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Abstract

Aiming at the problem of low accuracy and poor performance caused by unobvious target features
in remote sensing images, we give a remote sensing image target detection model based on im-
proved Transformer. Firstly, transfer learning is used to load the model, and ResNet101 is used to
replace the original trunk. Secondly, in the feature extraction stage, the SE attention mechanism is
BTN

WESIH: BEM, LF, A4H. T Transformer (93K B G B ARG L 70 tHENEI 5N, 2024, 14(4):
105-114. DOI: 10.12677/csa.2024.144081


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.144081
https://doi.org/10.12677/csa.2024.144081
https://www.hanspub.org/

WM &

introduced into the bottlenet layer of the backbone network; finally, the original loss function is
optimized to a combination of L1 loss and CIOU loss. The experimental results show that the im-
proved model has a certain improvement in accuracy and performance compared with the
benchmark.
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Figure 1. DETR structure
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e JFUE T resnet50, FHXAE T MR bottlenet = 5] A\ SENet (Squeeze-and-Excitation Networks) [25],
Bt J5 K GIOU 451 4K B 4 B Jif& 5 (19 CIOU (Complete-10U, CIOU) [26], i 5 58 g Fl T A2 i) B ARESS -
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Figure 2. Squeeze-and-Excitation block
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Figure 3. SENet in residual network
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3.2. FKEHELIT
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4. XSRS
4.1. HiEg

AIRSEEG A DOTA ##54:[27], DOTA_V1.0 KGR H T Google Earth, Hrh—2iJL -1 TA
T3, HAy b E R DR BRI N F RO ) GF - 2 BEME. B4 2806 MEEIE, & 15 N5,
it 188,282 s, Horbt 15 N5HIr 5108 KHL(Plane, PL), ELTF#L(Helicopter, HC), Jifikiti(Swimming
Pool, SP), 3/} i (Roundabout, RA), # 1 (Harbor, HA), {5 2k17(Basketball Court, BC), & k37 (Soccer Ball
Field, SBF), M EkIZ(Tennis Court, TC), H4%3%(Ground Track Field, GTF), #:¥k%(Baseball Diamond, BD),
fitr i B (Storage Tank, ST), #(Bridge, BR), it fifi(Ship, SH), /M 245 (Small Vehicle, SV), K7 % 4¥i(Large
Vehicle, LV), ZRJ5 B 108 3:1:2 R IR B0AF4E . IIiteE.

4.1.1. BUIETALIE

[R BT R B SR 2 A TF 0, B RSH BRSO, 35 B e i N BB sh b AT I 5, A7 AE BA7 v,
AT B IRA e AR . BT DABRAT R0 B B AT A0 2, R E 745 i) DOTA LB % kb3 T A
DOTA devkit_master #E1T4bEE, & 5EHIH DOTApy FIn# F 46 K A 326 B bR HE, Hik i
ImgSplit.py ¥ #5111 5> A4 1024 x 1024 {1 EIE

4.1.2. BB

BT DETR s REM R 4245 0y COCO. VOC #% 30, FIMLFRATRE 244 DOTA HHibrZei TXT 3¢
AN COCO #%3\, DOTA HI¥EEM AWK 4 Fior.

WL 4 Al 50, ZEER S 13, Hid image source % & Fr kU5 Google Earth, GF-2 and JL-1 satellite,
S AME gsd A TR, 55 =AME 8 MNMEFRME x4, y1, X2, y2, X3, y3, x4, y4, AT R PUIAH VAT A5
() A AR T RIS IS, 38— ORI AL, BB DY/ ME R R L 20, B a — ME RN 1% 5L
LTI (1 RN HE, 0 FRRAEE).
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imagesource:GoogleEarth

gsd:0.257268700806

641 570 672 603 658 620 624 595 swimming-pool @

1351 298 1402 298 1402 324 1351 324 swimming-pool @
1996 1734 2044 1739 2038 1779 1991 1772 swimming-pool @
1966 2106 1992 2106 1985 2150 1959 2153 swimming-pool @
1964 2031 2002 2036 1996 2094 1961 2094 swimming-pool @
1646 2089 1671 2097 1671 2140 1643 2137 swimming-pool @

Figure 4. DOTA data format
[ 4. DOTA ##Et& &

4.2. SRR IERRFNS Y

A2 35 F PP TR AR 9 7 0] % (Recall) . ¥ 2% (Precision) . ¥1E T 2K fi % (mAP, mean Average
Precision). HGTHE AR

Precision = (11)
TP+ FP
Recall = Ll (12)
TP+FN
AP = ["P(r)dr (13)
n
2. AR
MAP = =L 14)
n

