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Summary

Global data sets that optimally combine observations from diverse sources with
physical models of atmospheric and land processes are useful for initializing weather and
climate predictions and for monitoring and understanding the earth systems. Such data sets
currently contain significant errors in primary hydrological fields such as precipitation and
evaporation, especially in the tropics. Our study shows that assimilation of rain rates and the
total precipitable water (TPW) derived from the TRMM Microwave Imager (TMI) improves
not only the hydrological cycle but also key climate parameters such as clouds, radiation, and
the circulation in the analysis produced by the Goddard Earth Observing System (GEOS) data
assimilation system.

Diagnostics reveal that rainfall assimilation reduces state-dependent systematic errors
in clouds and radiation in regions of active convection, while TPW assimilation reduces errors
in the moisture field to improve the radiation in clear-sky regions. The improved analysis also
yields better short-range forecasts in the tropics, although these improvements are not as
substantial as the improvements in the monthly-averaged assimilated data products. Overall,
this study demonstrates the immense potential of using high-quality space-borne rainfall and
moisture observations from microwave instruments to improve the quality of assimilated
global data for climate analysis and weather prediction applications.
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Abstract

A global analysis that optimally combine observations from diverse sources with physical
models of atmospheric and land processes can provide a comprehensive description of the climate
systems. Currently, such data products contain significant errors in primary hydrological fields
such as precipitation and evaporation, especially in the tropics. In this study we show that
assimilating precipitation and total precipitable water (TPW) retrievals derived from the TRMM
Microwave Imager (TMI) improves not only the hydrological cycle but also key climate
parameters such as clouds, radiation, and the large-scale circulation produced by the Goddard
Earth Observing System (GEOS) data assimilation system (DAS). In particular, assimilating TMI
rain rates improves clouds and radiation in areas of active convection, as well as the latent
heating distribution and the large-scale motion field in the tropics, while assimilating TMI TPW
retrievals leads to reduced moisture biases and improved radiative fluxes in clear-sky regions.

The improved analysis also improves short-range forecasts in the tropics. Ensemble
forecasts initialized with the GEOS analysis incorporating TMI rain rates and TPW yield smaller
biases in tropical precipitation forecasts beyond 1 day and better 500 hPa geopotential height
forecasts up to 5 days.

Results of this study demonstrate the potential of using high-quality space-borne rainfall
and moisture observations to improve the quality of assimilated global data for climate analysis

and weather forecasting applications.



1. Introduction

Global reanalyses are useful in a variety of earth science applications but currently have
order-one errors in primary fields of the hydrological cycle such as precipitation and evaporation,
especially in the tropics (WCRP 1998, Adler et al. 1996). These errors limit the utility of these
data for understanding the hydrological cycle and its role in climate variability. One way to
improve estimates of these hydrological parameters is to assimilate new types of observations
such as precipitation and the total precipitable water (TPW) to directly constrain these fields in
the analysis. Assimilated global data that reliably capture tropical rainfall and latent heating
distributions would provide valuable insights into the linkage between tropical convection and
global energetics, and more specifically, the coupling between the hydrological cycle, atmospheric
dynamics, and climate feedback. Given the crucial role of tropical latent heating in global climate
and the sparse conventional observations in tropical regions, an important first step in improving
global analyses is to ensure that the temporal and spatial variabilities of tropical rainfall are
accurately represented.

The U.S.-Japan Tropical Rainfall Measuring Mission (TRMM) satellite launched in
November 1997 provides, for the first time, cross-calibrated rain-rate estimates from a space-
borne precipitation radar (PR) and a passive microwave instrument, the TRMM Microwave
Imager (TMI). In this study we investigate the use of TRMM precipitation and TPW observations
in global data assimilation and the extent to which assimilating these data improves the analysis
produced by the Goddard Earth Observing System (GEOS) Data Assimilation System (DAS).

The Data Assimilation Office at the NASA Goddard Space Flight Center has been
experimenting a “1+1” dimension variational algorithm based on a 6-hr time integration of a
vertical column version of the GEOS DAS to assimilate surface rainfall and TPW observations.
The basic methodology is described in Hou et al. (1999a), which showed that assimilating
tropical precipitation and TPW observations derived from the Special Sensor Microwave Image
(SSM/I) instruments aboard the polar-orbiting Defense Meteorological Satellite Program (DMSP)
satellites improves not only the precipitation and moisture fields but also key climate parameters
linked to convective activities such as the outgoing longwave radiation (OLR), clouds, and

surface radiation in the GEOS analysis. These results demonstrated that these data are useful even
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in sub-optimal applications without knowing their error characteristics and that physical
parameterizations in the GEOS model have sufficient fidelity to capitalize on using these data.

In this article we report on the impact of assimilating TMI-derived surface precipitation
and TPW retrievals on analyses produced by a 2° lat by 2.5° long by 46 model level version of
the GEOS DAS using a slightly improved 1+1D algorithm. We plan to assimilate TRMM PR
rainfall products at a later date using a higher resolution GEOS DAS.

