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Abstract: The prediction skill of tropical synoptic scale transients (SSTR) such as monsoon low and depression during the boreal summer of 2007–2009 are assessed using high resolution ECMWF and NCEP TIGGE
forecasts data. By analyzing 246 forecasts for lead times up to 10 days, it is found that the models have good
skills in forecasting the planetary scale means but the skills of SSTR remain poor, with the latter showing
no skill beyond 2 days for the global tropics and Indian region. Consistent forecast skills among precipitation, velocity potential, and vorticity provide evidence that convection is the primary process responsible
for precipitation. The poor skills of SSTR can be attributed to the larger random error in the models as they
fail to predict the locations and timings of SSTR. Strong correlation between the random error and synoptic
precipitation suggests that the former starts to develop from regions of convection. As the NCEP model has
larger biases of synoptic scale precipitation, it has a tendency to generate more random error that ultimately
reduces the prediction skill of synoptic systems in that model. The larger biases in NCEP may be attributed to
the model moist physics and/or coarser horizontal resolution compared to ECMWF.
Keywords: Prediction skill, Synoptic scale transients, Random error
MSC: 86A10, 76E06, 76E99

1 Introduction
Since the global weather experiment in 1979, major advances in global numerical weather forecasting have
been made by operational centers [1]. They have resulted from improvements in the global observing system,
research in analysis, data assimilation, modeling, and increase of computational power at the operational
centers. The latter has allowed global models to be run at higher spatial resolution using more sophisticated
physics parameterizations. In addition, the Ensemble Prediction System (EPS) approach was introduced in
1992 by the European Centre for Medium-Range Weather Forecasts (ECMWF [2, 3]) and the National Centers
for Environmental Prediction (NCEP [4, 5]).
Although increased computing power and improvement of the NWP models have led to considerable advancement in predicting large planetary scale precipitation distribution, forecasting precipitation anomalies
over the global tropics (0◦ -360°, 20° S–20° N) remains challenging. This issue is more acute over the Indian
subcontinent (60◦ –110◦ E; 0◦ –40◦ N) during the summer monsoon season, which is dominated by synoptic
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disturbances over the region [6]. The skills of NWP models to forecast the spatial and temporal evolution of
precipitation for synoptic disturbances are still relatively low even though forecasts with lead times up to 10
days would be very useful for water resources management and mitigating the impacts of heavy precipitation
systems that produce flood.
In 2005, the World Weather Research Programme (WWRP) initiated a major agenda to facilitate collaboration between the academic and research community in the development and improvement of EPS. Under
WWRP, The Observing System Research and Predictability Experiment (THORPEX) Interactive Grand Global
Ensemble (TIGGE) began to generate ensemble forecasts from 10 operational weather forecast centers and the
data were archived in near real time mode [7]. Earlier studies had performed detailed analyses of extra tropical
storm tracks predictions [8], their regional differences [9], and their northern and southern hemispheric EPS
forecast skills [10, 11], respectively, using two TIGGE members, namely ECMWF and NCEP. ECMWF ensemble
mean and control experiments perform better in terms of different cyclone properties [11] and short range
quantitative precipitation forecasts [12]. These studies all showed the utility and strength of EPS provided by
the TIGGE initiative in short-range forecasts.
To date a comprehensive analysis of the skill of EPS in forecasting weather scale anomalies across the
global tropics is lacking, despite longstanding efforts at the global centers to enhance the tropical forecast
skill. To fill this gap, we analyze the forecast skill up to 10 days lead time for the synoptic scale transients
(SSTR) over the global tropics as well as Indian region using both the ECMWF and NCEP EPS. SSTR are commonly associated with heavy precipitation events but current models generally fail to predict them with sufficient lead time. By evaluating the prediction skill of SSTR over the tropical region, we hope to provide guidance for operational forecasters to assess their forecast strategy. This paper describes the data and methodology in Section 2, followed by results and discussion in Section 3 and Section 4 summarizes the conclusion.

