1007-4619(2025)10-3020-14

NERBARNESRBEENTMKZIRANTIE

1,2 X/ hE 2 2 iz D 2,3 2 W 2 > 1
TR, wIg, B oUE, R, FHur, KPLEC,
LAkt fF B RHE 2 AshfbBe, Jbat 100192;
2. i EBLEBE s KI5 BRI 8 55k 4 [ i A4 S0 %, LAt 100101;
3. R E BB KA, JEET 100049

-

B OE KERWEZ A B A BT K RN G 2 A AT AR SRR B, T B A BR A A R R RS K
A Tl DS ) T A S I T R R . AR, R RN A PER P A RO T 2 PR . RN A%
RO B R R MR M, 3 T SRR IE AR P51 & B, JF HEA B K A B L S A ko] 2 B ) 2
TSI BRI A RS T A B A R U, AR SCER I — RS TR B TR SR e A SRR, S
REREIRZR Y E o A BRI i — A a8 A, P A 2% 25 T U 2 M 28 R U FBURRAE , IF A 2k
HERY F R LA SR AR X T SCAE B A IRIBE J7 5 7% 2 D) 97 5K 20 % 4% B I R I SR [l 2] {5 25 ]
SEHURSHESN & o O T RERERIPERE , ARSCRT CHLELS T KR AARIATIRE, M T REE S, SiaRila
BB IEAE Synmars | Simmars6k . “UFA 57 FARKEHE MarsData—v2 45 22/ 4 A GBI 10 4 B HE AT I RN 963IE
WAk, A SRR IZALRL S DeepLabv3+ ., Unet++., Segformer, Marsnet 3 ZFh 7 ik BEF TR BE LU A . SR IIG TG
B AR SIF AR AR T, A5 R RN R BEASMER R Ay e, AR RIS S LR B2 A [l <2y
BEN90% LI I, EH IR E AR EEAA [ R R

National Remote Sensing Bulletin i & 5 4k

KERE: KA, AYURIL, BFRIZMY, Transformer, FFFEFEHL

FESES: P2

I AN E¥ER, B8, AXE, TR, THIT,BIE, 2R 2025 A EXRAARNERE TR NMEIRAN X BEFER,29

(10) : 3020-3033

Cao X H, Peng M, Wan W H, Wang B, Wang Y X, Di K C and Li L. 2025. Convolutional self-attention network
for automated rock detection in complex martian terrain. National Remote Sensing Bulletin, 29 (10) : 3020-3033

[DOI:10.11834/jrs.20255015]

15 =5

KERMMGHE F W RIS, g,
Ui, ke FIRERS (AR %, 20215 #H8
8, 2021), [RIBFIEAFAE R BRI R £ B, #R
AP AR, e ok B SR T A Bk SR 7
T IR AL 1) 2 A AT B AN RIAT: 55 1) S8 R
AEEMEH XIHTF A, 2014) MAh, KRR
BIRAN IAR . AR BE R A (] 0 A 45, $ it T
Fr BRI 5 s A AL R AE R

BET IR Ze 52 AR 1 K R A B A SN 7 v R]
PAoroh 326 BETARE L . T 107

Y is B HE: 2025-01-16; FENA: 2025-03-05

PRI TR A2 ) 1 ko AT AR MR fR 5y
EALFE PP — R AR R B S 2 A S
AR EAT 2B 01, sk s J E AT
PUI R B (E T (bR RIERE, 2002) . ARIE RIS
PR S AR 1Y) 98 A8 T AT B Y 30 S A T
(B ¥s 45, 2005) . MRAEGRRBRHEIELT 7020
Xk (BErBr, 2008) %5; 5 —F2git 4
MR R B A8 OC R AT LA 35 KR
(Rozenberszki %, 2024) . X277 L REASSZ X 41
ity faj B350, HIH 2 Oy 1 00 5245 1 e A RDIG iR
SR

Fe T AL 2 0y 7 ik 2R ER R B

EEWA : | ERE BRI R R L I(BE) (45 : XDB41000000) ; [ 78 H AR E RS (45 1 62471049) ; JB IR IR 5 5 m 9208

I FE 4 (45 : OFSLRSS202317)

