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ABSTRACT
Using the NCEP–DOE reanalysis (R-2) soil wetness and the NCEP Seasonal Forecast System, seasonal
predictability of the soil moisture and near-surface temperature, and the role of land surface initial conditions
are examined. Two sets of forecasts were made, one starting from climatological soil moisture as initial condition
and the other from R-2 soil moisture analysis. Each set consisted of 10-member ensemble runs of 7-month
duration. Initial conditions were taken from the first 5 days of April, 12 h apart, for the 1979–96 period.
The predictive skill of soil moisture was found to be high over arid/semiarid regions. The model prediction
surpassed the persisted anomaly forecast, and the soil moisture initial condition was essential for skillful predictions over these areas. Over temperate zones with more precipitation, and over tropical monsoon regions,
the predictive skill of the soil moisture declined steeply in the first 3–4 months. This is due to the difficulties
in predicting precipitation accurately. In contrast, the situation was very different over tropical South America
where tropical SST forcing controlled the precipitation and where the model simulated the precipitation well.
The forecast starting from climatological soil moisture approached the forecast skill of initial soil moisture in
3–4 months; after that the effect of initial soil moisture information tended to disappear.
The near-surface temperature anomaly forecast was closely related to the soil moisture anomaly forecast, but
the skill was lower. The verification of temperature made against the U.S. 344 climate division data indicated
that the improvement in the forecast skill was not an artifact of the R-2 soil moisture analysis.
It was suggested that the equatorial Pacific SST anomaly had an impact on the soil moisture anomaly over
the continental United States during the first month of integration, and then it contributed positively toward the
prediction of near-surface temperature during the following months.

1. Introduction
Many observational and numerical studies have
shown that soil moisture significantly impacts modelsimulated climate and atmospheric variability. Soil
moisture anomalies affect the surface heat balance by
altering the partitioning of latent and sensible heat fluxes, thus modifying near-surface fields, such as surface
air temperature, humidity, and consequently, low-level
circulation, and precipitation.
As reviewed in Mintz (1984) and more recently in
Koster et al. (2000), studies based on numerical models
have shown that soil moisture has a clear impact on
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92093-0224.
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precipitation and surface temperature (Rind 1982; Shukla and Mintz 1982; Rowntree and Bolton 1983; Mintz
1984; Yeh et al. 1984; Yamazaki 1989; Atlas et al. 1993;
Yang et al. 1994; Serafini 1990; Koster et al. 2000; Hong
and Kalnay 2000). In particular, Atlas et al. (1993) and
Beljaars et al. (1996) examined the 1988 U.S. summer
drought and found that soil moisture anomalies, once
formed, contribute significantly to the maintenance of
local and remote hydrologic conditions. This positive
feedback was also documented in earlier modeling studies over Africa and Europe (Walker and Rowntree 1977;
Rowntree and Bolton 1983), which indicated that the
atmosphere responded to soil moisture anomalies in
such a way as to perpetuate the initial soil moisture
anomaly. In other modeling work, Yeh et al. (1984)
showed there was a latitudinal dependence of the soil
moisture anomaly persistence.
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Almost all the above modeling studies relied on extreme or idealized land surface conditions. For instance,
Rind (1982) reduced U.S. soil moisture to one-quarter
of its value in the control experiment. Shukla and Mintz
(1982) conducted numerical experiments with zero or
maximum evapotranspiration over all land surfaces.
More recently, Cook and Gnanadesikan (1991) and Beljaars et al. (1996) used similar extreme contrast in the
initial soil moisture. These idealized experiments have
contributed significantly toward a better understanding
of soil moisture’s impact on climate and atmospheric
variability. However, the existence of such extreme
states in nature has not been addressed properly, leaving
rooms for further research on the applicability of these
studies to real situations.
From a prediction point of view, a considerable effort
has been devoted to evaluating the impact of initial soil
moisture on atmospheric predictability, using multiyear
Atmospheric Model Intercomparison Project (AMIP)
type model simulations of atmosphere and soil moisture.
Wang and Kumar (1998) assessed seasonal predictability over the United States and suggested that soil moisture anomalies affect near-surface climate variability but
have little impact on atmospheric dynamic variability.
In addition, they addressed the importance of correctly
observed or assimilated initial soil moisture anomalies
on atmospheric predictability of summertime precipitation and surface air temperature. Similar results were
reported on by Fennessy and Shukla (1999), in which
several regions over the globe were studied using the
European Centre for Medium-Range Forecasts
(ECMWF) soil moisture analysis. Koster et al. (2000)
investigated variability and predictability of precipitation at seasonal to interannual timescales using model
simulations and concluded that a prior knowledge of the
land surface moisture state contributed significantly to
predictability in some tropical and midlatitude regions.
In contrast to using model-simulated soil moisture,
the use of ‘‘realistic’’ initialization of GCM soil moisture fields has been recognized as a challenging problem
(Sellers et al. 1986, 1989; Sato et al. 1989). The difficulty arises due to several factors, including the lack of
global-scale long-term records for soil moisture data,
considerable uncertainties in initializing and defining
soil moisture in the model grid cell, and inaccuracy in
the hydrology model. Recently, an effort to use realistic
soil moisture in near-real-time seasonal prediction was
attempted by Fennessy et al. (2000). They used ‘‘NCEP
analyzed’’ (Huang et al. 1996) soil moisture covering
only the continental United States for the drought forecast study of the spring of 2000. They demonstrated that
initial (realistic) soil moisture was critical for predicting
drought over the southern United States. However, the
study also noted that the ‘‘NCEP soil moisture analyses,’’ based on a somewhat simplified land model, were
incompatible with the Center for Ocean–Land–Atmosphere Studies (COLA) prediction model, which used
the more sophisticated Simple Biosphere Model (Kinter

