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Abstract: When deep-learning-based target detection algorithms are directly applied to the complex scene
images generated by space optical remote sensing (SORS), the ship target detection effect is often poor.

To address this problem, this paper proposes an improved YOLOX-S (IM-YOLO-s) algorithm, which
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uses densely arranged offshore ships with complex backgrounds and ships with multi-interference and small
targets in the open sea as detection objects. In the feature extraction stage, the CA location attention mod-
ule is introduced to distribute the weight of the target information along the height and width directions,
and this improves the detection accuracy of the model. In the feature fusion stage, the BiIFPN weighted
feature fusion algorithm is applied to the neck structure of IM-YOLO-s, which further improves the detec-
tion accuracy of small target ships. In the training stage of model optimization, the CloU loss is used to re-
place the ToU loss, zoom loss is used to replace the confidence loss, and weight of the category loss is ad-
justed, which increases the training weight in the densely distributed areas of positive samples and reduces
the missed detection rate of densely distributed ships. In addition, based on the HRSC2016 dataset, addi-
tional images of small and medium-sized offshore ships are added, and the HRSC2016-Gg dataset is con-
structed. The HRSC2016-Gg dataset enhances the robustness of marine ship and small and medium-sized
pixel ship detection. The performance of the algorithm is evaluated based on the dataset HRSC2016-Gg.
The experimental results indicate that the recall rate of IM-YOLO-s for ship detection in the SORS scene
s 97.18% , AP@0.5is 96.77% , and the F1 value is 0. 95. These values are 2.23%, 2.40%, and 0. 01
higher than those of the original YOLOX-s algorithm, respectively. This indicates that the algorithm can
achieve high quality ship detection from SORS complex background images.
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8 B9 1F #E A (False Positives, FP) . W3R % A K
Wy 292 H AR BRAE 5 19 7 A AR (False Nega-
tives, FN) o K8 % P 41 [n] & R F-F- 1 73 B F 1
a5 L= (15)~=K(17)

TP

P=— " %100%, 15

TP+ FP % (15)

R(recall)= — % 100%., (16

(recall)= =0 %, (16)

Fl—2x IR (17)
P+R

S48 B (Average Precision, AP ) 2 #f %% -
A [0l % i 28 (Precision-Recall Curve) T 9 1 1,
Hats oy L= (18) :

Ap:j;p(moue. (18)

FEA SCh, F R H AP@O. 5, AP@0. 5:
0. 95 2k VI il 452 B f) B R85 )%, >R H] APs@0. 5
0.95, APm@O0. 5: 0. 95, API@0. 5: 0. 95 3k ¥ fi
A CH R H s AR A R

& #» i 2 (Frame Per Second, FPS) & & il
TE e A A f MBS, A SR K 0 5K T R Az T 100 ¥
5 2SR FPSAE .

3.2 SRRBREXSH
ARICHY LI N R 3 s o

®3I ZWIFE

Tab.3 Training environment

2R A5 28
BIERS Windows10

CPU 19-10900 CPU@2. 80 GHz

RAM 32.0GB

R GeForce RTX 3070
DL HEZE Pytorchl. 8

ST R AR A T AR RS S 0 AR B SR AT
T Ak R Zh B T M 28 %k 45 (Im-
ageNet) il Il 25 J5 (4 152 18U | JFC A 1) 4% 35 4 A dE A7
Yk, U451 2k 50 5, >R I 2R A B0 ] L L A
& I iy 11 25 T RE I DR A S5, ek I R OB
fif R 25 250 %8, X — i B v, B v T AT S 50
ST SR . BRI S E WL 4 iR

YRt B R T A 5% AR K 2 ) 35 R
4 5% ek BCRE I A ] 8 R o

x4 N&EsH

Tab.4 Training parameters

HEDEN I E X033 23] R batch_size AL 2% i 5 B
IR I 2k 50 0.001 32 Adam 0.94 0.5
fi R I 2 250 0.000 1 8 Adam 0.94 0.5
15 —— 3.3 XWHEREIESH
----Val loss 55 UE IM-YOLO-s .35 7 SORS & 24 5 5t
TS DA S AP0 B 5 HRSC2016-Gg %0
10 EHEAT T PRI . [R5 L G 2 ok AR
B M A R IR A T Y B AR R B AT
5 X, 25 BT LR i 92 e 4
5 A % HOG+SVM 6 i 2k 5 4 2%
i — 20 B (TR B 2% ) D A L 1O R O AN I
FH T R EE T AR I . — 7 %5
oLl T R A R N R ol T DX AR ORI A

