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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, it 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, it 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
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references for advancing geohazard monitoring through intelligent remote sensing technologies in cold mountainous regions.

Key words: high-altitude cold region; talus slope; remote sensing dataset; deep learning; intelligent identification; engineering

geology.

0 515

ER T PR A ) WEEZ —,
B 98 X E A R e AR b b X R R
(BRA=THAE, 2005). 78 —HF — I "8 BORNVE 38 KT
S G 9 3 T, G T XA LA it i AR R T
3 Y & e (R B #R A fef o7, 2001). 491 4, G318,
G219.G216 LA K1 J80ERk 6, 7F ik 26 € X Y T F2 d ik
v, R AT sk b 2 38 B iy S 2 R PR D Y R R
UKk A OO0 R FE XA T R, A AR E K R il
AR AE T DARE S b 32 09 8 A0 B (4B A, 2019;
TP, 2023) . SR 0, TRRD Bk U FE Y )z 43 A5 A
O DXy TR A BT R R . A R R
W R BHE SmieEts, KBRS kRA
st AR M — B2 B AN sh, e S
KRAER (KPS, 2016) . IR TR 4, H 4%
A KA N J7 ) 75 K k) i 57 2 1) TR D B
ISR BUER X6 P A B 4 TRR R L R G 7 R gL X
X T8 D 3 R A 22 o T, i M XA TR R S
g B 4 HAT H B ISR X

14 G5 1 #5042 TR WK T B A6 s
MR AT L B A 2 LT A R R R R B
T 22 AE M R U R AT S R i B 3T, B
Wk T R AN ST Bh T A SR, BT A2 E A
B 56 BRI, E OO R R LA R
I AR5 B K T B 5T ¢ DX IR AT K AR o RE B
(P45, 2019; 5K 8145, 2022) . 33 Fh 32 001 A 8
I 0 2 B AT B 0 0 22 ) T M RTOR

PR R e 7 ORI R AR E T B R
X RE Wt 35 15 48 IS 18] AR | 34 R 7 il 1 2o 2 b
4 % W AE Al — F Pk (Feng et al., 20245 35 7% %,
2025). BT, Bl 25 U5 2 > £ R 78 g 9 R
DL LT RUR 3 RN A E R BE IR O TR T
T A DU R AR ) T T N R RR AR, 2022). E Y
A2 5 E T R AR b A R B 2 ) B R AR A T
AT T R, B Sh T i A Sh U 4R
B BN, B3R R 5 (2020) 4 25 A @ 18 B N
BLH 51 A FR A 28 0 2 B A v i v T W 3 U Y

WEBA I IR R A TN E A S TE T IR ) 4R
i 4R BRI OB AR L O R S T R T R
BEBOHE S2 R A B TR e B T N XU T I K
J TR A B R G R T 20K Je v I M BT K
5 20 16 B4 )% (https: //data. humdata. org/dataset/
tropical-cyclone-maria—inventory—of-landslides—and-
flooded-areas-2762) , % & T & E T2 0 & it
) 5 5% 0.5 m 43 ¥ % Pléiades TR AL Ml Google Cri-
sis Response Y Digital Globe 14 , i 1 % b ] A #1
DO PR T Ay L b DX A W XU b BT K
(UBAT T, i3 3, TR 55 ) B5Hi 4, 0 58 8 FA0H b X B
Uiy R AH BT K UE AR R B A HERE M Fang
et al (2024) J A T A5k 43 A 2K b 52 0 3 8 4 L X
2 B TR R K A SRR B S T 2w o
RE KK MG, A1 45 PlanetScope | 8 43 7S 5 L K HiL & A
To NP , 78 5 A 3K 9 A Hb X ) Hb 72 175 % T i
1, 5 TE o IR 30 A B Al A AE RS o Y 1R A I
RN 53 B3R5 T B AN AL A i 3 A A AR g I
RV A B AL B 4 T ) A5 S

TE R 2 ] BB D5 1T, Ma e al. (2024) 51 %) &
TS AR U A U R R A R B AR R R
I3 A M A PR RS 5 AR R LGl B AT B L
il A8 Bl I 25 45 g R SR T S0 A % eR R, 3 o R T8
£ U I E KM L A, Farmakis ez al. (2022) % F
LiDAR £ R KB 3D 51 = B4 45 75 T PointNet
Fl PointNet+ + 22 #4) () IR B2l 2 28 25 5, SR T
Fir B 0 0 SR, Sy o B DR B T AR R AL T
NI H AW Y, Tang et al. (2022) K T
Transformer 7637 1Y 52 5 1 i B0 4 4G AT 55 b i)
N, 5 Al AT B B T A B 4 M 4% (Convolu-
tional Neural Networks, CNN) A9 #% 7 ( 1 HRNet,
Deepl.abV 3, Attention-UNet, UNet fll FastSCNN)
AHEE , Transformer 7 ¥ 36 I 75 17 2% B0 H 5000 i) 74
fE , oIt Je 75 ' WAL B 2 70 AT A 45 21 |, YiE
W A 3 R g

