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ABSTRACT: This study aims to understand the source of surface air temperature bias over the contiguous United States
(CONUS) during boreal summer (June-September) in the Unified Forecast System (UFS) coupled model prototype 8 (P8),
developed by the National Centers for Environmental Prediction (NCEP) and the National Oceanic and Atmospheric
Administration (NOAA). The focus is on the subseasonal variability defined as a weekly average in weeks 2-5 of forecast
leads (total 224 cases; 4 weeks X 2 initialization dates X 4 months X 7 years). The large-scale surface air temperature bias
pattern is extracted using the empirical orthogonal function (EOF) analysis. The associated principal component de-
scribes the variability of bias for each reforecasting week throughout the 2011-17 reforecasting period. The leading EOF
of surface air temperature bias exhibits an east-west dipole pattern over the CONUS, explaining 31.6% of the total vari-
ability of weekly temperature bias. This bias pattern is strongly related to the upper-level Rossby wave induced by a bias
in convection over the central tropical Pacific. Furthermore, the mean bias of background flow in the extratropics de-
grades the representation of teleconnections from the tropics to the midlatitudes. UFS P8 has weaker zonal wind over the
North Pacific with stronger vertical wind shear than the ERAS reanalysis. The weak zonal wind hampers the Rossby
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wave’s propagation, while strong vertical shear reduces its amplitude.
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1. Introduction

The most extreme weather events, such as tropical cy-
clones, heatwaves, and cold surges, occur on subseasonal time
scales between a week to a month (Vitart and Robertson
2018; Vitart et al. 2019; Robertson et al. 2020; Domeisen et al.
2022). The high impact of these events on societal activities
and human health underscores the importance of subseasonal
to seasonal forecasting (White et al. 2017; Merz et al. 2020;
White et al. 2022). The forecast skill on subseasonal to sea-
sonal (S2S) time scales is affected by all Earth system compo-
nents: atmosphere, land, ocean, and sea ice (Meehl 1995;
Koster et al. 2010; Orsolini et al. 2013; Robertson et al. 2015;
Guemas et al. 2016). That means using a fully coupled climate
model is necessary for the skillful prediction of S2S time
scales.

Despite the existence of numerous state-of-the-art coupled
models for S2S forecasting (NCEP; Saha et al. 2006; GFDL;
Delworth et al. 2020; NASA; Molod et al. 2020; ECMWEF;
Vitart 2014; UKMO; Williams et al. 2018), subseasonal pre-
diction is still a challenging field. The sources of predictability
in the S2S time scale come from various factors such as
atmosphere—ocean/atmosphere-land interactions (Peng and
Kumar 2005; Saravanan and Chang 2019; Dirmeyer et al.
2019; Seo et al. 2024), tropics to midlatitudes teleconnections
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(Stan et al. 2017; Lin et al. 2019), and stratosphere—troposphere
coupling (Domeisen et al. 2020; Stan et al. 2022).

The National Centers for Environmental Prediction (NCEP)
of the National Oceanic and Atmospheric Administration
(NOAA) developed a new S2S 1 forecast system, the Unified
Forecast System (UFS), as a community Earth modeling sys-
tem. The initial development phase of UFS was carried out
across eight prototypes. A detailed comparison of the first
seven prototypes is given in Stefanova et al. (2022). The UFS
combines model components for the atmosphere, land, ocean,
sea ice, and waves. The last prototype has an additional aero-
sol component.

While UFS is a global model, one of the target areas
for forecasting is the contiguous United States (CONUS).
The weather and climate of the CONUS is affected by tele-
connections induced by tropical Pacific variability such as the
Madden-Julian oscillation (MJO) and El Nifio-Southern
Oscillation (ENSO) (Jenney et al. 2019; Jong et al. 2021;
Stan et al. 2022; Park et al. 2023; Williams et al. 2023).
Krishnamurthy et al. (2021) examined the subseasonal pre-
dictability of the UFS prototype 2 during boreal summer
and found reasonable skill for low-level horizontal wind
and 2-m temperature, especially over the western CONUS.
The source of predictability was attributed to ENSO and an
intraseasonal oscillation (ISO) from the Pacific. The predic-
tion of precipitation is less skillful. Krishnamurthy and Stan
(2022) evaluated the predictability of extreme precipitation
and temperature over CONUS in the UFS prototype 5.
They have shown that the predictability of these events is
also affected by the ENSO and Pacific ISO. Interestingly,
the model does not predict the extreme values of minimum
and maximum temperature over large western regions of
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CONUS. The number of extreme precipitation events is over-
estimated, and the location and amplitude of events have
large errors.

