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1. Background and Motivation 3. Performance of Hybrid method for JJAS Mean Rainfall and its variability on

Week-1, 2, 3 to 4 and Monthly Scales over India
* Human-induced warming (~0.85°C) has increased atmospheric water vapor by 7% per 1°C, IMD-OBS Hybrid

4. 2 . Statistical sRill scores of the Hybrid method with lead times WeeRk-1, 2,
3 to 4 and Monthly scales.

intensifying extreme rainfall events (ER) without altering total rainfall amounts, particularly in
South Asia, causing floods, infrastructure damage, and loss of life.
* In India, ER events during the Indian Summer Monsoon, often driven by Bay of Bengal
depressions, are increasing, causing ~$3 billion annually (10% of global losses), highlighting the
need for better prediction and disaster preparedness for sustainable development.
* Advances in numerical modeling have improved extra-tropical forecasts; however, prediction _
skill remains limited in tropical and monsoon regions, making extended-range forecasts a major g
challenge. NOAA NCEP’s GEFSv12 (2020) provides sub-seasonal reforecast data (2000-2019) £ 12§ & 208 0.008 2208 .
with 5 ensemble members (16 days) and 11 members (35 days weekly). £ nE o i i B
-4 35N :;)4 ! S V. 10N = 0.
* Despite these advancements, raw GEFSv12 outputs often lack precision in predicting extreme § L 8 2 3N - 5N
rainfall (ER) events, particularly on sub-seasonal time scales. To improve forecast accuracy and 2 3 6 2:‘: ' _mN 1%
usability, advanced statistical post-processing techniques are essential. = % 1o 4 B 10.005 & ;;;;i 103 Z
* This study introduces a Hybrid method combining Artificial Neural Networks (ANN) deep . :;: 0.004 :;z 0.2
learning With Quantile-Quantile (QQ) techniques to enhance sub-seasonal predictions of rainfall . oo 0.003 - o1
extremes using GEFSv12 raw data. g 30N o002 30N
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* The proposed Hybrid method is evaluated against standalone QQ and ANN techniques over E‘iox ' Eaon | |
India. It aims to improve the accuracy of sub-seasonal (Week-1, 2, 3 to 4 and monthly scale) g S/ Y ./ W .S W /S 15N GOOTT e 04
forecasts, particularly for ER events in India, enabling better risk management, disaster T e a 0 " -0.2
preparedness, and decision-making in the face of increasing climate variability. _ _ S _ _ Fig. 5: RMSE of Raw, QQ, ANN, and Hybrid methods (Columns 1 to 4) against IMD- - -
BT | 0o Rav. 0O, AN, and Hybiid methods (Columns 1 0 5, 1espectivel) | st somen e 110 4 e et s, Y B
across Week-1, 2, 3to 4, and Monthly scales (Rows 1 to 4, respectively) for the . 10N ' ' ' ' 10N
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Model - GEFSV12 (Zhou et al. 2022; Nageswararao et al.2022) boms - Fig. 9: Brier Score (BS, Lgft panel) and _Brler Skl“ Score (BSS, nght panel) of Raw, QQ, ANN, ano_l Hybrid methpds
Period used . 2000-2019 = B ? ¥ ‘ e (Columns 1 to 4) against IMD-OBS in detecting Extreme Rainfall Events (HR to EHR) with different lead time
Horizontal Resolution £ 0.25° X 0.25° for Day-1 to 10 and 0.5° X 0.5° for Day-11 to 35 1 forecasts Day-1, 5, 10, 15, 20 and 30 (Rows 1 to 5) over India for the period 2000-2019..
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Membel’S used 11 members (COO, p01, pOZ, p03’ po4’ p05’ p06, p07’ p08, p09 and plo) o . (a) Area Under ROC Curve (AUC) for JJAS Wet Days \ (b) Area Under ROC Curve (AUC) for JJAS Light Rainfall (VLRand-LR}Days
based on every Wednesday 00 UTC initial conditions for the forecast . 8 00 Thew R A e 8 0 TR e A e
lead time Day-1 to Day-35. Mé £ o £ os W
Reference data sets . India Meteorological Department (IMD) high Resolution (0.25° X 0.25°) 5 0.52 § °7 § °7 e o
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grided observational Rainfall dataset (Pai et al. 2014). £ 04 3 = | m———— T e — .