The quality and utility of reanalyses as climate data sets depend upon their ability to
capture climate signals with quantitative accuracy. Observations of outgoing radiative fluxes at
the top of the atmosphere (currently not assimilated in the GEOS DAS) provide an independent
measure of the overall quality of the GEOS assimilation data products. Radiation measurements
from the Clouds and Earth’s Radiation Energy System (CERES) instrument aboard the TRMM
satellite will be used as a key verification data set. We will also compare clear and cloud-cleared
brightness temperatures from spectral channels of the TIROS Operational Vertical Sounder
(TOVS) with synthetic brightness temperatures computed using the GEOS temperature and
moisture fields to infer how rainfall and TPW assimilation affects the upper tropospheric
humidity and the tropospheric circulation and temperature.

Section 2 describes the 6-hr averaged, gridded TMI rainfall and TPW data sources.
Section 3 gives a brief summary of the 1+1D assimilation scheme used in Hou et al. (1999a) and
the further refinements adopted in the present study. Section 4 describes the assimilation
experiments. Sections 5 and 6 examine the impact of TMI rainfall and TPW assimilation on the
monthly-mean fields and short-range forecasts, respectively. Section 7 summarizes the main

findings of this study.
2. Precipitation and TPW Observations
a. TMI GPROF precipitation retrieval
The TMI rain rates we use are physical retrievals using the Goddard Profiling (or GPROF)

Algorithm, one of the operational algorithms resident at the TRMM Science Data and

Information System (TSDIS). The algorithm obtains rain rates and precipitation vertical structure

4



from microwave radiometer andfor radar measurements (Kummerow et al. 1996, Olson et al.
1996) using a Bayesian technique similar to the algorithms developed by Pierdicca et al. (1996)
and Haddad et al. (1997). The GPROF scheme uses a database of simulated precipitation vertical
profiles and the associated microwave radiances generated by cloud-resolving model coupled to
a radiative transfer code. This database serves as a “reference library” to which actual
sensor-observed radiances can be compared. Given a set of multichannel radiance observations
from a particular sensor, the entire library of simulated radiances is scanned; the "retrieved”
profile is a composite using profiles stored in database which correspond to simulated radiances
consistent with the observed radiances. For assimilation into the GEOS DAS, the single-footprint,
instantaneous GPROF TMI surface rain rates are horizontally averaged to 2° lat. by 2.5° long.
grids, which are then time-averaged over 6 hours centered at analysis times (0, 6, 12, 18 UTC).

The random error of each GPROF-retrieved rain rate may be estimated by evaluating the
local variance of rain rates in the model database about the retrieved rain rate (Olson et al. 1996).
According to this method, the random error of single-footprint, instantaneous rainfall rates is
estimated to be ~100% of the retrieved rain rate. Over each 2° x 2.5° GEOS model gridbox,
approximately 1000 single-footprint estimates from TMI are used to compute the area-average,
instantaneous rain rate. Following the analysis of Bell et al. (1990), the corresponding random
error of the gridbox-averaged TMI rain rate is about 20%. Undersampling of the time-average
rain rate over each 6-hour analysis interval contributes additional error, approximately 20-60%,
depending upon the number of TMI overpasses within the interval. One complication in this
estimate is that the relative (percent) random error varies roughly as the inverse square root of
the rain rate, so that estimates of relative random errors significantly worse in light rain areas,
but better in heavy rain areas (Huffman 1997).

The global bias is not yet established for TMI GPROF rainfall estimates since most
regions lack the necessary validation data and no statistical model has been developed to estimate
bias from other parameters. On the monthly timescale, a recent intercomparison of TMI GPROF
and coincident space-borne Precipitation Radar estimates of rain rate suggests biases on the order

of 15% over land and 25% over ocean (S. Yang, personal communication).

b. TMI Wentz total precipitable water retrieval
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The TPW are retrieved from TMI observations over oceans using essentially the same
Wentz algorithms as those used for SSM/I TPW retrieval (Wentz 1997), except for adjustments
to account for small differences in GHz between the TMI and SSM/I channels and the TMI water
vapor being measured at 21 GHz rather than 22.235 GHz as in SSM/I. The TMI TPW data are
available online from the Remote Sensing System (RSS 1999) in the form of maps of ascending
and descending orbit segments between 40°S and 40°N at a pixel resolution of 25 km. The rms
accuracy of the TMI TPW estimates is expected to be comparable or better than that of the
SSM/I TPW retrieval, which is about 1 mm. These high-resolution data with good quality flags
are then processed to produce 6-hour average 2° x 2.5° gridded TPW data for ingestion into the

GEOS DAS.

3. The 1+1D Assimilation Algorithm

The algorithm we use to assimilate precipitation and TPW is an assimilation procedure
in “1+1” dimensions based on a 6-hr time integration of a column version of the GEOS GCM
with full model physics, with the advective terms prescribed from a preliminary 6-hr assimilation
using conventional observations. Details of this 1+1D assimilation procedure and the basic
features of the GEOS DAS are described in Hou et al. (1999a). The designation of "1+1D" refers
to the involvement of both spatial and temporal dimensions to differentiate it from “2D” for 2
spatial dimensions. The procedure minimizes the least-square differences between the satellite-
retrieved rain rates and the values generated by the column model averaged over the 6-hr analysis
window. The control variables are analysis increments of moisture and temperature within the
Incremental Analysis Update (IAU) framework of the GEOS DAS. The 1+1D scheme, in its
generalization to four dimensions, is related to the standard 4D variational assimilation algorithm
but differs in its choice of the control variable: instead of estimating the initial condition at the
beginning of the assimilation cycle, it estimates the constant IAU forcing to be applied over a
6-hr assimilation cycle. In doing so, it also imposes the forecast model as a weak constraint in
a manner similar to the variational continuous assimilation techniques (Derber 1989, Zupanski
1997).

