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Abstract

Agencies face difficult decisions about where and how to prioritise climate risk reduc-
tion measures. These tasks are especially challenging in regions with few meteorolog-
ical stations, complex topography and extreme weather events. In this study, we blend
surface meteorological observations, remotely sensed (TRMM and NDVI) data, phys-5

iographic indices, and regression techniques to produce gridded maps of annual mean
precipitation and temperature, as well as parameters for site-specific, daily weather
generation in Yemen. Maps of annual means were cross-validated and tested against
independent observations. These replicated known features such as peak rainfall totals
in the Highlands and western escarpment, as well as maximum temperatures along the10

coastal plains and interior. The weather generator reproduced daily and annual diag-
nostics when run with parameters from observed meteorological series for a test site
at Taiz. However, when run with interpolated parameters, the frequency of wet-days,
mean wet-day amount, annual totals and variability were underestimated. Stratification
of sites for model calibration improved representation of growing season rainfall to-15

tals. Future work should focus on a wider range of model inputs to better discriminate
controls exerted by different landscape units.

1 Introduction

Humanitarian and development agencies face difficult decisions about where and how
to prioritise climate risk reduction measures. For example, the Pilot Program for Climate20

Resilience (PPCR) of the Strategic Climate Fund (SCF) aims to demonstrate ways in
which climate risk and resilience may be integrated into core development planning1.
This raises practical questions about where infrastructure should be upgraded to better
cope with extreme weather events. Which areas should be prioritised for soil and water
conservation measures? Which agricultural regions would benefit most from improved25

1https://www.climateinvestmentfunds.org/cif/ppcr
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water access or from rehabilitation of traditional rain-water harvesting systems? Where
should training of agricultural extension workers be concentrated? What is the future
climate suitability of lands for different crops? Appraisal of these kinds of option is
helped by high-quality, spatially distributed hydro-meteorological information, as well
as by regional projections of future climate variability and change.5

Many of the regions that are highly vulnerable to climate risks are also amongst
the most data sparse. Yemen is one of the least developed countries in the world and
one of the poorest in the Middle East and North Africa. Agriculture employs more than
half of the labour force and accounts for over 90 % of water use. However, long-term,
homogeneous meteorological records are scarce. Although monthly data are available10

for Aden since the 1880s, daily records typically begin in the 1970s or later, and many
were tied to short-term projects, or are of suspect quality. This lack of data severely
hampers efforts to evaluate short-term meteorological hazards and long-term climate
risks. Furthermore, without high-resolution precipitation and temperature records, it
is hard to benchmark future climate variability and change, associated impacts, and15

adaptation outcomes.
Former generations devised clever ways of addressing this information deficit. For

instance, it has long been recognised that the distribution and amount of precipita-
tion in Yemen varies with altitude, latitude and distance from coast (Beskok, 1971).
Early isohyetal (precipitation) maps made extensive use of natural vegetation surveys20

as a proxy for precipitation gradients (e.g., Atkins, 1984). With the advent of remote
sensing in the 1980s came prospects for gathering hydrological indices in data sparse
regions (Grolier et al., 1984). Others developed geo-statistical methods (Goovaerts,
2000), spatial interpolation techniques (Guenni and Hutchinson, 1998), and stochas-
tic weather models for semi-arid and arid environments (Hutchinson, 1995). Both ap-25

proaches ultimately depend on the physical attributes of the landscape and climate,
as well as access to in situ measurements for model calibration and ground-truthing
(Almazroui, 2010). One global assessment further acknowledged that large uncertain-
ties in satellite-based precipitation estimates can occur over complex terrain and near
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coastlines (Tian et al., 2010). Other work shows higher than expected rainfall estimates
over sand desert areas (Habib and Narsollahi, 2009).

In the present study, we blend surface meteorological observations, remotely sensed
(precipitation and vegetation) indices, topographic information, and regression tech-
niques to produce gridded maps of annual mean precipitation and temperature, as well5

as parameters for local daily weather simulation in Yemen. These tools were devel-
oped during the course of a national assessment of flash flood risk, soil erosion, water
harvesting, and cropping potential (Wilby and Yu, 2013). Our approach is based on
the fundamental premise that publicly available land-cover and landscape attributes
can be used to estimate local mean climate conditions for data sparse regions. Yemen10

provides a particularly challenging case study for testing these ideas.
Section 2 describes the study area and data sets used for statistical model calibra-

tion and validation. Section 3 explains the methods of parameter estimation and Sect. 4
presents validation results and maps generated by statistical models. Application of in-
ferred weather generator parameters for daily precipitation and temperature simulation15

is also demonstrated for a site in the Yemen Highlands. Section 5 then discusses pos-
sible method refinement and extension to climate risk assessment and Sect. 6 outlines
future research opportunities, including extension of the approach to other data sparse
regions.