Various Rainfall categories : As defined by IMD (Nageswararao et al. 2019). E 039 ) :j ) :
2.2 Rainfall event’s categories Classified: Z " ForecastLead Time ForecastLead Time
0
Table 1 Rainfall categories defined by India Meteorological Department. (¢c)  AreaUnder ROC Curve (AUC) for JJAS Moderate Rainfall (MR and RHR) Days (d) AreaUnderROC Curve (AUC) for JJAS Extreme Rainfall Events
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Wet days (Wet) Wet > 2.5 mm ;1 1§ [ _ _ - | g TR e .
" 3 % i 4 Fig. 6: Correlation Coefficient of Raw, QQ, ANN, and Hybrid methods (Columns 1 % 08 fos | TN T ™~ -
Very light rain (VLR) 0.1<VLR<2.4 mm to 4) against IMD-OBS for predicting JJAS rainfall (mm/day) across Week-1, 2, £ o0s 2 o0s
. . Fig. 2: Spatial distribution of Interannual variability of JJAS rainfall (mm/day) over 3 to 4, and Monthly scales (Rows 1 to 4) over India for the period 2000-2019. Y 7199012973030 302280 30%88083858838 || T171290129°0010%0208A 0388083850838
Light rain (LR) 25 mm<LR<7.5mm . : EESREESEE bbb bbb bbb e bebeabbbbbbbes REi3335588ctttbttbsrbrcsrasesrbrbrtrns
Indla from IMD_OBS’ RaW, QQ’ ANN’ and Hybrld methOdS (CO|UmnS 1t0 5, . . . . . . . ncnnnnnncnn-nnnncnnnnnncnnn ncnnnnnncnn-nnnncnnncnncnnn
: - 5. Statistical Categorical skill scores of the Hybrid method for detecting light ForecastLead Time ForecastLead Time
Moderate rain (MR) 7.6 mm < MR < 35.5 mm respectively) across Week-1, 2, 3 to 4, and Monthly scales (Rows 1 to 4, . _ _ _ |
respectively) for the reforecast period (2000-2019). (VLR-LR), moderate (MR-RHR), and extreme (HR-HER) rainfall events across Fig. 10: Area Under ROC Curve (AUC) of Raw, QQ, ANN, and Hybrid methods against IMD-OBS for JJAS Wet, Light
Rather heavy rain (RHR) 35.6 mm <RHR <64.4 mm § | byt | | bays | | ato lead times of Week-1, 2, 3 to 4, and Monthly scales (VLR to LR) Moderate (MR to RHR) and Extreme (HR to EHR ) Rainfall days over India with forecast lead time Day-
ol | N 1 to 35 for the reforecast period 2000-2019.
Heavy rain (HR) 64.5 mm <HR < 124.4 mm ol 5 | el 5 |l 5 ‘
Lol fid S S - 7. Summary & Conclusions
Very heavy rain (VHR) 124.5 mm < VHR <244.4 mm fosl R 3 =
E"*’" °5 ” i Z 20N > The Hybrid method improvues spatial representation of JJAS mean rainfall over India across all forecast lead times, closely aligning with IMD-
Extremely heavy rain (EHR) EHR >244.5 mm ;Z: :: ¥ ' :: ' N OBS observations. It reduces wet biases and enhances rainfall intensity forecasts, particularly over the Western Ghats, northeast India, and
Sl | IR L ﬁ " central regions, demonstrating its effectiveness in improve the sub-seasonal prediction skill.
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2.3 Artificial Neural Network (ANN): - . . . . . - .
i , , e Hybrid N | | | R | | | | 30N » The Hybrid method provides a more accurate representation of JJAS rainfall interannual variability over India than Raw, QQ, and ANN
Artificial Neural Networks (ANNs) are powerful tools for modeling complex, nonlinear oo o e e e me s e e e e e e ::: " methods, particularly in high-variability regions like the Western Ghats, northeast, and central India. It reduces underestimation of
relationships in high-dimensional datasets. This study employs a Feedforward Neural bt bas.20 _— N 3 variability, which is notably present in the Raw model and worsens with lead time, offering improved performance across all forecast lead
Network (FNN) architecture with 3 hidden layers, each consisting of 19 neurons. The first and [ i | [ = g times.
