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Importance of long-term stratospheric temperature climate data records

NOAA long-term stratospheric temperature satellite observations

Reprocessing efforts for historic Stratospheric Sounding Unit Data

From SSU to AIRS/CrIS hyperspectral data series

— An approach to convert AIRS levellc data to equivalent SSU data
— Removing the trend due to CO2 increasing

— Microwave vs. Infrared datasets

Conclusion
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Temperature Climate Data Records
 Human-induced climate change
— Greenhouse Gas effect
— Ozone Layer Monitoring Factors Impacting the
Stratospheric Temperature Trend
e Volcanic and Solar Ir?fluence.s: Captures HUMAN NATURAL
responses to volcanic eruptions and
Solar CyCIeS GREENHOUSE OZONE VOLCANIC SOLAR
 Weather and Climate Models Validation COOLING  COOLING | SMALL COOIl_ING
VARIATIONS
WARMING

* Global, Consistent Coverage: Satellite
data provides uniform global
observations unavailable from ground
stations.

INTERNAL VARIABILITY
(QBO, ENSO)
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C='Se‘SSSatelllte Series for SSU Related Observations Wf

»SSU and its successors are the
only means available to provide
stratospheric temperature
observations with global

Coverage for long teml 78 80 82 84 86 88 90 92 94 96 98 00 02 04 06 08 10 12 14 16 1 22 24 26 28 30 32 34 36 38 40 42
monitoring P Today
e s :
NOAA-10 SSuU 1
< NOAA-11 1
»NOAA satellites have been oz INGAANASA betollitds
COIltIHUOUSIY ObSCI’VlIlg A :
stratosphere for over 40 years AMSU A{ . ey | | |!
AMSU-A ) __ = } :
- AR N —
» JPSS Program carries the NOAA f m— AT
operational temperature sounding S | | |!
capability into the future AMSU-A W sz EUMETSAT Satellites
MWS S
| | | | | | | | | | | | | | | IASIJ-N(J; | | | \' | | | | | g
» Inter-satellite calibration and

satellite merging are needed to
develop climate data record for
long-term monitoring
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SSU Instruments %

= One of the TOVS instruments (MSU,

HIRS, SSU) onboard NOAA TIROS-N P(peak)~P(cell)/[CO,] ",

polar-orbiting satellite series from 1978- Temp [K)

2006 L
e Provided by UK Met Office E - )

'DF: 1.00 7 é

¢ Infrared radiometer using pressure £ :

modulation technique to measure 10000 -

atmospheric radiation from CO, 15-um v, N

band 00 0.1 02 03 04 05 0.6

d(tau)/d(Inp)

SSU channel weighting functions
determined by cell pressure values

e Three cells of CO, gas were placed in the
optical path with different pressure which ---

allowed three channels for a single CO, Channel Peak (nPa)
band
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Issues in Raw SSU Dataset e

» Insufficient documentation— lost or no
record of many calibration parameters

4 .
» Bad data from bad calibration (NOAA-7 R oSN MR N7 MR e
channel 2) 2. A ) w
RIS
1 i . ,v;:. ,‘ ;.:"’-".yf' . r.?“ q - ¢
> j ly—directly aff o o Tt N
Space view anomaly—directly affects 0 ol cnail L
level-1c radiances I L ; ; . : :
2-
2
. . . . E 11 ;ﬂ’g&\’%’hﬁ} #h
» Gas leaking in the CO, cell> weighting 2ol T W L :
function variation ; A g e
Ch2
» atmospheric CO, variations 21 P
1 ol S 4
. Mﬁa \\M%ﬁ”’) y fn;;‘;\sﬂ; {"\" e
> limb-effect i B " 7 e
-1 y

1980 1985 1990 1995 2000 2005

» diurnal drift effect—> semi-diurnal tides in Gl o .
obal mean anomaly TB time series for each satellite
the strato sphere before adjustment and merging (raw data)

» Residual biases
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“2  NOAA SSU Processing History @’

= Raw SSU data and satellite orbital information were operationally processed at NOAA/NESDIS for each satellite along with
other TOVS instruments and saved in operational level-1b files