2 Study area and data20

With a Human Development Index (HDI) of 0.462, Yemen is ranked 154th out of
169 countries (HDR, 2011). Over 60 % of the rural population currently live beneath
the national poverty line of $2 per day and Yemen’s renewable freshwater resource
(135 m3 capita−1 yr−1 in 2009) is one of the lowest in the world. Over 50 % of chil-
dren are chronically malnourished, and agriculture is a key source of income for nearly25

three quarters of the population. There are concerns that climate variability and change
could further exacerbate poverty and food insecurity, particularly for the rural popula-
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tion. Hence, development of climate information systems is seen as a priority for eval-
uating then managing climate risks to natural resources and livelihoods (RMSI, 2013).

Meteorological data are not held by a central authority in Yemen, but dispersed
across several agencies including the Yemen Meteorological Service (YMS) within the
Civil Aviation and Meteorological Authority (CAMA), the Ministry of Agriculture and Ir-5

rigation (MAI), Agriculture Research and Extension Authority (AREA), National Water
Resource Authority (NWRA), and the Tehama Development Authority (TDA). Long-
term systematic observations of precipitation and temperature are very rare indeed.
Early, short-lived records are available for Aden, Sana’a and Taiz, but there are only
a handful of series that extend from the 1970s to present. Furthermore, quality con-10

cerns surround many daily and monthly meteorological records; some data have yet
to be digitized, or have been lost; untold records have been broken by episodes of
civil unrest and conflict (Fig. 1). There are also inconsistencies in station details (such
as naming convention, latitude, longitude and elevation) between digital archives and
annual reporting sheets.15

2.1 Precipitation

With the above points in mind, daily meteorological data were compiled from sev-
eral sources during World Bank missions to Yemen in 2008 and 2009 (Wilby, 2008,
2009a,b). Two sets of precipitation data were formed: Network A contains 62 stations
from the NWRA archive for 1998–2006 (Fig. 2a); Network B contains 71 stations from20

the MAI and NWRA archive for 2007 (Fig. 2b). Spatial coverage was maximised by
using any record with at least three years of data within the period 1998–2006, or 330
days in 2007. Network A was used for model calibration and Network B for validation.
Note that different stations are captured by each network so this is regarded a strin-
gent test of the model. Note also the very sparse coverage east of 45◦ E, and complete25

absence of sites beyond 49◦ E.
Ten precipitation indices were derived for each station (Table 1) including: mean

annual fraction of days that are wet (defined as any day with non-zero precipitation
7579
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amount) (PWET); mean annual rainfall total (RTOT); annual maximum daily total with
return period of 10 yr (RMAX10); mean and standard deviations of daily rainfall totals
after the fourth root transformation (R4MEAN and R4SD respectively); alpha and beta
parameters of the gamma distribution for daily wet-day amounts (ALPHA and BETA
respectively). In addition, the monthly unconditional wet-day probability (PWETm) was5

derived for all sites in Network A. This parameter captures local variations in the onset
and strength of the summer monsoon.

2.2 Temperature

Temperature data were compiled from daily (NWRA) and monthly (AREA) records for
various periods in the 1970s, 1980s and 1990s (Wilby, 2009a). These data sets were10

merged to maximise spatial and temporal coverage in Network C which contains 60
stations in total (Fig. 2c). Again, note the very sparse network east of 45◦ E, and com-
plete lack of sites beyond 50◦ E. Only 10 sites have daily temperature data and all are
located in the southwest.

Four temperature indices were derived for all stations: the mean annual temperature15

(ATBAR); the mean annual maximum (ATMAX) and minimum (ATMIN) temperatures;
and mean annual temperature range (ATRNG). Five other indices were derived from
the daily temperature records: mean Julian day with highest annual temperature (AD-
MAX); standard deviation of the date recording the highest annual temperature (AD-
MAXSD); mean diurnal temperature range (DTRNG); standard deviation of daily mean20

temperature (DTSD); lag-1 autocorrelation coefficient of daily mean temperatures (DT-
LAG1).

2.3 Remotely sensed and terrain data

Gridded precipitation estimates were obtained from the Tropical Rainfall Measuring
Mission (TRMM version 7) multi-satellite precipitation analysis which archives 3 hourly,25

daily and monthly precipitation totals at 0.25◦ ×0.25◦ latitude–longitude resolution, in
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near real time since 1998 (Huffman et al., 2007). Monthly and annual precipitation
totals were extracted for all grid points in a domain covering the whole of Yemen for two
periods: 1998–2006 and 2007 (Fig. 3).

The Normalized Difference Vegetation Index (NDVI) provides a record of the spatial
and temporal dynamics of green plant canopies using remotely sensed near-infrared5

and red colour bands on a pixel by pixel basis (Fig. 4a). Monthly NDVI was derived
from the Moderate Resolution Imaging Spectroradiometer (MODIS) Terra via the USGS
Earth Resource Observation and Science Centre (EROS)2.

Finally, a 30 metre resolution Digital Elevation Model (DEM) was obtained from the
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global10

Digital Elevation Map (GDEM)3 (Fig. 4b).