S.econ.d g h(lsdEdFeSn 1I§yer utilizes the : R.eLLi 1aCtlvatI%r|‘ functlg)n, while thg third (Ija);gr empl_(l)_%ls ol | N ‘ :‘: 3 > The Hybrid method closely matches IMD-OBS CDFs of JJAS 24-hour rainfall across all lead times (day-1 to day-35), improving consistency in
slgmoid. vlZ outputs, comprising 11 ensemble members, are used as model inputs. The 2 E v LN g capturing light and extreme events. It reduces biases in the distribution tails, especially for high rainfall, demonstrating robustness in
dataset is randomly split into 70% for training and 30% for validation, following a leave-one- g S 3 probabilistic rainfall forecasting over India (2000-2019).
out cross-validation approach. Each prediction is performed independently to ensure £ %
robustness and accuracy. The method is developed independently for each lead time and grid Em! I [ - > The Hybrid and ANN methods outperform Raw and QQ for JJAS daily rainfall prediction over India (2000-2019), with the Hybrid method
point. A brief details of the ANN architecture is provided below: s [ oalff oalff | - showing the lowest bias and RMSE, highest correlation, and strongest spatial agreement with IMD-OBS across all lead times. While ANN also
Table 2 The following f dered to d | imole ANN del to | h o1 ff 01§ 1w A 30N improves predictions, it exhibits a slight dry bias, whereas the Hybrid method effectively reduces prediction errors, especially in high rainfall
anie 2. €10 me.g act(_)rs_ are Co.ns.l ered 1o .eve Op asimp e. model to improve t. € of - " - pro L - " p o % - " - o o £ 2N regions, demonstrating superior capability in capturing spatial and temporal rainfall variability for sub-seasonal forecasts.
GEFSv12 prediction skill in predicting JJAS rainfall and Associated ER Events over India. Rainfall(mm/day) Rainfall(mm/day) Rainfall(mm/day) £ 2
_ _ o 15N i i A 9y i > The ANN method shows slightly better Equitable Threat Score (ETS) than the Hybrid method in detecting extreme rainfall events across all
No. Hidden layers: 3 Fig. 3: CDF of JJAS 24-hour accumulated precipitation for C_jaY'la day-5, day-10, day- LI i ¢ % % 4 © ) lead times (Week-1 to Monthly) over central, western, and northeastern India, with both methods outperforming Raw and QQ. However,
No. of neurons in the hidden layers [19,19,19] ]_-5, day-20, and day-30_ from IMD-OBS (black dOtteq lines), Raw (Qreen dotted ™ o W Mmoo E RS B RN performance diagrams reveal that the Hybrid method consistently outperforms ANN in detecting wet, light, moderate, and extreme rainfall
N Net y J " T et y I!nes), QQ (blue dotted Il.nes), ANN (magenta dotted lines), and Hybrid (red dotted Fig. 7: Equitable Threat Score (ETS) of Raw, QQ, ANN, and Hybrid methods d?gs .bg r.naintaining a better b’alance Petween probability of. deteci.:ion al.ld success rate, while ANN tends to underestimate rainfall events,
eural Network use eearorwara networ lines) forecasts over India for the period 2000-2019. (Columns 1 to 4) against IMD-OBS in detecting Extreme Rainfall Events (HR to highlighting the Hybrid method’s superior accuracy across various rainfall intensities.
Activation Functions in Neural H!dden layer 1. ReLU 4. Statistical skill scores of the Hubrid method for JJAS rainfall prediction EHR) across Week-1, 2, 3 to 4, and Monthly scales (Rows 1 to 4) over India for = > Both ANN and Hybrid methods outperform Raw and QQ in probabilistic forecasting of JJAS rainfall intensities (wet, light, moderate, extreme)
Networks H!dden layer 2: R_eLU _ 4.1. Statistical skill scores of the Hybrid method with lead times Day-1 to 35 the period 2000-2019. across all lead times (Day-1 to 35) with better performance than the reference climatological forecast (AUC > 0.5). ANN shows slightly better
Hidden layer 3: Sigmoid . e ) Y sttt e el st e g Brier Scores and Brier SRill Scores, particularly for moderate rainfall, while the Hybrid method is more robust at longer lead times and for
Data divided function 70% data for training and 30% data for validation L@ Mean Bias (mmlciaz]hw S— L ® RMSE(mmIdai].— E— " (a) . i o E “\\(b) / K 3 1 extreme events. Both methods significantly improve extreme rainfall forecasting, essential for flood management and disaster preparedness.
