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Abstract: The identification of glacial lakes is a prerequisite for understanding their
response to climate change and assessing potential risks of glacial lake outburst floods
(GLOFs). Although remote sensing technology enables continuous monitoring and
assessment of global glacial lake evolution, accurately and reliably extracting glacial
lakes in complex plateau terrain regions remains challenging. This study proposes an
intelligent glacial lake identification method for complex plateau terrain based on multi-
source remote sensing data and an improved Mask R-CNN deep learning model.
Building upon the original Mask R-CNN framework, we introduce attention
mechanisms at three key components: the high-level features (Conv4 and Conv5) of
the ResNet-50 backbone network, each feature map in the Feature Pyramid Network
(FPN), and the Mask Head. Utilizing a multi-band dataset composed of Sentinel-2 high-
resolution imagery, ALOS-DEM, and Normalized Difference Water Index (NDWI)
data, we conducted tests in Nyingchi City, southeastern Tibetan Plateau. Comparative
analyses were performed between the enhanced Mask R-CNN model and three other
models (U-Net, SegNet, and DeepLab V3) for glacial lake identification. Results
demonstrate that the improved Mask R-CNN achieves superior accuracy, with precision,
recall, and accuracy values reaching 91.25%, 93.69%, and 92.89% respectively. The
enhanced model effectively mitigates interference from mountain shadows, lake
turbidity, and freeze-thaw conditions on glacial lake identification while significantly

improving detection efficiency for small glacial lakes. This research provides a reliable



solution for glacial lake identification in complex plateau terrain regions and establishes
a novel framework combining deep learning with multi-source remote sensing data for
intelligent glacial lake extraction, offering new possibilities for related studies.

Keywords: Glacial lake; Complex Plateau Terrain; Intelligent Recognition; Mask R-

CNN Model; Multi-Source Remote Sensing Data
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Fig.1 Hydrological and Geomorphological Overview of the Study Area
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Table 1 Data Sources and Characteristics
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Fig.2 Intelligent Recognition Process of Glacial Lakes in Complex Plateau Terrain
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Table 2 Detailed Information on the Images Used
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Fig. 4 Comparison of Results for Glacial Lake Recognition Across Different Models
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4.94%- 9.15%- 4.6%. HT SegNet Fl DeepLab V3 F I #E & B R tH XA 10%
A Tt

7 3 IRENEENTEL

Table 3 Comparison of Model Accuracy

TR S RERCIE:S e

et 5 Mask R-CNN 93.25% 94.69% 94.89%
U-Net 87.31% 86.54% 90.29%
SegNet 81.71% 84.39% 85.58%
DeepLab V3 84.33% 86.53% 86.78%
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5.1 it

FEAURARA I TS 5 R, UK B Bh A5 2 H 2 0 55, SR R fr 9 36 5535
PRk, 38 D) 7% EORE B A OIGIRU 7532, DA SO e Ry BT R L HE 1 52 24 30
& RFATALGHFER N TE A5 H 3h ik, ASCR R T SGE
Mask R-CNN R B % SIS (oK R I %, 55— B850 TUK BB VR FE 25 S1 it
7t CEASE, 2023; FREE, 2024; BpiiEMs5E, 2024; X|IMELAE, 2024)
FALE, SO Mask R-CNN A7 2 2 (i N0 B2 2 800 /0, IRk RRECE
b, SR Z R, I AR E .

VIR T I 22 SRR, B3 H s By BUE A48 R IR 7 iR DA A . 2



K5 5 1 TS 7 s (UK ) I REZE IS S K1 R Jog AR ) 7K 22 5 i s s iR A e —
i, FERAGZETT, HBOSZ BT IERANY . SEBRY) . R T, 6
RS SRR R MR, B RO R 2 S BUKIBIRHE R R AR, 38R )
HMEPE o F3A0, SZOGRESR AR, LTS [T AR 1R B 5 X AR SO R IR i
PR — S E, fE 2618 bR S UK X 4, B /e N T8 it i
AR MERI E W i 5