3 Methodology

The methodology is described in three stages: (i) estimation of weather generator pa-
rameters for precipitation using remotely sensed and terrain attributes; (ii) the same
process for air temperature, and; (iii) use of these empirical relationships to obtain pa-15

rameters for a single-site daily weather generator (mean temperature and precipitation
totals), for an illustrative settlement (Taiz) in the Yemen Highlands.

3.1 Rainfall parameter estimation

Rainfall parameters for Yemen were derived via multiple-linear regression relationships
with satellite-derived precipitation (TRMM_RTOT), terrain elevation (DEM_ELEV), and20

monthly Normalised Difference Vegetation Index (NDVI_month) (Table 1). For example,
Fig. 5 shows the relationship between observed mean annual rainfall totals for sites in
Network A and the nearest grid-point estimate from TRMM(V7). The model for PWETm

2http://glovis.usgs.gov/
3http://asterweb.jpl.nasa.gov/gdem.asp
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was built using dummy variables (Dm) for each month, with TRMM(V7)_RTOT and
ELEV as predictors.

Three simplifying assumptions were made when building the regression models: (i)
relationships between the dependent (point rainfall parameters) and independent (grid-
ded) variables are linear; (ii) statistical relationships are stationary (i.e., do not vary in5

space or time); and (iii) local rainfall parameters behave independently of each other.
Assumption (i) was tested through visual inspection of scatterplots showing pairs of
dependent-independent variables. Multiple linear regression models were calibrated
using rainfall indices from Network A (1998–2006) and validated against Network B
(2007). This was considered a stringent test of model stationarity (assumption (ii))10

since the test data contain periods of record and sites not used in training. Any co-
variance between the parameters (assumption (iii)) was represented implicitly through
use of common independent variables.

Exploratory analyses were performed to assess predictability of daily rainfall param-
eters from terrain and remotely sensed metrics using dependent and independent vari-15

ables for the period 1998–2006 (Fig. 6). The strongest associations were found be-
tween the annual unconditional probability of rainfall (PWET) and annual total rainfall
(RTOT) inferred from TRMM(V7)_RTOT and summer NDVI. Previous studies also re-
port positive correlations between the observed seasonal cycle of rainfall totals and
TRMM estimates for gauges in neighbouring Saudi Arabia (Almazroui, 2010). More-20

over, the strong correlation with vegetation greenness (NDVI) is physically meaningful
since August has on average the most frequent rain-days and is the height of the
summer monsoon (kharif rains) in the Yemen Highlands and along the Red Sea coast
(Tihama Plain).

Much weaker correlations were found for indices of daily precipitation such as25

PWETRNG and R4MEAN. Again, this is consistent with previous work which showed
weak negative correlations between R4MEAN versus longitude and distance from
coast (Wilby, 2009b). This reflects general declines in precipitation eastwards of the
Yemen Highlands, and northwards in the Rub el-Khali (empty quarter).
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Annual maximum daily rainfall totals with return periods of ten (RMAX10) years were
estimated from the local parameters describing the logarithmic (RTOT/PWET), gamma
(ALPHA, BETA), and fourth root (R4MEAN, R4SD) distributions. Daily rainfall totals
were not derived for events rarer than once per 10 yr because of the limited amount of
data (only nine years) available for parameter estimation, and low confidence in some5

of the reported daily totals. (Note that site-specific, extreme values derived from gamma
or exponential models can be compared with values from a weather generator run for
N-years, see below).

3.2 Temperature parameter estimation

Annual and daily temperature parameters for Yemen were estimated from multiple lin-10

ear regression relationships with elevation (DEM_ELEV), latitude (LAT) and longitude
(LON) (Table 2). For example, Fig. 7 shows a very strong negative correlation between
mean annual temperature (ATBAR) and site elevation. The next strongest relationship
is between variability in the date of the warmest day each year (AMAXSD) and longi-
tude; whereas variance in daily temperatures (DTSD) depends more on latitude (not15

shown). In comparison, the north-south gradient in mean annual temperature is much
weaker. These analyses suggest that some important features of the annual and daily
temperature regime can be inferred from simple landscape indices.

3.3 Mean annual climate and daily weather generation

Estimated rainfall and temperature parameters were applied in two ways. First, the pa-20

rameters were used to construct high-resolution (1 km) maps of mean annual rainfall
totals and air temperature for the whole of Yemen. Surfaces were produced with and
without interpolation and, where feasible, compared to data not used for model calibra-
tion. Second, the parameters were used in a conditional weather generator to simulate
daily rainfall and temperature at Taiz in the Yemen Highlands. This site was chosen25

because the amount and quality of data available are relatively good. Furthermore,
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the Taiz meteorological record has been used before to construct a simple weather
generator for evaluating rain-fed agriculture and water harvesting potential (Rappold,
2005).