et al. 1988). Hence several empirical adjustments were
necessary, which introduced uncertainties in the accuracy of the initial soil moisture. This common problem
occurs when independent soil moisture analyses are
used as the initial condition for model simulations. The
problem is that models use different soil layers, soil
types, and values for field capacity and wilting point.
Consequently models will have different values for
‘‘dry’’ and ‘‘wet’’ conditions. Even observed values can
vary as observations, which may have been valid for
different depths and different methods, will measure
varying amounts of the (unavailable) water.
The objective of this study was to investigate the
seasonal predictability of soil moisture and near-surface
temperature using long-term records of soil moisture
analyses that are more realistic and consistent with the
forecast model. This was accomplished using the National Centers for Environmental Prediction–Department of Energy (NCEP–DOE) reanalysis (R-2; Kanamitsu et al. 2002b) for the period 1979 to 1996 and
an improved version of the general circulation model
used in R-2. The R-2 analysis uses observed precipitation in its land data assimilation, which likely makes
the soil moisture analysis more realistic than the NCEP–
National Center for Atmospheric Research (NCAR) reanalysis (NN-R; Kalnay et al. 1996). Use of these longterm analyses makes it possible to study the predictability of soil moisture over regions of different climatological characteristics with greater confidence. It
should be noted that although R-2 land surface analysis
used observed precipitation, it is still affected by the
atmospheric and hydrological models used in the data
assimilation system. Since the model used in R-2 and
the forecast model used in this study share the same
origin, the model results here will be biased. Attempts
to overcome this bias have been made by comparing R2 soil moisture with limited observations, and validating
near-surface temperature with the independent observations from the 344 U.S. climate divisions.
The brief outline of this paper is as follows. The soil
moisture assimilation used in R-2 is briefly reviewed in
section 2, where a comparison between the analysis and
observed soil moisture over a U.S. site is presented. The
model and the experimental design are presented in section 3. Section 4 discusses predictability of soil moisture
over various climatological zones over the globe. In
section 5, prediction skill of the near-surface temperature is presented. The possibility of land processes transferring sea surface temperature (SST) anomaly signal
to summertime continental temperature anomaly is discussed in section 6. The conclusions and discussions
are presented in section 7.
2. Land data assimilation in the NCEP–DOE
reanalysis
A significant improvement of R-2 analysis upon NNR was the analysis of land surface conditions (Kan-
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FIG. 1. Time series of water content (mm) in 2-m soil layer from observation (dashed line) and
the reanalysis (solid line: NN-R, black; R-2, gray) over Illinois for the 1982–98 period.

