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Abstract

Rotated object detection is currently one of the important tasks for remote sensing image object
detection. Remote sensing images have characteristics such as inconsistent scales, dense detection
targets, and arbitrary target directions. In response to the above issues, a lightweight anchor-free
rotated object detection algorithm named YOLOvVS8-LR is proposed. Firstly, a lightweight chan-
nel-spatial feature enhancement module is designed between the backbone network and feature
fusion to increase the channel information of the feature map and improve the prediction ability
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of small targets in remote sensing images. Secondly, the lightweight feature fusion network is used
to reduce the computational complexity of the model without reducing the detection accuracy. Fi-
nally, the output dimension of the network is increased, and angle information is introduced into
the loss function, so that the model has the conditions for rotated bounding box detection. Expe-
rimental results show that the detection accuracy of this method reaches 77.2% on the DOTA da-
tasets, respectively. The model has good object detection performance.
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Figure 1. Rotate box definition method
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2. HEESR
2.1. YOLOVS-LR ikt

YOLOVS-LR #yELL YOLOVS H brfail Bk HF LR M Bt AT %11, Wil 2 Fras. BT YOLOVS
5y, YOLOVS-LR Sy 7EE I8 2% (B R LG g AR R . RRAE il WX 488 R 453 2 pR B0 =N T HEAT 7 edeadk, oot
BB AE B A 2T HE bR o

2.2 BB Z A FFE ISR ARIR

YOLOVS AL Al & M 48 45 & 1 R 4 735 (Feature pyramid network, FPN) [22] 51142 58 & % 2% (Path
aggregation network, PAN) [2317E— 2% F 2 75 BRlA M. SR, YOLOV8 ME MG —)Z
Heid 2% 7] 4 7 Bt Ak (Spatial Pyramid Pooling-Fast, SPPF) [24], X AS[A) R AR AERE &, S 1 x 1 581
KA EIEH, AE AR NS SPPF RRHIE R BE R/ NFIIRBEAAS . BRI AT SPPF $it i | AU EAb
BN R RS NI (R 52, (EDEIE SRk 17, S35 FPN AT PANet PEREAN . UL, 7R T4 AR AE
RGN 28 2 1), Vert 1 R T 7 (R AR 3 SR, SRS AL SR A B I E 5 2, ANTTZb 1 FPN
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Figure 2. The overall structure of the YOLOV8-LR
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Figure 3. Lightweight channel spatial feature enhancement module structure
3. BERIBEST EFHEIERRREN
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Hiztx e i8iE 2 A 3L =,
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oo, W e R s W, e RISV o IR AR B A\ AT T IIE R £
TR A
Yiik :( ;A Hix +LK/2J’V+LK/2J'[kG/C_|Xi+u,j+v,k (3)
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2.3. REWHERSILE
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Figure 5.Lightweight feature fusion network structure

5. BRERHIFHERM S M EZLEH
2.4. WS ERBWIT
YOLOV8 e HE H BRAG I )45 2k 2R B i =340 Ak, BI432R451 2% (Cls Loss). 5E 45125 (Bbox Loss) LA
K Jiesk B bR oA B2 A5 9 (RDFL Loss) = #8450 B AR A N
L = ﬂ’C|SIC|S + ﬂ’Bboxleox + ﬂ’RDFLIRDFL (5)
XA R, T CloU AN 18 B ARME e £ B, FEANE H T e A H Al o Jié % 28 H: Lt (SkewloU)
TV EEEHE H ARSI 25 10— N B RIF3ERr . ER2EE T EREOIFITEE REd R, HAEH

FRYDARAL T MG FNF, RIS B 432 2050 . R H B K 2243 F 36 T i 2 s B e B A 45 2% 68
BRI LT L. il Xue 8 AR ) GWD [19]F13E T GWD ki 5032 KLD 472k i [ 28]. H
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' 2 lain2
z{a c] - {a’ 0:|RT a’cos” @ +b'sin’ @ %(a'—b’)sinze ©
=Ry ' 0o =1 ' AP
C b 0 b E(a —b )Sln 29 arsinz 9+b,COSZ 9
B 5 1T 5 H FRAE-S BUAE 2 (8] (1) B EG 2 25 (Bhattacharyya Distance):