An optimal use of TMI and SSMI rainfall and TPW observations in data assimilation
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requires detailed knowledge of both observation and forecast model errors, which are currently
research issues. It is meanwhile useful to understand the benefits of using these data in data
assimilation in sub-optimal applications without error specifications, as done in Hou et al.
(1999a). In this “perfect observation” limit, the explicit assumptions are: (i) that the observed
rainfall and TPW estimates are much more reliable than the model-generated estimates, (ii) that
uncertainties in the moisture field are much larger than and uncorrelated with errors in the
temperature field, and (iii) that the moisture analysis increment has a known vertical structure.
Under these conditions the general 1+1D scheme reduces to a two-parameter estimation problem
to accommodate the 2 pieces of information provided by precipitation and TPW observations.

With the above simplifications, the 1+1D scheme shares a number of key assumptions
with the physical initialization scheme (Krishnamurti et al. 1991, 1993).But the scheme as
implemented in the GEOS DAS differs from physical initialization in an important respect - it
is used to directly constrain the time-average rain rate and TPW over a 6-hr analysis window to
match the observations, whereas the physical initialization scheme is used to improve the analysis
through an improved first guess achieved by nudging the precipitation during the previous
analysis cycle (Treadon 1996).

The detailed implementation of the 1+1D scheme in the “2-parameter, perfect-observation,
moisture-adjustment” limit is described in Hou et al. (1999a). The vertical structure of the
moisture analysis increment used in Hou et al. is define by a dimensionless parameter, |a| <
2, that modifies the change in relative humidity as a linear slope adjustment to match the
observed rain rate and a second parameter, 3, for matching the observed TPW value. One
drawback with this parameterization is that it leads to excessively large moisture increments aloft
at locations of reduced precipitation. In the present work we obtain significantly better results by
adopting a vertical structure function for the moisture analysis increment (i.e., Eq. (5) of Hou et
al.) That mimics the Jacobian of the 6-hr mean precipitation w.r.t. moisture perturbations (see the
Appendix). Substituting the moisture analysis increment over the 6-hr analysis window, Ag(a),
(Eq. A4 of the Appendix) into definition of the cost function given by Eq. 4b of Hou et al.
(1999a) defines a 1D minimization problem w.r.t. o, for given observation values of P° and q°:
At each gridbox where the difference between the observed 6-hr rain rate, P°, and the model-

generated rain rate, P, exceeds | mm d*, we minimize the cost function given in Hou et al.; viz:
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J(Ag(®)) = [In(P°+€) - In(P/(Ag(x)) + €)1’ (1)

where € is a small constant used to prevent logarithmic singularity at zero rain rate (taken to be
0.01 mm d'). P/ is obtained from a 6-hr integration of the GEOS temperature and moisture
equations updating only the moist physics terms with other tendencies prescribed from a
preliminary global assimilation using all data types except precipitation (see Hou et al. for
details). In this study, the minimization is performed within the range of |a| < 3, which was
chosen empirically. Expanding the search range can further reduce the error std dev’s in the
monthly-mean OLR and precipitation but could also degrade the 6-hr forecast of moisture against
radiosonde data. The choice of || < 3 yields significantly better monthly-mean OLR fields
compared with results obtained using a linear Ar slope adjustment without degrading the 6-hr

moisture forecast.
4. Assimilation Experiments

We performed three parallel assimilation experiments that extend from 1 December 1997
(soon after the TRMM launch) to 31 January 1998. The control is a standard GEOS assimilation
with conventional observations, as described in Hou et al. {(1999a). In two other cases, we
assimilated, in addition to conventional observations, either the 6-hr averaged TMI rain rate (PCP
assimilation) or the 6-hr TMI rain rate and TPW data (PCP+TPW assimilation). Since the
CERES/TRMM daily, gridded ES-4 radiative flux measurements similar to the Earth’s Radiation
Budget Experiment (ERBE) products are not available prior to 1998 (CERES/TRMM 1998), the

bulk of our analysis focuses on January 1998.
5. Impact on Time-Mean Fields
a. Surface precipitation

Figure 1 shows the impact of TMI rainfall and TPW assimilation on the monthly-mean
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tropical precipitation for January 1998. Figure la is the observed precipitation as seen by the
TMI. Figure 1b shows the discrepancy between the TMI rain rate and precipitation from the
GEOS control sampled at TMI observation locations averaged over January. The corresponding
errors for the TMI PCP assimilation and PCP+TPW assimilation are shown in Figs. Ic and 1d,
respectively.

The monthly-mean spatial anomaly correlation (AC), bias, and error std dev w.r.t. the TMI
data are indicated at the top of each panel, with the percentage changes relative to the GEOS
control given in parentheses. Assimilation of TMI rain rates increases the anomaly correlation
from 0.59 to 0.84, and reduces the error std dev by 27%. Assimilating the TMI TPW data with
rain rates further increases the anomaly correlation to 0.88 and the std dev reduction to 31%.

