over the NWH and it reproduces the
observed mean of maximum air temperature better
than the climatological mean (table 5). The
extreme values in analog days and the analog mean
of the maximum air temperature are found to
represent the observed variability of maximum air
temperature better than the climatological mean of
the maximum air temperature on d0 of test days at
six stations over the NWH (table 5). This suggests
that the surface weather analogs get tuned to the
local climatic conditions of each station over the
NWH (table 5).
The mean value of the observed means, extreme
values in analog days, analog means and the climatological means of each surface meteorological
variable at six stations over the NWH were computed. The analog means of different surface
meteorological variables were found to represent
their observed means better than the extreme
values in analog days and the climatological means
of different meteorological variables on d0 of test
days (ﬁgure 2). Extreme values of different surface
meteorological variables in analog days were found
to differ largely from their observed values on d0 of
test days (ﬁgure 2). The extreme values in analog
days and the analog means of different surface
meteorological variables were found to represent
their observed variability better than their climatological means on d0 of test days (ﬁgure 3). The

precipitation amount shows a large variability
(standard deviation) as compared to other surface
meteorological variables over the NWH (ﬁgure 3).
The observed variability of the precipitation
amount on d0 was poorly reproduced by extreme
values in analog days and its climatological mean
as compared to the analog mean of the precipitation amount over the NWH (ﬁgure 3). This
suggests that the analog mean is capable of
reproducing (representing) a large variability in
any surface meteorological variable better than
the extreme values in analog days and its climatological mean (ﬁgure 3).
Statistics (mean, standard deviation) of different
surface meteorological variables does not provide
any insight into the differences (errors) between
the observed values of different surface meteorological variables on test days and their climatological means and extreme values and analog
means. Hence MADs (RMSDs) of extreme values
in analog days, analog mean and climatological
mean of each surface meteorological variable on d0
from its observed values on d0, d1, d2 and d3 of
test days were computed. MADs (RMSDs) of
extreme values of minimum air temperature in
analog days, analog mean of the minimum air
temperature and the climatological mean of minimum air temperature on d0 from its observed
values on d0, d1, d2 and d3 of test data at six
stations over the NWH are given in table 6. MADs
(RMSDs) of the analog mean of minimum air
temperature on d0 from the observed values of
minimum air temperature on d0, d1, d2 and d3
were found to be lesser than the MADs (RMSDs) of
extreme values of minimum air temperature in
analog days and the climatological mean of minimum air temperature on d0 from the observed
values of minimum air temperature on d0, d1, d2
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Figure 2. Observed means (M(O)), climatological means (C(M)) and mean of maximum values (MMX) in analog days, mean of
minimum values (MMN) in analog days and mean of analog means (M(A)) of different surface meteorological variables on d0
of test data at six stations over the Northwest Himalaya (NWH) (mean value of each surface meteorological variable is computed
based on values of it at six stations over the NWH).

Figure 3. Observed standard deviations (ST(O)), climatological standard deviations (ST(MC)), standard deviations of
maximum values (ST(MMX)), standard deviations of minimum values (ST(MMN)) and standard deviations of mean values
(ST(MA)) in analog days of different surface meteorological variables on d0 of test data at six stations over the NWH (standard
deviation of each surface meteorological variable represents mean value of it at six stations over the NWH).
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Table 6. Mean Absolute Differences (MADs) and Root Mean Square Differences (RMSDs) of the maximum value (MX(A)), the
minimum value (MN(A)) and the mean value (M(A)) of the minimum air temperature in analog days and the climatological mean
of the minimum air temperature (M(C)) on d0 from its observed values on d0, d1, d2 and d3 of test days at six stations over the
NWH (RMSDs (°C) are given within brackets; M = mean of six stations over the NWH).
MAD (RMSD) (°C)
d0 (same day, lead time 0 hour (h))
Station

MX(A)

MN(A)

A
B
C
D
E
F
Mean (M)

2.2
1.9
1.9
2.3
2.4
3.2
2.3

1.4
1.3
1.6
1.8
2.2
3.2
1.9

(2.5)
(2.2)
(2.2)
(2.6)
(2.7)
(3.6)
(2.6)