amitsu et al. 2002b). The soil moisture evolution in the
NCEP–NCAR reanalysis data assimilation cycle is determined by the model precipitation, radiation forcing
computed from atmospheric analysis, and near-surface
atmospheric analyses. Furthermore, an artificial nudging
toward climatology was added in NN-R to minimize
deviation of the soil moisture analysis from climatology.
Unfortunately, this nudging dominated the soil moisture
evolution (Roads et al. 1999), and the resulting soil
moisture analysis had an excessively large amplitude
annual cycle with too little interannual variability.
Therefore, the utility of NN-R soil moisture analysis has
been limited.
In order to correct this undesirable feature, R-2 replaced model precipitation with an observed 5-day mean
precipitation constructed from rain gauge and satellite
observations (Xie and Arkin 1997). In this procedure,
the difference between the 5-day mean model and observed precipitation was computed and the excess or
deficit of precipitation was applied to adjust the soil
moisture of the top soil layer (the details on this procedure are described in Kanamitsu et al. 2002b). This
procedure is similar to the Land Data Assimilation System (LDAS) proposed by Mitchell et al. (2000) except
that they are using observed radiation forcing and surface conditions instead of objectively analyzed and calculated forcings.
Figure 1 shows a comparison of Illinois soil moisture
from R-2, NN-R, and field observations. Here, soil

moisture was defined as water contained in the top 2 m
of soil expressed in millimeters. The model (that predicts volumetric soil moisture content) and observed
(that measures water content at various layers) soil moisture were converted to this common unit before comparison. In addition, when comparing the soil water content, one wants to remove the unavailable soil moisture
as models and observations often treat it differently. For
the observed unavailable water, we used the minimum
observed soil moisture in the 1982–98 record. This is
an overestimate that is compensated for by estimating
the model’s unavailable water by using the minimum
Illinois R-2 and NN-R analyses during 1982–98 periods.
We combined the R-2 and NN-R analyses as they used
the same soil model and we wanted to illustrate the
systematic differences between the reanalyses. Clearly
R-2 exhibits soil moisture variability closer to observations than NN-R, which is quite deficient. Except for
the spinup period (1979–80, not shown), the R-2 soil
moisture analyses are in good agreement with observations.
Another important aspect of soil moisture is the persistence or memory of soil moisture anomalies. It is
recognized that the model-simulated soil moisture in
AMIP-type runs tends to have more memory than the
observation (e.g., Wang and Kumar 1998). Since better
memory tends to inflate the predictability, it is important
to compare the persistence of R-2 soil moisture anomalies and observations. In Fig. 2, we show the corre-

Unauthenticated | Downloaded 01/09/23 03:39 AM UTC

1 FEBRUARY 2003

513

KANAMITSU ET AL.

FIG. 2. Persistence decay curve of deep-layer (10–200 cm) soil moisture (mm) from observations (dashed line) and R-2 analysis (solid line). Persistence is estimated from the anomaly
correlation between Apr and later months.

lation between the 10–200-cm April soil moisture
anomaly and that of the following months for both observations and R-2. This figure shows the persistence
of R-2 April soil moisture anomalies and indicates that
R-2 has better short-term memory and comparable longterm memory (4 or more months) to observations. The
comparable long-term memory encouraged us to use R2 analysis for the soil moisture predictability study, although the applicability of these results from Illinois to
other areas needs further study. More detailed comparisons of R-2 soil moisture with observations over various parts of the globe are in progress and will be presented in C.-H. Lu and M. Kanamitsu (2002, unpublished manuscript).
3. Model and experiment design
The model used for this study was a slightly outdated
version of the global spectral model used in the operational seasonal forecast of NCEP Seasonal Forecast
System (SFM), which was described in detail in Kanamitsu et al. (2002a). The model was run at T42 horizontal resolution (about 300 km) using 28 vertical levels. Model parameterizations include the relaxed Arakawa–Schubert convection scheme (Moorthi and Suarez 1992), longwave radiation (Fels and Schwarzkopf
1975), shortwave radiation (Chou 1992; Chou and Lee
1996), cloud–radiation interaction (Campana et al.
1994), nonlocal vertical diffusion (Hong and Pan 1996),