FIRAKA, TP A TN 20 BRI A IRIEM R IE . RTINS FN R FP 23503 s N R R I IE
FREAR I

ASCAFFTE coco2017 H¥a s FIERTUIZRT AR, BT IER 2= IR T 2R, SRS TE ARl 1
BT ISR, SLIRATHR MM S H = 1 s

Table 1. Experimental conditions
1 EWEMH

S A
LTPNEEES ORI NAN 2
WIER S > % 10™*
SR 10
WZRFEIR 200
ZH SR E
ARG ubuntu18.04
CPU Intel(R) Xeon(R) Platinum 8358P CPU @ 2.60GHz
GPU NVIDIA GeForce RTX 3090 24G
TRBE S SIHESR Pytorch
JF RIS torch1.9.0, cudall.l, Python3.8
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4.3. GRAHT

ACK G2 G i DETR Sk 4 4 S-C-DETR, il DETR ZEA8 [ B9 Z: 3085 F 2 Hl I 2% 200 560K,
Kl i 45 B tn 22 2 fros o

Table 2. Comparison of target detection algorithms
7= 2. BRI EX L

Algorithm mMAP@0.5%
DETR 58.23
DETR + CIOU 58.6
DETR + SE 59.89
S-C-DETR (Ours) 60.24

MEEEL 2 AT, Bk R SR T IR, A IS B A A R e T 2.01%, JEIE
S0 W it 77 30 R

4.4, MEEXTEL SIS

NSO A4 7 R Ok 2 JE SR R O, R AR A R PR S R I 2R AR B B G TS I BUR AT MAP
2k, LRSS ERI R R 2. Wlsl 5 P,

—Iloss(DETR) —loss (ours)
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4
35
3
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S 2
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1
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(@)
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Figure 5. Training loss, mAP change curve and AP of each category. (a)
Loss variation curve; (b) mAP change curve; (c) AP by category

5. MZIB%R . mAP BB R & A8 AP, (a) kLT ILEIZ; (b)
mAP Lk ; (c) &25FI AP

W& 5(a) ki, AEIZERE, AR AERT 200 e 3EISL, 7F 200 # 2 GitaTiaE, %A N
IR LA TR E IS, R sa 2 JE I RO R e i AR . AENGHESVE R, 4k batch v 2, HIUR2:3TH
10-4, IEARIRECH 200 &, 1£ 200 %72 AR5, AT AT I SOIRES,

R B IEH SCSCR Bkt 2 Ja B e SR BE AR

L2 5(b) ki, Sk Rl e AL mAP AR S, TEVIZREC IR EIIL 200 #e k), AT T
1% S-C-DETR MI¥EFYIRG FEAERIE N 0.5 B 2K T 0.623, FHA: T etk 2 5 AT (1)~F 35k 5 0.582
PTHT 0.2, ESET BATER 1 SO 2L

M 1] 5(c) Ay LAR B AW 22 2R S-C-DETR 7£ DOTA $di 82 & A2 0] v 2 .

4.5. B¥REEMIE XY EE SoI8

N T ARSI TR K& B AR I B PERe, B ASSCIR 7 %S FAR I R AT B, P

A SR FAE N AT, AEE R L 3 P

Table 3. Comparison of mainstream algorithms for target detection

3. BN ERE AL

RRURASEAE 0.8 /247, IIlZhid

25 SSD [19] Faster R-CNN [14] DETR [24] S-C-DETR

PL 80.9 74.7 85.3 85.8

BD 70.3 66.4 774 78.2

BR 18.2 14.0 46.1 51.9

GTF 68.7 63.7 68.7 69.8

SV 22.0 8.8 22.1 22.8

LV 58.4 38.0 41.2 44.2

SH 34.6 13.2 35.2 37.0

TC 88.0 84.6 90.3 88.7
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BC 61.2 53.2 59.8 58.6
ST 235 174 59.2 60.6
SBF 65.3 57.3 64.9 63.8
RA 325 28.2 65.6 68.9
HA 70.8 56.3 60.7 61.7
SP 38.4 25.7 57.4 60.9
HC 53.5 27.8 39.7 50.8
MAP 52.4 42.0 58.2 60.2

MG 3 W LAAITE, FRATAEEAL S-C-DETR AHEL T L& B i) —Fir Be s A8 SSD Al [ Be A% &Y Faster
R-CNN [P35 {E R B R KT S-C-DETR #AU M T DETR BAURE LS T T 2%; A% T SSD
T 10%; Bt 2 A AN Faster R-CNN T 5 #2711 20%. R IHAR S SEB6E R, 5% S-C-DETR %1%} DOTA
(115528 51 DA R AR R ) mAP (B #RA BRI 3T, B0t 2.

5. B4

AT X T RE I PR A E R RS e R, K] 38 S A5 A7 A ARG 0 e PS8 KOS5 T ) o AL, T DAAS ST
T 3T transformer (35K B bRAS N S%, B IERS 2 2 1007 sUMBIUI AR, AR5 FRfs T
WH] Resnet101 #EAT &4, I H B #a i ETRh 51N SENet iR b, HG AR IRRE . 2t
SKIARW], ot Ja SE R AT € R T, AR SR T 5 A R R BN LS R IR
BRI AT 7T B kAt
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