(1.7)
(1.6)
(1.8)
(2.1)
(2.5)
(3.6)
(2.2)

M(A)
0.9
0.7
0.7
0.8
0.8
1.2
0.9

(1.2)
(0.9)
(1.0)
(1.1)
(1.1)
(1.5)
(1.1)

M(C)
2.4
1.9
2.4
2.5
3.2
4.3
2.8

(3.1)
(2.4)
(3.0)
(3.2)
(4.0)
(5.4)
(3.5)

d1 (d1 = d0 + 1,
lead time 24 h)

d2 (d2 = d1 + 1,
lead time 48 h)

d3 (d3 = d2 + 1,
lead time 72 h)

M(A)

M(A)

M(A)

1.4
1.2
1.4
1.6
2.4
2.5
1.7

and d3 at most of the stations over the NWH
(table 6).
Mean values of MADs (RMSDs) of extreme values
in analog days, analog means and climatological
means of different surface meteorological variables
(MX, MN, AM, AVG, DAVG, P, PT and SSH) at
six stations over the NWH were computed. Mean
MADs (RMSDs) of extreme values of different surface meteorological variables in analog days and
mean MADs (RMSDs) of climatological means of
different surface meteorological variables on d0 from
their observed values on d0 of test days were found to
be higher than the mean MADs (RMSDs) of the
analog means of different surface meteorological
variables on d0 from their observed values on d0
(ﬁgures 4 and 5). Mean MADs (RMSDs) of the climatological means of most of the surface meteorological variables on d0 from their observed values on
d0 were found to be higher than the mean MADs
(RMSDs) of extreme values of most of the surface
meteorological variables in analog days on d0 from
their observed values on d0 (ﬁgures 4 and 5). This
implies that extreme values in analog days and climatological means of different surface meteorological
variables are less accurate to represent their observed
values on d0 of test days than the analog means of
different surface meteorological variables over the
NWH (ﬁgures 4 and 5).
Mean MADs (RMSDs) of the climatological means
of different surface meteorological variables on d0
from their observed values on d1 and d2 were found
to be higher than the mean MADs (RMSDs) of the
analog means of different surface meteorological
variables on d0 from their observed values on d1 and
d2 (ﬁgures 6 and 7). However, the mean MADs
(RMSDs) of the climatological means of different

(1.8)
(1.7)
(1.9)
(2.2)
(3.3)
(3.4)
(2.4)

M(C)
2.4
1.8
2.3
2.5
3.2
4.3
2.7

(3.0)
(2.3)
(3.0)
(3.1)
(4.0)
(5.5)
(3.5)

1.8
3.6
1.9
2.1
3.2
3.6
2.7

(2.4)
(4.8)
(2.5)
(2.9)
(4.2)
(4.8)
(3.6)

M(C)
2.4
4.4
2.3
2.5
3.2
4.4
3.2

(3.0)
(5.6)
(3.0)
(3.1)
(4.0)
(5.6)
(4.0)

2.1
1.8
2.2
2.5
3.5
4.2
2.7

(2.7)
(2.4)
(2.9)
(3.3)
(4.6)
(5.5)
(3.6)

M(C)
2.4
1.9
2.4
2.5
3.2
4.4
2.8

(3.1)
(2.4)
(3.0)
(3.1)
(4.0)
(5.6)
(3.5)