FE—EEE N W, (550 AT R E 53R E-mail: 2023020486@bistu.edu.cn
WISEE T 208 W5 )50 A7 I & 5 8%, E-mail: pengman@aircas.ac.cn



A KRR PR FR A TR R 2Ry ik 3021

WREE . SCHRAFRAAE AT RAAE SR IR, IR AR
YN 2R A i e P . ARERYE IR 4 3
Frishl (THE® 2, 2011), Bk (FER
5§, 2011) . K-Means (Jain, 2008) Az {4 FfiHl
Y (R %, 2015; FRE 45, 2008) %, {HALA
2] T BRI R AR B AR, MERL S AT O
R B HERR 43351

TR 2 2] F A 3 38 10 1) 265 1) R J32 A i BB B
FEBEE R, IFE5G 80k Ak AR B AL
R EUR o FINAE B . B T B A& M 4% CNN
(Convolutional Neural Network ) [ 7 1 7647 B 12 Ja%
IG5y E 7 S 1 R 3 (Ogohara Fil Gichu,
2022; JiaZE, 2023; Yang%, 2020; 48 4%,
2023; RET A, 2025). AT, FHBER LAOEIG
AHEE, KR SR TH A0 B A AN [R] TR FAR ALY
P, S SCEUREAE . R, SRy T S RS A ) A By
H, AR ROBERRIE I 52 IR 38 RS, B
FEMGIATRIESE TR I XRITEy R T
BB, RS T ZRER BT UER . U-Net
(Ronneberger 55, 2015) J&—Fh7E B % EUZR 53 F1 1
A Tz N 22 RO Loy FIR 2%, B TRk
fih g P o bR AR AR R B e 21 5 i RS AR
[ R RS, 2 REETE LRlG . — 2o TAE
# (Lv &, 2023b; JEWRLL 45, 2023) il i ik
U-Net 2%, 2 H} T —Fh Z RS ER A2 I 7
%, NU-Net (Chen%, 2023) REUT —FhiEEsX
U—Net, X SBOHI HARFAEARRLEY B A5 53 BI8CR 8
I HAhZ RS L #EIM4s, WFCN (Shelhamer
4, 2017). PSPNet (Zhao%, 2017) HlDeeplabV3+
(Chen &5, 2018) Lol i ] 47 B A Pzl . 4%
MM, X277 76 ME LA CNN R A5 (14 Ja SRR AF Hh 4 B

AR fE B, BOME N KR rh AR IA Ry B SC
_‘E‘J%\ o

Transformer (Vaswani %5, 2017) &2 N H
SRIBE T ALEL (NLP) % )5 51 3] 51 s A8 1 -
By, TEEMGAL b 30 TR R PR RE AR
FEG AP EES T (Xie S, 2021; Lin%, 2021).
MarsFormer (Xiong 5 2023) T Transformer [
DR, 3 a1 5 ASE T IR TR A
M T gt s — AR AR 45 1, O A M AU AN FL 52
BEEIRE LV T HAERE. SR, JET Transformer
89 77 ¥R TR Al BTG 2 Ry R R i I A7 7 Ry R, %o
INTHRI S FISOR A

HAT, NS HRME ML (CNN)
F1 Transformer & 11 W 28 2544, 7843 F1 W & 4L
SV A B Ay E ) BE o TransUNet (Chen 55,
2021) F & F Transformer (1) 2 15 2% #5176 1 19
FUGRAIE SR I, JT45 G 12 581 CNN FBkBR % 422 5k
SRR B B REAE B LR A . #RTT, TransUNet 75 &
P8R A2 W R IR S IO T Y RE A B, Fe dn s
JHiE ., Swin—Unet (CaoZ%, 2021) ¥4 Swin Transformer
o5 U-Net 5 MM 45 &, UG T RAFRIRCR . 1k
Ab, MIDCWESE (Li%F, 2021; Lv %%, 2023a) il
254 3T VGG (Simonyan Fl Zisserman, 2015) ¥
2% Fl Transformer A 4548, 4350 & U4 45 7 8 A 1
T 3CAE B, JF T B R 3% e S BLRR AR 1A B R A
MZME R RLE, ER TR 7% . EDR-
TransUnet (Jia %, 2024) 4 T G300 E C R
R SRR BB A TransUnet TR S HESE . 18
b A A Ry RN R AR S L A TRIE B RE E 1 S
Ik FH Transformer il EDR-Block $2 & T &k &2 11
B FIPERE o SR T I K & 1Y Transformer H
SRESHE R, EIFR R E RS