B (p.0) = [P (x)a(x)dx ()
o p(x) #1q(x) ATIIAE 5 HARAE I MESR 25 B SR 8. ER T E IR B R AT L = A, Rkt
— K B B B 5 .y Hellinger Distance(HD):

Ho (p.9)=41-Bc(p.q) (8)

%435 ProbloU #52k:
1-Hy (p,0) ®
KLD #1 ProbloU P2k s B PERERT LLtnZe 1 fras. skiekeT YOLOv8 B!, J35lffi ] KLD 1
ProbloU it 2 B LR, 1531 R mAP. M AT LI SIE 16 /£ DOTAVLO Hi4E Fit
J2 DIOR-R HcHiSi L, {if] ProbloU Ht24if) mAP #1285 F (1l KLD 412 i3 ProbloU fi e
05 5 AR LR BRI f0 BER R TSR BRUESR P ProbloU A MU HEREARY I 1052 (453 K B L

Table 1. mAP with different loss functions

= 1. TEIRKEEHI mAP

R EREL DOTAV1.0 DIOR-R
KLD 0.704 0.563
ProbloU 0.732 0.642

DFL 51284, K5 5 /K FAE DLF $k BLEE N T e hE, 2 SEUSuE 58 . X 352 R /KF
HE DLF Loss $tZ M E(5 8. Wil 6 AR, () A7KFHE TS HIHE AR O i 2 B AE DY S0 HE R 3 . T 2R
IHR A HE S EE B 7 2, e HESERRULED i H ARHE AN HARHE, 10 A& & 6(b) 7 ) 2E i
LRIKTAE

B #riE

Y

Figure 6. DFL and RDFL principles
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NFRPRX — T, THEEREI IMAAEER, tHEARITF:
I=(y'—y,)sin@—(x"—x)cosd

’

(Y' = y,)cos6+(x - )sin@
(y,—y")sinf—(x, —x")cosd
(Y, —y')cosO+(x, —X')sin@

(10)

t
r
b

ot (X, y) R BUIHE L SRR (%, v,) A ERRRERZE B AR, (3, Y, ) 9 FLRRHERG A T f6 20k
SE BB 1 B B A B o 0 ) BRAE DY S0 ME (0 L2040 6(C) e

3. BUBRE RIS
3.1 ¥IEERSWIEE

DOTAV1.0 ¥4 ££[29] A 2806 MM~ EIME , 15 AN 3407 188,282 A FH Jie i HEARE: 1 S 451 H A% o
F AN AL BeERY . MR RS DB, KRBUER. MAN. MERY). kg, s, 2k
Yy BBy ML UK. BTl RETKIE A RS #ERLE 800 x 800 143 £ 4000 1453 x 4000 R F= ZIH,
T R BE R~ KRR, %% DOTAVL.0 B 4EHL I 200 4R M ES AT V1B FE, )% 1024 x 1024
2 KNS Hb, JIZEAS 15,749 1BEE, %A 5 5297 R EE .

3.2. XWESSH

SEIGAE Windows 248, K PyTorch 1.13.1 FFURIR B 24 ST HELEFE 22 M 2%, 7£ H A5 NVIDIA GeForce
RTX 3060 GPU F1 6G AR &ML ST, {5F] SGD 1E M ibael%:, hEFEFH 0.9, WEFWA
1074, WItE2 1%k 10, Batch Size W E N 6.

