M FR =2 )8l T R

2025 4 9 A Sep., 2025
%2355 9 GEOSPATIAL INFORMATION Vol.23, No.9

At Jy R gl 900 A B IS Jeke S il

RtL!
(1. R IMZRE, WIREG AN 453000)

B E: AL R EEAMAR, MAEER TIFZ AR NG ERELERMNIEHK, FATAGHARESRER
M Fe FRE 38 IE 5 AT Landsae8 i B R IR AAL S SR AL 0 AR AR, R T S5 EIRIFE K IEHK (CMFAD . A
CMFAI 3 o431 A 3k £ AT A ) ; ) A Albedo. NDWI, EVIS CMFAI & T4 R 206k S AR | 8 2%
AT SR A Ao K A M ARAT B IR, 52 UL I IS E VL R S Sentinel -2 4R LA R 09 X U IEE R, BRI KT o0%,
CMFAT A A BAFaAF . R, TRAAERNAAFTELO S AEN, HREREN, LREEATEELSHA
BARED, BB RAAH,; (2o A FERRIIARE G, A —THELME,

EEF: LR 5 MY AEESE; CMFAI

FESES: p237 XEktRER: B NEHS: 1672-4623 (2025) 09—0080—05

Remote Sensing Monitoring of Harmful Algae in Typical Inland Lakes of Northern China

ZHU Hongjiang'
(1. Henan Provincial Institute of Surveying and Mapping, Zhengzhou 453000, China)

Abstract: Taking Hulun Lake and Ulansuhai as the research areas, we developed a spectral monitoring index suitable for harmful algae in typical
inland lakes of northern China to enable the monitoring and early warning of harmful algal blooms. By analyzing the spectral characteristics of
various wetland vegetation types and algal blooms in Landsat8 remote sensing images, we proposed the comprehensive modified floating algae
index (CMFAI). We used CMFALI to extract and monitor harmful algae in Hulun Lake. We used Albedo, NDWI, EVI, and CMFALI to construct a
decision tree model based on expert knowledge to extract algal blooms and aquatic vegetation information of Ulansuhai. Validations through field
observation data and cross-verification with Sentinel-2 derived results show that the overall accuracy exceeding 90%, indicating CMFAI has
good accuracy, practicality, and generalizability, and is capable of efficient and automated monitoring of harmful algae in inland lakes. The
research results show that the distribution area of harmful algae in Ulansuhai has remained relatively small and stable, while Hulun Lake has
experienced frequent outbreaks of harmful algae, indicating a tendency toward episodic blooms.

Key words: Ulansuhai, Hulun Lake, harmful algal, CMFAI

A Sf P i AT R BT 2 A . KA R R
IKBCEAL . BB TR A IR R TR B
23 (A1 5 55 A M I AN (U Bl T Bt 4 e Ay
AP ATEA TR TS e o U, T EL o MRl AR S &R
GitaE S AR e R AR AL T B R R

UL TEEG | WS I P b T SR P R A D
TG, BHFHIEARE (FAD 280 20 T A b
NE R SN AT IEST R S PO R WS RSP lieA {8 22
(2 G iz FOHOR B 5 HAs SR GO DG RHIE 22 57
WSRBARAE R, AR R BOCRIE RS, R, 155

DU AR SE R A O 3, AP AERERSRE ST . T A FR
TS 23 SRS 22 S iy, XHE LA AL 2 WS R s 00 )
Ko MEBEAR P A S N RIA K AR A R GTR 52
I A FE BB S A AT BE . Landsat R4 1A
Bl AE K I 18] e 51 WL A W] 5 T HAT e
T TA E BRI RIS I, Rl 5 5
TRR LK PSR ARZE 5 0070518k HA B RS
S, BN T A F AR T AL

PRUMGFRERGIA T, KA 5EERAE R LM B
[ S RRAIE e BEARML, AR FAL A T Wk 3 m
PEREE R EE . KT, ASCHE T —FZis
B I B AE 50 (CMFAL) o % TREAEH, % F8 5k
AT E A TA FEENE SRS IEN,; TR
1, WIZEG 2R He B g e SRR, S atlise
e 5K AR X Sy o ARSCHE—25 5007 T
P P 2 A T 2 I 2 0] S0 A R AE A (] AR 4