S AT TR 2 2] 5 bk RE AT RG] K R SR T
A, BAAYA SN R A — SE Pk &
Ja, T RAR R R D B A B AR A, R S AR
PR A B 5 R L S A S AN T M, R A R
B ERRYE . HR, W XA PR AT, )
UETR] A /N, ELIX S X A SO AE 2 2, 3 m
THRHESREBU M. FEXTLL B, ARERER T
— TSR T M 1A e B BRI
ZEERLR I VGG AE N ET M4, IF1E b a5 I 2%
oI A B 2 IS () Transformer )2, #R J5 {8 F U-Net
WIZ8AE Ry i, SO SR TERR IR )

2 EBRAEE M 5PN 7k

21 WKL

ARG T —FRA 45, WE IR, %
4 b 32 R G i 78 RS 2R 98 F (Shelhamer 55
2017), LA VGG, BRAFEEJIBIH I Unet i%
T, VGG M & il — RANER)ZE | i
JZ VR PRS0 R AR B ZS Tl 4E B[R] s
KN AR EE , HRURARE L 5 AR TR) 2 R R
Kl. FifE, MESIAGSRHRATE B, Rk
JZ BVRRIE B i A B A R RO T



3022 National Remote Sensing Bulletin i & 523& 2025, 29(10)

PSS IS e R EPS N Bu R v R R
s AR R R g Y i R R, i
P R 2 R O BE 1 o AEX AR, HRAE
KE ez B, RIR R A5 R e — 4R
PELISAT 2k AERE R R E R, g
SURMR 2 B R, & hNAIR . s,

HAA R R B 2 ad R LUK B RRE
R IE LG RSF, I 500 — 2 AR B R 1T Bk R i
PERRRAE AL A o 31X — FoRAE | BRER A 4 FURHAE Fil
B REAWE R, 112 TA 290 RRE
A, A U B Z5F B 4% (Ronneberger 55,
2015), SCHLEMR A f b Ao S04 T 55

512x

Q

L 7
/[
Convolutional Layer 0—’ 512x1024 '

)
|
|
I

S
)

Multi-Head T

K |
onvolutional Layer Computation Conv |

\Y% Forward

4 - Layer

Convolutional Layer Y
ConvSAM Model I
Final Dimensional Feature U i ~ _| Feature

segmentation transformation fusion p sampling |_ _ Concatenation

K1 B ATEE S NEERIZER) (483283 (Dimensional transformation )1 22 4856 1% ([ 512,32 ) i AL M[512,32%x32 ], %F
fFRA (Feature fusion ) X AN [FVREE BU4RAF )23 TRILG o FRF P-4 (Feature Conatenation ) 9 /4~ B2 RO 38 4 B -1 7 9042 -
| 2RAEE(Up sampling) A5 R, F R E AR R 4L, DL GBS, SR A EE RS TR 2 A RN 4)

Fig. 1 Structure of convolutional self attention network model (Dimension transformation flattens the multidimensional matrix

([512,32]) into [ 512,32 % 32]. Feature fusion combines feature layers of different depths. Feature concatenation concatenates two
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maps and adjusts the number of channels. The convolutional self attention module is described in detail in Fig. 2)
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3.3 XTEESEIG iR