surface meteorological variables on d0 from their
observed values on d3 were found to be marginally
higher and/or comparable to the mean MADs
(RMSDs) of the analog means of different surface
meteorological variables on d0 from their observed
values on d3 (ﬁgures 6 and 7). The mean RMSDs of
the climatological means of the precipitation amount
and sunshine duration on d0 from their observed
values on d1, d2 and d3 were found to be lesser than
the mean RMSDs of the analog means of the precipitation amount and sunshine duration on d0 from
its observed values on d1, d2 and d3 (ﬁgure 7). This
suggests that the analog means of the precipitation
amount and sunshine duration on d0 differ largely
from their observed values on d1, d2 and d3 for a few
test days as compared to the climatological means of
the precipitation amount and sunshine duration on
d0 from their observed values on d1, d2 and d3
(ﬁgure 7).
The mean MADs (RMSDs) of extreme values in
analog days, analog means and climatological
means of different surface meteorological variables
will represent the Mean Absolute Errors (MAEs)
and Root Mean Square Errors (RMSEs) for their
prediction if the developed AE system (surface
weather analogs) and the climatological means are
utilised to predict them at a local scale over the
NWH. However, the AE system for the prediction
of different surface meteorological variables may
have different conﬁgurations than the AE system
developed to conduct this study (Woodcock 1980;
Bannayan and Hoogenboom 2008; Singh et al.
2008, 2010). Large values of MADs (RMSDs) of
climatological means of different surface meteorological variables on d 0 from their observed values
on d0, d1, d2 and d3 as compared to the MADs
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Figure 4. Mean Absolute Differences (MADs) of maximum values (MX(Ad0)), minimum values (MN(Ad0)) and mean values
(M(Ad0)) in 10 analog days and climatological means (M(Cd0)) of different surface meteorological variables from observed
values of them on d0 (same day, lead time 0 h) of test data at six stations over the NWH (MAD for each surface meteorological
variable represents mean MAD of six stations over the NWH).

Figure 5. Root Mean Square Differences (RMSDs) of maximum values (MX(Ad0)), minimum values (MN(Ad0)) and mean
values (M(Ad0)) in 10 analog days and climatological means (M(Cd0)) of different surface meteorological variables from
observed values of them on d0 (same day, lead time 0 h) of test data at six stations over the NWH (RMSD for each variable
represents mean RMSD of all six stations).

(RMSDs) of extreme values (the maximum value,
the minimum value) in analog days and the analog
means of different surface meteorological variables

on d0 from their observed values on d0, d1, d2
and d3 show that the surface weather analogs
exhibit lesser errors (MAEs, RMSEs) than the

J. Earth Syst. Sci. (2019)128:205
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Figure 6. Mean Absolute Differences (MADs) of climatological means and analog means of different surface meteorological
variables on d0 from observed values of them on d1 (d0 + 1, lead time 24 h), d2 (d0 + 2, lead time 48 h) and d3 (d0 + 3, lead time
72 h) at six stations over the NWH (MAD for each variable represents mean MAD of six stations; A(d1, d2, d3) = MAD of analog
means for d1, d2 and d3; C(d1, d2, d3) = MADs of climatological means for d1, d2 and d3).

Figure 7. Root Mean Square Differences (RMSDs) of climatological means and analog means of different surface meteorological
variables on d0 from observed values of them on d1 (d0 + 1, lead time 24 h), d2 (d0 + 2, lead time 48 h) and d3 (d0 + 3, lead time
72 h) at six stations over the NWH (RMSD for each variable represents mean RMSD of six stations; A(d1, d2, d3) = RMSD of
analog means for d1, d2 and d3; C(d1, d2, d3) = RMSDs of climatological means for d1, d2 and d3).

climatological means for d0, d1, d2 and d3 for a
local-scale prediction of different surface meteorological variables over the NWH (ﬁgures 4–7).