%23 %5 9

RSL . AL SR NBE A A B SR ISR AL M - 81 -

e, DU T R XA A SR B A LS AR S
PRI ARSI LA S B S

1 HERESHRGE

IS AN TN 52 B IR AL, HAb R4S DR
AT EL R PR AT ML . BT DR A T 5 Tl i L o 5 S 4k
(48°33'~49°20'N, 116°58'~117°48'E), ZFe A
POKI . WX NI LA S . SRR N T, B
AR, R, A, Hroh ez
HEsg G0 BRI T NS AR R PEES, M
AL EEIRURTH S PRI (40°36" ~41°03'N, 108°43' ~
108°57'E) , X 43 Aii Z R R AR AR R . AR
K, Z NGRS AR E A A, 5
DX B R S, IR OR F R R
U S B G I .

1.1 BRI ik e

AR SCHE N 20172023 4F 1 G 2 ANNT-AL 11 56 1 At
KEWER ] (7—8 A ) A9 Landsat RV AG AT FE
PSSR A A () B 25 AR AU ARFAE 3BT o Landsat8 T3 A
B E DI R 16 d, #5%k OLIFI TIRS WML &R . A
EMTC = 75 . TR 16 I Landsat s2434E R
FEFARIE, ERM TR E AR RRIE, T
ST A 5 55 R 2R 1 /K A8 FR O X AR B
SR 8 3 A RO X T ALk f ) R e
(A X0 5 %o FOAh B 119 8 S AR R A TR BY A5 B T8 X
LI B HR I . Sentinel—2 TLE #4538 14 2263 ALY
(MSD) AR 13 4~ ik B i) 3 S8 B0 ah , i 3 o] DL
LT AN B LT AME R, 23 (8] 3 B d5 i v 3K 10 mo
R CHEHLS Landsat8 OLL B[R] AH 3T ) 3 5 Sentinel -2 £
HeiE 5215, UL Sentinel-2 524% 10 m Edis A B 18 IEIK
P, XTHETF CMFAL 5 52 I de A B U 45 A 7
B IE
1.2 CMFAI [ty fika 45

BT RA R RA | RIRTNA F B0 6
fiE, %F %t Landsat8 OLI Al Sentinel-2 MSI ft) 3 Bt i% &,
ARSCHENL T CMFAL, FF RG4S 8 A 5 SR 22 A
B2 R, AR FAL, MFATFIAFALZEG3E 4
5 CMFALEATXT oA, BRI L R 1,

1.3 PURB 2 JS B g et

AR SCR) FH CMEFAT S A8 5 E 4 74 35 88 2 0 a2
B A Albedo, HESRAUHAEEL (EVD 454 CMFAL
SEICTE R B B 1) DR S SR A T D R R A
W SRR SR Albedo FH T BRI R

Albeda! MNDSI= 0.356p,,,. +0.13p, ., +0.373p i +
0.085pgy1r; +0.072pg 1, —0.001 8

5 ()“SW[RI 7;“bluc)

FAT® FAI= Pareen TPred ~Pswiri ~ (ph]us ’pswml)ﬁ

( LSWIRI ‘”“blue)

AFAT™ AFAl= Pareen TPred ~Pswiri ~ 0'5(pb]uc ’pswml)
191 MFAI= (lswuu _;“blue)
MFALT = Preen T Pred ~Pswiri ~ (/’blue */’swmx)iﬂ
()'SWIRI +/Lblus)
CMFAI= Preen TPred ’/’swml(/’bluc ’/’swml) x
CMFAI (;'SW[RI ’ibluc) (/)green _leR)

()stmu +;“b1ue) (pgrccn +pNIR)

E: p A Landsat OLL % Bk B89 3 R R A5
Atk o WIS S ARG MEY . NDWIH] T 32 3R
MERARMAR S, EVIHTHIBRSEK A, 1M CMFAL
T HRBEEFREFEL, FRMARTIEAE DA
KA o
1.4 REERIE

A SCHF Sentinel-2 38 Y AR RN /- K45 5
Landsat8 $2HUK 45 R 728 LI E, THE & e
R (R . H k2 (NSE) . F 34 Xf 52 2=
(MAE) FIHIFHERIE (RMSE), X432 Rilb 17H
FEVEAN o RIHSF, IS0 3ot s A5 1 A B AR A A T
SRWEHRE, TS JEEE R EORS B2l Kappa 225X
HPPAG R IIAEE