in random way after withheld prediction time 3 P \/“/.\/\’“‘W_ LB | e T e e e ol ' > o SV i ' % i > Therefore, the Hybrid method demonstrates strong potential for improving sub-seasonal JJAS precipitation forecasts and associated rainfall
step (Leave-one-out cross validation way) E oo | L o E o |~ T T T | o " .o .: °, extreme.s over the Ir.ldia.n rt.ag.ion. This method wi.ll be ap.pliefi.to NOAA NCEP UFS-GEFSu13 outputs over India and expanded to other seasons to
s B o 2 N e T & W AV further investigate its significance and enhance its applicability
Learning rate 0.001 :, = e et e e AN walE " S A wel
2 I e VsV | g | | FL i Acknowledgments
Max number of epochs used 1000 C1U717237239593988532558093855389898838 0 7923290228 Y I 8En AT IYSILENe88338YY = N X EEETAN i ol This research was made possible through the NCEP Visiting Scientist Program, managed by the University Corporation for Atmospheric
Error tolerance for stopping 1le-14 B A 8888 bbb bbb ERE RS S888438865543388554333383855553333333 5 L W Research (UCAR) Cooperative Programs for the Advancement of Earth System Science (CPAESS). The authors are very much thankful to the NOAA
: . : : : : : : : : ForecastLead Time Forecas tLead Time :go_s ] = Succg:; - % \1.8,6 30_5 — > 0_;UCCBSSR3£:8 55 :}:7.8‘5 NCEP EMC E bl .
Training function used Supervised weight/bias training function with © Correlation Coeffecient (d) Index of Agreement N nsemble Group
Sequential order weight/bias training (trains) i | ] e — L eV YN S TR A YRSY
Neural Network Performance Mean squared error performance function g o f o NN SN N KT i \\ ; 3 * Hong Guan, Yuejian Zhu, Eric §mshg, Bing Fu, YVet Li, Xiaqiong Zhou.. ?(lanwfl Xue, Du.lgchen H?u, Jiayt Peng, M. M. Nageswararao, Vijay
_ 2 os 2 os AN N SN A TANZ i ™ allapragada, Thomas M. Hamill, Jeffrey S. Whitaker, Gary Bates, Philip Pegion, Sherrie Frederick, Matthew Rosencrans, and Arun Kumar
g < < VAN b || VX AN Tallap da, Th M. Hamill, Jeffrey S. Whitaker, G Bates, Philip P Sh Frederick, Matthew R d A K
Tuctons uee e \\\q::::—.{g i \\\\\\_\ i\ X P \‘ N\ /N NG e (2022) GEFSu12 reforecast dataset for supporting sub-seasonal and hydrometeorological applications. Monthly Weather Review, 150(3), 647-
8 o 0.4 55 X 8 Sl £ A W B .
: : : : : o1 || es 7 e W AR VAV, ey 665, https://doi.org/10.1175/MWR-D-21-0245.1, http://n2t.net/ark:/85065/d7wh2tm4
Elllel\l Hybt”dt P?St_PmceSSIgg I\_/Iefth”o d (tANN_QQ) da}pf_lles tlf][e Qu?nt”e_Quanme ((IDQ)t n;ethoc_:l t(i T TT TR S ITIEInEfesNnisanEaccnzse || C ueiieneiaiNIiSSiiITESNSIEENRICSoEaE Sl NP e T I /8 * M. M. Nageswararao, Yuejian Zhu, Vijay Tallapragada and Chen, M. -S. (2023). Hybrid Post-Processing on GEFSu12 Reforecast for Summer
outputs for improved rainfall extreme predictions. Its performance Is evaluated agains 555555555ttt E b bt EEEEE RS R 8888838508 55555555555533333355555858588 & e e I Maximum Temperature Ensemble Forecasts with an Extended-Range Time Scale over Taiwan. Atmosphere 2023, 14(11), 1620;
IMD-OBS by comparing Hybrid, Raw, QQ, and ANN methods using statistical metrics (Mean ForecastLead Time ForecastLead Time N s AT e https://doi.org/:0.3390/atmos14111620 P
E:ZS,U eF\;]'\gS%iazo r;gg“?: l;OSeglC_;_eSnté_I[g()jegn gfeﬁgerrenegr eentr)c,) bCaiEtieI%Ct)iféC:L”Tl:gofgs r(eBSS (gg(s:, Fig. 4: Statistical skill scores of Raw, QQ, ANN, and Hybrid methods against IMD- e e e T W *  Nageswararao, M. M., Y. Zhu, and V. Tallapragada, 2022: Prediction skill of GEFSu12 for Southwest summer monsoon rainfall and associated
q y : ; ; , ; ; P ; ; OBS for predicting JJAS daily rainfall over India (a) Mean Bias (mm/day), (b) Fig.8: Performance Diagram of Hybrid method in depicting JJAS Wet, light, extreme rainfall events on extended range scale over India. Wea.Forecasting, 37, 1135-1156, http://dx.doi.org/10.1175/WAF-D-21-0184.1

Reliability, RPS, RPSS, CRPS, CRPSS) for both deterministic and ensemble probabilistic
forecasts.
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