Because the prediction of tropical variability is affected by
biases, they can also induce forecast biases over the CONUS.
Stan et al. (2023) and Bai et al. (2023) investigated the impact
of tropical SST bias on the forecast biases over the CONUS
in the UFS prototypes 5 and 6, respectively. Both studies
found robust mean biases in surface air temperature and pre-
cipitation during weeks 14 of the forecast. However, the bias
patterns vary from week to week. For example, in week 3, the
warm SST bias in the western Pacific induces warm surface
temperature over the eastern CONUS, whereas a cold surface
temperature bias dominates the whole CONUS in week 4
(see Fig. 10 in Stan et al. 2023). This time-varying bias pattern
is insufficient to understand the source of errors in the model.
In the case of precipitation, the tropical SST bias can explain
up to 10% of the precipitation biases over the CONUS (Bai
et al. 2023).

The objective of this study is to examine the bias in the sur-
face air temperature over the CONUS during the boreal sum-
mer of 2011-17 in the UFS prototype 8 as well as identify the
source of biases. The focus is on boreal summer to avoid the
larger impacts of the Arctic and stratosphere that manifest in
winter. To exclude the initialization effects, only the forecast
bias from weeks 2 to 5 is considered. The large-scale spatial
pattern of the weekly surface temperature bias is identified
using the empirical orthogonal function (EOF; Wilks 2011)
analysis. These biases are then related to the upper-level at-
mospheric teleconnection biases using both statistical and dy-
namical methods. The EOF analysis provides the largest
variability of bias pattern rather than mean bias obtained by
averaging forecast errors. The spread of bias in each forecast
makes it more complicated to understand the behavior of the
model and to correct than mean bias.

The description of UFS prototype 8, observational data,
and used methodology are introduced in section 2. In section 3,
the weekly bias and the most dominant bias pattern with re-
lated atmospheric fields are shown. The shortcomings of UFS
prototype 8, with some possible reasons for the identified
biases, are discussed in section 4. The summary and conclusions
are given in section 5.

2. Model, data, and methods
a. Model

The UFS prototype 8 (UFS P8) is a fully coupled global
model. The atmospheric component uses the Geophysical
Fluid Dynamics Laboratory (GFDL) finite-volume cubed-
sphere dynamical core, which has c384 (~0.25°) horizontal
resolution and 127 vertical levels. The atmospheric physics
package is the candidate for the Global Forecast System
version 17 (GFSv17). The ocean model is GFDL Modular
Ocean Model 6 (MOMG6; Adcroft et al. 2019). The spatial res-
olution of MOMSG6 is a 0.25° tripolar grid with 75 hybrid vertical
levels. The Los Alamos Sea Ice Model, version 6 (CICES6),
WAVEWATCH 111, and Goddard Chemistry Aerosol Radiation
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and Transport model (GOCART; Chin et al. 2000) are used for
sea ice, waves, and aerosol components, respectively.

The reforecasts of UFS P8 are initialized on the first and
15th of each month from April 2011 to March 2018. The at-
mospheric initial conditions come from the Global Ensemble
Forecast System, version 12 (GEFSv12), analysis (Hamill et al.
2022) and the initial conditions of waves are forced by GEFS.
The land is initialized by the Noah-MP land model with a
combination of Global Soil Wetness Project and GDAS at-
mospheric forcing, while snow is initialized from Noah-MP
with NASA-GLDAS forcing. The ocean and sea ice are ini-
tialized by the CPC-3DVAR ocean data assimilation product
(Adcroft et al. 2019) and CPC Sea Ice Initialization System
(CPC-CSIS; Stefanova et al. 2022), respectively. Each refore-
cast extends to 35 days. In UFS PS8, there is only a determinis-
tic run for each initialization.