0 50 100 150 200 250 300
Epoch

K8 I gt ok ek B2

Fig. 8 Training loss function diagram

FACT MM E k. XM EEE2RRE LS
R RE RN B T 10 RAR A i DX I Y O vk, 22 RO
TSR . X T— SO ECA H AR A X,
LA SR Lo 55— T3 % 07 A A D 1 AE
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Tab.5 Model results
FEL Y Backbone Recall/ % ‘Preci* AP Params/ - FLOPs Model FPS
sion/ % 0.5/% MB /G Size/kB

HOG+SVM / 40. 97 69.99 48.36  0.52 / / / 2
FasterRenn Resnet50 91.54 70.18 89.36  0.79 28.275 454.292 110773 17
Yolov3 Darknet53 91. 66 94. 66 91.23 0.93 61.524 32.759 240693 65
Yolov4 Darknet53+ SPP 93.65 92.89 92.97 0.93 69.338 29.879 250265 48
CenterNet Resnet50 83.63 97.81 83.63 0.90 32.664 22.125 127932 73
RetinaNet Resnet50 82.84 91.56 82.26 0.87 36.351 74.042 142251 37
Yolox-s CSPDarknet 94.95 93.09 94.37 0.94 8.938 13.317 35177 67
IM-YOLO-s IM-CSPDarknet 97.18 92.61 96.77 0.95 8.973  13.319 35341 60

B2, FEE W T HOG F#E H A8l ik 2% 14 1Y B
5 1 O B S R REAR G A R R R
FRCHEER

Xof bl A TR B 2% 2] BvE AT A4S L IM-Y O
LOX-s 53k HAT e W F YIRS B MR AN FL
fli. 5 YOLOX-s 8 M L, K 00 o o < g A T
KBRS B0 TR 2% B A TR A A A 1
i, 5 BCFPS B B ARG, B #R7E AT 45 32 30 [ Y
I HR R E RIS a Pk, A R T
2.23% ,AP@O. 5{EH4ETH 17 2.40% , F1{EH{E & T
0. 01, K5 B A1 43 1] F 3k 8 T I A P Al . X%
B, IM-Y OLO-s 835 v] DL R0 ok T A6x ) &0, F
A7 o Jo A (4 AR RS . 5 CenterNet 575 M L
UGS IZABAER MR E S FPS L8 T L

(e) CenterNet

(f) RetinaNet
9

T S M e R 4 SR AR AE AR SO 8 T 45 A
AP@O. 55 F1{H J7 1f1 ¥13h €4 T 7 SO $ 3500k 78
BT SRR VIR 5 2% B RV R A T T A A O
Bt AL . g5 L BT IM-YOLOX-s ik
A LA B0 v O A A T 1 3 Tl 3 AT R T Y
R il

R T U MR A7 A SR I e R R T
MR B R AT T B sk A 159 R TR ]
BRI — A A b A 4 R o 9(a)
JE B REAR I IS

K10 Jj7n 1 HL52 HARMEAR [T 45 58, 18 11~ 4]
1250 R T AR S =T YOLOX-s Bk 5 A& 3
1) IM-Y OLOX-s 3307 1) A6 280 2 o

11 e
(c) YOLOV3

(2) YOLOX-s (h) IM-YOLO-s

A [a] 5 15 S B G 0 2402 X LE T

Fig.9 Comparison chart of actual detection effect of different algorithm
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(a) BirZ RIEX K