S CA KR A R, AR SR RSO Mask R-CNN R JE 2% ) A5 Y
VKIR A7, A T B P ALOS-DEM = FE 505 28 B 3 £ 4 Al NDWI,
S T KAV kU DI R LL AR B S R UK VR S B B ) o (L 7E B Rl 2
T, RUKIEIAEEEAN T R FA K R i 7 i B, TS SR /N DX 3SR oK ) 11 8 e
DL ZE AR o RN, Ak H BT 10% 2 B R IR AR AL R 3 X 3BT AR
XK BA T4, B0 53 A R0k 1 4 o8 AR 2 58 78 6 o WA 7 P (s 475 98 R
AHREETE . SAR HERA RN ARMGERIMAE ST, Ex R 1) 5 & fe /)
S, e 88 SRR B 4 A 2 B A R I KIS R, AR SCARSR IR ST J7 1A

H AT — LE oK R R F W A48 LW /MK (<0.05km?) FRTE BRI AL
SRV N9 R A M ZERTIR, B WA /B /NI AR 4, A B T AN 15
UK VKIS RS R FE R A o R /N AR SR B 6 7772 VPR VKB B 7 v
A RO B B AR . ASHT T8 9 Sentinel-2 $HE HLA B AU A 22 R, R
VKA B S PR A T A S P . IR, ASBIF T B UK AR 0 A 4 [ vk
JEE —gm B BE S5 & N DA, B 7 RE/NKEIREA, IZRIRE
P SRR U N UK SN A, R ICE RS W R DK i . AR TR
3015 Mok, FHedr 1658 AN Jy/h kil ARE 2017 FEIEIM R L X 30m 73 3 2 0K
Bmse, ZIXBUNKIEAE A 1157 A, AR BITTEESINK R R 3R = 2
45%. DRIk, ASHIF T H AU TR 50 7 92 1 R B R 0 R 2 H1) /N R il T R L
O, A7 BT S SR ) B AR v

VKW BOAFAE S B A T B8 51 A S oKt i i, SRECR KR E,
Sof Je itk B0t T AR AL ™ FE ) (Dou et al., 2025) o [Rlitk, 78 R 5 A< U iR o
B SIS R AR B KR K o R B SN A ANE - a8 BT UK R
AL, AT J 9 3 AU PPAG R S AT RO R G, AT BRAIR 5 35 R AR R . B AT,



vy 5L DX O 4 2 1) AT AR 9 R s I ISR L 1 R 254K , RS R R UK
AL E A BT v L RS DX LR i v, b $R T LR % etk Higdr 5tk
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AFFLER T — P A T 5 46 SR R X B K s iR 7 ik, mle T 208

BB 5 0IE i) Mask R-CNN VR 22 SJHESE, EBLE BT

(DFREH 2 E Ryl G AU, 8 Ik 8 6 -2 A 2 DU N ResNet-
50 BFMLZ (Convd/5 J2)  HHIEE M4 (FPN) K Mask Head, SZHL T &
AN 5 2 RRHE P R o« 2R A A b C 5 7 SR AR KSR YISk
TRV, BV AL I IR, RS PRod ISl I b I ZRs R, AR &
ERFEARRIAT X 3 92.89% 10 S A4S B2, HANZRs AR B4 — 15

(2) #3175 Sentinel-2 ZGi%#4 . NDWI /K445 %5 ALOS-DEM #h
TS H) 2 R iE SR 3, I - A AR B G b, RE IR E A
SR R B . SO LIRS« VR Rl T S i AR FR i 4 o) 3%
KR, HIRVEFERE SR P15 X 00 & 215 3G R,

(3) 7678 M AR 2 Hh X 19 50 UF & W1, ook A Y 2R A 1k R FR A

(Precision=93.25%, Recall=94.69%) % U-Net 55 F it A2 F- 2 5-8 N H 4 5

RN UK (<0.05 km®) PRI BE JAH EE P s 8 S 4 i 4 45%.
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