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Remote Sensing Image Object Detection Method Integrating
Segmentation and Classification Models

TONG Hengjian, CHEN Xinhao, ZHAO Ji

(School of Computer Science , China University of Geosciences , Wuhan 430010, China)

Abstract: To address the various challenges that deep learning still faces in remote sensing image processing, such as the time—consuming

and complex annotation process, high data diversity, significant computational resources required for model training, and susceptibility to

overfitting, this paper proposes a remote sensing image object detection method that integrates the Segment Anything Model (SAM) segmenta-

tion model and the Mobile—Friendly Vision Transformer (MobileViT) classification model. Experimental results show that, compared to mod-

els such as YOLO-V2 and Faster R—~CNN, this model has a parameter size of 28.3M, an average training time of 32.5 seconds, and a compu-

tational complexity of 10.7 GFLOPs, demonstrating advantages in data utilization efficiency, training time, and classification accuracy.
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El1 SAM# 3R

22 HEER

Mobile Vit 5% %Y J& — Fp #) % Transformer (Vision Trans-
former, ViT)ZEHY , 5 1E 4545 Transformer F1 35 FH i 45 [ 4%
A0 L 30 3 A R B IRy B AR ok b B N 34 2% S 3 AE
RGN EAE B, LA SGE 3 Transformer 22 4 /) R
SCAR B A B i 2 Ui SUAR R 5 =X, Ak — o g A% 4
AR AR 5 Transformer 1578 f K (AN [ 20 7E T
4 JRy AL JZ (global representation) o %45 Transformer 15 71
7 SR (&L - — 4 P 9 s HE T SR Je 2 o, A T
BN SE I i BA TR S ERTA TR #1748
Jad BT T Mobile Vit 45 8 25 e i A BRI 151 S0
53 R Ry R/ NG R AT /N B e 5 B B T R AT
TR BERIEREAR 1 RIANH ST, BB AE A #ll iy
Oy R BRI, U5 5 4% 45 Transformer A5 51 3 A AH 24 7Y 2
FERCR

TR X G S48 AR W L R /N AT e TR] R 4t —
A RN A SO 3 i/ NBCR B e Ad S A R
FEBINE R 75 588 — RF . Mobile ViT 5 R 7E b B 55 '
TN 22 6T B R B € R A B T HGE S B
AR S it — 0l i R R R R 1, AR SCTE A
W 28 S5 R ety 3N T 22 ROBERAAE RS R, LU 4/ H
P R A TR R DX SRARRAIE , 348 7 D1 i A v £ FH i 44 i b R
AR THEAY ) S PE . R, i TR A 1) SE PRI R
JIAT B, S S R e 80 SE I AR RE ), XL AR B
T SRR XA SR T AL AL FE
2.3 HEER

TETHE AL 8 458, OC T MG IR I AT 55 A4 I R 2K
G328 GEAL AT ArE] o H, 4328 5 e AT 55 R R
sy HAR AT 4, LA HARTE IS b i WO B [R) 250, A6z )
1555 iz B AR AL B T M IE B ARt 4, o #1455 i
AR R E TR H ARSI 50 [R]#

B o3 BB 5 43 AR 285 Al T 7 A 31 T H AR
Hor i AR o R A BB A I A 55 R A TR [
1) B bR i, FEEEA T AR 3 B A H AR R RRAE S I %
B DX A= B, DA R A i DX 358 24 T e 12 DX oy ¥ 5K
INVREE o BT REASSCHR H A A A AR, i 2o 43 RIS AR K]

B TR] AR A B AR R ARG 0 ), A 2026
RS S X G A TR AR IS S0, e 4 S 0 H
SN AT 55 o AR L b G I 4SS 5 5 I e AE DL K %) )
PR BEAT P , 20 & R 1) J7 s TINGRAE S5 . IR
TE 53 FIRE R RS BEAT 20 350 00 3 7 v B SE R 1 %) F AR Y
TENL, BT AN TG BN G e . 76 H AR IS A rp, Bk
PRECN A (D PR

Ly + AL, + L, ()

N

b L, FR AR L, FRSE R L, FR A
SR N R E QAR B R N, 3RS TE AR A A
(Anchor Point) %, L, Fl Lubj%m:ﬁﬁl‘kﬁfﬁﬁ% ) ﬁﬁLobjiTé
U i %

TEASCHY A G R RE AR TR (] SAM B 1270 B R 15
B X g, By DL EE R Uk, i (2)
IR

Loss =

Loss = L, (2)

HT T T A SAM AR A 2 38 3ok KRV ECHs SR AT T4,

PRLH AR SC U5 ZE 20 RASEAY DTG R D 1 YN R A
LR R E AR AR

3 KWHERSN

31 XWFE
3.1 #HEE

A% SC A P B B8R 4E & CLRS P ) TGRS-HRRSD %54
£ Hoh CLRS % 4 th 1.5 J3 5k 18 JE B3 41 il , 33 il
252 L PR A AR RS2 600 TR K F,
R RN R 256%256, K& 41 BE % H 0.26~8.85 m. fif
TGRS-HRRSD 4 543 5 Wi J7 2 34K B H Google Earth il
Baidu map 19 1% , 25 [8] 43 B %8 0.15~12 m, Hp A
55 000 Z& 47 B X 5 541
312 Fkidse

ARSCHE T I SEIR, SE00 1 X 4L A A T A P e R A T
FL#e, S0 2 43 AT A 1 SA M ASE AU B B S 5 %t 52 5 4% G 4y
KE R 25 L5 R E 2 Bs .