2 Data and Methodology
The EPS products of ECMWF and NCEP archived in TIGGE are analyzed for the period of 1 June to 21 August (JJA) of 2007-2009. The EPS for both centers differs in a large number of ways. For the initial condition
perturbations ECMWF use singular vectors [2, 13] perturbation whereas NCEP uses an ensemble transform
method [14]. Besides applying perturbations to the initial state, ECMWF also applies random perturbations
to the parameterized physical processes (stochastic physics [15]). The centers also use different data assimilation methods, with ECMWF adopting 4DVAR (4 dimensional variational data assimilation) whereas NCEP
uses the GSI (gridpoint statistical interpolation) method. The ECMWF model produced forecasts for 15 days,
with model horizontal resolution of TL399 (0.45◦ ) for the first 10 days compared to TL255 (0.7◦ ) for the last
five days, with 62 vertical levels throughout the forecast period. NCEP produced forecasts for 16 days at T126
(0.9474◦ ) horizontal resolution with 28 vertical levels throughout the forecast period [10]. Both centers used
daily initial conditions and forecasted for 15 days or 16 days ahead. Out of the 15 or 16 days forecasts, forecasts for the first 10 days of each day between 1 June and 21 August (JJA) of 2007-2009 are analyzed, so the total
number of forecasts is 82 × 3=246. These samples are composited to analyze the prediction skill of SSTR over
the global tropics as well as Indian region. To evaluate the skills, we use three parameters, namely 200 hPa
velocity potential (VP), 850 hPa vorticity as a proxy of convection, and precipitation. Consistency in forecast skill among these variables is an indication of the robustness of the results and provides evidence that
convection is the primary process responsible for precipitation in the tropics. The forecast precipitation field
is compared with daily data from the Global Precipitation Climatology Project (GPCP) [16] and the Tropical
Rainfall Measuring Missions (TRMM3B42) [17] while the other forecast parameters (i.e. 850 hPa vorticity and
200 hPa VP) are compared with the ECMWF Interim Analyses (ERA Interim) and NCEP Reanalysis (NCEPR)
data. For verification purpose the ECMWF and NCEP precipitation forecasts are interpolated to the 1-degree
horizontal grid of GPCP using bi-linear interpolation technique. For wind, it is interpolated to the 1.5-degree
grid of ERA-Interim data using the same technique.
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From the total forecasted fields (e.g., precipitation or wind) we define the ‘Mean’ and ‘Synoptic scale
transients (SSTR)’. Mean is defined by feature with horizontal scales larger than 5000 km, so it replicates
the planetary scale pattern. SSTR is defined as feature with horizontal scales of 1000 – 3000 km with wave
numbers 12 to 40. To construct SSTR, we first apply a spatial bandpass filter to separate out the wave numbers
(12 to 40) corresponding to the 1000 – 3000 km horizontal scale from the actual series. Then we used the filter
data series as SSTR series as they contain only wave numbers 12 – 40 corresponding to the 1000 – 3000 km
scale and do not include any information for features at other spatial scales. We apply similar analysis to both
models (ECMWF & NCEP) and observations to reconstruct the SSTR.
Then we compute the Pearson’s correlation coefficient (CC) and Root Mean Square Error (RMSE) between
the model and observed mean and SSTR time series averaged over the global tropics as well as the Indian
region. The CC between two variables, X and Y, is defined as the covariance of the two variables divided by
the product of their standard deviation, where n is the total number of forecasts (=246).
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Pattern correlation (PCOR) is defined as the Pearson product-moment coefficient of linear correlation between
two variables that are respectively the values of the same variables at corresponding locations on two different
maps. The two different maps can be for different times, for different levels in the vertical direction, for forecast
and observed values, etc. occasionally referred to as map correlation. RMSE is defined as the measure of
the differences between values predicted by a model and the values actually observed. Basically, the RMSE
represents the sample standard deviation of the differences between predicted values and observed values.
Lastly to estimate the difference in forecast skills we computed the threat scores since they are widely
used as performance measures of forecast quality. One widely used threat score is equitable threat score (ETS)
that measures the fraction of observed and/or forecast events that were correctly predicted [18]. Since this is
a measure of dichotomous (yes-no) forecast, it can be verified through the use of a 2 × 2 contingency table
(mentioned below). ETS adjusts the fraction of the union of observed and forecast areas that were correctly
forecasted, in order to remove the expected size of the correct forecasts due to random chance.