2 HARERSHH

2.1 BEIUES YL SR AR

$5T Landsat8 OLIFZ R, A SCF| ] CMFAL £ 50
e A % B8, FIH Albodo. NDWI, EVI Y
CMFAT PR A8 2 F) 22 R AR TR SR R B B B2 20 1) A
ARG . 2 IS, A48 EUR B
SEBEEOR NN EE . SRR ST 4 7 3
IR BG4S E (K1) WAL, M4 TF FAL, AFAI
FIMFAL, CMFALR] A 808 KR 59 SRR Z [ 1)
225, HORTE R UG B AR I ot At K A A A v
T AR KT, (HiE i Albedo, NDWI, AEVI Y
CMFAT P [l b4 8 2 FENE P SR T SR AR I

55 AiE CMFAL UG 32 A, AL
Sentinel -2 $&HUZE 5 A, FILFH Bz Kb R AN SE 150
UEDT Xy AR TR IR . S5 % (F2), @
TERHRIES SR 5 Sentinel -2 AR BRI SR IEA—3K,
g 2 h AR R°=0.917, NSE. MAE FI RMSE 43 5]
0.791. 0.028 F10.035; FFAE ] Hh 342 1 R°=0.956,
NSE. MAE FI RMSE 435124 0.901 . 0.020 £10.024.



.82 . w32 % 19 45 &

%023 %% o

AFAI
0.516

FAI
0415 ;
P 02550 i

T -0.17

02550 I
Lt tkm -0.08

MFAI
0.316

02550 I
L ikm -0.09

CMFAL
1.131

02550 I
L akm -0.913

a BRI FAL b BTG AFAL

¢ B ZIE MFAL d B CMFAL

- +

AFAL
0.852
0 510

L ikm Ifu,nﬁ

MFAI
0.582

L / CMFAL
/ 1282
0 510

0 510
L tkm I—0.0SS

e tkm .70.859

e IFAEI FAL

f A AFAT

F 5000

F 4 000

F 3 000

frequency

- 2000

- 1000

0 ;’?
0 0.050.10 0.15 0.20 0.25 0.30 0.35 0.40
Sentinel -2 $REHUEE AL FL

[l 8000

L 6000

frequency

L 4000

L 2000

0 fz : - - : : :
0 0.050.10 0.15 0.20 0.25 0.30 0.35 0.40
Sentinel-2 $ AR AN o

b W]

AR SR FH BT A S S BRI E ISR, LT
TEAE B 15 40 TR A R MR EA TR B 0 0E . 25 3R
W1, CMFALTENBEHIAA F RS R I A 1Y)
Ko RE, 2R s AR PR A M ARAE B . Kappa 250,
FEOTIRZE L IWAIRZE AN 92.72% . 0.93. 2.32%F
2.82%; WFACTHHBE AR SVAKSE | Kappa REL. 4
iR 2E . ISR 2E 5T N 97.49% . 0.94. 1.75% Fil
1.68% . £ bR, A 3007 1 HAT 55 kG B Fn R
PE, B AT B TIE B 55 Ak W T

g PP/ MFAT h FF{EIH] CMFAT
2.2 PIREBINNAT I8 IR IR A2 gy A R E

H1 20172023 ARG FHERZS 50 (1813a)
AL, PRI 2 DL AREZORE e oA Tl
FeKIEk . PUATR R AIACERIIC, VR AR s e T A
X B, 0 XA /b, AT R R XK 4
ZNNEHY . KnEg R~ S TEER
DGR AR A AR I A, 2023 A A B0
B, FEEPFWIX A, P, Ml E X, W
2017—2023 4 B R R A F KRR [ 54 (K 3b)
AL, SR EKAE Y ATz, LT w1
X, RPN VR S TUKAR Y ) 3= 2248
HRPE R RO DX, T B K X SR04 FALE . ma B L
Sk R X A e s a /N, I iy
FEBRASE T
2.3 HIEPERE:

S UE CMFATZEAN ] DI AT 35 e 28 1 JB R B 1
T8 M, AR SO RS ) A AT A B A Y A TR 5
SrHT. BRI A FREFE R, T
Landsat8 45 1 FH CMFAL R B e fE 25 UL 4, —
HITRBORS EE YRR, HAS R rh Bete A Ya Il s B
— 8, B 4y 5 A 92.83% F1 91.25% , it
CMFAT AT I L SR i B AR A, A 8Ar
A

Bifi 5 NS0 S P L s A R AR AR 2, Y
BHAKAES RGN T —RINAERRB, R, WL
WA KA IR 2 220, 6T 3 B s AR Wy s L



%023 5% o

RSL . AL SR NBEASAH B SR ISR AL KN

- 83 .

