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Bi7 1E R RES BRI AT

I 5 A0 i ¥4 T = B0 A W 48 22, TR UK O AR B A
FRUAEAWH . N TR REROAR AT LS R AHHR &
GERALS A, 0 TR I Al & Hh U, 35 B AH OGS A
S B B IRE SR AR 7 A AR fir 4t 2% . >k A North-
eastern University ] Ganguly A1 AP PEAl T Al 20K
JE A SRR T i K FAE I B9 BE ) o PR ES R
FW, fe sl BE 1 ) S TR B A U AL R 2
Nowcast Net™, fJt. T 5 B — A NWP 9 5 70 B 3 Hkt
Tl (HRRRO)BAY , i — 2D UESE 1 HLas 27 > A AL 5 12

Feature
Engineering:
For each
7| earthquake event, [~}
create 21 variables
(features).

Classification of
Earthquake
Magnitudes:
Categorize
| maximum —’
magnitudes in the
next 30 days into
six distinct
classes.

Data Splitting:
Use 80% of the
samples for training
and 20% for testing.

TE S O 2 I8 K FRL 4 S T A B R 0

TF i 5= 0 45358, Georgia Southern University Ff
Yavas [ A F FHHLAS 27 ) Fph 2 P26 500 ke e 1
— >4 T YRR AR R DL T0I0 3 A2 LAY b R (]
135 o 3 255 A BIF S8 MRS B 8 1Y B AR AE L 3%
BATT K 1 — > RERS At 5 TR b 7 R R A0 R At
T, 245 BEALARAAR L —E I I, mT LA R ok
30 d N 6 AR 2850 Y 3 72 , ) 3 5 3k 97.97%.
T 5y 52 0552 1% By 52 W B0 9 A2 0L X, 52 B0 o o A A
gL S TR DO ) 1618 S | [T JA A S 2O

Machine
Learning Models:
~| Apply ten different
machine learning

algorithms.

Neural Network

- Apply six neural
network models.

K13 T =i L g > Jrikie

BLAR 2% 21 T3 B3 AT LU RE N L ki e A 9 K
At PP AR SCER T T8 S . K A Emory University (1)
Liu A1 BAP5 R RBEAR  A T K 1 — Bt S sl A
TRAAIL AR 2= 2T LAY B MK AOD 25 FHIE 78 /NI
AR M BEALAR AR ARG 1 (145, T 1 km s
23 0] 43 B3R R TG 28 (8] 22 #E 1 BE/NESE PM 7K P T

HRRR Meteorology
Parameters
(3km;15minute)

GEOS-CF AOD

(25km; hourly)

Spatial Co-ordinates
(latitude, longitude)

~ Spatial Resolution-1km)

Model Evaluation

2T ATAR TSR T S A W M A5 A BE T, B
T AE B = T W0 G M X T P T Y LS8
S, TERCHE AN RIS AR AT DL SE B L kA A R
[F] B, T2 78 R L S X ph B S B0 P T i 1Y
TR, 308 3 4 A TR 07 FH T 2020 A1 2021 4 & A= 16 A
8 JE N ) TR KSR IR S T AR R AN BE S

Pre-processing
(Wavelet)

PM, s Model
(Training and
Paramcter Tuning)

@ Input Parameters
@ Model
@ Output/Predictions

B 14 FETHLAR2E 2T 1 PM,  F A i A
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FHARIIY B L JCHRAT , /N A I Ao w2
B o AT 0 HER PML i S T S
A RN 3 L 2 S 5 M 1 DL e, DA T A B
T G T A SR A A R K B
[ GHYIESREIS,

TR FEREGOA R — B R B H AR KE i
BUTEM AT RS . T AR B RSB
TS A B 2R, TR R N TE
SRR PR SO AR 4 22 5, A @ T i+ 54

Boal F T A SO B A s e TR I, R A
University of Sharjah [ Abdallah A A" & T —F 8
5T AT 458, 15 4 Al N TR RERL Y e 5
FH LA R A 52 (& 155 o iz BB R i 561
ATH AR B T G X, w58 B T A JL AP AL
v A FA ARSI TR A BN B, A ot e
HE TSR AT 5 I R ST SRR, A
TR RE AT LSO — oA i AT SE A TN 5 3%, D
SRS T RIE A A L