JSUAE b TR F RN R B T R R (A AE
o 8 L X A5 A2 2% O X3, TR D B 1 R R TR AT 4R
THm i Z PR E o A M EEE 2 b T




%4

2 T L X T O 4 £ R R 0 A 1547

38 Hb TR R0 S5 T 0 S R T i JE L
DX A 1 R 100 30 500 A X (B = v L X SR
QAR IUAME BE 3K, R S 4 AR TR 2 a5 il
15185 43 P 208 B AG I AR U o R L XS 30 2k
TR B2 2% > R i e 19 8 JB it b R 0 1 R D 3 Bk
it A L 1 52 e TR R Y I SR AR RNz b
2R QR R A R 7 5 = T N
12, Y i B A2 R miofE R 3 R, 5 B0R
0 3 1) T 25 RN 45 48 EL AT a5 B 19 AN 0 P R 2 AR
30 L R A A5 B A A T B 0 A AR A R D 3 R )
H A I FH A R o 2 2 8 B A

AR SCTR AR T T Hb X D B 5 BE U )
RGERREE T R R RS B RE T E A AT
49 TR D 1 Sy FIBOHE 4R L O 2 4k BE RN IR R I
S M1 T CNN 5 Transformer 22 #4 B3 X4 #)4 fie .
AT FT B BT EARBLAE LR 34 i (1) REH
G0 T e FE L XTR D I R R AR R AR R ST A
FIEE iR EER SRR, hE
Z b % DX TR D 3 HORR i 13 5 R A U S 4R AL TR B
PRl ()T AR E” DEEZRWEE ML
T 0 TR D i 1 Sy FUEHE 4R L kR H ET A B X R
103 0 18 S o3 FECHE 45 SRR T o 2 1L b TR D i
BB IERIE RN H () REME T CNN g
Transformer 22 14 75 18 0 B PR AT 55 vh B9 £ E , 49 9IE
TR T A R E R LG A Transformer £ AU 7E & 4%
Hu S0 55 I R A B A B 50K A R P FE 1L
DXTR U 3 ) 3 v R B TR A B AR, O 1% X
b R A A TR e b 4R R AR

99°6'0"E

30°36'0"N

30°33'0"N

99°6'0"E
&1

1 g XA

11 FREER

2 b DX DU 1] 28 P AR F IR N b
Ab TG e DR, R B AR R 2k 5 0 1] 2 b P S A 28
TCH T (R 1) X Sl B 2 2 2748 Ll 47 T
R R AR 20 9 4 090 m, S AR S I UG AR A
(4 b TR S 1), 2 TR AR — G IR B B 1) 25 G B B
f 2ok U DX, i R 25 M 3 000 mo( 4 g A
2021 A S AR MM AE 1, 2022) . 78 M2 L7 I, %
WX EFESMAAMELR BB R REREANR
AR Z AL AR R E 2R LA
T RCE WA S5 D R AR R AS A TR R
Z WA G S L R X B A BT S AUk
Tk 7E YR B AR XU B b SO R, A
TRRD B 1 T AR At 1 4 VR S B B i 174 b B4Ry ik g
b oRL Y ) s 4R L T A R S 1 DR A, 2022).
FEASGE T, 2 M 1K A7 30 BT 8 RS 5 P S
o S I B R B K 1 Y 22 5 B AR
SO B L 17°C (Mg #R AR, 20195 22 A 4F
2023). #EFUAY IR 22 5 T8 F 40 W B S A Rk T
AR B ARAE T G R AR TRV 1 TR R
A WAL R s Z0 L B A, BT XTI A A vk
JI b5, B 25 3 AR 4 BRAR IR 1Y R A, R H R
E T 9 e R S L PR T DX K, 9 R T v ) R
Tt Bk K TR 26 B b X C#R N IR A, 2019). 7R IR
Fh i T BRI R 45 0 ok B v, ok A A AR
I T A A BRI T IR R B A R

7
7

32°N

99°18'0"

3

30°21'0"N

) — Wi
[ Jmwyoresk
/" HiRm)

5292 pulvalfneS

’

> $30°18'0"N

2000 [ wr5cix

99°9'0"E
XA P
Fig.1 Geographical location of the study area
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Fig.2 GF-2 high-resolution remote sensing imagery of the study area
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Fig.3 Flowchart of semantic segmentation for talus slope
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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

KR A Bk mloU (%) F153% (%) Fiwh R (%) 1R (00)
DeeplabV 3+ 54.04£0.93 29.4340.87 43.6241.16 22.46+1.05
PSPNet 60.25+£0.97 44.00£0.76 65.15+£1.18 32.91+£1.10
PAN 68.31£1.12 59.71+£1.17 83.8240.94 46.41+1.42
FPN 71.53£1.16 64.93+1.04 80.86+0.96 54.77+0.82
SegFormer 77.89+£1.04 74.85£1.00 79.64+1.31 70.84+1.33
Mask2Former 80.95£0.92 85.61£0.90 84.63£0.96 87.681.08
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Fig.5 Visual recognition results of semantic segmenta-
tion of the models in different scenarios of the

training set
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Wr J2 240, Bk L B B SegFormer 43 1 #1 T
5.24% . 17.27 % H1 21.37 5 . Ho Ak AR 28 i I T A
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Table 4 Comparison of semantic segmentation performance evaluation metrics for models on the test set
R 4 B mloU (%) F1 3% (%) U ESC) A (%)
FPN 60.28+0.43 38.144+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+ 63.674+0.54 47.18+0.50 45.54+0.58 48.97+0.69
PSPNet 64.29+0.70 47.8240.63 62.36+0.75 38.64+0.66
SegFormer 70.48+0.63 60.354+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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