gravity wave drag (Alpert et al. 1988), Oregon State
University land surface model (Mahrt and Pan 1984;
Pan and Mahrt 1987), and mean orography.
The model had an upper 10-cm soil layer and a lower
190-cm layer for total of 2-m soil depth for all land
surfaces. The sources of ground water include precipitation, snowmelt, and condensation of atmospheric water vapor onto the ground. Sinks included surface evaporation and runoff. The runoff is crudely modeled by
removing the amount of water in excess of the soil’s
maximum retaining capacity. The vegetation type, cover, and soil type vary geographically and are from Simple Biosphere model (SiB) climatology (Dorman and
Sellers 1989). R-2, however, used an older model, which
fixed the vegetation cover to 0.7 and the soil type to
sandy clay loam for all land surfaces.
The model integrations were performed in the following manner. Two sets of 180 forecasts of 7-month
duration were performed starting from April initial conditions and using either R-2 or climatological soil moisture. The initial conditions were taken from the 0000
and 1200 UTC analyses for 1–5 April from 1979–96
for 10 forecasts per year over a span of 18 yr. This large
sample was adequate to provide statistically meaningful
model climatology and model forecast skill statistics.
For the control experiment (CTR), climatological soil
moisture (computed as the 18-yr average of R-2 soil
moisture), climatological snow depth (computed as
1979–96 average of R-2 snow depth), and R-2 land
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surface and deep-layer temperatures analyses were used
as surface initial conditions. In the initial soil moisture
experiment (ISM), R-2 soil moisture analysis was used
for initial conditions, while other conditions were identical to the CTR. For both experiments, observed sea
surface temperature was used during the integration and
atmospheric initial conditions were taken from the R-2
analyses.
For each year, the 10-member ensemble mean was
computed where the anomaly was defined as a departure
from the model climatology, which was computed as
the average of the ensemble means over the 18 yr. In
this manner, the model systematic error was removed.
These forecast anomalies were compared to the analysis
anomalies computed from the same 18 yr of R-2 analyses.
4. Predictability of soil moisture
The persistence of soil moisture depends on the latitude (Yeh et al. 1984). It also depends on climatological
characteristics such as the seasonal amount and nature
of precipitation. We selected 15 land zones over the
globe covering temperate climate zones, monsoon areas,
desert regions, and tropical forest areas. These areas
were chosen based on the Martonne aridity index (de
Martonne 1927) computed by Irannejad et al. (2000)
from Atmospheric Model Intercomparison Project II
(AMIP-II) analysis. Figure 4 presents the zones selected.
Zones 2, 6, 7, 11, and 12 covered temperate climate
areas, zones 8 and 9 covered monsoon regions, zones
3, 4, and 14 covered tropical monsoon or forests, and
zones 1, 5, 10, 13, and 15 were desert or semiarid areas.
Each selected zone covers an area of 208 3 208 in latitudinal and longitudinal directions.
Figure 3 shows the correlation between the R-2 deeplayer soil moisture analyses and the ISM (gray), CTR
(dark solid), and persistence (dashed) forecasts for the
selected zones. Figure 3 can be summarized as follows.
The model forecast and anomaly persistence have a high
predictive skill over zones 5, 7, 10, 11, 12, 13, and 15
throughout the 7-month period. These zones correspond
to temperate and desert/semiarid areas. Characterized
by little precipitation during the summertime, the soil
moisture evolution is mainly controlled by evaporation.
It is particularly interesting to note that over zones 5,
10, 11, 12, 13, and 15, the model skill exceeds that of
the anomaly persistence. This is likely due to the dominant role of evaporation in the soil moisture evolution
that is well represented by the model physics, but could
also be due to the similarity of the models used in R2 and in this study. Note that the zones 5, 10, and 15
are located in the Southern Hemisphere; therefore, part