The stationary wave model (SWM) of Ting and Yu (1998)
is used to understand the physical mechanisms driving the
upper-level teleconnections. This is a dry dynamical core baro-
clinic model which can show a circulation response to diabatic
heating forcing. The resolution of this model is the rhomboidal
30 (R30) truncation (2.25° latitude X 3.75° longitude) with
14 sigma vertical levels.

b. Data

The European Centre for Medium-Range Weather Fore-
casts (ECMWF) ERAS reanalysis (Hersbach et al. 2020) is
used as atmosphere observational data. The horizontal resolu-
tion of ERAS is 0.25° in the latitude-longitude grid. Sea sur-
face temperature is compared with the NOAA Optimal
Interpolated SST, version 2 (OISSTv2; Reynolds et al. 2007),
which has 0.25° horizontal resolution. The NOAA interpola-
tion outgoing longwave radiation (OLR; Liebmann and Smith
1996) dataset is used for the analysis. Because NOAA OLR
has a coarser resolution of 2.5° in latitude and longitude, the
OLR from UFS P8 is regridded to 2.5°.

¢. Methods

This study focuses on the lead 2-5 weeks of reforecasting
during the extended boreal summer, June-September 2011-17.
All UFS and ERAS datasets are averaged in weekly means, and
weekly biases are calculated as the difference between the
weekly mean of UFS and ERAS reanalysis (UFS PS-ERAS):

weekly bias = F;, — O,, 1)

where F; and O; are the weekly average of UFS PS8 reforecast
and ERAS reanalysis, respectively. When the difference is
calculated between anomalies, the time-varying difference is
referred to as a forecasting error. Model anomalies do not in-
clude the systematic errors. The mean bias is then defined as
the average of all weekly biases:

N
z(F i Oi)

— @

mean bias =
N

where N is the total weekly forecasting cases from 2 to 5
weeks (N = 224).
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(a) Mean Bias (Weeks 2-5)
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FIG. 1. Warm season (June-September). (a) Mean bias and (b) standard deviation of bias (°C) in UFS P8 surface air
temperature compared to ERAS during weeks 2-5 over the CONUS.

The variability of bias is calculated as the standard devia-
tion of weekly biases.

The EOF analysis is applied to all weekly surface air tem-
perature biases (224 samples: 7 years X 4 months X 2 initial
dates X 4 weeks) over the CONUS (24°-50°N, 60°~130°W).
The leading EOF represents the dominant pattern of the
weekly bias, and the associated principal component (PC)
shows the amplitude of bias in each of the 224 forecast sam-
ples. Linear regression of various variables on the PC is con-
ducted to find sources of weekly bias (bias hereafter).

The ray-tracing algorithm introduced by Yang and Hoskins
(1996) shows the trajectories of Rossby waves, which are de-
rived from the dispersion relationship for Rossby waves:

_= Bk

V—uk7M7 (3)
. _df 9*U
B :d_y_V’ 4

where v is the wave frequency, u is the mean zonal wind, k
and / are the zonal and meridional wavenumbers, respec-
tively, and 8" is the meridional vorticity gradient with f as the
Coriolis parameter. Then, the components of zonal and me-
ridional group velocity of the Rossby wave are

_ov « (2= P)
Co =g =0 Bm’ (&)
v 2kl

CoTu P arny

(6)

Assuming stationary Rossby wave as v = 0, the trajectories
are obtained from group velocity:

dx 20 k?
dr - s (k2 +BR) )
dy . 2ukl
a2+ By ®)