In view of the data constraints only the most straightforward of weather generator al-
gorithms is warranted (Wilks and Wilby, 1999). The Yemen weather generator produces5

daily rainfall and mean temperature series via the following algorithm:

1. determine the local unconditional wet-day probability for the current month using
the regression equation for PWETm (Table 3);

2. generate a linear random number (R1) to determine whether the day is wet or dry
(i.e., a wet-day when R1≤PWETm);10

3. if dry proceed to step (vi), otherwise use the regression equations to estimate
local R4MEAN and R4SD (Table 3);

4. generate a normally distributed random number (R2) to determine the trans-
formed wet day amount (RWET) given R4MEAN and R4SD;

5. untransform (raise to power 4) RWET to yield a wet-day rainfall total (in mm);15

6. determine the Julian day and if greater than the year length, reset the day, month
and year counter. Then stochastically adjust the date of the warmest day (AD-
MAX) using a normally distributed random number (R3) and ADMAXSD (Table 3);

7. determine the local unconditional mean temperature (TBAR) given the Julian day
using regression equations (Table 3) and assuming that the annual temperature20

regime follows a sine wave with mean (ATBAR), amplitude (ATRNG), and phase
(ADMAX±ADMAXSD);

8. inflate the variance of TBAR by adding a stochastically generated anomaly given
a normally distributed random number (R4) and the NOISE parameter (using the
regression equation for DTLAG1 in Table 3).25

7584

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
10, 7575–7618, 2013

Rainfall and
temperature

estimation for a data
sparse region

R. L. Wilby and D. Yu

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

In order to assess the transferability of the precipitation generator, parameters were
estimated using regression equations that had been calibrated with and without data
for Taiz, and by using models built on different sub-sets of Network A data to explore the
consequences of stratifying by climatic zone. Accordingly, weather generator results
for Taiz were produced from observed precipitation parameters (WGOBS), parameters5

regressed from all sites (WGALL), and parameters regressed only from sites on the
western escarpment of the Yemen Highlands (WGWH).

4 Results

4.1 Mean annual precipitation

Table 3 provides a summary of regression model coefficients, independent variables10

used, and the amount of explained variance (adjusted for sample size, R2 adj). Overall,
parameters of daily rainfall occurrence and amount (PWET, PWETRNG and RTOT) are
fit better than parameters describing the distribution of daily rainfall amounts (R4MEAN,
ALPHA and BETA). In the case of the former, over 85 % of the spatial variation is
explained by landscape and land-cover properties.15

Regression models were validated using rainfall parameters from Network B (Fig. 8).
As with calibration there is higher skill for daily rainfall occurrence (PWET) than
amounts (R4MEAN) yielding 45 % explained variance for their product – the annual
rainfall total (RTOT). Given the severity of the validation test and low confidence in the
data quality this modest level of skill was encouraging. Figures 9 to 12 show maps of20

observed and modelled PWET and RTOT for the calibration and validation networks.
Interpolated point estimates (panel (b) in each case) tend to reduce both the detail and
variance compared with raw model estimates (panel (c)). Overall, the models underes-
timated rainfall occurrence but overestimated totals in the validation year 2007.

Models based on TRMM and NDVI fit the calibration data better than models based25

on TRMM alone (not shown). Interpolation reduces model errors relative to observa-
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tions in both the calibration and validation periods. This is not surprising given that
the observations are themselves interpolated to enable grid-to-grid comparison. How-
ever, the gain from interpolation is less for the validation period which was drier than
the period used for calibration (see Fig. 3). Overall, the model based on TRMM and
NDVI is preferred because the detailed spatial structure of rainfall is better preserved;5

the model performance is stable between calibration and validation periods; and the
marginal benefit of simpler model variants can be explained by the interpolated (rather
than gridded) observations used for error analysis. Furthermore, the range of local
values is compressed by interpolation, potentially understating extreme daily rainfall
amounts (see below).10

Root Mean Squared Errors (RMSEs) for annual mean precipitation without interpola-
tion were 106 mm for Network A and 104 mm for Network B. With interpolation RMSEs
for Network A and B are 72 mm and 91 mm respectively. These errors are equiva-
lent to the annual mean rainfall total estimated for the arid interior (Figs. 11 and 12).
Nonetheless, the characteristic “heel” pattern of annual precipitation emerges which is15

qualitatively consistent with earlier rainfall maps for Yemen (e.g., Farquharson et al.,
1996). A strong precipitation gradient from the Highlands to the Red Sea coast and
local maxima along the line of east Taiz, Ibb, west Dhamar and Raymah governates
are also evident.

The gamma model parameters provide more precautionary extreme daily rainfall es-20

timates than the logarithmic or fourth root distributions (Fig. 13). A north-south zone of
high maximum daily rainfall totals is predicted along the escarpment above the Tihama
coastal plain (Fig. 14). This finding is consistent with anecdotal evidence suggesting
that these wadis can carry enormous floods from the western mountain slopes to the
Red Sea (Shahin, 2007: pp. 280). Further circumstantial evidence is provided by the25

inventory of notable floods held by the Dartmouth Flood Observatory. This reveals that
since 1989 two thirds of all reported floods in Yemen have occurred in the western
governates of Al Mahwit, Al Hudaydah, Hjjah, Ibb and Raymah4.