of the high predictive skill may be due to the season
changing into more-predictable winter. Over these temperate and desert/semiarid areas, the control runs have
much lower scores for all lead times. This indicates that
factors such as specified SST and initial atmospheric
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state were not strong enough to produce the analyzed
soil moisture anomaly.
Over zones 1, 2 (both located over the continental
U.S.), and 6, the skill of the soil moisture forecast degraded with lead time for model prediction as well as
for anomaly persistence. This is typical, where the
‘‘noisy’’ behavior of the precipitation controls the soil
moisture evolution. The model seems to be competitive
with anomaly persistence over zone 1 (where precipitation is less) but worse over zones 2 and 6 where precipitation is stronger and more likely poorly simulated.
Over zones 8, 9, and 14, prediction skill of the soil
moisture decreased quickly and reached the same level
as the control run in 4–5 months. These zones, particularly 8 and 9, are monsoon areas and the soil moisture
evolution is mostly determined by precipitation. The
model was not very skillful in reproducing precipitation
over these areas (less so over zone 14). This difficulty
in predicting and simulating precipitation over monsoon
regions is consistent with the results reported in Sperber
and Palmer (1996).
Figure 4 shows the ratio between soil moisture and
evaporation, which is a timescale for soil moisture
anomalies. It is clearly seen that this timescale is very
short over zones 8 and 9 in agreement with the poor
forecast skill there. Zones 2 and 6 also have relatively
short timescales and had poor soil moisture forecasts.
Zones 3 and 4 have different behavior in prediction
skill than the other areas. In these zones, the skill of
the CTR forecast increased with lead time. This behavior was particularly apparent in zone 4. We hypothesize that this increased skill was caused by using observed SSTs, which produced better precipitation forecasts that influenced the soil moisture. After the memory
of the initial soil moisture was lost, both the ISM and
CTR forecasts had a similar positive skill. Zone 4 covers
Nordeste, Brazil, which is one of the key tropical regions
where precipitation anomaly is predictable when a tropical SST anomaly over the Pacific or Atlantic is specified
(Sperber and Palmer 1996). The poor skill of the persistence forecast is consistent with this observation. In
addition, zone 3 stretches from Panama to the Amazon
basin, which includes regions that show an ENSO response.
In summary, the initial condition of soil moisture was
important for summertime forecasts except over certain
areas in the Tropics where precipitation was controlled
by the SST anomaly. The prediction skill was high over
areas receiving little precipitation. In these areas, the
model evaporation was reasonably accurate. The skill
declined in midlatitude temperate zones, and more rapidly in the tropical monsoon region, where precipitation
was the main forcing. The only tropical regions showing
good long-lead skill were in tropical South America,
the Nordeste area in particular, where tropical SST
anomalies strongly control the anomalous precipitation.
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FIG. 3. Deep-layer (10–200 cm) soil wetness prediction skill decay curve for the 15 regions (see Fig. 4 for the locations). Anomaly pattern
correlation in abscissa and lead time (month) in ordinate. The first month score is not plotted. Persistency forecast, forecast started from soil
wetness climatology, and forecast started from R-2 soil wetness are marked by black dashed line, black solid line, and light solid line,
respectively.
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FIG. 4. Areas selected for the verification of deep-layer (10–200 cm) soil moisture, overlaid on the global field of soil moisture to
evaporation ratio in units of days. Each area is approximately 208 3 208. Only the land regions are used in the computations. The dashedline box was used for specific regional study, discussed in sections 5 and 6.