21451
0510 -
ek -k ik

Pl
b
KR

&4
0510 -
ok -k

P 1)
-
.k ik

0 510

Lot ikm

a 2017 4EIEAE I

b 2019 4EIFAE 8]

¢ 2021 4EIFAEH]

d 2023 4E0T4E

P2 5]

I K A

K B
e

[
-k
It

e 20174553500 f 20194 52 %Ki

g 20214 B BERF h 2023 415 R

3 MEiH, BRRBHATEXRNER

a Hilf) b KW
El4 ETF CMFAIZEEIH S AN AR IR I L RE
A —E W RIBRPEN, A SCE S R A BT 2 R R 5 I
feihsEte . AKARFK A O GREARE, S T —Fh
B AR IS B——CMFAL, A Hras R, 5
FAL, AFALFIMFAI S5 4850 EL, CMFAL7E 3 58 32k
S SOKMEZMDGIE R 22 R, A 8T
P o3 B (B B A ERE X TS B E R A AL
WU 5 Sl W BA S T, R T R
SEFAPE SIENE. A2 IR UE CMFAT 5 X 38 i
PE, ASCRE UK S & T4 ™ E P A T
PERGI, 2550 CMFATFEA[R) DX I HL A% vy
HfF BBUNRE T o SR, 43 b X T 3 A 2% B
i, T KT, CMFAI X iZ 28R IR BURE 1A
B, HEX R4 s 2 8 — . 45 F
JIFiR, CMFATTE/K AR, 8 5T I/ N R0

HLA e AR BE RS I 5 R B A 1 B2 XA
IKAE IR 2R X, SRS RAF A E L

3 & iF

1) ASSCFIFH CMFALIES T AR 18 1) A 5 e A 3 Jak
WA, e SRR EREE 2. ZRBRSIR
EIRES, WIEE T AlG 2RSS B R PSR 42
BRI ST o 5 70 A ol 2 02 T L 2 v
AR RS -

2) FIFHEPANSEM B RIERIES , JF5 Sentinel-2
10 m 73 HEHIE AR PRI, b 58 I IE . 455
B, S XIGUERY R 43555 0.917 F10.956;5 IR 1A KRR
45 ) i AR B2 F Kappa 22 5053 91 2 92.729% i1
0.90, 97.49%110.94, B CMFAIZE AR BOH HA
AR A B RIS T o

3) 2017—2023 4 £ % 2 ifg 35 A0 181 FH 43 A1 3 Rl 48
AN, TCHBAEPRAR LR, AR AR AR Sk
JE X85 PRt 2 DL AR s 2L A R o A
FAT I PG R AL X, VYRS A e e T
AT Ik 22, i IO X et fE B MR A

ARIABAFAE— AR . B TRk #4gm
23 (6] A B[] 0 B SR AP e — S8 T JR B, o e LA s B
ARV R AURE I, RS R IESIA
Sentinel-1 SAR . Sentinel-2 £ Y& 1E 5212 #1 Landsat9 %



. 84 -

32 4 9 42 AL

%023 %% o

HCE I S B T4 Sl AR 25 5 A BRI 0, g s X
DA i T AT T R A I ) RUBE B iy Sl 2R B RE T 5
RO A LT BE AR A e e e Ji i R rp 2 3 2 R A5 (A
R (R FERMAKRIESISE), B L A2
A%, ARSI AR A 55 520 [R5~ 22 18] BRI 1o 56 28 0T
JERAIIHT, RACKRE IR HE . LA R
FEE 2 R 22 A1 JE R 2R I 23 AR ) B 5y
Ll .