The apparent increase in the time-mean tropical bias reflects the fact that the rainfall
assimilation algorithm is more effective in reducing the precipitation intensity than enhancing it
in the GEOS DAS. A plausible reason for this asymmetry is that enhancing precipitation requires
moistening of the lower troposphere, but the high relative humidity in the tropical boundary layer
limits, through saturation, the extent to which moisture analysis increments can moisten the low
levels, while it allows a greater degree of drying to reduce precipitation. Such an asymmetry
would account for the prevailing negative tropical bias in Figs. lc and 1d, but the difference of
0.6 mm d"' in the bias between Figs. 1d and the control (Fig. 1b) is comparable to observation
uncertainties.

[t is worth noting that the limited capacity of the 1+1D scheme in the GEOS DAS to
match intense rain rates is especially noticeable in January 1998 due to the unusually intense
rainfall observed in the Central Tropical Pacific at the peak of the El Nifio. By comparison, the
TMI-retrieved rain rates are generally weaker in December 1997 (not shown), in which case the
precipitation in the GEOS control has a smaller bias in the tropics and the PCP+TPW

assimilation yields a much closer match with the TMI observations.

b. Total precipitable water

Figure 2a shows Wentz’s TMI TPW retrieval for January 1998. Figures 2b-d show the



monthly-mean differences between the TMI-sampled TPW from the three GEOS assimilations
and TMI observations. Assimilating TMI rain rates without TPW data has only a small positive
impact on TPW, mainly in reducing the tropical-mean bias. Figure 2d shows that assimilating
TMI TPW retrievals virtually eliminates the monthly-mean spatial bias and reduces the error std

dev by 73%.

C. Validation using CERES/TRMM radiation measurements

Since the GEOS DAS does not assimilate the observed outgoing longwave or shortwave
radiation (OSR) fluxes, these measurements may be used to verify the overall improvement of
the GEOS analysis from assimilating TMI rainfall and TPW observations. In this section we
compare the OLR and OSR fields from GEOS analyses against the CERES/TRMM ERBE-like
ES-4 gridded daily products.

Table 1 shows for January 1998 the time-mean spatial errors in OLR against CERES
observations for all tropical locations where the month-mean rainfall has been modified by more
than 1 mm d"' as a result of assimilating TMI rain rates. Statistics show that TMI PCP+TPW
assimilation increases the spatial anomaly correlation from 0.50 to 0.81, reduces the bias by 85%
and the error std dev by 38%, with the bulk of the improvements coming from the use of TMI
rain rates. In Table 2 similar statistics for the OSR show that assimilating TMI data increases the
anomaly correlation from 0.50 to 0.81, the reduces the bias by 49%, and decreases the error std
dev by 36%. Since errors in the OLR and OSR in the analysis are dominated by errors in clouds,
these results are suggestive of substantial improvements of clouds over the raining regions. This
is confirmed by the comparison of the infrared radiation “cloud forcing” (defined as the
difference between clear-sky OLR and OLR) shown in Table 3.

Figures 3 and 4 show the improvements in the OLR and OSR over the entire tropical
domain, respectively. Assimilating TMI rainfall and TPW data can reduce the error std dev in
OLR by up to 35% and that in OSR by up to 24%. The tropical bias in OSR is dominated by
errors in clouds in the GEOS DAS, and the use of TMI rainfall and TPW data systematically
reduces this bias, as shown in Figs. 4c and 4d. In contrast to this, the tropical-mean OLR bias

appears to increase as a result of assimilating TMI data (Figs. 3c and 3d). This apparent increase
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is an artifact of the virtual elimination of the strong negative OLR bias in precipitating areas (as
seen in Table 1), leaving the tropical-mean bias being dominated by the positive bias in the rain-
free regions. The positive OLR bias in rain-free areas reflects a dry humidity bias in the lower
troposphere, which is much reduced through the use of TPW observations, as shown by the
comparison of the clear-sky OLR results against the CERES measurements in Table 4. The
tropical bias in the clear-sky OSR is small in the GEOS control - about 1.02 Wm™ (not shown).
Rainfall and TPW assimilation reduces this bias to 0.90 Wm™ (by roughly 12%) but does not
affect the anomaly correlation or the error std dev.

One important benefit of assimilating rainfall and TPW data is that their use is effective
in reducing state-dependent systematic errors in assimilation products. An example is given in
Fig. 5, which compares the tropical-mean std dev errors in OLR from the GEOS control and the
TMI PCP+TPW assimilation for three averaging periods of 1, 5, and 30 days. The offset between
the control and PCP+TMI assimilation is effectively constant in all three cases ranging from 8.2
to 9.5 Wm?, signifying a reduction of state-dependent systematic errors since the tropical-mean