3.3. TAfiERR

N T APPSR DL, SRR 1R T E-F RS BE AP (Average Precision) Y A 4R FE -
For i 2 S vT LAy 2R 3 28, 43 il 2 TE A 30l (1) 1E A AR TP (True Positive), 47 Filill (¥ IEFE A FP (False Positive)
DAL AR TN B S R4S PN (False Negative). FIRGEE4R R P s A ke th A Ar b IEG B A ), H 3145
B R 2o IEWR TN H A5 5 SA Hy B AR LA, -

TP
(TP+FP)

_T
(TP+FN)

AP MIZZTHE M R = 0 3 R = 1 X[ AAEEE P I-F39ME, S0 AP {E BB R RO EF, e 75
o BT AP SRERRTEANEA, TN EEE R A 2 KR IR 24280 AP I-FAMER T
Z R AFRIRCR AT &, X ASF1E % FH mAP (Mean Average Precision) &7 .
4. SRIGHER R
4.1. FHEELE

N T B E YOLOVS-LR WA R, #HHS5HAT—f i Hisk M BT, % 2 4T
YOLOVS-LR 5 HAth H A7 72 7E DOTA Hedfa S b (R 25 5 [30] . Hodth H AmAd I S5k 43 T [m1)9
[ HRRASISE BE T IS X IR B PRI R ANSE T DETR (1 B AR SR Horpo it 2k R oR By

(11
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ARSI B RS WA P e v P 45

M 2 il LI, 7F DOTA #¥#4 I, YOLOVS-LR ] mAP His %] 77.2%, LT HoAth H AR
%, YOLOV8-LR HERYHHA TELF (¥ H AR IITERE, AFTA SEsR I % iy 5381 [BVA R H brsr 4
1 Rotated RetinaNet. R°Det. Rotated FCOS A3 T4 [X 155 1) H kil 532 Rotated Faster RCNN. ReDet
AHEL, YOLOVS-LR 7£ DOTA $#i4E | mAP 275 1 3.2%% 8%. Br/DECRAUKIIFE EIE(R T iR H A iy
Gb, tEERYg . MERY, YOLOV8-LR fEHAR Hiw, JGHZ/NRE s E3A Friest. #an, #HEET Rotated
RetinaNet, YOLOV8-LR X[/MNYRZE, B, BEFHLRIRIRE 73 iR T T 27.6%. 25.6%. 25.8%.

53T DETR K H br#6il % Rotated D-DETR. AO’DETR. ARS-DETR #HLt, YOLOVS-LR f#) mAP
PEim 1 3.4%% 13.8%. B KA -4 BRIz BRI 5 H bR, FIRH AL b, HAR HA5, YOLOVS-LR
VHSRAT T TG BRI 25 SR o e rb N B brksr RS FE [RIRESE T B 2, Bt/ NRL 2595, ARAS T Hodth Bk A Ay,
YOLOVS-LR fAill 45 F T DL 2.2% % 13.9%. #¢)i 5 AO’DINO #EAIAHEL, YOLOVS-LR ) mAP {4
WET 2.2%. HXF R HArAa RS, YOLOVS-LR ¥ T AO’DINO FEA,

Table 2. Comparison of detection accuracy of different types of objects in the DOTAV1.0 dataset
7% 2. DOTAVL.0 B h AR A BRa9t A B X EL

B EIAM BT EOGER X dr) T DETR

ok SRR Rl ERFS SRR Rl RFS SRR Rl RFS
o ROt e FORART repe [ONE A ARsDETR 00 Ak
KHL 0.873  0.892 0.8852 0.891 0.889  0.790  0.880 0.866 0.869 0.912
HEEk 0.789  0.833 0.775 0.783 0.781 0686  0.795 0.773 0.819 0.883
M 0465 0480 0471 0.489 0512 0326 0457 0.488 0.483 0.721
H23% 0.698 0725 0.638 0.715 0.728 0552  0.666 0.668 0.729 0.746
ANEZERE 0677 0775 0.804 0.740 0743 0725  0.789 0.784 0.799 0.953
KAAH 0623 0767  0.805 0.750 0781 0578  0.739 0.790 0.632 0.717
ikl 0.736  0.865 0.873 0.859 0.874  0.737  0.733 0.874 0.859 0.886
MR 17 0.909  0.909 0.904 0.908 0.908 0.884  0.904 0.906 0.882 0.872
HER 0.828  0.823 0.778 0.869 0.808 0.755  0.806 0.828 0.829 0.768
T 0.794  0.835 0.841 0.850 0.786  0.793  0.859 0.822 0.869 0.881
BB 0596  0.610 0.555 0.580 0.609 0454  0.552 0.540 0.612 0.706
N 0.619 0631 0.658 0.697 0.642 0538  0.636 0.626 0.660 0.546
HO 0.650  0.676 0.650 0.681 0.768 0529 0518 0.726 0.656 0.724
ekt 0.678  0.693 0.728 0.713 0.728 0664  0.702 0.728 0.774 0.601
HIHHL 0450  0.495 0.492 0.569 0.549 0504  0.600 0.650 0.771 0.708
MAP 0.692 0734 0.724 0.740 0.740  0.634  0.709 0.738 0.750 0.772