J T R UEAR S AR P, ASHIF ST R
2P SCAy FIBERY IR T HE A M o 3 B AR 7Y 4
§5 24 1y & B 2% Deeplabv3+ . U-Net, U-
Net++, LK IET Transformer ZE 44 ) SETR (Zheng
45 2021) . Segformer (Xie %5, 2021), A R4
T B 5 Transformer [ SwinUNet 5 Marsnet, N T
ST PG AL B X SR A PR RE, ARTFSE R A T
ZABIREATIIR . T S 5% A B R ES
FH T ImageNet #0884 4T W01 25, LAUL RS0 46
R A, I HFT A B 7 2 R T AR R A 4 2k
PRI

(1) ESEKRBIEELE RS0, AMEE
SEE MarsDataV2 1K a8 e 42 AT, &=
rHTEE R R s, Hob i E o IR
ARG A FOA AR Y B AR B S5 SR R Rk R . &b
WK, XA K BG4 19 PA. Recall
MIoU Fl F1 score fz = {H 43 711l 47 90.00% . 80.14%
70.85% F11 82.98%; 1E Marsdatav2 3¢5 4 I, ixit
FEAR R (4 9N 96.49% . 96.41% . 91.25% Fil
96.45% A i G| AR H TR AR Y S5
i, TEZBUERPR AL T MR L FE K () B
£ I, Recall., MloU F1F1 score % = {H 2T W32 7+ &2
81.10% . 72.18% H185.53%. T Kl EdsE R
FHBINNG R B E T > TR0, T80
SO 5000 AT 0 0 2 AP . AR5 SR A 4 2R
PRI BRI L A A A AR AR AR R )1
ARG . B IR I e P, AR
HR AT AEYGE L 2 RS R A SR T
4 Jy AR FARRAE DT AT R 48 o o S5 S0 7%
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BT . Marsdatav2 B4 45 19 RHQRRAE M BA &, 4%
AR ) 25 57 B ER B A e 575 S22 R ik
ZiorE b, NIEASBIRYAE Marsdatav2 e RO AH
XFEN o AER P AR XS T, U-Net++ 5 FEARRERIR0.16% , PHIIMABARIELE G RE EALT
DeeplabV3+# RITERT B AL LA BEAY 5 2.05% Fl - HAlREAY

F1 BRBEEIHIEEIWITLLER

Table 1 Experimental comparison results of various models on real datasets

0.36%, fH7E 4 [0 % [ H A A IK 16.3% F
24.37% . TF Marsdatav2 205 £ 09X b, Marsnet
MERYLERE JE E AL AR 75 0.06% , {HAEA [F1R I

1%
— PN Marsdatav2
PA Recall MIoU Fl1 PA Recall MloU F1

DeeplabV3+ 88.31 56.73 51.50 69.08 93.98 93.18 84.06 93.58
U-Net 87.59 70.85 63.72 78.34 94.75 91.45 83.41 93.07
U-Net++ 90.00 64.80 59.25 75.35 95.70 87.29 80.06 91.30
SETR 67.31 32.27 27.28 43.63 89.61 79.32 65.01 84.15
Segformer 87.94 3891 37.68 53.95 94.76 84.13 74.33 89.13
SwinUnet 71.44 53.25 42.65 61.02 91.53 84.03 71.44 87.62
Marsnet 86.04 80.14 70.85 82.98 96.49 96.41 91.25 96.45
Ours 87.95 81.10 72.18 85.53 96.65 96.35 91.38 96.50
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T o 1 3 F Transformer 22 #4 A A5 7Y | 41 SETR .
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RIGEG T X PR I e iy e 38, R A e 45
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Bl aE RO T HAb T, BARSE R sk 2