5. Predictability of near-surface temperature
The skillful prediction of soil moisture has significant
implications to agricultural applications by itself. Furthermore, since strong anticorrelation between soil
moisture and near-surface temperature is anticipated,
due to the compensation between latent heat flux and
sensible heat flux, the skillful prediction of soil moisture
may be translated into a skillful prediction of near-surface temperature. The prediction of near-surface temperature has a much wider application and in fact, it is
one of the two major forecast parameters in the longrange operational forecast of NCEP, together with precipitation. In this section, the predictability of the nearsurface temperature from the same experiments is presented.
Figure 5 compares forecast skill of soil moisture, latent heat flux, and 2-m air temperature over the continental United States. Dark-and light-shaded bars show
the anomaly correlations for two experiments, CTR and
ISM, respectively. The verifying latent heat flux and 2m temperature were obtained from the R-2 archive. The
R-2 latent heat flux was the average of 6-hr model integration during the data assimilation. It can be seen
that the forecast skill decreased for latent heat flux, and
even more so for near-surface temperature, although the
skills are still high enough to be useful. The skill for

near-surface temperature was lower because it was determined not only by soil moisture but also by other
factors that were less predictable than soil moisture.
The relationship between soil moisture anomaly and
near-surface temperature anomaly was examined by
looking at the pattern correlation between July soil
moisture anomaly and the negative of the 2-m temperature anomaly (Fig. 6). There are high anticorrelations
between the soil moisture and temperature, particularly
when the forecast was started from R-2 analysis soil
moisture. This may be attributed to a tendency for weaker soil moisture anomalies in the ISM forecasts, which
would allow other factors to affect the 2-m temperature.
The forecast verifications presented so far have been
against the R-2 analyses, which can artificially increase
the forecast skill because the model used here is similar
to that used by R-2. The main difference between the
two models is the relaxed Arakawa–Schubert (RAS)
convective parameterization used in this study versus
the simplified Arakawa–Schubert scheme (Pan and Wu
1995) used in R-2. In order to remove this model dependency in the verification, the 2-m temperature was
also verified against climate division data from 344 stations (CD344). These temperature observations were
not used by R-2 and provide a ground truth. Figure 7
illustrates the comparison of anomaly correlation of
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FIG. 5. Comparison of the skill score of (top) deep-layer (10–200
cm) soil moisture, (middle) latent heat flux, and (bottom) near-surface
temperature. The skill score was computed from the 10-member ensemble mean of 3-month avg (May–Jul). Initial analysis soil wetness
runs are in gray, and initial climatological soil wetness experiments
are in black.

CTR and ISM experiments over U.S. land area for the
period 1979–96. Each bar is the verification of the 10member ensemble mean. For ISM, only 2 yr had negative correlation and the score exceeds 0.4 in many
years. By comparison, the anomaly correlation for the
CTR experiment was much worse. Thus, the improvement demonstrated in our result was not an artifact of
the model dependency but was a real improvement.
6. A possibility of delayed SST forcing
Finally, we examined occasional cases when the nearsurface temperature forecasts were reasonably skillful
even when the forecasts were initialized from the climatological soil moisture condition. We explored the
possibility of a two-step process in which the equatorial
Pacific sea surface temperature anomaly produced a soil
moisture anomaly during the early part of the forecast,
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and then this soil moisture anomaly lead to a near-surface temperature anomaly in the following months.
Since these steps involve many physical processes, it is
difficult to clearly show the linkage of events. Furthermore, there were not so many clear-cut cases in the 18yr period examined, and hence, the results shown here
are not extremely statistically significant.
Figure 8 shows the agreement between CTR and ISM
predicted soil moisture after a 1-month integration, using pattern correlation as a measure. The years were
stratified with the tropical Pacific SST anomaly events.
Warm events are shown with dark shading, normal years
with light shading, and cold events are unshaded [events
as defined by the NCEP Climate Prediction Center
(CPC)]. During warm events, the correlation between
ISM and CTR soil moisture varied between 0.25 and
0.57. This suggests that the warm tropical SST forcing
was sufficient to generate a significant soil moisture
anomaly over the United States during the first month
of integration. For neutral and cold events the average
correlation was positive but not as significant as for the
warm events. This positive correlation in warm events
suggests that the tropical SST anomaly information was
transferred to the soil moisture anomaly over the United
States. This soil moisture anomaly of the first month
then persisted for several months and caused a nearsurface temperature anomaly. To show this, we present
a scatter diagram of the correlation of soil moisture
between CTR and ISM after 1-month integration versus
correlation of 2-m temperature forecast by the CTR
model after 3 months (Fig. 9). This figure shows that
when the CTR model soil forecast was similar to that
of the ISM after 1 month, the 2-m temperature forecast
after 3 months tended to have higher skill. Although the
scatter is very large, we see an indication that greater
similarity in the soil moisture forecast between the ISM
and CTR after 1 month (in May) resulted in higher
surface temperature forecast skill after 3 months (in
July). This chain of events is probably pronounced when
the forecasts are made from early to midspring when
the impact of the equatorial SST on the weather over
the continental United States is especially significant.
7. Conclusions
Using the NCEP–DOE reanalysis soil moisture analysis and the NCEP Seasonal Forecast System, the seasonal predictability of soil moisture, and near-surface
temperature over the globe were examined. The NCEP–
DOE reanalysis soil moisture evolution agrees well with
Illinois measurements including the soil moisture having a comparable long-term memory. Unfortunately, the
quality of the soil moisture analysis over other land areas
was still uncertain, and the objective evaluation of the
NCEP–DOE soil moisture analysis is still left for future
investigation.
Two sets of forecasts were made, one starting from
climatological soil moisture as an initial condition and
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FIG. 6. Concurrent anomaly correlation of deep-layer (10–200 cm) soil moisture anomaly and
2-m air temperature anomaly for the 10-member ensemble mean of Jul forecast. Note that the
sign of the temperature anomaly is reversed to make the correlation positive. Initial analysis soil
moisture runs are in gray, and initial climatological soil moisture is in black.