Forecast

Hits
False alarm
Hits + False Alarm

Observed
Misses
Hits +Misses
Correct negative
False alarm + Correct negative
Misses + Correct negative Hits + Misses +False Alarm +Correct negative

ETS=(hits - hitsrandom ) / (hits+misses+false alarm-hitsrandom )
where, hitsrandom = (hits+misses) ×(hits+false alarm) / Total
ETS is widely used in verification of rainfall in NWP models because its “equability” allows scores to be
compared more fairly across different regimes. Because it penalizes both misses and false alarms in the same
way, it does not distinguish the source of forecast error.

3 Results and discussion
3.1 Skills of the large planetary scale mean distribution
It is recognized that the present day models have a reasonable skill in short range forecast for the large planetary scales in the tropics but forecasting the exact time and location of synoptic systems remains a major
challenge [19]. Hence it is useful to first determine how well the ECMWF EPS and NCEP EPS are able to capture
the large planetary scale mean patterns.

Prediction skill of tropical synoptic scale transients |

29

Figure 1: JJA (2007 - 2009) average large scale precipitation from observation (GPCP) and forecasts from ECMWF EPS and NCEP
EPS for different lead times (Day1, Day3, Day5, Day7 and Day10). The pattern correlations (PCOR) of ECMWF and NCEP with the
GPCP data are marked at the top right corner of each panel.

Figure 2: JJA (2007 - 2009) average large scale precipitation from observation (TRMM3B42) and forecasts from ECMWF EPS and
NCEP EPS for different lead times (Day1, Day3, Day5, Day7 and Day10). The pattern correlations (PCOR) of ECMWF and NCEP with
the TRMM3B42 data are marked at the top right corner of each panel.

As per expectations the day 1 to day 10 large scale precipitation from ECMWF and NCEP EPS are comparable with both GPCP and TRMM3B42 (Figure 1 and Figure 2), except for the eastern and central Pacific
region in NCEP. However, the lower PCOR in NCEP (0.79 – 0.68) compared to ECMWF (0.9 – 0.83) from day
1 onward suggests a larger bias in NCEP compared to ECMWF. NCEP shows stronger wet biases over central
and eastern Pacific and also over north Indian Ocean since day 1, and a dry bias over western Pacific from
day 5 onward (Figure 3) compared to GPCP. The dry and wet biases in ECMWF are significantly less compared
to NCEP but appear to increase with the forecast lead time in both ECMWF and NCEP EPS (Figure 3). Similar
pattern of biases comparing the forecasts to TRMM3B42 (Figure 4) suggest a broader problem in the NCEP
model forecast. It is also important to note that biases in rainfall are more prominent over regions where the
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Figure 3: Difference of JJA (2007 - 2009) average lead time (Day1, Day3, Day5, Day7 and Day10) large scale precipitation forecast
for ECMWF EPS and NCEP EPS from observation (GPCP).