7N o fE Synmars 2454 b, ABIAIK MloU 5 F1
score IR T B {H, 43l 90.62% H196.17%
TE Simmars6k P85 I, ABIAIYE PA. MioU F1F1
score FIRE T i (i, 700l 94.92% . 88.98% .
94.67%. T Synmars 5 Simmars6k £ & 20 B IE
FEFE2E5F, Synmars ZCHREAETE A &, PRtk U-
Net, U=Net++55 3 T 45 B A8 7 20 35 2 I 3%
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SR /D A SRR XY Synmars B4 A0 43 E00R B
el 8 i o AL ] A A TR R
Hagm 7 IR SCHRAR, 7 Synmars U 4E R SRKG
WA TR, (HE RG] TR T, 7F Simmars6k
Bkt , R4 U-Net++1E A 1R R, H
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WES s, SEEE R BoR T AR RITE AL
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HERR, ERBESFUN /N RIS I 2 o AL T
Transformer 42 ¥4 (Y 55 1 U1 Segformer 1 Swinunet 7£
PO/ B gt i b, (HAC R A iR U B %
e YA | SO R A X, B
MM BARBES SR I (5 B, (BAE A B
DXk = BRSOk R, SEOF 2/ RRERU .
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PNEEVE 2

Marsdatav2 —

|
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. v

&

K4 %

Unet++

FHIZ , Transformer g 9% 4 B A~ XA - F SCfF
B, BEEEXSH TaME 4%, S0 4015 Rk,
FECEMG /N S X BT R T AR R
ARG ARG A EZ BRI EE T EH
5 Transformer L, /N Heny 37001 MR L
15 7 WERTL

SETR  Segformer Swinunet —Marsnet Ours

SURTE LSRR AR S0 45 5 LR 20 @3 BN 35 (0 TP, Sk 8. 534 FP)

Fig. 4 Experimental results of each model on a real dataset (The red part represents FN, the yellow part represents TP, and the

green part represents FP)

F2 BEBEEBMBIEEXEXILER
Table 2 Comparison results of various models in simulated datasets
1%
. Synmars Simmars6k
PA Recall MIoU F1 PA Recall MIoU F1

DeeplabV3+ 92.44 92.35 81.76 92.39 91.02 89.42 82.72 90.21
U-Net 96.91 93.22 88.00 95.03 91.24 92.90 87.71 92.06
U-Net++ 96.86 94.76 89.27 95.80 85.90 94.61 87.94 90.05
SETR 79.12 67.04 52.35 72.58 60.76 62.29 43.56 61.51
Segformer 89.68 87.02 74.10 88.33 76.36 87.50 70.68 81.55
SwinUnet 87.30 87.43 76.19 87.36 78.13 86.26 71.44 82.00
Marsnet 95.86 96.24 90.45 96.05 94.79 93.35 88.92 94.07
Ours 96.18 96.16 90.62 96.17 94.92 94.48 88.98 94.67

E MU R 7 E, T RN AR SRR AR T 45 R
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Images Labels  Deeplabv3+  Unet
Synmars - - . .
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o . -
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Unet++ SETR

Segformer Swinunet Marsnet Ours

KI5 A RER IR 2 S 4 R (RO 2T @00 BN B @83 TP, SR (570 FP)

Fig. 5 Experimental results of each model on simulated dataset (The red part represents FN, the yellow part represents TP, and the

green part represents FP)
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Table 3 Experiments on ablation of modules with different quantities and positions of action

Conv_SAM32  Conv_SAM64 Conv_SAM128 Conv_SAM256 Conv_SAMS512 PA/% Recall/% MioU/% F1/%
1 88.0 81.1 72.2 85.5
2 85.9 78.9 69.5 82.2
3 85.4 81.2 70.8 83.3
4 85.0 79.4 69.6 82.1
5 78.8 76.0 59.9 77.1
1 1 84.4 66.8 62.4 74.6
1 1 1 88.8 73.6 64.6 80.5
1 1 1 1 79.7 78.2 64.9 78.9
1 1 1 1 1 83.0 70.3 61.3 76.1

%4 FEARAAHEBIR

Table 4 Experiments on ablation of different layer combinations

CovSAM_layer Conv_Foward_layer SelfAteetion_layer Foward_layer PA/% Recall/% MioU/% F1/%
N N 88.0 81.1 722 85.5
N 84.9 45.6 31.8 59.4
N v 86.0 793 70.2 82.5
N N 87.1 80.7 70.8 83.8
N N 85.6 80.1 70.6 82.8
4z i B 5 R DG B AT Ay i A PRI 2 S R