4http://www.dartmouth.edu/~floods/Archives/index.html
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4.2 Mean annual temperature

Very few data were available for temperature model calibration, especially at daily res-
olution, and previous studies have highlighted concerns about miscoded or spurious
values in the daily series (Wilby, 2009b). Nonetheless, Table 3 provides a summary
of independent variables, regression model coefficients, and the amount of explained5

variance. Overall, the best model fits were obtained for ATBAR (R2
adj = 89 %) and AD-

MAXSD (R2
adj = 50 %). Conversely, ADMAX had no predictive skill based on the chosen

terrain indices and is best described by the long-term mean.
Due to data constraints ATBAR was assessed using a cross-validation technique in

which 90 % of data are used to predict the remaining 10 %. The data held for model test-10

ing were swapped ten times until a complete set of independent predictions had been
made. Figure 15 shows observed and predicted ATBAR based on this cross-validation,
and that the regression model based on ELEV explains 89 % of the variance. The mod-
elled lapse rate is 0.53 ◦C per 100 m and the spatial pattern of annual mean tempera-
tures are comparable with those reported elsewhere (Bruggeman, 1997). The highest15

mean annual temperatures (∼ 30 ◦C) are predicted at sea level along the coastal plains
beside the Red Sea and Gulf of Aden (Fig. 16). The average daily temperature range
(DRNG) is about 15 ◦C in coastal areas but more than 20 ◦C at some high elevation
sites in the arid interior.

4.3 Daily weather generation20

The weather generator was first run using observed (WGOBS) and estimated (WGALL)
temperature parameters for Taiz. WGALL parameters were derived from the regression
equations in Table 3 given site ELEV, LAT and LON. Both parameter sets were repre-
sentative of years 1998 to 2005.

As would be expected, WGOBS parameters reproduce the mean and distribution25

of daily temperatures (Table 4 and Fig. 17). Overall, the annual range, standard de-
viation and serial correlation (Lag1) of daily temperatures are slightly underestimated
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(although the observed maximum daily temperature of 32.7 ◦C on 24 September 2001
is regarded as suspect given the timing as well as much lower values on days before
and after). The standard deviation of annual means is also slightly lower than observed
but low-frequency variability is not explicitly represented by the model.

WGALL parameters yield poorer overall performance than WGOBS (Table 4). How-5

ever, this reflects the combined effect of model and parameter uncertainty for the site.
This run has a cool bias of 1.0 ◦C in mean daily temperature (Fig. 17), and weaker serial
correlation. On the other hand, the standard deviation of annual means matches obser-
vations and the minimum temperature is better approximated. The cool bias translates
into lower than expected annual degree day totals with the timing of the annual maxi-10

mum delayed relative to observations (Fig. 18). This is because the mean Julian date
of the warmest day is determined by the network average rather than for the site (Ta-
ble 3). Although it is known that the warmest spell at Taiz typically occurs earlier than
all other sites in Network C, this parameter cannot be predicted with any skill from
available terrain indices.15

The weather generator was also run for Taiz using precipitation parameters derived
directly from observations (WGOBS), estimation via regression models calibrated with
all sites in Network A (WGALL), and those calibrated using data only from the West-
ern Highlands of Yemen (WGWH) for the years 1998 to 2005. Overall, the WGOBS
runs reproduce most diagnostics except for the annual precipitation total which is over-20

estimated by ∼ 10 % and the serial correlation (Lag1) of wet-spells which is too low
(Table 4). The WGALL parameters under-estimate mean wet-day amount, frequency
of wet-days, serial correlation and thereby mean annual total. WGALL standard devi-
ations of daily and annual precipitation totals are less than observations; the overall
distribution is skewed towards lighter rainfall events when compared with OBS and25

WGOBS (Fig. 17).
The weather generator based on regionally specific data (WGWH) also underesti-

mates precipitation amounts and variability at daily and annual scales, although the
seasonal timing of rainfall occurrence and wet season (May to October) accumula-
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tions are reproduced with greater skill than by WGALL (Fig. 19). This suggests that the
WGWH model may have some utility for evaluating crop potential and water harvesting
schemes (as in Rappold, 2005). Annual totals are underestimated because WGWH
parameters yield too few winter (November to April) wet-days compared with OBS.