In this study, the path of the Rossby wave is calculated following
the methods of Rehbein et al. (2020), except for minor modifica-
tion of zonally varying zonal wind at 500 hPa and turning lati-
tude to trap the Rossby wave in midlatitudes. They used zonally

averaged zonal wind and allowed the turning of the waves only
once when P < 0. These conditions produce waves with the
same shape of trajectory at all longitudes (e.g., see Fig. 9 in
Coelho et al. 2016). In this study, the zonal-mean zonal wind is
replaced by the zonal wind, and turning is allowed for all waves
when 2 < 0 so that any wave can propagate along the wave-
guide (e.g., subtropical jet). Wavenumbers 1-9 are integrated for
up to 30 days with 6 h of time step from every 5° grid point over
170°-185°E and 20°-35°N. The averaged wave paths are calcu-
lated as the average of longitude and latitude at the same time
step when the wave propagates over 200°E.

The wave activity flux (WAF) defined by Takaya and
Nakamura (2001) is a useful diagnostic for the propagation of
the stationary Rossby wave and its components are defined as

_pcosd) U (aq/)z 3 ll/azd/
* QUL |a? costd|\an, ar
vV (owey ,a"’W)

a? cos%b(ﬁ% v NP }’ ©)
P __ pcoso U (8¢/8¢/ o 6211/)
Y 2Ul |a? costpl\an ad v NP

Vi o

ellos) V5 } (o

where F, and F), are the zonal and meridional components of
WAF at 500 hPa, respectively; a is the radius of Earth; p is the
pressure; ¢ and A are the latitude and longitude, respectively;
U is 500-hPa wind vector which consists of zonal (U) and
meridional (V) wind; and ¢/ is a perturbation of streamfunc-
tion at 500 hPa. This perturbation is obtained by regression
onto PC.

3. Surface air temperature bias pattern

Previous prototypes of UFS tend to have dipole surface air
temperature bias patterns with warmer (colder) than ob-
served over the western (eastern) CONUS (Stan et al. 2022).
UFS P8 also shows a similar mean bias pattern in surface air
temperature (Fig. 1a). During weeks 2-5, the largest warm
mean bias is located over the Great Plains, presumably one of
the most sensitive regions to land-atmosphere interactions
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FIG. 2. (a) First EOF pattern (°C) of weekly surface air temperature bias over the CONUS and (b) related PC (unitless).

(Klein et al. 2006; Zhang et al. 2018). A cold bias dominates
in the northeastern region of CONUS. These bias patterns
are consistently shown in each week (Fig. S1 in the online
supplemental material). According to Stan et al. (2022), this
dipole bias pattern can be related to the SST bias over the
tropical Pacific. The variability of temperature bias, measured
by the standard deviation, tends to be larger than the ampli-
tude of mean bias (Fig. 1b). For example, the variability of
temperature bias over the western coast is 3 times larger than
the mean bias. Unlike the mean bias, the two local maxima in
variability are over the western coast and central CONUS.
This result suggests that regions with the largest biases are not

necessarily the regions with the most forecasting errors. The
dominant pattern of mean bias can be determined through
the EOF analysis described in section 2¢ applied to weeks 2-5.

Figure 2 shows the dominant EOF and related PC from sur-
face air temperature bias over the CONUS. The EOF consists
of a large-scale dipole pattern that explains 31.6% of the total
bias variability and is consistent with the variability pattern
seen in Fig. 1b. When the same analysis is conducted in each
week (1-5), the spatial pattern of the dominant EOF is consis-
tent with the results based on weeks 2-5 (supplemental Fig. 2)
except for week 1 when initialization errors dominate. There-
fore, all analyses are shown for the combined weeks 2-5.
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TABLE 1. The correlation coefficient of PCs in each week.
PCs are obtained from independent EOF analysis each week.
Parenthesis indicates correlations of PCs from combined weeks
(Fig. 2b).