model has its maximum rainfall variability (Figure 5). Consistent with this spatial distribution of mean pattern, the ECMWF model shows (Figure 6a; solid black and green curve) a reasonably high CC of more than
0.8 for precipitation over the global tropics (20S-20N) for 10 days lead time with respect to both GPCP and
TRMM3B42. The NCEP model (Figure 6a; solid red and blue curve) is similar but with a lower CC. However
the CC over the Indian region (Figure 6d) in both models is found to be lower than the rest of the global tropics. Another interesting point is that NCEP has a consistently lower skill compared to ECMWF throughout the
forecast period compared to both observational data sets. It can also be noted that consistent with the CC,
the RMSE of precipitation (Figure 7a and 7d) in NCEP (solid red and blue line) are higher than ECMWF (solid
black and green line) over the global tropics as well as the Indian region.
We further analyze the vorticity at 850 hPa and VP at 200 hPa as the vertical extent of the synoptic systems, specifically monsoon synoptic systems, can reach that level over the Indian region. The mean vorticity
at 850 hPa shows a relatively higher CC (Figure 6b and 6e) and lower RMSE (Figure 7b and 7e) with respect
to both the ERA interim and NCEPR in both the ECMWF (solid black and green line) and NCEP (solid red and
blue line) models. Consistent with the 850 hPa vorticity, the 200 hPa VP also reveals a high CC and lower
RMSE persistent throughout the 10 days of forecasts (Figure 6 and 7). These analyses suggest that both models show a reasonable skill in forecasting the global mean distributions of precipitation, vorticity and VP and
provide enough confidence to estimate the prediction skills for the SSTR. But for the planetary scale precipi-
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Figure 4: Difference of JJA (2007 - 2009) average lead time (Day1, Day3, Day5, Day7 and Day10) large scale precipitation forecast
for ECMWF EPS and NCEP EPS from observation (TRMM3B42).

tation forecast, ECMWF (blue dots) consistently has higher skills compared to NCEP (red dots) as reflected in
the Taylor diagram (Figure 8), in terms of higher CC, lower RMSE and less biases, with some possible reasons
discussed in section 3.4.

3.2 Skills of the Synoptic scale transients (SSTR)
The SSTR covers a variety of scales, including the monsoon low and depression over the Indian region and
tropical cyclone (TC) or hurricanes over the global tropics, which is defined as variability with a horizontal
scale of about 1000–3000 km. The overall performance of the model depends on its ability to forecast the
SSTR with a reasonable lead time. The method to construct the SSTRs is described in the methodology section
but briefly we first apply a spatial filter to separate out the wave numbers 12–40 (corresponding to 1000 –
3000 km) from the actual series and reconstruct a new time series by retaining those wave numbers for both
model and observations. We computed the CC, RMSE and ETS of the reconstructed model time series with
respect to the reconstructed observations for SSTR. To quantitatively compare the performance of both models
we computed the normalized pattern statistics for precipitation (Figure 8). The results are presented in the
Taylor diagram [20] in which the distance from the origin indicates the normalized standard deviation, and
the cosine of the angle of the position vector indicates the pattern correlation between the observed and
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Figure 5: Spatial distribution of the standard deviation of precipitations from (a) ECMWF and (b) NCEP TIGGE forecasts.

simulated variable. The distance from the reference point (marked as ‘REF’) to the plotted points denotes the
RMSE. The results clearly show that the skills of SSTR (brown and green dots) are much lower than the skill
of ‘Mean’ (blue and red dots) for both the ECMWF and NCEP EPS over the global tropics (Figure 8). Although
both models have limited skill in predicting the SSTR for precipitations, the ECMWF EPS (green dots) shows
relatively higher skill compared to the NCEP EPS (brown dots) although the skills are still limited by day 2.
The time evolutions of CC and RMSE (Figure 6 and 7) of SSTR for the global tropics and the Indian region
are in good agreement with the Taylor diagram (Figure 8) showing higher skill for ECMWF to predict SSTR
compared to NCEP EPS, but both models show no skill beyond 2 days of lead time for forecasting the SSTR for
precipitation over the respective regions. This highlights the fact that precipitation associated with SSTR is
very difficult to forecast even with state-of-the-art numerical models. Also better forecast of ECMWF is consistent with an earlier study [21] that found higher correlation and minimum RMSE for ECMWF with respect to
the observations over United Kingdom during 2003 – 2005. The model skill for the 850 hPa vorticity (200 hPa
VP) also falls sharply by 2–3 days (3–4 days) of lead time (Figure 6b & 6c; dotted black/red lines) over the
global tropics as well as the Indian region.
After establishing a better prediction skill in terms of higher CC and lower RMSE of planetary scale
weather patterns relative to SSTR, now we focus on comparing ETS since its “equability” allows scores to be
compared more fairly across different regimes and it penalizes both misses and false alarms to reduce the by
chance forecast skill. Figure 9a shows the time averaged ETS skill score for different precipitation thresholds
from light to heavy, for both the planetary mean (solid line) and SSTR (dashed) in ECMWF (red color) and
NCEP (blue). Consistent with the deterministic forecasts verification metrics, ETS also shows higher skill for
the planetary scale precipitation compared to SSTR. Furthermore, both planetary and SSTR prediction skills
fall sharply with the precipitation threshold, suggesting that heavy precipitation is more difficult to predict