53 FEAHAE BRI, B B - RiE S 2 SR ) e SR P (R AR AGIN T vk - 191 -

I ZRAE Y 28

TGRS—HRRSD o 2
Bl FREfE B

FRBUN 5541

Pl 4 Spe

RN FSEHAE

St

Il

Fig. 2 The process of experiment 1
2 IWIRE

A SCK TGRS-HRRSD 040 4 Hh i 7 19 6 4 SE AR R
Bis A XS MobileViT BERIUEAT YN 2 . I 25 5¢ B K W4~ A5 75
Ak, A3 R PR G i SAM AR Y A 1% 4 S48, SR
fifi FH Mobile ViT 5 1 X6 330 246 5%5F 52 52 ) ik A7 43 2 e (o, SR
X EUE AT BRI B o AL g fE i AR S H
Yoy iy, il Rt i S50 il R824 > 1 5
SUNALRD, AT P2 = YR80, I 75 B0 H A br i 4k
Pt

TESCHG 2, AR SOKs 18 JER MG E 2 SAM AR Y Az Bl %t 42
SEA), A 3 s . AR B B S S B o > R
e X0} K S X G ST A AT R Y R B, PR I X G2 5K
i 5 CLRS %4 48 A= i & B 45 L T 5 R IR A iy Ji
CLRS %4l SE A7 0T L S0 50 . 75 8 B J , SAM B AL 42
BURY AR BRI G52 5], 1T REAR 215 31 — S84 XF 4, ir LA
TEVR A B0 2 W 5 20K X S TP X S HERR .

3.1.3 REEEA

AR SCAT H H A 0 5S84 Ay B AE A AN 35 B YOLO-
v2 . Fast R-CNN Fll Faster R—CNN “5:4£ 45 H ARk i A4 g
X HEFEUE o3 AT A BRI G AR [) 28 551 114 43 28 1E 1 26 LA
KT HIER R
3.2 HBELEE:

TESZES 1+, AR S TGRS-HRRSD ##is £ 1Y 21 761 7K

Iy SRR

e

S
%

Hfidg

Kb b e

AR K

I
Fig.3 The process of experiment 2

B3 SKE2imeE




. 192 - BT T

2026 4

P8 42 1 50 004 /S 451] X G2 4 DA DI 2R 8 1 2k o3 S
RGBSR R 1 PR o 45 R O 20 B 3
88.7% , i ELXFH AP 10412197326 A 6 ISl 302
e o SEIREE R A SO i A ROR N T
SR PG INAT: 55 1, CEVER R T7 T T HARK IR . A1

3 F YOLO-v2 , Fast R-CNN Al Faster R—-CNN %1% 4 H f5
Sz T3 v AR SO AN TG W S o 2 Jo e X &2 24 1) H
o AGE 1000 A5 8 4 A7 52 B Y 5, AN AR MR B AR 1 5 8 1] 5 wfe
BE i H AR08 TR R bR TAERE . [RIEE, 7RI 2Rk
B 7 LT H ARSI 7 v o

Table 1 Model performance on the TGRS—HRRSD dataset

&1 TGRS-HRRSD {75 F KA EEE (%)
WiRiS data bridge crossroad ship airplane car house  forest playground land river  mAP
YOLO-v2 79.0 43.4 78.5 84.6 74.4 65.1 64.2 94.4 62.2 71.1 71.7
Fast R-CNN 75.1 67.1 75.0 83.3 76.0 66.5 66.9 90.0 82.6 73.6 75.6
TGRS-HRRSD
Faster R—-CNN 85.5 88.6 88.5 90.8 78.4 81.5 79.6 90.6 86.9 82.7 85.3
ARSI 94.2 94.5 85.8 91.1 95.3 80.4 73.8 91.9 95.0 85.1 88.7

B dl AR S 80 T A B DL SO S [R] 5
YOLO-v2 ,Faster R-CNN R 17 L4880, 25 35 2 i .
H GFLOPs £ /R8P 10/ R (17 S8 . k2]
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28.3 M,

Table 2 Parameters,average training time and GFLOPs of different

models
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= B TR T TS fiF o BRI 0 B0 S 0 PR, R (L4 Xt R S0
YOLO-v2 50.1 78.4 39.5 HAAET 56 WA SO R BIME RS TR X E A
Faster R-CNN 60.2 152.3 90.3 ARTTRE TN, Al T SAM 43 #1149 J5 U] HEBRx 26 48
A5 28.3 32.5 10.7 ENE T e
Table 3 Comparison of dataset impact on model performance
R3 BIREIERERENFIILE (%)
itk b bridge forest river  storage—tank commercial playground airplane car mAP
MobileViT CLRS 87.2 78.6 79.1 80.0 77.4 84.3 89.1 90.7 83.3
MobileViT CLRS+SAM 431 52431 88.0 76.2 81.9 84.2 717.6 79.7 92.3 94.1 84.3
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Fig.4 Original images
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Fig.5 Instance objects extracted by SAM
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Fig. 6 Object detection results
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