KR T A B B T KU AR Rk
B2 IES 2 AR, AkSH
S DO PRIME AR S A5 b A e A DI 2 U3
R, TR AR R RN

BEXF IR, A58 42 HY T CNN-Transformer
AvE AL, JFEROTER ATER B (ConvSAM),
AP 2ok 5 B A R T AR AR, [R]  A
H AL R 42 Ja B F SOCHR, #1455 U-net
fiff i g 2 0 2 ROBE AR B Rl G o IO U AL B T
T A PR AR DX e BT, b B 5R T USR]
DI 35 N RE ), AT AU D T AR G 7 i R S A
BRI IR R

SCE g5 R R, FLRLLE Synmars . SimMars6k
RIHLLE e 5 S MarsdataV2 . K [A] B 325218 131
THA T WAL, THESEE s — DR T &M
R R R AR TR AL B 5 T Y B AR T

ARG IS H 50Tk s, MR THL A 3
FRURE ST AR AR RE . AR TR AR L
LB AR, i R R 55 B4 5K PR
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Convolutional self-attention network for automated rock detection in
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Abstract: The Martian surface is characterized by a significant presence of rocks, whose size distribution, spatial density, and
morphological characteristics are critical factors in determining the safety of landing site selection for Mars missions. These factors also
directly influence the path planning and motion control of rovers during exploration activities. Moreover, the spatial distribution of rocks
holds substantial value for studying the geological evolution of landing sites. However, images captured by Mars rovers often exhibit blurred
boundaries between rocks and the background, as well as ambiguous textural features of the rocks themselves. These issues complicate the
task of distinguishing rocks from the surrounding terrain. The scarcity of real Martian rock datasets further exacerbates these challenges,
making it increasingly difficult to achieve automatic and accurate rock identification on the Martian surface. To address these challenges and
achieve precise rock identification in Mars rover images, this study proposes a novel model for automatic segmentation of Martian surface
rocks based on a convolutional self-attention network. The model implements pixel-level segmentation of images, adopting an encoder—
decoder network architecture. The encoder utilizes a convolutional neural network to extract image features. Meanwhile, a convolutional
self-attention module is incorporated to enhance the model’s ability to understand contextual information within the images and improve its
rock detection performance. This module enables the model to focus effectively on important spatial features across the images, thereby
capturing dependencies and contextual relationships between different regions. Finally, the model employs skip connections to facilitate
feature fusion, forming a U-shaped decoder network that produces pixel-wise classification outputs, enabling precise segmentation of the
images. In this paper, we present the Tianwen Mars Surface Image Dataset, a manually annotated dataset of Martian surface imagery
captured by the Zhurong rover. We integrate multiple datasets, including the artificially simulated rock datasets SynMars and SimMars6K, as
well as the MarsData-v2 dataset from Curiosity rover images, to conduct rigorous testing and validation of the model’s performance. Its
performance is compared with that of several other advanced methods, including DeepLabv3+, UNet++, SegFormer, and MarsNet, using
evaluation metrics such as average pixel accuracy, recall, and intersection over union . Results demonstrate that our proposed model excels
in rock extraction, achieving accuracy and recall rates exceeding 90% on the simulated datasets. On real datasets, the model, with the highest
accuracy and recall, outperforms other methods, highlighting its superior performance in rock identification. The experimental comparisons
indicate that the model has the potential for accurate and reliable detection of rocks in Mars rover images, which is crucial for autonomous
exploration and scientific research on Mars. The proposed convolutional self-attention module effectively combines the strengths of
convolutional operations and Transformer architectures. It enhances the model’s ability to extract contextual information while retaining the
capacity to capture detailed features. This dual capability not only improves the model’s segmentation accuracy in areas with dense rock
clusters but also enhances its adaptability to regions with blurred boundaries. As a result, the model effectively addresses the challenges
associated with accurately identifying surface rocks in the Martian environment, paving the way for reliable and efficient Mars exploration
missions.
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