Week 2 3 4 5
1 -0.23 —0.01 0.30 0.05
2 0.53 (0.49) —0.18 (—0.16) 0.24 (0.25)
3 0.13 (0.15) 0.31 (0.30)
4 0.43 (0.42)

The PC indicates the amplitude and the sign of bias for
each initialization date and week. Note that PCs of small am-
plitude do not indicate a lack of bias in the forecast. In the
EOF analysis, the average of weekly biases is removed to con-
struct an anomaly. Assuming the large contribution of biases
comes from EOFI, the bias pattern is almost the same as the
mean bias when the PC is 0. Time-varying bias seems almost
independent of each week, even if they have the same initiali-
zation. Table 1 shows the lag correlation between each week.
Although PC1 in week 2 has a correlation of 0.53 with week 3,
the correlation between weeks 3 and 4 is only 0.13; some high
correlation coefficients might be spurious correlations.

Next, to identify the potential drivers of the large-scale sur-
face air temperature bias, Z500, SST, and OLR biases are re-
gressed onto the PC1.

Figure 3 shows the regression patterns of Z500, SST, and
OLR biases related to the surface air temperature bias over
CONUS. In the upper-level atmosphere (Fig. 3a), there is a
clear Rossby wave pattern from the Pacific to the Atlantic,
which has a strong relationship with the dipole pattern of tem-
perature bias over the CONUS. In the midlatitudes, the west-
erly background flow favors the Rossby wave to propagate
eastward. In the case of SST (Fig. 3b), there are no significant
signals over the tropics, indicating that surface air tempera-
ture bias over CONUS has a small relationship with tropical
SST bias. Some zonal wave patterns are seen in the midlati-
tudes, which seem to be a response to the upper-level Rossby
wave. The regression of OLR bias (Fig. 3c) suggests that con-
vection in the tropical Pacific may be one of the dominant
sources of temperature bias, instead of surface heating. There
is significant convection over the tropical Pacific (purple box
in Fig. 3c) that produces a wave train propagating to the
CONUS, having consistency with 500-hPa geopotential height
(Fig. 4a).

This relationship between the OLR bias over the tropical
Pacific and temperature bias over the CONUS (Fig. 4b) also
shows consistency with the surface air temperature bias
pattern (Fig. 2a). Figure 4b indicates that OLR bias over the
tropical Pacific is strongly related to temperature bias over
the CONUS. The convection in the tropics is very challeng-
ing to forecast due to limitations in the parameterization of
moist convective processes in the model. Figure 5 shows the
mean bias of OLR and the anomaly correlation between the
predicted OLR and NOAA OLR as a measure of UFS abil-
ity to predict tropical convection in the central Pacific dur-
ing boreal summer. The anomaly correlation drops below 0.5
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within 2 weeks. Thus, the improvement of OLR over the
tropical Pacific has the potential to reduce temperature bias
over the CONUS.

4. Background flow bias in UFS P8

The teleconnection between the tropics and midlatitudes
on the subseasonal time scale provides an important source of
predictability of the upper-level atmospheric circulation and
weather over the CONUS (Stan et al. 2017). Consistent with
the previous findings (e.g., Stan et al. 2023; Bai et al. 2023),
the results of this study also emphasize the role of tropical
Pacific forcing onto the extratropics (Fig. 3). However, almost
all models have challenges in predicting teleconnections
forced by the tropics (Vitart 2017; Stan et al. 2022). For exam-
ple, the ECMWF model can predict the MJO over a month
but the forecast skill for MJO teleconnection is much shorter
(Vitart and Molteni 2010). This mismatch between the fore-
cast skill of MJO itself and MJO teleconnections can be at-
tributed to biases in upper-level circulation, as shown in
Fig. 3b. Figure 6 shows regression patterns of ERAS reanaly-
sis and UFS P8 onto the corresponding OLR anomaly over
the tropical central Pacific. In ERAS, the variability of OLR
is associated with clear teleconnections across the CONUS
(Fig. 6a) with a dipole temperature pattern (Fig. 6b). These
patterns are very similar to the regression patterns on OLR
bias (Fig. 4), which indicates the temperature variability over
the CONUS is strongly related to convection over the tropical
Pacific. In the case of UFS P8, the propagation of the Rossby
wave is much weaker than in ERAS, showing a weak tele-
connection and temperature response over the CONUS
(Figs. 6¢,d). Thus, even if the UFS P8 can provide perfect
OLR variability over the tropical Pacific, the model has a
bias over the CONUS due to the distorted link between the
tropics and midlatitudes caused by the misrepresentation of
teleconnections.