SEM

(1]

(3]

Zhang Y, Jeppesen E, Liu X, et al. Global Loss of Aquatic
Vegetation in Lakes[J]. Earth-science Reviews, 2017, 173:
259-265

Wu G, Liu Y. Satellite-based Detection of Water Surface
Variation in China’s Largest Freshwater Lake in Response
to Hydro-climatic Drought[J]. International Journal of Re-
mote Sensing,2014,35(11):4 544-4 558

Luo X, Wang Y, Luchovich J. Mapping Submerged Aquatic
Vegetation in Albemarle Sound, North Carolina, USA Us-
ing Landsat8 and SONAR Data[C]/IEEE International
Geoscience and Remote Sensing Symposium, 2016, 168:
194-204

IMT I RAE A M5 A SVM W K A ML o i AT B4R
R[J] 227847 8, 2023,21(3):72-76

Yoichi O, Bunkei M, Takehiko F. Distinguishing Surface
Cyanobacterial Blooms and Aquatic Macrophytes Using
Landsat/TM and ETM+ Shortwave Infrared Bands[J]. Remote
Sensing of Environment,2015,157:35-47

Brooks C, Grimm A, Shuchman R, et al. A Satellite-based

Multi-temporal Assessment of the Extent of Nuisance

(10]

[11]

[12]

(14]

Cladophora and Related Submerged Aquatic Vegetation for
the Laurentian Great Lakes[J]. Remote Sensing of Environ-
ment,2015,157:58-71
AT R =5 ik AL 09 IR HAE B3R IR [T T 58 1)
.8:,2022,20(4):65-68
HuCM,LeeZ P,MaR H,etal. Moderate Resolution Imaging
Spectroradiometer (MODIS) Observations of Cyanobacteria
Blooms in Taihu Lake, China[J]. Journal of Geophysical
Research: Oceans,2010,115:4 002
Qing S,Runa A, Shun B, et al. Distinguishing and Mapping of
Aquatic Vegetations and Yellow Algae Bloom with Landsat
Satellite Data in a Complex Shallow Lake, China During
1986-2018[J]. Ecological Indicators,2020,112:106 073
Chen J,Wang J, Wang Q, et al. Common Fate of Sister Lakes
in Hulunbuir Grassland: Long-term Harmful Algal Bloom
Crisis from Multi-source Remote Sensing Insights[J]. Journal
of Hydrology,2021,594:125 970
T4t , 4N, €4 23405 T Landsat8 OLI #3569 % £ % i
B R B AR R R B iR B ORE )] B B K F AR
2018,37(4):99-105
OlthofI, Fraser R, Schmitt C, et al. Landsat-based Mapping of
Thermokarst Lake Dynamics on the Tuktoyaktuk Coastal
Plain,Northwest Territories,Canada Since 1985[J]. Remote
Sensing of Environment,2015,168:194-204
Cao M M, Qing S,DuY C Z, et al. Remote Sensing Classifi-
cation of Aquatic Vegetation in Ulansuhai Lake Based on
Discrete Particle Swarm Optimization Algorithm[J]. Journal
of Coastal Research,2020,102(1):176-186
il AR 4G, F IR T LR GF-6 WFV Fo
Landsat8 OLI i & #4% 4 % Y22 [J]. 332 & 9] 42 8. ,2022,
20(8):49-54

[12]

[15]

Wang D, Qian H. CatBoost-based Automatic Classification
Study of River Network[J]. ISPRS International Journal of
Geo-information,2023,12:416

Yan C, Liu X, Boota M W, et al. A Comparison of Machine
Learning Methods Applied to the Automated Selection of
River Networks [J]. The Cartographic Journal,2022,59(3):
187-202

Touya G, Zhang X, Lokhat I. Is Deep Learning the New
Agent for Map Generalization? [J]. International Journal of
Cartography,2019,5(2/3):142-157

R R, FIBE, By e, 5. kG5B A stroke FF ARG 4 ) 5)
IRy R[J]. HeEAT B FIR,2024,26(12):2 673-2 685

Dijkstra E W. A Note on Two Problems in Connexion with
Graphs[J]. Numerische Mathematik, 1959,1(1):269-271
Haeupler B, Hladik R,Rozhon V, et al. Universal Optimali-
ty of Dijkstra Via Beyond-Worst-Case Heaps [C]/ IEEE
65th Annual Symposium on Foundations of Computer
Science (FOCS). Chicago,Illinois, USA,2024:2 099-2 130
P, Ta, &, 4. KT DEM &9 & R #1118 JEAHR
BA T T R R[], M2 M 4E B, 2023,21(12):
97-99

R, ok, B K, 5. LT Dijkstra ka9 fti2 R
AR ik [J] b A R FFR(TFMR), 2022, 52(6):
176-182