(a) Multi-scale target area

(b) ERHE

=X (c) JzL ¥/ N E AR IR 8 X
(b) Complex background area

(c) Small target gathering area in the open sea

F10  Hoc B AR RE bR TR

Fig. 10 Real target box annotation renderings

(a) BirZ RIEX K

(a) Multi-scale target area

(b) ERHE

=X (c) JzL ¥/ N E AR IR 8 X
(b) Complex background area

(c) Small target gathering area in the open sea

BI11 YOLOX-s K il 25 5
Fig. 11 Test results of YOLOX-s

(a) BirZ RIEX K

(a) Multi-scale target area

(b) BREH X
(b) Complex background area

(c) ¥/ N PR AR B X 4k

(c) Small target gathering area in the open sea

FEl 12 IM-YOLO-s Kl 25
Fig. 12 Testresults of IM-YOLO-s

3.4 HELLIE

R TR AT AR SO A TR CA E B IR
e Neck stF 12 o £l it x) A i B b ks DUokS
JEE LA K X6 R e /) Ao G A 1 s o, Bt 1T
Tl 52 5%, R b AR e A3 o i A B YOLOX-s 5
o 5 R R T X H, SEER A5 AN ER 6 TR .

t 266 7] 401, /£ YOLOX-s Hh H il A CA 1 &
B, AP@O.5 &£+ T 1. 11%, R &+ T
1.05% , P EEALRFEAAS (H 2 FPS FREW i, 7]

VIR M ERA CABIIZ )G, 23 5 BB RL 1Y) #E W
IF ] 42 5 s 2 O#E4T Neck 20, AP@O. 548 7+ T
0.67% ,R¥EFF T 0.58% ,FPSHAREH T, It
HXE /I A i R 0028051 2 ] B, APs@0. 5
0. 95 #& T+ 1 0. 015, 2 B Bl k455 784 (1% ¢ AiE il 75 7
A LA R /s B RS iR RS B 5 6P H AT
4 pR B ol E SR UG, AP@O.54R T T 0.89% , R
FETHT 1.05% , HAhFE AR FEA LR FFAAS .

1E X YOLOX-s [a] i #F 47 neck 2 i H1#l A
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Tab.6 Ablation experimental results
AP@ APs@ APm@ API@  FPS/
YOLOX-s  CA Neck  Loss - AP@ R/%  P/% 0.5: 0.5: 0.5: 0.5:  (frame-
Wk ek 0.5/% o
0.95 0.95 0.95 0.95 s
N/ 94.37  94.95 93.09 0.775 0.438 0.688  0.857 67
N/ N/ 95.48  96.00  93.16  0.778  0.453  0.694  0.859 61
N/ N 95.03  95.53  93.23  0.770  0.473  0.686  0.849 66
N N 95.26  96.00  91.49  0.762  0.443  0.682  0.838 67
NG NG NG 95.71  96.00 93.48 0.781 0.453 0.700  0.861 60
NG NG NG 95.75  96.36  92.97 0.780 0.479  0.684  0.861 61
NG NG NG 95.27  95.65 93.14 0.787 0.429 0.691  0.876 66
NG NG NG NG 96.77 97.18 92.61 0.786  0.442  0.692  0.869 60
CA B Z 5, etk 550k i A6 DU o o B SR 3 1 BT JEFFRIY
7T S I8 AR ) A 4 R, O L AR A N 4
BAKE T BT, Kb AR R ENE 4 &’

Tt ,fH FPS F & 2] 60; 76 % YOLOX-s [a] i} 3 47
0 2 pR Bk E AR CA BB 2 )5, % F /N H AR
A AR 28 SRR B T B s 7E X YOLOX-s i
A4t 2 R B e E Rl A CA BELH 2 )5, K H b iy
SR RS TDORG BE TR 3 T e e

X F IM-YOLOX-s, AP@OQ. 5 f1 P{H ik 3] T
I fer L 2 WA AT LA 280 Ak e T G T R, ) B X T A
[7] /0N PR A ) Sz T & R 0 AT B T 5 B e A b
G|

22 b, Al LA R IM-Y OLOX-s Hi Wr i 1]
TR R JE B R CABEL ARl | 5 22 2
5% SN0 o G T T AL o A AR R Rl i T T Y
YEFH , ] it 08 2% 21 AN ] 5 1Y) el a4 it 2 AH B
il 247, DA 52 Wil G 0 2 R e 8 Al 4 X A — ()
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