In the midlatitudes, the subtropical jet acts as a waveguide
for the Rossby wave propagating eastward (Schubert et al.
2011), and especially in boreal summer, the Rossby wave can
propagate circumglobally [e.g., circumglobal teleconnection
(CGT); Ding and Wang 2005]. Thus, biases in midlatitudes
mean flow, such as zonal wind and vertical wind shear, can in-
fluence the generation and propagation of the Rossby wave in
the model. Figure 7 shows the bias of 500-hPa zonal wind and
vertical wind shear calculated as the difference between 200-
and 850-hPa zonal wind. In the midlatitude Pacific, the UFS
P8 has weaker zonal wind at 500 hPa and stronger vertical
shear than in reanalysis. First, a bias in the zonal wind can
produce a weak waveguide in UFS P8, which cannot trap the
zonally propagating waves. The WAF in ERAS shows a clear
propagation of waves starting from the central tropical Pacific
to the North Atlantic, while in UFS, the Rossby wave propa-
gation is deflected southward over the northeastern Pacific
(Fig. 7a). According to Fandry and Leslie (1984), an idealized
Rossby wave has a lower frequency and weaker amplitude
when the vertical wind shear is strong. In UFS P8, the wave-
length and amplitude of the wave are slightly longer and
smaller than in ERAS, respectively (Fig. 7b).

Brought to you by NOAA Library | Unauthenticated | Downloaded 06/12/25 06:23 PM UTC



122 JOURNAL

(a) Regressed Z500

80°N

OF CLIMATE

VOLUME 38

60°N -

40°N +

20°N A

0°

120°E

o°w

=50

80°N

20 30 40 50

60°N A
40°N 1

v
20°N A

0°
120°E

—0.5

(c) Regressed OLR

-0.4 -0.3

80°N

60°N -

FIG. 3. The regressed bias of (a) 500-hPa geopotential height (m), (b) sea surface temperature (°C),
and (c) OLR (W m™?) on PC1. The dotted area indicates statistically significant at 0.01.

These differences in the propagation of the Rossby wave
are more clearly shown using the ray tracing methodology.
Figure 8 shows the trajectories of Rossby waves from wave-
numbers 1 to 9, which are grouped as wavenumber 1-2, 3-6,
and 7-9. The longwave (wavenumbers 1-2) Rossby waves
tend to have a northward path, and the shortwave (wave-
numbers 7-9) Rossby waves propagate on a southward path.
When the zonal wavenumber is between 3 and 6, the Rossby
wave path is well matched with the upper-level circulations
(Fig. 8a) and propagates eastward in the midlatitudes band,
which is the waveguide effect. The waves with wavenumbers
7-9 propagate eastward parallel to the equator. In UFS P8,

some wave paths pass over the CONUS, but most of the wave
paths are undefined or sunk off the West Coast of the CONUS.
For wavenumbers 3-6, this wave path matches the upper-level
circulations only over the western CONUS (Figs. 6¢ and 8b). In
addition, in the model, the weaker center of action located in
northeastern Canada can be explained by the inability of longer
waves (wavenumbers 1-2) to reach this region and stronger
vertical wind shear than in ERAS.

To further explore the role of OLR and mean state biases,
an idealized model experiment is conducted to examine the
upper-tropospheric teleconnection generated by OLR vari-
ability using the SWM. In the experiment, the diabatic heating
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area indicates statistically significant at 0.01. For consistency, the sign of OLR bias is flipped.

forcing is located in the central Pacific (20°-30°N, 175°E-165°W),
mimicking the negative OLR anomaly. The forcing is maximum
at 0.5682 sigma level, following an idealized diabatic heating pro-
file of deep convection (e.g., Schumacher et al. 2007). The back-
ground fields, including wind, temperature, and surface pressure,
are prescribed from ERAS and averaged between 2011 and 2017
June-September (JJAS). The simulation is integrated for 30 days.
Figure 9 shows the response of streamfunction to the diabatic
heating forcing. The response consists of upper-level circulations
over the North Pacific, showing the Rossby wave train from the
central Pacific to the Atlantic. Each node of the wave matches
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-20-16-12 -8 -4 4 8 12 16 20

the regression pattern in ERAS (Fig. 6a). The unrealistic response
in the tropics is likely caused by the idealized settings of the
model.