Conventional Drought Indices
Soft Computing Models l
SPI: Standardized Precipitation Index (I1) Al) Decision Tree
Input Data SPEL: ? iati ion Index (11, 12, 13) 'A2) Generalized Linear Model S
1 She PDSL: PM Drought Severity Index (11, 12) A3) sm Ve‘ctor M..Idme C1) Pearson Correlation
D Mn' "‘*’"‘Mm""‘T‘ CZL: China-Z Index (11) Ad) Artificial Neural Network C2) Root Mean Square Error
1) Potential b — MCZI: Modified China-Z Index (1) AS) Deep Leaming
Ev ation PNI: Percent of Normal Index (1) A6) Random Forest I
oot RAL: Rainfall Anomaly Index (11)
ZST: Z-Score Index (1)
RDI: Reconnaissance Drought Index (11, 12, 13) Drought Indicators
DI1) Deep Soil Moisture
DI2) Lower Soil Moisture
DI3) Root Zone Soil Moisture

Output Data

DI4) Upper Soil Moisture
DIS) Runoff

Average

F15 BT ATR TS B0 A AR

3 AIEaEA#IERS

TEH NS R ERR AT Z )5, A T A 38T
A PR A R A DG TR IR B TR AT AR A MR . et
VNN )X - X7 PO PN S I SN i e
x| A SREORERUEYE B . ZARAYER
B R WG R T &M R , B I IR B2 2 1 &
JE& iy S BOK A B9 A BRI 8 24 1 1Y) IE
0 IO FH AL e DA 52 T Wi BT PR A o RS2 19 I OB
WA BT L BE A PR L W A8 BEAN Y
RE % P I3 RTINS sl A 0 1) 23 A R 3 A 2, i
RE 412 o A S 308 10 B 35t B AU, F) i) 7 fE 7, %
W AEAESG L W 36977 S E T AR I LA L A
i R A T T B AR A T R A oA ok
A REREN R ORI . I, A TR REROR
e 3T A= 2 4 U ) O FH X PR AP SRR A A 47
A BA R X
3.1 REERNMEE

N T BEHOAR AT LA T W I 21358 o BAR 2R 1Y
I AE Y o i, >k H The Ohio State University 1

www.kjdb.org

Weir A1 BAITF & 7 —Fal LU F 1500 22 A1 5 (Legio-
nella pneumophila) ¥ & I IR %A S B W 4 HL A% 27 )
BRI 16%Y) o bt 5T o 45 5 AL K B S 5 4
THeF 2 BAE A T ALAS A S BIARY ) DLPRH v o S
T A T e PR 4 DUBSCTE — i 0 LN S IR RE 3 . BT
LORFW, HLAS 7 2 7 15 e 1 & PCA 1 LASSO 55
T, 70 S A 00 A A Ry T A HER R AT AT B
AT K BTN i S 24 RN 4 A TR VR B S X TR
RN T AR U BRE T —FhoEr i T DA 42
P TR 1) 25 B SRG IS

&
E E WU
Inhalation H Hazard Sensing
o =

6% &

Risk Monitoring
O=
Hospitalizati Risk management

Fl16 R ALk > i ZE AT T e S S A i A5 1
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DT 2 B A Ao D A 1) 0, %o TR 4 A 3 A
WHEE L T I R R AL G Ry A AR, ok
H Kyung Hee University i Seungdae Oh [41 BA™ ¥ &
TR IR S P A T R T R
PR (CP) AR DCH 19 Wil o B A5 Il i s K
PRI HIAR AL I 25 Bt AR A AR, B T —
AL VG Bl A W A e (HTS) e 40 4
SRAEEA N5 CPPIRIEIRAH G TEL M R AL H
o Ae N R ZS A A B AR (17 o DFSE 4 R4
T 5K CP BYAFAE S L R A /B R A B0 1k
Wy 2 8 SRR 8 ML S D0 0SB PR B Y R
1, JXFREE T ML AYHEZRLE AP 78 FUIN 55 BAT $ Has 0
ARG AAERIE ).