bias has already been removed.
d. Validation using TOVS radiances

TOVS brightness temperature observations may be used to assess the impact of TMI
rainfall and TPW assimilation on GEOS moisture and temperature analyses. We first compute
“synthetic” TOVS brightness temperatures using temperature and humidity analyses from GEOS
assimilations, and then compare them with brightness temperatures derived from the clear and
cloud-cleared infrared radiances from the TOVS High-resolution Infrared Radiation Sounder 2
(HIRS2) and brightness temperatures from the TOVS Microwave Sounding Unit (MSU). The
HIRS cloud-cleared brightness temperatures are from the Pathfinder Path A data set (Susskind
et al. 1997). Details of the procedure are given in Hou et al. (1999a). In this section we examine
results for 2 particular channels: The HIRS2 12 (6.7 um), which is sensitive to the upper
tropospheric humidity (UTH) and the MSU 2, which is sensitive to the mid-tropospheric
temperature. As discussed in Hou et al., both the observations and radiative transfer calculation

contain biases. The absolute uncertainty of the synthetic minus observed brightness temperatures
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is estimated to be approximately 2 K. These biases were not removed. Instead, we concentrate
on the spatial structure of the brightness temperature residuals exceeding 2 K and the relative
differences between the GEOS control and PCP+TPW assimilations.

HIRS2 12 has a peak sensitivity to UTH between about 300 and 500 hPa depending on
local conditions. Figure 6 compares the monthly-mean from the synthetic HIRS2 12 brightness
temperature GEOS analyses with observation. Figure 6a shows that the synthetic brightness
temperature of the GEOS control has a cold bias, indicative of a moist bias in UTH throughout
the tropics. The difference in synthetic brightness temperature in Fig. 6b shows that TMI rainfall
and TPW assimilation leads to “warming” over much of the tropics and small reductions in the
spatial bias and the error std dev that are statistically significant. That these error reductions are
further enhanced in experiments in which the TMI rainfall and TPW data are augmented by
SSM/I observations (Hou et al. 1999b) suggest that they are meaningful. These results also
confirm that the modified rainfall assimilation algorithm used in this study does correct the
problem of excessive moistening aloft at locations of reduced precipitation found in Hou et al.
(1999a). The spatial correlation between the warm brightness temperature anomaly in Fig. 6b and
the area of negative specific humidity anomaly at 400 hPa in Fig. 6c is -0.65, while the
correlation between the negative humidity anomaly and the positive (descending) omega velocity
anomaly in Fig. 6d is -0.78. Thus the drying of the upper troposphere is directly linked to
enhanced subsidence due to an improved tropical precipitation (aee section Se).

The MSU 2 has a relatively broad sensitivity to tropospheric temperature that peaks near
600 hPa and has a small sensitivity to surface emission. Figure 7a shows that the monthly-mean
synthetic MSU 2 brightness temperatures in the GEOS control are higher than the observed MSU
2 values, consistent with a warm bias in the temperature analysis. But these differences may not
be significant since they are less than the overall uncertainty of about 2 K in brightness
temperatures. We can remove this ambiguity by examining changes in the synthetic brightness
temperatures between the two assimilation runs. Figure 7b shows that the impact of rainfall and
TPW assimilation is to reduce the warm biases by 0.05 to 0.2 K over large portions of the
tropics. Changes of this size may be significant given the broad weighting function and are
consistent with the slightly reduced bias and std dev shown in Fig. 7b. In any case, there is no

evidence of rainfall and TPW assimilation adversely affecting the tropospheric temperature.
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e. Impact on the large-scale circulation and atmospheric energetics

Much of the improvements in the top-of-the-atmosphere radiation, upper tropospheric
humidity shown in the previous sections are directly linked to improved clouds and large-scale
motions due to improved precipitation and latent heating distribution through assimilation of TMI
rain rates. Figure 8 shows the January-mean difference maps of precipitation, 200 hPa divergence
wind vectors, 500 hPa omega velocity, OLR, and OSR between the TMI PCP+TPW assimilation
and the control. Also shown are the spatial anomaly correlations between the change in
precipitation and changes in these other fields; they range from -0.88 to 0.70. Clearly, an
improved precipitation pattern has a direct impact on the horizontal distribution of clouds, which,
in turn, improves the OLR and OSR. A better latent heating field affects not only the vertical
motion in precipitating areas but also the large-scale horizontal divergence and the subsidence
in surrounding regions leading to the improved UTH (see Figs. 6c and 6d). However, the impact
of the large-scale circulation on the UTH in clear-sky regions, though positive, is small compared
with the improvement due to TPW assimilation, as shown by the comparison of the clear-sky

OLR results in Table 4.

6. Impact on Forecast

a. Precipitation forecast

Table 5 shows 6-hr average “observation minus forecast” (O-F) residuals for precipitation
for lead times from 3 to 45 hours averaged over all tropical locations with available TMI
observations. Forecasts were generated using initial conditions that were modified by TMI rainfall
data in the previous assimilation window. Each ensemble consisted of forecasts from initial
conditions 3 day apart over a 2-month period, which were treated as independent samples since
convective precipitation has lifetimes on the order of hours. Bias and error std dev differences
significant at the 99% level are italicized.