The experiments are then repeated using all background
fields from UFS P8 (Fig. 9a) and a combination of one field
from UFS P8 (e.g., temperature: Fig. 9b; zonal wind: Fig. 9c;
meridional wind: Fig. 9d) and the others from ERAS. In the
experiment with the background zonal winds from UFS P8,
the upper-level wave pattern is shifted westward as shown in
Figs. 7b and 8b. The experiments using temperature (Fig. 9b)
and meridional wind (Fig. 9d) show that these two fields have

0 (b) OLR Forecasting Skill
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/
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FIG. 5. (a) Spatial distribution of mean bias of OLR (W m™2) during weeks 2-5 and (b) anomaly correlation of OLR
in UFS P8 over the central Pacific [20°-30°N, 175°E-165°W, purple box in (a)].
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FIG. 6. Regression coefficient of (left) S00-hPa geopotential height (m) and (right) surface air temperature anomaly (°C)
in (top) ERAS5 reanalysis and (bottom) UFS P8 on averaged OLR anomaly over the central Pacific (20°-30°N, 175°E-
165°W, purple box), respectively. The dotted area indicates statistically significant at 0.01. For convenience, signs are flipped.

smaller impacts on the midlatitudes, demonstrating that In summary, the bias of background flow seems to contrib-
biases in the zonal wind including vertical wind shear can ex- ute to the bias in representing the tropics to midlatitudes tele-
plain the degradation of the upper-level Rossby wave seen in  connections on the S28 time scale. In UFS P8, the weak zonal
UEFS P8. wind slows down the eastward propagation of the Rossby
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FIG. 7. Difference of (a) 500-hPa zonal wind (m s ') and (b) vertical wind shear (200-850-hPa zonal wind, m s 1)
between ERAS and UFS P8 with the regressed WAF (vector, m* s~2) and 500-hPa geopotential height (m) on the
central Pacific OLR in ERAS (red) and UFS P8 (blue), respectively.
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FIG. 8. Ray tracing of wavenumbers 1-2 (black), wavenumbers 3-6 (red), and wavenumbers 7-9 (blue) in (a) ERAS
and (b) UFS P8. The solid line indicates the averaged path of each group of wavenumbers when the wave propagates

east of 200°E. Shaded is as in Figs. 6a and 6c.

waves, which, along with strong vertical wind shear, are not
favorable conditions for stationary waves with longer wave-
lengths and weak amplitude.

5. Summary and conclusions

This study aims to identify and analyze potential factors
contributing to the variability of surface air temperature bias
across the CONUS within the UFS P8 model. The mean bias
of UFS P8 is similar to the bias identified in previous proto-
types as shown by Stan et al. (2022) and Bai et al. (2023). Us-
ing an EOF analysis, the structure of the largest variability of
the surface air temperature bias emerges as an east-west di-
pole pattern over the CONUS. This methodology diagnoses
the spatial structure of bias and defines a bias index associated
with the bias pattern. The large-scale bias pattern in UFS P8
explains 31.6% of total bias variability and is strongly related
to upper-level atmospheric circulation originating from the
tropical central Pacific. The results suggest that the OLR bias
over the tropical central Pacific generates a wave-like bias
pattern in the upper atmosphere and affects the surface air
temperature in the extratropics. A similar wave-like bias

pattern was identified in previous UFS prototypes, but the
source of bias was associated with the tropical SST bias (Stan
et al. 2023; Bai et al. 2023).

