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Abstract
We apply data analysis and machine learning to a 3-month FORMOSAT-7/COSMIC-2 (C2) mission neutral atmosphere retrieval dataset comprised of approximately 430K profiles. The dataset

includes metrics such as geographic location, local time, signal-to-noise ratio, altitude range, bending angle noise from 60-80km among others. We analyze correlations between all input
parameters and with our standard processing quality control (standard-QC) determination of whether a profile is “good” or “bad”. We then apply different machine learning classification
algorithms to predict good and bad profiles from the set of input parameters. The set profiles determined as bad by standard-QC along with their ML classification results are then compared to
numerical weather prediction analysis products. Our goal is to utilize ML to gain a deeper understanding of whether certain metrics can be used to optimize our standard bending angle retrieval
guality control procedures.

Nz Application of Machine Learning Algorithms to COSMIC-2 QC Metrics
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Introduction Results
" The COSMIC Data Analysis and Archive Center (CDAAC) is an end-to-end processing and = Profiles marked with bad standard-QC account for 3% of data, making this an
analysis system for ground- and space-based Global Navigation Satellite System (GNSS) imbalanced ML classification problem
data focusing on radio occultation (RO) applications. We process data and publish = ML algorithms were trained with 77% of the data and tested with 33%
products from a variety of space missions, including FORMOSAT-7/COSMIC-2 (C2), in __COSMIC-2 Stancard QC - bad n biack, good n e - 2020.0¢-01 0 2020-06-30 - 432236 Profles
near real-time, post-processing, and re-processing modes. Near real-time products are COSMIC-2 Standard QC - Good (0) and Bad (1) Profiles S = | e
delivered to operational centers for assimilation into weather and space weather o
analysis and prediction systems 300000
= COSMIC-2 RO retrievals go through a standard processing quality control (standard-QC) 200000
process which determines if the profile is “good” or “bad” 100000
" We use data analysis and machine learning (ML) algorithms to gain a deeper :
understanding of whether certain metrics can be used to optimize our standard e
bending angle retrieval quality control procedures -
" The end goal is to determine whether all profiles currently marked as ‘bad’ by our |
standard-QC show the same conditions, or whether some of the flagged bad profiles = Random Forest classifier, a machine learning algorithm consisting of decision trees,
could potentially be usable showed best results in the ROC AUC at 97% as well as the recall at 94%, disagreeing with
8 8.31% of the bad observations labeled by the standard-QC.

COSMIC-2 minimum altitdue (KM) - 2020-04-01 to 2020-06-30 - 432236 profiles

COSMIC-2 §tandard QC bad vs ML predicted standard QC bad in black and good in white

Random Forest Classifier - Confusion Matrix

good
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91.69%
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good bad
Predicted Standard QC by ML

Model interpretation shows maximum relative difference between bending angle and

climatology (reldevmax), maximum relative difference between refractivity and

COSMIC-2 RO profiles used for this project. climatology (difmaxref), and maximum absolute difference of L1 and L2 excess phase
Color scale represents profile lower altitude. finite differences as the variables having highest impact on the model.

Variable Importance
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minalt
True Standard QC
bad

stdv 0.071802

D ata COSMIC-2 Maximum relative‘difference between refractivity and climate model between 10 and 60 km - 432236 Profiles = 1 0-‘0-7-5 difmaxref 0.385514
=  We use RO data spanning three months, 2020-04-01 to 2020-06-01, with 432236 % reldevmax  0.301106
profiles = qclzd  0.084942