Prediction skill of tropical synoptic scale transients |

33

Figure 6: Correlation between Observations and ECMWF EPS (black and green line) or NCEP EPS (red and blue line) over the
Global Tropics (0◦ –360◦ ; 20◦ S–20◦ N) for (a) precipitation, (b) vorticity at 850 hPa and (c) velocity potential at 200 hPa. Panel
(d); (e) and (f) are similar to panel (a), (b) and (c) but over the Indian region (60◦ –110◦ E; 0◦ –40◦ N) respectively. Solid line signifies correlation of the mean whereas dashed line denotes that of the synoptic scale transients respectively. For precipitation
GPCP and TRMM3B42 represents observations and for vorticity at 850 hPa and velocity potential at 200 hPa ERA Interim and
NCEP Reanalysis are used in place of observation.

by the present day models. To quantify how the prediction skill falls with the lead time, we computed the
time evolution of ETS for different rainfall thresholds for both the planetary scale mean (solid line) and SSTR
(dashed) in ECMWF (Figure 9b) and NCEP (Figure 9c), respectively. Figures 9b and 9c show a very similar
time evolution pattern depicted by the deterministic metrics such as CC and RMSE in Figure 6a and 7a, suggesting that the SSTR skills fall much more rapidly with lead time. This consistent difficulty in predicting
SSTR between the ECMWF and NCEP modeling systems supports the robustness of our finding that even with
advanced ensemble forecasting systems, the skills of forecasting synoptic scale transient drop rapidly with
forecast lead time, hence limiting their usefulness to support disaster management in tropical regions.
The prediction skill of synoptic scale precipitation (~2 day) over the Indian region is consistent with the
error doubling time for the Indian summer monsoon weather, which is approximately 1.5 days in the recent
quarter century [22]. The lower initial forecast skill (till day 3) for the NCEP EPS compared to ECMWF EPS for
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Figure 7: Root Mean Square error (RMSE) between Observations and ECMWF EPS (black and green line) or NCEP EPS (red and
blue line) over the Global Tropics (0◦ –360◦ ; 20o S–20◦ N) for (a) precipitation, (b) vorticity at 850 hPa and (c) velocity potential
at 200 hPa. Panel (d); (e) and (f) are similar to panel (a), (b) and (c) but over the Indian region (60◦ –110◦ E; 0◦ –40◦ N) respectively. Solid line signifies RMSE of the mean whereas dashed line denotes that of the synoptic scale transients respectively. For
precipitation GPCP and TRMM3B42 represents observations and for vorticity at 850 hPa and velocity potential at 200 hPa ERA
Interim and NCEP Reanalysis are used in place of observation.

all the parameters, especially for precipitation, may be indicative of differences between the data assimilation
packages and/or the moist physics parameterizations of the two modeling systems.

