do0i:10.3799/dqkx.2025.111

BRI E BB S S
BEIRBI AP

FEE EEHlE ARBE TN
MEE T AZMRREN A SHRRRERIFEEESILEE, M1 K&, 610059

WE: SRS 2 BAEREREFERR S, HZH TREARREEERS, L8
A TR T THT I 2 KPR o ASHIF S8 44 22 1 e 20 PR TR D 33T S MR 4, SRBBE TR
M2k, BRI SRR EBEG, BUASHEES - AL MR ERR, B
3811 HARHEAAREFERMI AR . TR —NEIREMTPNAER, Tl 4 BER MWLM
5 2 2% Transformer BB (153 EIERE, J0UE T 2£T Transformer ZEMFIZNZE Mask JF&E 11
Mask2Former B 7E S J g R IEARMLEE CPAEIELL 75.72%, F1 55341 77.62%). H&HH
BRZAGRE T SERENE, SEPLIRRD IR AORS IR ) o X T S8 AV AD T e 28 L X I8 v 3 B 2 U A
H, JEHANR RIS RN G IR AIAR R 1 B PR T R R K .
K WX W, WIEREORAE: WEY ) BERIRE
hE S EES: P642;TP751;TP79 YA 2025-03-18

Remote Sensing Dataset Construction and Intelligent Recognition
Algorithm Evaluation for Talus Slopes in High-Altitude Cold
Regions
Abstract: Talus slopes in high-altitude cold mountain regions, characterized by extensive distribution, complex
morphology, and elevated geohazard risks, pose significant challenges for intelligent identification due to harsh
environmental conditions and data scarcity. This study addresses this gap by constructing the first high-resolution
semantic segmentation dataset for talus slope detection. Utilizing Gaofen-2 (GF-2) satellite imagery, we developed
a multidimensional interpretation framework incorporating morphological, spectral, and environmental criteria,
culminating in an open-access benchmark dataset comprising 3,811 standardized annotated samples. Through
systematic evaluation of four convolutional neural network architectures and two Transformer-based models under
unified experimental protocols, we validated the technical superiority of the Mask2Former model - integrating
Transformer architecture with dynamic Mask attention mechanisms - in complex terrain scenarios, achieving a
mean Intersection over Union (mloU) of 75.72% and Fl-score of 77.62%. The proposed methodology has
demonstrated exceptional generalization capability and robustness in precise talus slope delineation. This research
not only addresses the critical data gap for talus slope studies in alpine environments but also provides scientific
guidelines for model selection in intelligent recognition tasks across complex geomorphological settings. The
established dataset and multidimensional interpretation system offer valuable references for advancing geohazard

monitoring through intelligent remote sensing technologies in cold mountainous regions.
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Table 1. Remote Sensing Indicator System of Talus Slopes Based on Morphological-Spectral-Environmental
Multi-Dimensional Features

Y23 piA 28

WRBSEAGH, s

N H §

@ S

SOEEE, A RIS R AR, Se .
RURERR, ARRRRS R, . ki o R
HEWRRE., (ReR,  EW 1 B B 4 T o

AR BRI
PR, A are, ot AR e,
WRRAN (R 00y HGAUE, ERREA wEE.
I RS
FHBERR, A
SRS R A —, GRS, REH— M, RO KR AR
BOPE 1 RARMERL OISR, 2019). VeBR, SRR, © % (B7ERREIE A R

X 3

DI, PP EEAE K,

e it e e e

FEXERGAZ R BT, TSI SR X i XONHERR X = M3 ot MIRIX H 53k
HRRER DRSS, DGR 58 XA BE R AR, A 5 SBUS LR BRIE il X AE 24
TRD I PRI AR AL # T, HP IR BN R BB, HASHERRIX
L FAFAERT RO, FER AR R PR R 5 MR X A8 B & PRI T
MRS BT R 3 J s i ISR, 5 R SR e 22 5. BRI, B FUE Ry
DRI S STRRZE I I 35 DA HERA X O A% OoARE X B2 o

HRER ERRERI SR b, T CLEE AR TR AR IR, TR TR b IAR RS b v
PRI ESR SE AR AR, AN 1T B o 8 AR 1 R P AT

Py :