= Operational level-1b files were distributed to world-wide users and archived in NOAA/NCEI Comprehensive Large Array-data
Stewardship System (CLASS) ; other centers may also have archives after receiving the data

= SSU data were not used in NWP forecasting since NWP models were not high enough to assimilate SSU data in early days

= UK Met Office conducted instrument testing and developed its version of SSU time series (Nash and Forrester 1986)

= Technical notes available for NOAA operational processing and UKMO instrument testing, but information for instrument
calibration was insufficient and sometimes even missing

. 12\1(§?)§A/ STAR began to develop SSU temperature time series using level-1c¢ radiances derived from operational level-1b data in

= STAR released its first version of SSU time series in 2011 (Wang et al. 2012)

= Thompson et al. (2012) demonstrated large SSU trend differences between STAR and Met Office versions and between climate
model simulations and SSU observations and called for re-investigation of the SSU problems

= The SPARC temperature trend group organized a meeting at London in 2013 with participation from both NOAA and Met
Office SSU groups to discuss technical 1ssues in SSU processing

= STAR recalibrated the SSU raw data using improved information and developed SSU FCDR and Version 2 SSU temperature
time series in 2014 (Zou et al. 2014)

= STAR merged the SSU V2 data with AMSU-A observations and extended the SSU data to present (Zou and Qian 2016). This
version 1s still being used by the climate community for climate change investigation 1n the stratosphere




NOAA Version 2.0 SSU Time Series

Tb Anomaly (K)

Before Adjustment and Merging

A %  TIROS-N NO6 NO7 NO8 NO9 N11 Ni4
31 g
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Layer Temper!ure Anomaly (K)

After Adjustment and Merging

TROS-N NO6 NO7 NO8 NO9 N11 Ni4

NOA_V2 : ~0.850 & 0.150 K/Dec
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" r
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-14 :
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M"/\‘».,
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0- P
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Recalibration successfully rehabilitated the SSU data record, making the inconsistent raw SSU time series
with large time-varying biases between satellites before correction (left) to a consistent, well-intercalibrated
and -merged satellite time series suitable for climate change studies after correction (right).

Wang et al. 2012; Zou et al. 2014



\QERSIT},

w/“_:\ (R
=53 Hyperspectral Instruments: AIRS/IASI/CrIS %

20 e W

M 260 H Wmm \ le ,\; AIRS

g 240 a . WM 2378 chani Is.,  FOVs/50 km FOR
220 AIRS: 2002- b
3 : /"""’"’"‘Y“

g izg _ M‘Iﬁh ) MTW [ s

5 240- IASI-A: 2006- "mwmmmm ' !
220 — 8461 channels, 4 FOVs/50 km FOR

w—  MT\S

.AJ N\'\&’T\P\rﬁ’m&‘,'w Mu"’ﬂ-’f\"
220 Cris: 2011- e
= Y W

\ 'Wﬂ"tWMWn‘M

BT [K]
[ )
23
[
&
=

BT [K]
NN
g3
[
b —
=

220 CrIS: 2014.10-

" Yol
|
\'I | CIS Norm

l\\ (\I
k/ \

1305 channels, 9 FOVs/50 km FOR [

NG

‘\" ;, CrIS Full
Y

2211 channels, 9 FOVs/50 km FOR

1000 1500

2000 2500

wavenumber [cm-1]

AIRS the is key to bridge SSU between
JPSS/CrIS

Owing to their hyperspectral nature and accurate radiometric and spectral calibration, AIRS/CrIS/IASI have
several longwave and shortwave channels providing 3D measurements of stratospheric temperature with high data

quality.
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= From AIRS to equivalent SSU %

d
Closs

* AIRS overlapped with
SSU during 2002-2006

* AIRS/CrIS have enough ]
0010 SSU Kernels . AIRS Kernels
channels to cover the
three SSU channels
* Plan to generate
] ) SSU Ch2
equivariant SSU SSU Ch1
channels from multiple |
AIRS/CrIS channels

* Merge the equivalent
SSU channels with the
original SSU channels

10
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= Problem Definition and Challenges -

* Linear Regression: select several AIRS channels and use linear regression to
combine these channels into SSU

* Training Datasets for Regression: large variability but not redundant

* Constrains
— Representativeness: Using weight function as constrains
— Noise:

U Cannot use too many channels (10-13)
U The coefficients for each channels is less than 0.5

* AIRS data
— Level 1B: very noisy but has RTM support
— Level 1C: reconstructed from level 1B but with new spectral grids

— Using LevellC data but choosing the spectral channels that both level1C and level1B
have common spectral grid

— Longwave channels with high priority
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= Regression Problems with Constraints =%~

For SSU BT at each channel:

X: AIRS channel BT (LW+SW)

Yy = Zi,BiXi y: SSU channel BT

B: weights for each channels, sum(f;) =1
For each B; less than 0.5

The goal is to find an assignment B3 to that minimizes the cost function:
f@® =1XB —YI3+ AW*B —W||3

X: Training Dataset from AIRS selected channels , Y: Training Dataset of SSU BT
Wx: Weighting function of AIRS selected channels, WY: Weighting function of SSU
A: a hyperparameter that controls the balance between BT and weighting function fitting

The problem is solved using CVXPY, a domain-specific language for convex optimization embedded in Python
Citing CVXPY — CVXPY 1.3 documentation

Steven Diamond and Stephen Boyd. 2016. CVXPY: a python-embedded modeling language for convex optimization. J. Mach. Learn. Res. 17, 1 (January 2016), 2909-2913.
https://doi.org/10.48550/arXiv.1603.00943

Goldberg, M. D., and H. E. Fleming, 1995: An Algorithm to Generate Deep-Layer Temperatures from Microwave Satellite Observations for the Purpose of Monitoring Climate Change. J.
Climate, 8, 993—-1004, https://doi.org/10.1175/1520-0442(1995)008<0993:AATGDL>2.0.CO;2.

12
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=  UMBC 48 Atmospheric Profiles -

UMBC 48 Profiles UMBC 48 Profiles UMBC 48 Profiles UMBC 48 Profiles
0.010
0.100
T 1000
a
&
[
H
¢
a
10.000
100.000
Water Vapor CO2
1000.000 - ! - - Z
160 180 200 220 240 — ; ; y : , . : -
Temp K] : 5 10 15 0 25 30 B 360 362 34 366 38 3
Mass mixing ratio[g/kg] 0zone [ppmv] €02 [ppmv]

UMBC 48 profiles, which contain typical atmospheric profiles in different
location and season, are used for CRTM.
We uses them to simulate both AIRS and SSU observations.

13
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SSU channel 3: Example R

Brightness Temperature MSE varying with penalty factor Weighting Function Fitting varying with penalty factor

Mean Squared Error (MSE)

0.025 A 0.100 4
0.020 -
1.000 A
~
=0.015 A
w
"))
=
10.000 A
0.010 A
0.005 -
100.000 A
107t 10° 10t 10?2 103
A
1000.000 +

0.00 0.05 0.10 -0.02 -0.01 0.00 0.01 0.02

The goal is to find an assignment 3 to that minimizes the cost function:
f@® =1XB —YIZ+ AW*B —W||3

14
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e Example of simulated SSU CH3 with AIRS@

Equivalent SSU CH3 (Oct 2002) from AIRS ™, SS U SSU CH3 (Oct 2002) ™,
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SSU/AIRS vs SSU/AMSU-A/ATMS CH 1

Global Mean Time Series of SSU/AIRS and SSU/AMSU-A/ATMS CH1

. 1.2 T T T T T
The trend Of Infra red SOU nder data . | | [ I ——SSU/AMSU-A/ATMS CH1, trend=-0.413+0.181 K/Dec
—— SSU/AIRS CH1, trend=-0.179+0.129 K/Dec
H H 08 a
— Stratospheric temperature cooling AMSU
. . 0.4} -
— CO2increasing effects 3
>
2 ok |
Global Mean Time Serles of SSUIAIRS and SSUIAMSU AIATMS CH1
4 T T
"—sso/anso-a/ames cal 0.4 AIRS e
—— SSU/AIRS
3 .
0.8 -1
< 2r - 12 ] 1 I ] ] ] ] ] ]
; 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
i
2
< ol - Global Mean Anomaly D|fference Time Serles of SSUIAIRS SSUIAMSU AIATMS CH1
’ [—SSU/AIRS - SSU/AMSU A/ATMS cx-u mean=- o 015K, std— 0. 1341( trend— 0.236+0. 055K/Dec|
A 03 -
I 1 1 1 1 1 1 1 1