the other starting from NCEP–DOE reanalysis soil
moisture. Each set was made for 180 7-month integrations made using April 1979–96 initial conditions.
The predictability of the soil moisture was examined
over varied regions around the globe. The predictive

skill of the initial soil moisture conditions was very high
over regions that had little precipitation. Over these areas, the evaporation process was the primary forcing
for evolution for soil moisture, and the model did an
excellent job in predicting this process. In many of these

FIG. 7. Comparison of 2-m air temperature anomaly correlation scores of ISM and CTR experiments verified against independent 344 climate division data. The scores for ISM are shaded
light and those of CTR are shaded dark. The skill score was computed from the 10-member
ensemble average of 3-month mean for Jun–Jul–Aug period.

Unauthenticated | Downloaded 01/09/23 03:39 AM UTC

1 FEBRUARY 2003

KANAMITSU ET AL.

FIG. 8. Agreement of deep-layer (10–200 cm) soil moisture anomaly between the initial soil moisture analysis run and the initial climatological soil moisture run after 1-month integration (May). Cold
equatorial Pacific SST events (outlined bar), warm episodes (dark
shaded bar) and normal years (light shaded bar) are shown. These
events were based on NCEP Climate Prediction Center definitions.

relatively dry or low-precipitation areas, model prediction surpassed the anomaly persistence forecast. Over
temperate zones with more precipitation, and over tropical monsoon regions, the prediction skill of the soil
moisture dropped quickly in the first 3–4 months. The
timescale of the soil moisture memory computed as a
ratio between soil moisture and evaporation showed that
the timescale is particularly short over the monsoon regions and some temperate zones. For the regions noted
above, the forecast starting from climatological soil
moisture was quite poor, indicating that the soil moisture
anomalies cannot be generated by model precipitation
or by model evaporation. From a practical point of view,
a correct soil moisture initial condition is essential in
making seasonal prediction over these areas. In contrast,
the characteristics were very different over tropical
South America. The forecast starting from climatological soil moisture quickly caught up the forecast skill
of initial soil moisture as well as the anomaly persistence. Particularly in the Nordeste region of Brazil, the
anomaly persistence became the worst forecast after 4
months. Over these areas, SST forcing determined the
precipitation anomaly over land, and subsequently
forced the soil moisture evolution. The effect of initial
soil moisture information tended to disappear after 3–
4 months over these areas.
The near-surface temperature anomaly forecast was
closely related to the soil moisture anomaly forecast.
The correlation, however, was not perfect. Thus the
near-surface temperature forecast skill was lower than
the soil moisture forecast skill. The skill of predicting
latent heat flux was lower than that of the soil moisture,
and the skill in predicting the surface temperature was
even lower. Additional physical processes, such as
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FIG. 9. Scatter diagram of correlations. Ordinate is the correlation
of deep-layer (10–20 cm) soil moisture forecast after 1-month integration (May) between initial soil moisture analysis runs and initial
climatological soil moisture runs, and the abscissa is the forecast skill
of 2-m air temperature verified against R-2 after 3 months (Jul). Cold
episodes, warm episodes, and normal years are marked by open
square, solid square, and open circle, respectively.

cloudiness, advection, and vertical mixing influence the
near-surface air temperature thus reducing the predictive
value of the soil moisture. The abundance of near-surface temperature observations allowed us to further verify these hindcasts with independent data that were not
used in the NCEP–DOE reanalysis. The verification of
temperature made against the 344 climate division data
clearly indicated that the use of the NECP–DOE reanalysis soil moisture initial condition truly improved
the forecasts.
Finally, we looked at cases when the near-surface
temperature in summer was well predicted even though
initial soil moisture was taken from climatology. It is
suggested that the equatorial Pacific SST anomaly information created the soil moisture anomaly over the
continental United States during the first month of integration, and persistence of the soil moisture anomaly
would produce some skill in the near-surface temperature in the following months.
For better prediction of soil moisture and near-surface
temperature during summer, it is important that the soil
moisture initial conditions be accurately specified and
also that the model produces a better precipitation forecast. Unfortunately, these two requirements are very
difficult to satisfy in practice, and further advances in
observational and modeling studies are needed. Independent measures of the soil moisture are also extremely
important to eliminate any model-dependent result. In
this regard, satellite observations that provide soil moisture measurement are becoming more widely available,
and the development of such data is strongly encouraged.
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