- EIX 0 i X O HER X
(SR ST AR S
Fig.4 Identification Symbol Map of Talus Slopes



22 EXSENRE

FEATATH, FRATEEE T /AT W 5 B 28 AT RIS E0E o EIE 5%, G4
FET CNN FIPRMANE T Transformer ZER AR (MR 2). X NMEEREA AR ZSHOK
ANFTHE RS, FEA R RBE B IS st h R AR e (1 e, 3 T R AR IR kG
SRS rat] o

BEXEIET CNN FTE SRR, ARSI | DY e i 2840 DS IE 22 ROBERFAE dAR ) 22
Ft: DeepLabV3+ il i 4 #t) 5 725 73 (Al & w85 M B Fve =, @it ik SR # 2 UK
SZHPRHIE, 456 MRRD 280t s o Frae gy i sU B e, AEORFF BN SO e AR FE TR IA
IRBNA -, RS2 T LGRS E N RAAHFE (Chenetal, 2017); PSPNet SR PEHR H
G T IR, 8 A (R A AL SRR SR R B A R R SCRAE, FEIXHCT 3k R 5
B REAERT], HSHRIBLGE B b (Fang et al., 2019); PAN TERFEFAL AL 4E S SLH
G, I X A S AR RIE AT B TR R SRR S BRI EgE g aE, H 2 R RHIE
I H AL R TN H b S8 1, (B XA BR AR BN 5| &k 55 2 FE SR G 22 (Yu et all,
2023); FPN 1E N HRRE & P S M B AR ST, ot A 1) I 42 SE IR 2 e 43 PR R AIE 5 IR
JEAE SCRFIE I B8 RO RS, (HS2 RT3 — IR AR 101G AR, e LS IR B RFE S SRk
(R E G GEE (Zhu et al., 2022) . XL N EFEERE . BT URG BIRFERRAL 1) 2 =4k
WR, RGZIHEH | CNN HEZE N 22 RS E AR I HEAR 52 ik 45 -

7E Transformer 2244 /51, SegFormer 5 Mask2Former 7 AR T PRI =BG /T
F K Z /AL Transformer Jwb5 28542 B VY ZLRFAE B , il 2 520 MLP fbd a8 SCIl 4 R i =
D15 AT it G, HEBRA B S ik B R T REEZAEE ) (Xie et al,
20210 JEFHBIFMETI ANEET Masked Attention [l G #1480, @SSRS E
WAL HLE AL BRI 18 X525 EUES, HARZR - A UL NG g A Az i 1
1£4; Transformer 1 Z LT HITHETUA B (Rai et al., 2024) . —F BILEHFEE N
H %O H, 12 SegFormer I 85 22 JBERFIE T H SA VMBS = RUdRY, 11 Mask2Former M
AT S RS B A% P S I AE A %, I T Transformer BEAY7ERHIE @S BE 54T
55 1 M A (0 0 Al

2 1B BRI ARNT L

Table 2. Technical Comparison of Semantic Segmentation Models
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Table 3. Comparison of the Performance Evaluation Indicators of the Models in Semantic Segmentation on
the Training Set
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O iEbr XS Ii 2 455, BURIETY SegFormer 73 4T 5.24%. 17.27%F1 21.37%.
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Table 4. Comparison of Semantic Segmentation Performance Evaluation Metrics for Models on the Test Set

R A FR mloU (%) F1 5% (%) REHE (%) BEE (%)
FPN 60.28 (£0.43) 38.14 (+0.37) 51.89 (£0.53) 30.09 (£0.43)
PAN 60.62 (+0.59) 39.28 (+0.43) 62.96 (+0.59) 28.41 (£0.44)

DeepLabV3+ 63.67 (+0.54) 47.18 (£0.50) 45.54 (+0.58) 48.97 (40.69)

PSPNet 64.29 (+0.70) 47.82 (+0.63) 6236 (+0.75) 38.64 (£0.66)
SegFormer 70.48 (+0.63) 60.35 (+0.63) 62.91 (+0.82) 58.12 (+£0.72)
Mask2Former 75.72 (£0.54) 77.62 (£0.75) 76.63 (£0.85) 79.49 (£0.60)
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Fig.6 Visualization of Semantic Segmentation Performance and Recognition Results of the Models on the

Test Set
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Fig.8. Spatial Distribution of Highway-adjacent Talus Slopes in the Study Area
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