1980 1985 1990 1995 2000 2005 2010 2015 2020

The trend difference is caused by the CO2
increasing effects

e
o
T

1

o
N
T

1

Anomaly Difference(K)
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04 1 1 I I I 1 1 1 1
2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
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SSU Trend due to CO2 increasing s

SSU BT changes due to CO,
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Global Mean Anomaly Time Series :
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4 Global Mean Time Series of SSU/AIRS and SSU/AMSU-A/ATMS CH1
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e Before, correlation coefficient=0.898
e After , correlation coefficient=0.994

0.8 -0.4 ] 0.4 0.8
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Global Mean Anomaly Time Series
SSU/AIRS vs SSU/AMSU/ATMS
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GIobaI mean Anomaly T|me Serles of SSUIAIRS and SSUIAMSU-AIATMS (CH1)

Anomaly(K)
o

AF
A5E

—ssu/AMSU A/ATMs CH1
——SSU/AIRS CH1,

trend— 0. 568:l:0 299K/Dec:
trend=-0.567+0.311K/Decl]

PR S S ST S N SN SR S S NN S 1

1980

_2:|....

1985

1990

1995 2000 2005

2010 2015 2020

Global mean Anomaly Tlme Serles of SSUIAIRS and SSUIAMSU-AIATMS (CH2)

Anomaly(K)
5 (=) -

0

—SSU/AMSU A/ATMS CH2
——SSU/AIRS CH2,

t:rend——O 641i0 29'7K/Dec
trend=-0.672+0.315K/Dec

1980

1985

1990

1
1995 2000 2005

2010 2015 2020

Global mean Anomaly Tlme Serles of SSUIAIRS and SSUIAMSU-AIATMS (CH3)

Anomaly(K)
N o sl

0

——SSU/AIRS CH3,

—SSU/AMSU A/ATMS CH3

trend— 0. 721i0 326K/Dec
trend=-0.7474+0.356K/Dec

PR [N SR TR SR SR [N SR TR TR S T

1980

1985

1990

1995 2000 2005

2010 2015 2020

2
=

AAnomaly(K)
o

-0.1

03

AAnomaly(K)
e o
o - N

'
=
-

-0.2f

AAnomaly(K)
o

Global mean anomaly dlfference between SSUIAIRS and SSU/AMSU-AIATMS (CH1)

|—SSU/AIRS - SSU/AMSU A/ATMS

trend= 0.00110. 002K/Dec|

: 1 PR PR B PR IS S S SR N SN TR SR S T N SR SR TR [T SN ST SR TR T S S T 1
1980 1985 1990 1995 2000 2005 2010 2015 2020
Global mean anomaly dlfference between SSUIAIRS and SSUIAMSU-AIATMS (CH2)

I I I |—SSU/AIRS — SSU/AMSU-A/ATHS, trend=-0.031.0. oosx/necl

2020

b 1 1 1 1 1 1 1 | - 1

1980 1985 1990 1995 2000 2005 2010 2015
Global mean anomaly dlfference between SSUIAIRS and SSUIAMSU-AIATMS (CH3)

I I I |—SSU/AIRS — SSU/AMSU-A/ATMS, tremd=-0.02640. 010K/Dec|

1980

1985

1990

1995 2000 2005

2010 2015 2020



smiy
OB

HQF X
q
N

(©]
Oga

Conclusion @

The efforts has been made to reprocess the SSU data sets for climate
data records for stratospheric temperature monitoring in
NOAA/NESDIS/STAR.

The AIRS datasets is the key to carry the NOAA operational
temperature sounding capability into the future by linking SSU to
AIRS/CrIS.

A method has been successfully developed to convert AIRS
hyperspectral data into equivalent SSU observations.

Global Mean Anomaly Time Series of SSU/AIRS vs. SSU/AMSU-
A/ATMS agree very well.

The new data SSU/AIRS data will be released soon.

20
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Global Mean Time Series of SSU/AIRS and SSU/AMSU-A/ATMS CH2
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