Representing teleconnection from the tropics to midlati-
tudes is one of the challenges of the S2S forecasting models
(Stan et al. 2022). UFS P8 also shows weak propagation of the
Rossby wave from the tropical central Pacific to the CONUS,
indicating even if the model produces perfect convective ac-
tivity in the tropics, there can be biases in the midlatitudes af-
fecting the propagation of the Rossby wave. In ERAS,
convection over the tropics can excite Rossby waves that
propagate eastward across North America and modulate the
surface air temperature over the CONUS. In UFS P8, the re-
sponse of the surface air temperature to tropical convection
predicted by the model results in a weaker signal over the
CONUS than the response seen in ERAS. UFS P8 has weak
zonal winds at 500 hPa over the North Pacific, where the
Rossby wave path is typically located in ERAS. This bias
prevents the propagation of waves with wavenumbers from
1 through 9 in the model. In addition, UFS P8 has stronger
vertical wind shear, which can generate longer wavelengths
and weaken the amplitude of stationary Rossby waves. These
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FIG. 9. Streamfunction response (shaded in all figures, 10° m? s 1) to diabatic heating (green contour) in the SWM
model with ERAS background fields (2011-17 JJAS). The diabatic heating represents negative OLR anomaly (active
convection). The black contours indicate the difference in response when using (a) all background fields, (b) temperature,
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(c) zonal wind, and (d) meridional wind from UFS P8.

biases of background flow in UFS P8 can degrade the model’s
ability to represent teleconnections from the tropics.

The bias in zonal mean flow predicted by UFS P8 can come
from multiple sources. First, deficiencies in the sea ice model.
Barton et al. (2023) reported that UFS P8 has a strong nega-
tive bias in Arctic sea ice extent, especially stronger in sum-
mer due to a negative bias in the sea ice initial conditions.
The negative bias of sea ice can drive a warm Arctic with a re-
duced meridional temperature gradient in midlatitudes, which
can reduce subtropical jets, as shown in the weak zonal wind
in UFS P8. Second, the ocean model used in UFS P8 has a

typical warm SST bias in the North Pacific near the Bering
Sea (supplemental Fig. 3). Sun et al. (2018) and Bai et al.
(2023) reported a similar strong warm bias in the North
Pacific in CFS, version 2 (CFSv2), and UFS prototype 6,
respectively. Although CFSv2 uses MOM version 4 for ocean
components, these models all use MOM as an ocean compo-
nent, suggesting warm SST in the North Pacific might come
from the common errors in the MOM ocean model. The warm
SST can reduce the strength of the subtropical jet. These biases
can significantly reduce the meridional temperature gradient
and further weaken the zonal wind (supplemental Fig. 4). Model

T ) Weak Zonal Wmd g%é?//

Dipole Surface Temperature Bias Pattern =

% 1) OLR Bias in Central Pacific % Surfac%

120°E 180 2

’ ;"‘o

20°N

7
120 "W 60°w

F1G. 10. The schematic diagram for three error sources of surface air temperature bias pattern in UFS P8. Thick
arrows indicate teleconnection paths in ERAS (black) and UFS P8 (blue), respectively.
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development to reduce these biases can also improve the repre-
sentation of upper-level teleconnection and forecasting of sur-
face air temperature over the CONUS in UFS PS8. Furthermore,
Slingo and Slingo (1988) suggested that the longwave cloud radi-
ative effects can affect the strength of subtropical jets. Because
UFS P8 does not have the variables for clear sky longwave radi-
ation, biases in longwave cloud radiation effects cannot be
evaluated.

The source of biases affecting the boreal summer surface
air temperature biases over the CONUS is summarized in the
schematic shown in Fig. 10. The surface air temperature bias
is strongly related to the upper-level Rossby wave from the
tropics. 1) This Rossby wave appears as excited by the OLR
bias in the central tropical Pacific. In addition, even if convec-
tion in the tropics is well represented, 2) the weak zonal wind
at 500 hPa or upper-level atmosphere reduces eastward prop-
agation of the Rossby wave, and 3) the strong vertical wind
shear bias can suppress the amplitude of the Rossby wave.
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