3.3 Random Error analysis
After identifying the prediction skill for the mean and SSTR for precipitation and circulations (Figure 6; Figure 7; Figure 8 and Figure 9), we investigate further why the mean planetary scale precipitation forecast has
higher skills or lower errors compared to the SSTR. We analyzed the random components of total error in
precipitation since the systematic component does not vary significantly with time for short-range forecast.
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Figure 8: The composited normalized pattern statistics difference (Taylor diagram) comparing forecasts from two models for
both the ‘mean’ and ‘synoptic scale transients’ (NCEP Synoptic – brown; ECMWF Synoptic - green; NCEP Mean - red; and ECMWF
Mean - blue) with observations (GPCP) for the precipitation (Rf). ‘REF’ indicates as a reference point, which is the GPCP precipitation in this case.

The total error may be written as
Rf e = Rf model − RF obs ,
where Rf model is the model forecast data and RF obs is the corresponding observation. Now the total error
may be decomposed into systematic and random components. Systematic error is defined as that part of the
error that survives ensemble averaging over many forecasts, and can be estimated as the time mean error of
each forecast. The difference between the total error and the systematic error is the random error and may be
defined as the deviation from the time mean on each day for a fixed forecast time [23–25]. Now the total error
is partitioned into its systematic (time mean) and random (time transient) part as
Rf e = Rf es + Rf er
The systematic and random error components in variance form may be written as
Ke =

1
(Rf e .Rf e )
2

K es =


1
Rf se .Rf se
2

K er =


1
Rf re .Rf re
2

where Rf e is the total error (between model and observation field), Rf er is the random error component and
Rf es represents the systematic component of error, and K es and K er are the variances of the systematic and
random error components.
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Figure 9: Panel (a) depicts the composited 10 day averaged Equitable Threat Scores (ETS) for different precipitation (Rf) thresholds for both the planetary mean (solid line) and SSTR (dashed) in ECMWF (red color) and NCEP (blue) forecasting systems.
Panel (b) and (c) shows the time evolution of ETS for different Rf thresholds (e.g. 5, 10, 20 and 30 mm) for both the planetary
scale mean (solid line) as well as SSTR (dashed) in ECMWF and NCEP model respectively.

It is clearly seen from Figure 10a and 10b that the mean planetary scale forecasts for both models have
lower random error variance compared to that of the SSTR forecasts over both the global tropics as well as
Indian regions. So the planetary scale forecast has higher skill because the random error variance is lower
than that of the SSTR forecast over the forecast lead time, as errors in predicting the exact location and timing of the smaller scale events tend to cancel out. The difference in random error variance between NCEP
and ECMWF (Figure 11b) shows that random error is larger where the models have more significant moist/dry
biases in synoptic scale precipitation (Figure 11a). The random errors are also larger in regions where the
models fail to predict correctly the precipitation values (i.e., forecast errors measured by the averaged misses
and false alarms in the models), especially in the central tropical Pacific (Figure 11c) where the models also
have the maximum biases (Figure 3 and 4). That is, synoptic scale precipitation and random errors are correlated well with CC of 0.63, suggesting that higher random errors develop in regions with stronger synoptic
scale precipitation (Figure 12a). Analogous to the relationships between the Inter-Tropical Convergence Zone
(ITCZ) and the convectively coupled tropical waves [26, 27], a strong correlation between the ITCZ rainfall
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Figure 10: Time evolution of the variance of random error of precipitation (mm/day)2 for ECMWF (black) and NCEP (red) over (a)
Global tropics (0◦ –360◦ ; 20◦ S–20◦ N) and (b) Indian region (60◦ –110◦ E; 0◦ –40◦ N). Mean forecasts are shown in solid line
whereas SSTR are shown in dashed line.

biases and the forecast errors (0.688; Figure 12b) suggest that model errors are highly associated with regions
of deep convection. Further, random errors also correlate well with the forecast errors (CC=0.396; Figure 12c),
suggesting that errors start to grow from the regions where forecast fails. All the CC reported above are statistically significant at 99% confidence level by the Student t-test. This is apparently consistent with the finding
that random error starts to develop from regions of convection [25, 28]. In other words, the faster growth of
random errors in NCEP compared to ECMWF may be associated with the larger biases in the synoptic scale
precipitation in the NCEP model broadly over the central tropical Pacific, which causes lower synoptic scale
prediction skill of the model. Therefore, the larger random error in NCEP compared to ECMWF may be a result
of poorer simulation of the moist processes, which may be related to the physics representations, horizontal
resolution, and other factors.