Results show that ensemble precipitation forecasts initialized by the PCP+TPW analysis

have significantly smaller biases in 6-hr O-F residuals for forecast times greater than 9 hours. But
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the improved initial condition using TMI rain rates and TPW data affects the error std dev of the
6-hr O-F residuals by only a few percent. In contrast to this, reductions in error std dev of the
6-hr "observation minus assimilation” (O-A) residuals are typically 15-30%. This shows that
assimilating these data types using the 1+1D variational scheme can improve the analysis as a
climate data set without necessarily requiring comparable improvements in the first guess (i.e.,
the 6-hr forecast). Nonetheless, it is of practical importance that assimilating these data types
does not degrade the forecast since global analyses are routinely used to initialize forecast.
Internal consistency between model physics and observations dictates that the improved analysis

should also improve forecast, or at least, does not adversely affect forecast.

b. 6-hr observation minus forecast residuals

We computed the monthly-mean biases and error std dev's of the 6-hr O-F residuals for
winds, geopotential height, and specific humidity averaged over tropical rawinsonde locations for
the GEOS control and PCP+TPW runs. Statistical tests show that rainfall and TPW assimilation
affects mainly the O-F residuals for moisture but not the winds. Table 6 gives the moisture O-F
biases and std dev’s along with the “null hypothesis” probabilities that they are the same between
the two experiments. Results show that TMI rainfall and TPW assimilation leads to smaller std
dev’s of the moisture O-F residual between 300 and 500 hPa at the 1% probability level. The
only significant changes in the biases occur between 700 and 850 hPa, corresponding to a
downward displacement of the zero-bias level in the PCP+TPW case. The reduced moisture bias
at 850 hPa is consistent with the use of TPW data but the robustness of the t-test result is
questionable since the std dev’s are not the same in the two cases according to the F-test. Apart
from the impact on the moisture field, the only other notable change is a 61% reduction in the
std dev of the O-F residual for the geopotential height at 400 hPa in the PCP+TPW case.

Taken together, these O-F results show that TMI rainfall and TPW assimilation tends to
reduce the moisture O-F residuals with no adverse effect on other fields. This is consistent with

the results from comparisons with TOVS brightness temperatures discussed in section 5d.

C. S-day forecast
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To analyze the impact of TMI rainfall and TPW assimilation on short-range forecast, we
performed parallel ensemble forecasts initialized with GEOS analyses with and without TMI data.
Each ensemble consists of 12 independent samples of 5-day forecasts with initial conditions 5
days apart taken from two months of assimilation. For forecast verification, we used two
analyses: (i) the operational analysis from the European Center for Medium-Range Weather
Forecasts (ECMWF) and (ii) the average of the GEOS control and PCP+TPW analyses. Although
the PCP+TPW analysis compares better with satellite observations than the control, as shown in
section 5, using the average of two analyses for verification removes biases associated with the
initial conditions.

Figure 9 shows the averaged rms errors of S-day ensemble forecast for the 500 hPa
geopotential height. Assimilation with TMI rainfall and TPW data yields smaller rms errors
regardless which analysis is used for verification. In either case, Student’s t test confirms that the
forecast error reductions in the tropics are significant at the 99% level beyond | day. Although
the differences in the extratropics shown in Fig. 9b and 9c are not statistically significant, they
show that the use of rainfall and TPW data does not degrade the forecast in the extratropics.

Similarly, rainfall and TPW assimilation also reduces the rms errors in the divergent
component of zonal and meridional winds in the tropics, but the improvements are significant

at the 95% level only within the first 24 hours.

7. Summary and Concluding Remarks

This study shows that TMI-derived rain rates and TPW estimates are useful for improving
the representation of hydrological variables and atmospheric energetics in GEOS analysis. It
shows that the 6-hr averaged TMI rainfall retrieval, at the current level of uncertainty in intensity,
is capable of providing valuable pattern and intensity information to improve the quality of global
analyses. In particular, assimilating these data is especially effective in reducing spatial errors in
the monthly-mean precipitation, moisture, OLR and OSR fields, which increases the utility of
these data for studying long-term climate variability.

Assimilating TMI rainfall and TPW reduces much of the state-dependent systematic errors

in assimilated data products in the tropics. The overall impact of tropical rainfall assimilation is
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to improve distributions of clouds and atmospheric radiation in areas of active moist convection,
as well as the latent heating distribution and the associated large-scale circulation. The primary
benefit of TPW assimilation is to reduce moisture biases to improve the longwave radiation in
clear-sky regions. Results show that assimilating both types of observations lead to improvements
in the vertical motion field and reduced humidity biases in the upper troposphere. The latter is
established by comparing synthetic TOVS brightness temperatures computed using the GEOS
analyses with and without TMI observations against TOVS observations.

Ensemble precipitation forecasts initialized with the GEOS analysis with TMI rainfall and
TPW data have significantly smaller biases in the tropics for forecast times longer than 9 hours.
The GEOS PCP+TPW uanalysis also produces better ensemble 5-day forecasts of the 500 hPa
geopotential height and 2-day forecasts of the 200 hPa divergent winds in the tropics. Although
the GEOS analysis with TMI rainfall and TPW data produces better short-range forecasts, it is
worth noting that improvements in the time-averaged fields are even more significant. This
suggests that, in the presence of biases and other errors of the forecast model, it is possible to
improve the time-averaged “climate content” in the assimilated data without necessarily requiring
comparable improvements in forecast skills.

This study demonstrates that assimilating TMI rainfall and TPW data can substantially
improve assimilated data sets even in sub-optimal applications without error specifications. It is
possible to make more effective use of these observations through error covariance modeling.
Results of this study provide a baseline for testing the performance of error covariance models
in a generalized rainfall and TPW assimilation scheme.