TEABRAG BT 55N, 5 B A DA 190 7 42 i 4%
o 4 TR WP A S T AR e i 3 A O
AP . R, BEE 2 B R BB, i BT
1BE Dh 25 0 v AR IR B, AN UTCAL , i AT RE X $2 A

96 well plate

Eﬁw P F | r_ Replicate
4 = D
- —— Sy W _spots
I A < ! B
Samples INTEGRA Assist Plus MALDI-MS

Detection of genotypes/toxinotypes of the agent

F17 BT RS I B £ IR AL e Wl R ¢

1) R i ™ R, L E R 1AL . K
THMKEEHEMN, kA University of Oxford [
McCullagh P BRI % 1 58 5l B O e e /P 125 — o
ik (MALDI-MS) (& 18™) , IF- 45 & FF IR LA 2% > TS
THA BT 7 R XA v I LA o 1 AT BATE A
P I PR . FH A9 2 FPOAR [E] 9 MALDI-MS {3 8% - 56
WE T . WRSESE SR W], MALDI-MS /] DL F/E
AT 928 1 38 Ry A ) T T L

Intensity (%)

&
. .
we ®
‘ ) . ) 2!
” .

Aquist | 5 = ,
| sy | il 22 ] o @

Pc1

Raw spectrum PLS-DA scores plot
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AR B 25 AR, ATE AR AT DLl S f8 3 BT A B 5%
M5 S 456 BB DR AE IR 2 A8 A, 40 il T e Rl 5k
P IO I PR A R 0 5, O s AR SRR b 1)
AW BEA TR YR X S, R IR YT
W 75 T T IR W B bR e R A 2 5
S5, LU AP MR SR E R . ok Mg e R A B AR —
FF I = B 9 1 25 3 P BRSO 18 3 bl FH G BIL 28 27 )
B (PR (DT) L Bl AL AR AR (RF) F1 22 2 8% 0
(MLP) ) Sk T50 i i, e T MLas 2% 21 J5 e Ae 15 48
A EZAE R o B0 I 40 (TBI) & — 4~ 428k
PRI, 2 B BT A BRI iidefsi (CC) R —
Fofrg D ) i & PR TBL, 405 3 1 a2 J| (HPC) X £ 2
4 A= A A BT R XUIGE , A 3 U i e R L ) A A S
— T AR A AR R I R R o 1% 1A BN B IF 9 5 R R
B, DT A5 AU 2 TR0 R0 fe - B AL i 2 20 B, vl AR
2P A5 TR 5 T A I i AR A 3 A g A A
5 HPC AR R 2, Ayl IR 15 2 4 R} 27 45 3L i
DU | S5 B0 % B A 268 A T o fieb =99
BEAR , ALIE T DL Bl 22 Az EA T U0k 30 o T 0 A5
Rl BT SR R SRR . — O R R
S B I 2 BRI e B, AN [l X

Sepsis patient

Next treatment iteration

(R EREE 5 YA B BN ], iy | AR 1S A7 7R
2550 Blass > BT LIRS G iR A i IX A B 5
Bt , s BT R TR AL KBTS Qe Aa AR LA R 3
TV AT, A5 R 1 ACRE AR v B2 R D 4K
PS5, R A EEOHE R A T FTIZ BT R o A7 Bl T
% A= 7 T GT 52 2y 17 s, B R ) A5 5 7 R R
KA, il e A BIRYT T SR . 5 —Jr T,
PAS5E i  A ATT 24 P () H 4 P 0R L 3 S h AR R T
FHUL R A rh i A R AR B AR I R B UM G . Bl e
2 Ik AT LIS B B AR LA AR R A IO 3 b g A
KM . B, 3k B Germany University of Koblenz [
Kschischo AT BAYIF & T HiA: R BEBRIA OptAB, iX &
S84 i BE IK B Y TN TR e Y T e
BEIE AR I TR AT BB AR R A AL (& 19°7) ¢
OptAB i 3zf A~ W 2 AXO0T Jik B E A8 5 £ it a5 A 1 it
A R AR, AU R/ MR TERE AR OC 8% B i PF o)
(SOFA-Score) , [F] It 5L 5 S TE DT A 3 T BEA AR A 1 25
PEFIFEEE , AT [0 A4 RGBT T B ARIEEE .
FFE 25 R, FH T OptAB RERS SR Wi 28 2 1 &
J& AT LA Bl B A B S b R 35 A8 e 1 B B AR
2, ARG IR AE R FESRAS A RCR .