3.4 Analysis of mean precipitation biases
The strong correlation between synoptic precipitation and random errors in SSTR suggests that differences in
moist processes represented by ECMWF and NCEP may be an important factor leading to the lower SSTR skill
in NCEP. To further elucidate the importance of moist processes in model forecasts, we noticed the stronger
wet biases of mean precipitation over the central to eastern Pacific and larger dry biases over the western
Pacific in NCEP compared to ECMWF (Figure 13a). A negative anomaly of moisture or a dry lower atmosphere
(Figure 13b) but a positive anomaly or a moist upper troposphere (Figure 13c) in NCEP compared to ECMWF
indicates stronger vertical moisture transport in NCEP. The reduced humidity near the surface due to the vertical moisture transport together with the stronger winds (Figure 13d) in NCEP increase the surface latent heat
flux (Figure 13e). This moistens the atmosphere and increases the column integrated moisture (Figure 13f)
over the central to eastern Pacific in NCEP compared to ECMWF. This stronger hydrological cycle associated
with stronger evaporation and lower level moisture convergence (Figure 13g) is consistent with the larger positive biases of precipitation (Figure 13a) over this region in NCEP compared to ECMWF. The stronger Hadley
circulation as reflected by the stronger lower level moisture convergence and vertical moisture transport in
the NCEP model may be driven by the stronger diabatic heating associated with the wet biases over the tropical Pacific through a positive feedback between moist processes and large scale circulation. Hence the larger
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Figure 11: Spatial distribution of 10 days forecast average difference between NCEP and ECMWF for (a) synoptic scale precipitation (mm/day), (b) variance of random error of Precipitation (mm/day)2 and (c) forecast errors (%; average between misses and
false alarms).

biases in the mean precipitation as well as SSTR in NCEP compared to ECMWF may be related to differences in
how moist processes are simulated due to differences in physics parameterizations and/or model resolution.
The tropical precipitation variability from several global reanalysis products including ECMWF and NCEP
has been compared with TRMM data in the past [29]. Since the reanalyses are less well constrained by observations over the global tropics, they may exhibit similar biases compared to those found in the ensemble forecasts analyzed in this study. The previous study noted that all reanalysis products are different from TRMM,
showing positive mean biases in precipitation and significant deficiencies in representing convectively coupled equatorial waves and variability in the high-frequency range. In particular, the NCEP/DOE global reanalysis shows the largest wet bias among the reanalysis products, with intense rainfall along the ITCZ, while
the NCEP/NCAR global reanalysis has much lower tropical rainfall biases. It was noted that the NCEP/DOE
global reanalysis uses a slightly modified version of the convective parameterization that was used in the
NCEP/NCAR global reanalysis, which apparently could lead to important differences in many aspects of precipitation found in the two reanalysis products. Although their results are consistent with many other studies
that highlighted the importance of the convective parameterization in determining precipitation variability in
climate models (e.g., [30, 31]), they also noted that the choices of other model physics such as radiative transfer and boundary layer processes are important. These conclusions also find support in a set of theoretical
studies [26, 27, 32, 33] on the relationship between convectively coupled tropical waves (analogous to SSTR)
and the ITCZ (analogous to the planetary scale pattern). It is plausible that part of the differences between the
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(a)

(b)

Forecast Errors (%)

(c)

Forecast Errors (%)

Figure 12: The scatter distribution of differences (NCEP - ECMWF) between (a) synoptic scale precipitation biases (mm/day) and
random errors of precipitation (mm/day)2 , (b) forecast error (%) and rainfall biases (mm/day), and (c) forecast error (%) and
random errors of precipitation (mm/day)2 are represented respectively.