Given the limited spatial coverage of TRMM in a 6-hr window, TRMM observations
alone cannot improve the precipitation analysis over the entire tropics. What we present here is
a proof-of-concept demonstration of the potential of using rainfall and TPW observations from
space-borne microwave instruments to improve global analyses. In Hou et al. (1999b) we show
that augmenting the TMI rainfall and TPW data with observations derived from SSM/I
instruments further enhances the improvements described in this paper. The proposed Global
Precipitation Mission to deploy a constellation of satellites to provide global rainfall observations
with improved temporal sampling could lead to major advances in upgrading the quality and

utility of global analyses for climate research and numerical weather prediction applications.
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APPENDIX

The vertical structure of the moisture analysis increment

We introduce a vertical structure function, G(p), in the moisture analysis increment (i.e.,

eqn. (5) of Hou et al.) to mimic the Jacobian of the 6-hr mean precipitation w.r.t. moisture
perturbations; i.e.,

Aq = q (DAr Al

where ¢ (T) is the saturation specific humidity and Ar, the change in relative humidity, is given
by:

Ar - {G(p)[atn(p) + Bl

forp>p’
0

A2
otherwise (42)

where G(p) is a prescribed Guassian function with a maximum at 1000 hPa and an e-folding
width of 300 hPa. At locations with valid TPW observations, the vertically integrated column

moisture increment may be determined from retrieval of TPW, q°, and the model first guess, c_If:

dp

Ag = o 9’ -q (A3)

Agq

Q\Jﬂ

Combining (1)-(3) yields a Ag as a function of a single parameter, « :

Ag(e) = ¢ (DG(p) { [ Inp) -

If TPW data are not used, Agq is set to zero, so that the moisture increment due to precipitation

data introduces no net moisture source in a vertical column. This does not mean that g is
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conserved during the assimilation cycle since moisture can be modified by convective processes

(see Hou et al. 1999a).
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Table 1

Spatial statistics of GEOS OLR against CERES/TRMM ERBE-like ES-4 OLR averaged over
tropical locations where the monthly-mean rainfall has been modified by more than 1 mm d!
(January 1998)

anomaly corr bias (Wm?) error std dev (Wm™)
GEOS Control 0.5 -17.7 - 27.9 -
PCP Assimilation 0.76 -8.05 -55% 18.9 -32%
PCP+TPW Assimilation 0.81 -2.65 -85% 17.3 -38%
Table 2

Spatial statistics of GEOS OSR against CERES/TRMM ERBE-like ES-4 OSR averaged over
tropical locations where the monthly-mean rainfall has been modified by more than I mm d!
(January 1998)

anomaly corr bias (Wm™) error std dev (Wm?)
GEOS Control 0.5 32.6 - 339 -
PCP Assimilation 0.78 22.3 -32% 22.4 -34%
PCP+TPW Assimilation 0.81 16.5 -49% 21.7 -36%
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Table 3

Spatial statistics of GEOS IR cloud forcing against CERES/TRMM ES-4 data averaged over
tropical locations where the monthly-mean rainfall has been modified by more than 1 mm d!
(January 1998)

anomaly corr bias (Wm™) error std dev (Wm™)
GEOS Control 0.38 26.4 - 26.2 -
PCP Assimilation 0.78 18.5 -30% 15.1 -42%
PCP+TPW Assimilation 0.80 10.4 -61% 14.6 -44%
Table 4

Spatial statistics of GEOS clear-sky OLR against CERES/TRMM ERBE-like ES-4 measurements
(30°S to 30°N, January 1998)

anomaly corr bias (Wm™) error std dev (Wm™)
GEOS Control 0.81 10.3 - 5.58 -
PCP Assimilation 0.82 9.44 -8% 5.46 2%
PCP+TPW Assimilation 0.88 8.36 -19% 4.77 -15%
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Table 5

Observation Minus Forecast Statistics for Precipitation in the Tropics

Forecast Time 3 hr 9 hr 15 hr 21 hr 27 hr 33 hr 39 hr 45 hr

Sample Size 34062 | 34093 | 33564 | 33223 | 34000 | 34099 | 34030 | 33995

bias
Control 0.684 0.717 | 0.813 | 0.777 1.308 1.217 | 1.085 | 0.969
PCP+TPW 0.572 | 0.363 | 0.041 0.055 | 0.729 | 0.741 0.614 | 0.665
% change -16% -49% -95% -93% -44% -39% -43% -31%
t prob 0.311 0.001 0.0 0.0 0.01 0.006 | 0.001 0.005
error std dev
Control 14.59 14.41 15.11 14.84 14.49 13.35 14.77 14.12
PCP+TPW 14.17 | 14.14 | 15.09 14.89 14.30 13.21 14.68 13.94
% change -29% | -1.9% | -0.1% |+03% | -13% | -1.0% | -0.6% | -1.3%
F prob 0.0 0.0 0.813 0.568 | 0.017 | 0.039 | 0.254 | 0.015
Table 6

Specific humidity O-F residuals against rawinsonde data

(30°S to 30°N, January 1998)