Sepsis patient

Next treatment iteration

- -
o -
Final treatment decision Final treatment decision
Measuring ¢ Measuring ¢
SOFA-Score g SOFA-Score ¥
Laboratory values » Laboratory values " .
Vital values Vital values
D Optimal Treatments o Optimal Treatments
ata ata
Assimilation ¢ OptAB % Assimilation ¢ OptAB v ‘
‘ Encoder ‘ A F ’ Encoder + >
— — | Proposing - Proposing

Initializing ¢

Decoder ‘

Predicting
—_—

Disease Progression

Initializing ¢

Decoder

Predicting
—_—

Disease Progression

P19 FEL AT ST A e IR T AR OptAB /R &
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Medical Sciences %) Aria [T AT G P4 Mo ff FH 2R B2
22 0 2% (DNN) FIHA 11 Fh % 58 ML J5 32 4 500 £+ 1)
FUI I L PERY S 4R AR LRI BUS 58 2 —1>
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ST 5 (58 SUITEMER R, 158 95.43%. AP,
DNN BEHY L fe ey B9 SR SR E B 32, Oy 85.56% ,
DNN B AP A PP e bR AR I 0, BEf ik =
PRSI B e ML A U A B

4 EFAATIREHEARIS

FIAT, A2 i T BEAE IR Bl 22 A TR A
IR 22 Ja R T 2R I S 8080 R0 1] i 30 K AL
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I Phase I: Data Collection & Preprocessing I

AR ] e ) A A A figp R O 51
41 FRESFEHNNXANTEENEBIERE
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s Tovk S B A o AR 2B xE LIRS o B i A
R Ry A% 8 4 531 0N T RSB A i ok 1 E Rk
A, R IR R T B AR TR BE 27 SR AR
KN THRE, WA TR 2 (GANs) | AT RLJE 7
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H MG A i 5] N TR RE R BB AN 2 7
fiE. #l4n,>% B The Hong Kong Polytechnic University
4 Xiao 1B Hi T —Ff LSTM-GAN J5 ¥ 2k S B
PEACE X 8 T 2K ARSI o 122 1T A DA B A A TR e
PR SYIZE LSTM-GANBERL A i it = LU
SREAEAE (K 20°) o FRIZRGED A iias T ot B B
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AT, T3 AR A R AR 5 SR M DL X
NS A R 5 . 25530 o A e 4 s 1 43t
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LLEE

i Field experiment Acoustic Samples
L T MG S |
| Phase Il: LSTM-GAN Modeling I"“ ""-"""""""""""""""""""""":
T Backward '
; ! |
1
: Real Samples —s  Discriminator !
: =m0 Loss 1
1 Discriminator :
| Random Generator 1
] 1
i Input Generator !
LSTM
! LSTM Fake Samples — Do :
1 1
1
]
1
1

| Phase Ill: Generative Result Evaluation |

Generated Sample —T—*

—— Acoustic Features — Kernel Distribution Estimation
t-SNE Analysis

L  Model Augmentation Validation

Backward

E120  FHF KA W IRAS I Y LSTM -G AN 5 AUAE 4L /R 72
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Abstract Artificial intelligence technology has powerful, efficient and flexible data analysis, pattern recognition, and prediction
capabilities, which can well adapt to complex and changing environmental systems, thus becoming a new tool in the environmental
field. Based on the research results published by the top international academic journals, this paper reviews the important
applications of artificial intelligence technology in the fields of environmental monitoring, climate change, public health security, and
others in 2024, and looks ahead the development prospect of generative artificial intelligence in the environmental field, so as to
provide references for promoting the research and application of artificial intelligence technology in the environmental field.

Keywords artificial intelligence; environmental monitoring; weather forecasting; natural disaster prediction; public health safety;

generative artificial intelligence

(BfLgmiE BRI

www.kjdb.org 95