ECMWF and NCEP results for the SSTR may be related to different skills in simulating the large-scale structure
of the ITCZ in the tropical Pacific Ocean in the two models. Although the analysis we presented above pointed
to the role of moist processes in differentiating the precipitation biases in ECMWF and NCEP, we do not exclude other factors such as model resolution, other physics parameterizations, and data assimilation system
in contributing to the differences in forecasting skill between the two systems. Of particular challenge in isolating the causes of the forecast skill difference between ECMWF and NCEP is the fact that different factors
such as physics parameterizations and model resolution interact through their impacts on diabatic heating
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Figure 13: Spatial distribution of 10 days forecast average difference between the NCEP and ECMWF (NCEP - ECMWF) for (a) Precipitation (mm/day), (b) 1000 hPa Specific Humidity (g/kg), (c) 300 hPa Specific Humidity (g/kg), (d) 1000 hPa Wind (m/sec), (e)
Surface latent heat flux (W/m2), (f) Column integrated moisture (g/kg) and (g) Surface moisture convergence (mm/day).

that subsequently alters the large-scale circulation. Future studies aiming specifically at resolving the differences between the ECMWF and NCEP forecast skills will benefit from coordinated sensitivity experiments
replicated across the forecasting centers and archived results accessible by the research community.

4 Conclusion
The analyses presented in this study using 246 forecasts from two leading forecasting centers evaluated using
two observational datasets provide the first systematic assessment of the EPS forecast skill to capture the SSTR
of the global tropics and the Indian region. The use of a large number of forecasts and multiple skill metrics
enables a robust estimation of forecast skill and identification of the sources of errors that limit the forecast
skill. We show that despite a reasonably high forecasting skill for the mean up to 10 days of lead time, the
skills of forecasting SSTR are poor over the global tropics and Indian region. This indicates that while models
have improved significantly in forecasting the mean planetary scale precipitation and circulation in the tropics, the skill in forecasting synoptic scale anomalies remains poor. This finding is consistent with an earlier
study [34], which noted that large-scale precipitation systems are better correlated with gauge measurement
than convective scale precipitation. Similar results from the ECMWF and NCEP EPS and in several variables
such as precipitation, vorticity, and velocity potential indicate the robustness of our findings. The poor skill
of SSTR can be attributed to the higher random error (rather than systematic error) as the models fail to predict the exact locations and timings of the SSTR. Random error is larger in places where the models have
significantly larger wet/dry biases in synoptic scale precipitations, suggesting that random error starts to develop from the region of convection. The larger biases in synoptic precipitation in NCEP may be attributed to
the model moist physics parameterizations and/or coarser horizontal resolution compared to ECMWF. These
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factors may have also contributed to the larger positive biases of mean precipitation in the tropical Pacific in
NCEP compared to ECMWF. As discussed in the Figure 13, NCEP simulated an overall stronger Hadley circulation as reflected by the stronger lower level moisture convergence and vertical moisture transport, which
may result from stronger diabatic heating associated with higher mean precipitation compared to ECMWF.
The results presented in this study do not dispute the fact that notable improvements in some aspects
of tropical weather forecasts such as TC initiation [35], TC tracks [36, 37] and TC precipitation false alarms,
have taken place during the past decade. Notwithstanding this progress, the forecast models fail to predict
the lows, depressions and easterly waves in terms of the correct location and timing. As tropical weather
is largely determined by the SSTR, and the high frequency systems are also embedded in the convectively
coupled waves such as the Madden Julian Oscillation [38] that provide an important source of intraseasonal
predictability in the tropics, poor skill in their prediction remains a major issue. This study motivates the
needs for further improvements in model physics parameterizations, model resolution, and data assimilation systems that may enhance the skill for forecasting SSTR. As forecasting systems are continuously being
updated, documenting important aspects of forecast skill over multiple versions of the model is important to
verify improvements over time and inform future development. Although the forecasting systems being evaluated are not the newest model versions, the TIGGE data provide a unique resource that enabled our study
to provide the foundation for more analysis using newer versions of the models.
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