5 Discussion5

We have explained the context, modelling techniques and indicative skill for local rainfall
and temperature estimation in Yemen. Although the idea of interpolating meteorological
data is not new, by definition it is seldom attempted for extensive, data sparse regions,
with complex terrain. Previous studies have interpolated climate records (Grant et al.,
2004), daily meteorological data (Hutchinson et al., 2009), or extreme values (Pereira10

et al., 2010) but these methods are potentially susceptible to patchy, or discontinuous
data affecting aggregate statistics. Others simulate multi-site rainfall and temperature
using resampling (Buishand and Brandsma, 2001) or stochastic weather generator
techniques (Wilks, 1998; Burton et al., 2010) but these are typically employed at river
basin scales.15

Some have applied weather generator techniques in complex, mountainous terrain
by conditioning the model parameters on landscape features such as site elevation
(Daly et al., 1994, 2008; Johnson et al., 2000; Wilks, 1998, 1999). Others interpo-
late weather generator parameters from sites to grids and synchronize with observed
weather to create spatially and temporally consistent multi-site behaviour (Wilks, 2009).20

Parameters may also be conditioned in time using slowly varying climate indices to
replicate low-frequency persistence (Wilby et al., 2002), or in space using predefined
climatic zones to condition spatial variability across large (tropical) river basins (e.g.,
Kigobe et al., 2011). We extended these approaches by interpolating weather gen-
erator parameters conditional on point terrain and remotely sensed indices (precipi-25

tation and vegetation). The sophistication and realism of our statistical models were
commensurate with the quality of available data. Indeed, even the production of mean

7589

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
10, 7575–7618, 2013

Rainfall and
temperature

estimation for a data
sparse region

R. L. Wilby and D. Yu

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

annual rainfall and temperature isopleth maps was non-trivial and potentially an impor-
tant legacy of the research. These surfaces require further validation but may provide
a valuable benchmark for subsequent climate risk assessments and options appraisal.

Our methodology could be refined in several other ways. First, a wider range of
topographic indices could be extracted from the DEM for use as independent vari-5

ables in the regression modelling. For example, other landscape indices employed
within PRISM include distance from coast, topographic facet orientation, vertical at-
mospheric layer, topographic position, and orographic effectiveness of the terrain (Daly
et al., 2008). A finer resolution DEM would also reduce the misrepresentation of site
elevation at/close to sea level or in very steep terrain. Alternatively, meteorological data10

could be stratified according to the five recognised eco-climatic zones of Yemen (EPA,
2004): hot, humid coastal plains; temperate monsoonal highlands; the high plateau;
hot, dry desert interior; and islands. However, there are very few surface weather ob-
servations for the last three landscape units.

Second, more sophisticated statistical models could be developed. For instance,15

non-linear techniques such as logistic regression might be applied to better represent
abrupt changes in precipitation gradients, as between the coastal plains and highlands.
The number of multiple independent variables could be reduced via Factor, Discrimi-
nant or Principle Component Analysis. Possible conditioning of temperatures by pre-
cipitation occurrence could also be explored using the handful of sites where both data20

are available. Serial persistence could be explicitly represented using conditional wet-
day probabilities or strengthened in temperature series by using longer lag-intervals.
More exhaustive cross-validation could be performed to produce distributions and con-
fidence intervals for local regression parameters. This would have the added advantage
of highlighting those areas with greatest model uncertainty, and hence potential foci for25

network expansion.
Third, data for model calibration and validation could be enhanced. Recent assess-

ments have highlighted the potential for data recovery and digitization of meteorologi-
cal data from paper records, or assembly of a national archive from the various agency
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holdings and networks (RMSI, 2013). This is most likely a long-term endeavour. In
the meantime, meteorological data from sites in Oman and Saudi Arabia could be in-
corporated in the regression modelling and thereby reduce uncertainty in interpolated
weather generator parameters for adjacent areas.

6 Conclusions5

Yemen faces many complex economic, political and social challenges. Some commen-
tators have suggested that climate change is best regarded as a threat multiplier that
may exacerbate existing natural resource constraints (Johnstone and Mazo, 2011).
Hence, climate information is seen as a fundamental tool by development agencies for
benchmarking resource scarcity, for evaluating “hot spots” of climate risk, and for ap-10

praising adaptation options. However, Yemen is hampered by a very low density of me-
teorological observations and a climate regime characterised by complex topographic
gradients and extreme weather events. This paper described rudimentary climate map-
ping and local weather simulation based on modelling techniques that are forgiving of
these very real data constraints.15

A prototype weather generator for Yemen faithfully reproduced daily and annual di-
agnostics when run with parameters derived from observed temperature and precip-
itation series. Even when temperature parameters were interpolated from regression
equations only a modest reduction in skill for persistence and cool bias (1 ◦C) emerged
for the test site. Precipitation simulation was more problematic. In this case, param-20

eters obtained from observations yielded realistic daily wet-day occurrence, wet-day
amount distributions, maxima, annual totals and variability. However, when run with
interpolated parameters, the frequency of wet-days, mean wet-day amount, annual to-
tals and variability were all underestimated at the test site. Stratification of the sites
used for calibration improved the representation of growing season totals but did not25

produce more realistic annual totals. RMSEs for annual precipitation totals were of the
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order 100 mm – more than the average annual rainfall of the Rub el-Khali desert in the
central northern region of Yemen.