Pressure Bias Error Std Dev

(hPa) Control | PCP+TPW | t-test prob Control | PCP+TPW | F-test prob
300 -0.084 -0.08091 0.59293 0.08169 0.06434 1.652 x 10
400 -0.1566 -0.13091 0.14265 0.22429 0.18029 3.611 x 10
500 -0.147 -0.13544 0.66783 0.34639 0.2921 4.330 x 10°
700 0.0332 -0.17823 1710 x 10”° 0.68698 0.63535 0.1921
850 0.55907 0.2718 6.851 x 10° 1.27771 1.14982 0.0877
1000 -0.9933 -0.87725 0.50283 1.36974 1.39154 0.8595
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Figure captions

Figure 1. (a) Time-mean TMI GPROF precipitation for January, 1998. (b) Difference between
TMI observation and precipitation from the GEOS control sampled at TMI observation locations.
Positive and negative values are inidcated by solid and dash contours, respectively. Also shown
are tropically-averaged spatial anomaly correlation (AC), bias, and error std dev. (c) Same as (b)
but for the TMI PCP assimilation. The percentage change in error std dev relative to the control

is shown in parentheses. (d) Same as (c) but for the TMI PCP+TPW assimilation.

Figure 2. (a) Time-mean TMI Wentz TPW retrieval for January, 1998. (b) Difference between
TMI observation and TPW from the GEOS control sampled at TMI observation locations,
together with tropical-mean spatial statistics. Positive and negative values are inidcated by solid
and dash contours, respectively. (¢) Same as (b) but for the TMI PCP assimilation. The
percentage changes in bias and std dev relative to the control are shown in parentheses. (d) Same

as (c) but for the TMI PCP+TPW assimilation.

Figure 3. (a) Time-averaged CERES/TRMM ERBE-like OLR for January, 1998. (b) Difference
between CERES observation and OLR from the GEOS control with the same sampling, together
with tropical-mean spatial statistics. Positive and negative values are inidcated by solid and dash
contours, respectively. (¢) Same as (b) but for the TMI PCP assimilation. Percentage changes in
statistics relative to the control are shown in parentheses. See text for an explanation of the

asterisk. (d) Same as (c) but for the TMI PCP+TPW assimilation.

Figure 4. (a) Time-averaged CERES/TRMM ERBE-like OSR for January, 1998. (b) Difference
between CERES observation and OSR from the GEOS control with the same sampling, together
with tropical-mean spatial statistics. Positive and negative values are inidcated by solid and dash
contours, respectively. (¢) Same as (b) but for the TMI PCP assimilation. Percentage changes in
statistics relative to the control are shown in parentheses. (d) Same as (c) but for the TMI

PCP+TPW assimilation.
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Figure 5. Error std dev in tropically averaged OLR as a function of averaging periods of 1, 5,

10, 15, and 30 days for the first 30 days in January, 1998.

Figure 6. Synthetic HIRS2 channel 12 brightness temperature for January, 1998. (a) Control
minus TOVS observation, with dashes indicating negative values. (b) Change in brightness
temperature: PCP+TPW assimilation minus control. Percent changes in tropical-mean bias and
error std dev are shown in brackets. Positive and negative values are inidcated by solid and dash
contours, respectively. (¢) Change in specific humidity at 400 hPa. The spatial correlation
between negative humidity anomalies and positive brightness temperature anomalies in (b) is -
0.65. (d) Corresponding change in the omega velocity at 400 hPa. The correlation between

positive anomalies in omega velocity and negative humidity anomalies in (c) is -0.78.

Figure 7. Synthetic MSU channel 2 brightness temperature for January, 1998. (a) Control minus
TOVS observation. (b) Change in brightness temperature: PCP+TPW assimilation minus control.
Percent changes in tropical-mean bias and error std dev are shown in brackets. Positive and

negative values are inidcated by solid and dash contours, respectively.

Figure 8. (a) Change in precipitation between PCP+TPW assimilation and the control for January,
1998. Superimposed are the changes in the horizontal divergent wind vector at 200 hPa. (b)
Change in the omega velocity at 500 hPa. The correlation between this and the change in
precipitation in (a) is -0.88. (c¢) Corresponding change in OLR. The correlation between this and
the change in precipitation is -0.72. (d) Change in OSR. The correlation between this and the

change in precipitation is 0.70.
Figure 9. Ensemble-mean rms error for 12 cases of 5-day forecasts of the 500 hPa geopotential

height: Solid lines are results using the ECMWF analysis as verification. Dashes are same

forecasts with the GEQOS assimilation as verification.
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Impact of Rainfall and TPW Assimilation on Precipitation
at TMI Observation Locations: January 1998
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Impact of Rainfall and TPW Assimilation on OLR: January 1998

a) CERES/TRMM Outgoing Longwave Radiation
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Impact of Rainfall and TPW Assimilation on OSR: January 1998
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ERROR STD DEV IN OLR AS A FUNCTION OF AVERAGING TIME
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Synthetic Brightness Temperature T, for HIRS2 Channel 12
and 400hPa Moisture and Vertical Motion: January 1998
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Synthetic Brightness Temperature T, for MSU Channel 2
January 1998

Minus MSU Channel 2: BIAS= 1.30 STDV= 0.23
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500 hPa HEIGHT: 12 CASE ENSEMBLE, 9712-9801
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