Site-speciﬁc (local scale) prediction of maximum
air temperature, minimum air temperature and
ambient air temperature over the NWH with the
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help of empirical modelling utilising surface
meteorological observations and/or statistical downscaling of MM5 model outputs have been carried
out in the past (Srinivasan et al. 2010; Joshi and
Ganju 2012; Joshi et al. 2017). Mean RMSDs of air
temperatures (the maximum air temperature, the
minimum air temperature, the ambient air temperature) in surface weather analogs for d1 through
d3 were found to be comparable to RMSEs of the
prediction of temperatures at different stations
over the NWH (Srinivasan et al. 2010; Joshi and
Ganju 2012; Joshi et al. 2017). However, surface
weather analogs can be utilised simultaneously to
predict multiple surface meteorological variables at
a speciﬁc site (local scale) compared to the prediction of the maximum air temperature and the
minimum air temperature at a speciﬁc site over the
NWH (Srinivasan et al. 2010; Joshi and Ganju
2012; Joshi et al. 2017). Mean MADs and mean
RMSDs of air temperatures (the maximum air
temperature, the minimum air temperature, the
ambient air temperature) in surface weather analogs over the NWH were found to be comparable to
the MAEs and RMSEs of temperature prediction
(Maini et al. 2003; Eccel et al. 2007; Shank et al.
2008; Novak et al. 2014). Mean RMSD of precipitation amount in surface weather analogs over the
NWH was found to be comparable to the RMSE of
the raw MM5 model output and statistically
downscaled precipitation amount for d1 through
d3 at different stations over the NWH (Shekhar
et al. 2014). However, the mean RMSD of the
precipitation amount in surface weather analogs
for d1 were found to be marginally higher than the
downscaled precipitation amount using surface
meteorological variables and MM5 precipitation
amount employing artiﬁcial neural network (Joshi
and Ganju 2013). Mean MADs (RMSDs) of the
precipitation amount in the local-scale surface
weather analogs over the NWH for a short time
interval were found to be comparable to MAEs
(RMSEs) of the quantitative precipitation forecast
(Kumar and Krishnamurti 2006; Roy Bhowmik
and Durai 2008). Mean MADs (RMSDs) of the
surface atmospheric pressure and the average wind
speed in surface weather analogs were found to be
comparable to MAEs (RMSEs) of the prediction of
surface atmospheric pressure and the prediction of
average wind speed (Das et al. 2002, 2008; Kumar
and Krishnamurti 2006; Dimri and Chevuturi
2014).
MADs (RMSDs) of different surface meteorological variables in surface weather analogs
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comparable to MAEs (RMSEs) of NWP models,
and empirical modelling using surface meteorological observations and statistical downscaling of the
NWP model outputs (MM5 model) show that the
surface weather analogs hold good promise for realtime local-scale simultaneous prediction of surface
meteorological variables in remote areas of the
NWH with least requirement of resources (human
and computational).

5. Conclusions and limitations
Weather forecasts play an extremely important
role in planning various activities and mitigation of
weather-generated natural hazards due to heavy
snowfall during winter over the NWH. Large
spatio-temporal variability in various surface
meteorological variables over the NWH demands
their real-time local-scale prediction. Surface
meteorological observations can be of great help in
generating real-time local-scale forecasts of various
surface meteorological variables over the NWH. A
detailed study to assess the quality of surface
weather analogs at a local scale over the NWH was
conducted. The results of this study show that the
surface weather analogs are capable of realising
different surface meteorological variables and their
temporal evolutions in analog days and the AE
system is adaptable to the local climatic conditions
of each station over the NWH. Surface meteorological variables in analog days better resemble the
corresponding observed surface meteorological
variables of independent test days than their climatological values. MADs and RMSDs of extreme
values in analog days and analog means of different
surface meteorological variables from their corresponding observed values on independent test days
comparable to the MAEs (RMSEs) for the prediction of various surface meteorological variables by
different weather forecast models show that the
surface weather analogs hold good promise for
local-scale prediction of surface meteorological
variables over the NWH. However, the conﬁguration of the AE system for the prediction of various
surface meteorological variables may be different
from the AE system employed to conduct this
study.
This study was conducted using short length and
partially incomplete surface meteorological observations of the winter period over the NWH. The
quality of surface weather analogs was assessed for
a set of available surface meteorological variables
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over the NWH. However, a similar study on long
homogeneous surface meteorological observations
for a complete year over the NWH (or elsewhere)
may provide better insight into the quality of
local-scale surface weather analogs.
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Appendix
Table A1. List of surface meteorological variables utilised to
assess the quality of local-scale surface weather analogs over
the NWH.

Sl.
no.
1
2
3
4
5
6
7
8

Variable (abbreviation)
Maximum air temperature
(MX)
Minimum air temperature
(MN)
Ambient air temperature
(AM)
Average wind speed (AVG)
Average wind speed in a day
(DAVG)
Surface atmospheric pressure
(P)
Precipitation amount (PPT)
Sunshine hours (SSH)

Unit

Temporal
resolution of
observation
(h)

°C

24:00

°C

24:00

°C

9:00

km/h
km/h

9:00
24:00

hPa

9:00

mm
h

24:00
24:00
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