From this pilot study we conclude that local terrain and remotely sensed variables
can be used to infer annual mean temperature and precipitation across the most popu-
lous, south-west area of Yemen. Important features of the daily and seasonal weather5

can also be simulated at the site scale, but more rigorous validation is ultimately con-
strained by lack of data. International support for expanding the observing network,
consolidating and recovering data will serve to strengthen future analyses. For the
time being, there is scope to broaden the range of model inputs to better discriminate
different types of landscape unit. In due course, the approach could be tested in other10

data scarce and climate vulnerable regions such as Central Asia or East Africa.
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Table 1. Dependent and independent variables used to estimate local precipitation.

Dependent Definition

PWET Unconditional wet-day probability (i.e., the long-term average chance on
any given day of non-zero rainfall amounts)

PWETm Unconditional wet-day probability in month m
PWETRNG Unconditional wet-day probability in the wettest calendar month
R4MEAN Mean of the fourth root of wet-day amounts (this simple

transformation converts highly skewed data into approximately-Gaussian
distributions)

R4SD Standard deviation of the fourth root of wet-day amounts
ALPHA Shape parameter of the gamma distribution applied to non-zero wet-day

amounts
BETA Scale parameter of the gamma distribution applied to non-zero wet-day

amounts
RTOT Mean annual rainfall total
FRAC Fraction of annual rainfall total occurring between May and Oct

(growing season)
RMAX1 Mean annual maximum daily rainfall total (i.e., the heaviest rainfall that

occurs on average once per year)
RMAX10 Mean decadal maximum daily rainfall total (i.e., the heaviest rainfall that

occurs on average once per ten years)

Independent Definition

TRMM(V7)_RTOT Mean annual rainfall total (mm) from TRMM(V7)
DEM_ELEV 30 m gridded elevation from NASA
NDVI_6 500 m gridded Normalized Difference Vegetation Index in Jun
NDVI_7 500 m gridded Normalized Difference Vegetation Index in Jul
NDVI_8 500 m gridded Normalized Difference Vegetation Index in Aug
NDVI_9 500 m gridded Normalized Difference Vegetation Index in Sep
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Table 2. Dependent and independent variables used to estimate local temperature.

Dependent Definition

ATBAR Mean annual temperature (◦C)
ATRNG Mean annual temperature range (◦C)
ADMAX Mean date of warmest day (Julian day)
ADMAXSD Standard deviation of warmest day (Julian)
DTRNG Mean diurnal temperature range (◦C)
DTSD Standard deviation of daily temperature (◦C)
DTLAG1 Lag-1 autocorrelation of daily temperatures

Independent Definition

DEM_ELEV 30 m gridded elevation from NASA
LAT Latitude of the site (degrees north)
LON Longitude of the site (degrees east)
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Table 3. Regression models for temperature and precipitation indices based on DEM_ELEV,
NDVI, and TRMM(V7) (Network A). Parameters shown in italics are derived from others (shown
in bold). Where no R2

adj values are cited the sample mean has been applied.

Parameter Model SE R2
adj

PRECIPITATION PWET (2.01E-4 ·TRMM(V7)_RTOT)+ (2.04E-5 ·ELEV)+ 0.05 87
(6.52E-5 ·NDVI_7)− (4.77E-5 ·NDVI_8)

PWETm (2.29E-4 ·TRMM(V7)_RTOT)+ (2.54E-5 ·ELEV)+ 0.08 54
(0.002 ·D1)− (0.007 ·D2)+ (0.049 ·D3)+
(0.086 ·D4)+ (0.099 ·D5)+ (0.096 ·D6)+ (0.186 ·D7)+
(0.251 ·D8)+ (0.170 ·D9)+ (0.086 ·D10)+
(0.011 ·D11)−0.0893

PWETRNG (3.72E-4 ·TRMM(V7)_RTOT)+ (5.37E-5 ·ELEV)+ (3.39E-5 ·NDVI_7) 0.09 90
R4MEAN (3.18E-4 ·NDVI_8)− (2.60E-4 ·NDVI_6)− (1.40E-4 ·ELEV)+1.45 0.30 mm 26
R4SD 0.41 0.01 –
ALPHA (6.83E-4 ·NDVI_9)− (7.6E-4 ·NDVI_6)+1.039 0.91 90
BETA (1.10E-3 ·NDVI_8)− (1.6E-3 ·ELEV)+7.467 2.9 23
RTOT (0.449 ·TRMM(V7)_RTOT)+ (0.087 ·NDVI_8) 120 mm 92
FRAC (0.1 ·LN(RTOT))+0.201 0.12 32

TEMPERATURE ATBAR 29.8− (0.0053 ·ELEV) 1.5 ◦C 89
ATRNG (0.73 ·LON)+ (0.96 ·LAT)−37.7 1.6 ◦C 35
ADMAX 197 (±21) 2.8 –
ADMAXSD (10.93 ·LON)−457.5 7.8 50
DTRNG 11.0+ (2.83E-3 ·ELEV) 2.7 ◦C 43
DTSD (0.322 ·LAT)−1.4 0.5 ◦C 45
DTLAG1 0.947− (4.48E-5 ·ELEV) 0.06 17
NOISE ((1−DTLAG12) ·DTSD2)0.5 N/A N/A
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Table 4. Temperature and precipitation diagnostics for 1998–2005 derived from observations
(OBS) and weather generator output (WGOBS, WGALL, WGWH) for Taiz.