4.2. jHRASCIE

9T B F R T & O R A R, s YOLOVS 5 A 451 2k R K B 462 )9 Prob SRES I e % H bw, £
BEFERE_E 43 S50 A 18 25 [A) R AR G SR AR B (1-CBAM) AN 42 AL RFE A & 4% (LFP), £ DOTA #fli4E Lt
ATV R SRS

M 3 RS 45 BT DLE Y, AN 1-CBAM #ib)5, 78 DOTA ¥4l 4E L, 5950 mAP M 73.2%
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Table 3. The impact of different improvements on detection performance

3 3. NI ER Y I AL BE A RZ T

I-CBAM LFP Prob mAP 41 & (MB) 15 #(GB)
J 0.732 3.022 8.5
J J 0.767 3.027 8.6
J 0.738 2.825 7.7
v J 0.772 2.865 7.8
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Figure 7. Visualization of detection performance of YOLO8-LR on DOTA dataset
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emEE 76.7%. MSHEMITEELTFS I REF—5. XEH I-CBAM it Sl il RHiE AR IGE &
FHIEAE R, ARG s K G H bR RS 2 . AN LFP J5, BB/ REEK, SEEMT RS
HIBE{E T 0.197 MB F1 0.8 GB, > YOLOVS ] 6.5%7F1 9.4%. {EXHE4E L mAP g T+, WiE 7§
SEALRFIE R 0 25 0] DLA R BRI L TSR RAY,  HAN 2R RS P i i 2% o B4 B09% YOLOV8-LR 45
ST, MET YOLOVS, £ DOTA ¥4 E mAP BNT 4%, S EAHHEES KT 0.157
0.7, N YOLOV8 S B Mt 5.4%F1 9.0%. 2 LATR, I-CBAM 7ESR T+ H bRk kS & 7 TH 2 30
s, T LFP G MBS TR I S E A o, R R .

4.3. ATALHLARIMEER

N EMERN BRI, ¥ YOLOVS-LR 7E DOTA Hd 4 o o3 UGG I 45 kAT T AL, 45
RN 7 Bion. WL LUK I, YOLOVS-LR A LAHEf S 21K 2 30 B s 5T 7 . HAERE
BN SEHAT () B ARAS I AR R, HIRRIO S B, el 8. AN, s,

X T AN oy Fre G A i ROBE 22 S ORI 1R]— Fh 28 H bR (a0 %L, JHIEESE), YOLOVS-LR BEWE SLIILEL
RS BEREIN, fn &) 7 () A E 7(c) BT o BRAMBAG 06t A — i B R 2 SR (AN [R P A e B 52 A6
WP 7 (1) H R A7 2R 2R 2 R ZE R TR 1 DL

5. ZHRiB

EEXTIE R EG AbRARE . RS R L, SECREEME A2 REEJCH/S B AR DS
DI, A — A B PO MR eSS H Aris I 5E3% YOLOV8-LR. E%s, BUit 7 —FiiEguiiE s
(VRSP AESG AT, K RpAE B 5 B L, A RO IR B A5 8, RIHD Hismilge /. H
K, HEREAR LR A M2, PR R IRAT IS L . e, S0k o 485 F 5T AR
B RAERAR R R B, AR DRI ff B SR IR, I Sk B Ak e B DU R 8. SRR 45 IR R
W], YOLOV8-LR REAT RSB ks BE /s FARAN S S 70 A H AR BRI, 30k 1 Hag AT VEAITA Rk
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