=

-0.060

* The following per profile metrics are fed to the ML algorithms

snr2avg 0.068505

difmaxref

. . . . _ S smean  0.033942
reldevmax Maximum relative difference between bending angle and climate model between 25 and 40 km (microrad)
difmaxref Maximum relative difference between refractivity and climate model between 10 and 60 km (microrad) o Swecet 0.009835
qcl2d Maximum absolute difference of L1 and L2 excess phase finite differences between 20 and 40 km (m/sample) a 005 snriavg  0.008940
snrlavg Avg SNR between 60 and 80 Km on the L1 frequency (V/V) - azimuth 0.008719
snr2avg Avg SNR between 60 and 80 Km on the L2 frequency (V/V) minalt ~ 0.008368
stdv Standard deviation of the difference between bending angle and climate model between 60 and 80 km (microrad)
localhour Local hour based on latitude and longitude (hrs) Com pari ng to EC MWF
smean Mean difference between bending angle and climatology model between 60 and 80 km (microrad) COSMIC-2 - ECMWF rmss_ 20-30km 2020-04-01 fo 2020-06-30 - 425602 Profies
minalt Minimum altitude of the profile (km) = Distribution Of COSMIC-2 bending
conid Transmitter constellation, GPS (G) or GLONASS (R) . —
| angle vs. ECMWEF for profiles flagged -
occsat Transmitter PRN number N
latoccpt Latitude of the profile (deg) bad by Standard_QC’ bUt DFEdICted g_"
lonoccpt Longitude of the profile (deg) by ML as 800d, IS more Slmllar to = §
azimuth Azimuth with respect to spacecraft velocity (deg) profiles flagged as good by the
redctana/Targes standard-QC.
bad Standard-QC — bad = 1: Profile rejected by quality control
. Standard Good / Predicted Good Standard Good / Predicted Good
Correlation Between Variables : ‘ : i :
Spearman Correlation Matrix - C2 - 2020-04-01 to 2020-06-30 100 Sie e s e e e D Bama i = . NN N I T T
ok Standard Bedl 7 Bracicieg Bad Standard Bad / Predicted Good
occsat -0.0048 ::: e Rws =769 2° N - 4124 Mean - 370 AMS = 8215]| 200 l = ; G Mt - 380 vean - 24 AMS = 55 e
T 0.00053-0.0016 Positive Correlation Negative Correlation 0.75 . E:
Bad and STDV £ : ; 5
lonocept 0.00025-0.00480.00086 E§§ E’:‘g é?f‘%%‘;f Bad and SNRt
minalt 0.0026 -0.0038 0.1 0.075 Bad and Reldevmax 050 | - : eI )
Conid and STDV Conid and Occsat %) ki
Conid and SNR2 SNR1 and Qcl2d
setting 0.0003 -0.0019 0.0014 0.0027-0.00035 Dimaxref and STDV SNR2 and Qcl2d
localhour -0.0027-0.0017 -0.012 0.013 -0.0018 -0.009 . S u m m a ry a n d F utu re W o rk
azim 0.000230.0023 0.0098 -0.0032 0.0052 -0.0046
smoan 00019 0011 -0.014-0.0058 0.0083 -0.09400093-0.00023 Random Forest machine learning algorithm was chosen due to best recall and ROC

-0.00
stdv -0.049 -0.11 015 0.021 0.099 -0.014 0.054 0.013 0.014

Difmaxref, reldevmax, and gcl2d variables are top metrics impacting the model in its
prediction of whether a profile is good or bad

bad -0.012 0.025 011 0.04 0083 -0.044 0.026 0.037 0.057 0.26

conid 0.00083 -0.2 0.001 -0.000250.009 0.0064 0.0047 -0.0053 -0.034 | 0.48  -0.067 --0.25
azimuth -0.0015 0.0016 -0.43 -0.0018 -0.066 -0.001 0.01 -0.15 0.0097 -0.043 -0.021 -0.0023 From the test set ( 137,068 observatio nS), 4655 were marked bad by standard -QC, and the
shriavg -0.043 -0.024 -0.065 -0.04 0.2 0.034 -0.0055-0.094 -0.02 -0.19 -0.16 0.049 0.045 050 model disa greed with 387 of them (8 3 1%)

snr2avg  0.071 -0.19 -0.17 -0.053 -0.14 0.13 -0.0065 -0.12 -0.041 0.14 -0.21 m 0.039 0.39

Distribution of COSMIC-2 bending angle vs. ECMWEF for profiles flagged bad by standard-
075 QC, but predicted by ML as good, is more similar to profiles flagged as good than bad by
the standard-QC

reldevmax -0.028 -0.014 -0.088 0.094 0.04 -0.016 0.045 0.012 0.019 018 027 0.043 0.055 -0.086 -0.047

difmaxref -0.0061 -0.034 -0.096 0.22 0.076 -0.018 0.081 0.011 0027 026 03 0.084 0.053 -0.19 -0.055 0.32

gclad 0.0081 012 012 0038 0095 -0.05 0.02 0058 0035 0085 027 -0.36 -0.038 -0.47 012 012
--1.00

Further analysis is currently in progress for the profiles flagged bad by standard-QC but
predicted as good by the ML algorithm
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