Diagnostic OBS WGOBS WGALL WGWH

Temperature (◦C)

Mean (annual) 24.1 24.0 23.1 –
Maximum (daily) 32.7 30.2 30.3 –
Minimum (daily) 16.4 18.0 15.4 –
SD (daily) 2.7 2.5 2.9 –
SD (annual) 0.6 0.5 0.6 –
Lag1 (daily) 0.93 0.86 0.78 –

Precipitation (mm)

Mean wet-day 7.3 7.7 6.2 6.5
95th percentile wet-day 27.6 27.8 19.6 18.9
Maximum wet-day 79.4 85.7 43.1 32.9
Wet-days (%) 21 22 19 18
Mean (annual) 557 603 424 438
Growing season (% annual) 82 86 69 83
SD (daily) 9.9 10.4 6.8 6.2
SD (annual) 150 148 110 96
Lag1 (wet occurrence) 0.24 0.17 0.06 0.11
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Fig. 1. Station years of precipitation data held in the NWRA archive for the period 1969–2008.
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Fig. 2. Meteorological stations. (a) Precipitation network A (1998–2006). (b) Precipitation net-
work B (2007). (c) Temperature network C (various).
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Fig. 3. Precipitation totals estimated by TRMM 3B42(V7) for the years 1998–2006 (left) and
2007 (right).
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Fig. 4. Vegetation index and digital elevation model. (a) Normalized Difference Vegetation In-
dex (NDVI) in August 2007. Data source: EROS. (b) The Digital Elevation Model (DEM). Data
source: ASTER.

7603

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
10, 7575–7618, 2013

Rainfall and
temperature

estimation for a data
sparse region

R. L. Wilby and D. Yu

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

Fig. 5. Comparison of TRMM(V7) with observed mean annual rainfall at Network A sites.

7604

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/10/7575/2013/hessd-10-7575-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
10, 7575–7618, 2013

Rainfall and
temperature

estimation for a data
sparse region

R. L. Wilby and D. Yu

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

Fig. 6. Example relationships between daily precipitation parameters for Network A and se-
lected predictor variables: TRMM(V7), NDVI, and ELEV.
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Fig. 7. Relationships between NWRA/MIA annual temperature parameters versus site elevation
(ELEV), longitude (LON), and latitude (LAT).
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Fig. 8. Model validation using Network B parameters estimated from ELEV and TRMM(V7).
Note that the observed RTOT outlier (748 mm) was for an un-named high altitude AREA station.
Rainfall recorded at this site was anomalously high when compared with the nearest stations
at Absiah (140 mm) and Al-Kalabah (6 mm).
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(b) 

 

 
(c) 

Fig. 9. Observed and modelled wet-day probabilities (PWET) based on Network A. (a) PWET
observed interpolated to sites. (b) PWET regression interpolated to sites. (c) PWET regression
without interpolation.
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(a) 

 

(b)

 

(c) 

Fig. 10. As in Fig. 9 but for Network B. (a) PWET observed interpolated to sites. (b) PWET
regression interpolated to sites. (c) PWET regression without interpolation.
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(a) 

 

 
(b) 

 
(c) 

Fig. 11. Observed and estimated mean annual precipitation (RTOT) based on Network A. (a)
RTOT observed interpolated to sites. (b) RTOT regression interpolated to sites. (c) RTOT re-
gression without interpolation.
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37 

 

 

 

(a) 

 

 

(b) 

 

(c) 

Fig. 12. As in Fig. 11 but for Network B. (a) RTOT observed interpolated to sites. (b) RTOT
regression interpolated to sites. (c) RTOT regression without interpolation.
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Fig. 13. Observed and modelled 10 yr return period daily rainfall totals for Network A. Note
comparable statistics were not derived for Network B because of insufficient data.
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Fig. 14. Estimated 10 yr return period daily rainfall totals based on gamma distribution (ALPHA
and BETA) parameters.
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Fig. 15. Cross-validation results for annual mean temperature (ATBAR).
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(c) 

 
Fig. 16. Observed and modelled annual mean temperature (ATBAR) based on Network C. (a)
ATBAR observed. (b) ATBAR regression with interpolation to sites. (c) ATBAR regression with
no interpolation.
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Fig. 17. Observed (OBS) and generated (WGOBS, WGALL) cumulative distributions of daily
mean temperature (left) and precipitation series (right) for years 1998 to 2005 at Taiz.
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Fig. 18. Observed (OBS) and generated (WGOBS, WGALL) cumulative degree day totals for
calendar years 2001 and 2002 at Taiz.
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Fig. 19. Observed (OBS) and generated (WGOBS, WGALL, WGWH) cumulative precipitation
totals for the growing seasons of 2001 and 2002 at Taiz.
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