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Abstract: The remote sensing image objects has the characteristics of multi-scale, large aspect ratio, multi-angle and
so on, which brings new challenges to traditional object detection methods. To solve the problem of loss of accuracy when
existing methods are applied to remote sensing images with small object scales and unbalanced aspect ratios, an object de-
tection method based on dual-stage feature fusion—MF2M (Multi-stage Feature Fusion Method) is proposed. This method
combines and splits the feature map channels in first stage, and then adopts the fusion method of convolution splicing to ag-
gregate the characteristics of the channel dimensions, thereby enhancing the output object spatial contour information; in the
second stage, we design a multi-scale asymmetric convolution blocks, enhancing the high-dimensional global features of
large aspect ratio targets, improving the problem of rough matching between the target and the detection frame, and using a
combination of serial and parallel processing to reduce redundant convolution parameters. Finally, we achieve the effect of
accelerating network convergence. The experimental results on the DOTA (Dataset for Object deTection in Aerial images)
dataset show that after the benchmark method is introduced into MF2M, the accuracy index mAP is increased to 76.44% un-
der the premise of ensuring the detection speed. The results verify the effectiveness and reliability of the algorithm.
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IR R 1 RGN 25 K808 4R 0030 3, D11 2 R LA ot 22
o0 265 T LA 00 228 J P 45 4 L s 1A 4n 4 B A A A
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H s L G T PR, 7 MS COCO(Microsoft Common Ob-
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tional Neural Network )45 k83 ) X B AG 0 5% 15
JELER [X 35, (Region of Interest, ROT) & 4% W~ B B .
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i 3 ROT Pooling'” 5% # ROT Align'® M 45> e 4 22
BURRIE , R4 T N — 25 I X G2 43 S R e AE [B] )3 #24F
X B A I 45 88 ELAT 58 e ARG DRS J2 L (HLJE: ih 17
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Text) LA M Jiang %[ 16] 2 1 9 R*CNN (Rotational Region
Convolutional Neural Network ) , I~ R 8% 3 1 5% 11 A [A)
B4 £ B A 4 5 2, R SCAS B R AR ISR, o
R & IR H AR AL T 2 (a) AL (R T S HEAG I =X, dhk
B 1P 2 (b) 2B B 7K SF- A T HE - B0 A B 8 R] L. (H
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HF 7l DOKEL S 32 28] 240 67 3 %) 3T 22 1] 05 77 7% RPDet (Re-
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4 KEITAh

S B F IR BT R AT Intel (R) Xeon(R) Gold 5218
CPU @ 2.30 GHzx64, N 17 7 251.3 GiB LA 2 4% 3 A
NVIDIA Tesla V100-SXM2-16GBx4 [ il 55 % , i 1431 5%
} Cent 0S 7.6 #5:1E &4 . Cudal0.2 , Cudnn7.6.5 . Tensor-
flow1.13 LA J Python3.7. “hy % TiF 4 A1E fill -5 J7 125 Y AT &g
P, AR S FF0E 52 DOTA (Dataset for Object de-
Tection in Aerial images)mmﬂ:ﬁ?igﬁﬁ*ﬁ IR Y
K 418 (mean Average Percision, mAP) 58/ R0 Ak FE A
PREKEE JhG B2 5 3 FE VAR ARTE . mAP J2 22 285 5 )
K5 B (Average Percision, AP) [IME , 55 T Rl R 2%
(persion) F1- [ 3R (vecall) , Je& H b A5 ) €5 4ok £ 75 22 1)
LELEE
4.1 HEENA

DOTA J& R HLA TF Y 3 R R v B 4R SR ok
H A HbER (GF-2 L& JL-1 TR %R & K AL ks
FE T 5K G, AR A X S 40 H B9 8] 43 R v 1.0,
v1.5 2.0 JAS , A SO Y DOTA-v 1.0 MAS I 35 T K/
112 1AL 800 x 800 1% % 51 4 000 x 4 00015 Z 11 2 806 7K [£]
18, B A4 0 32 12 2 BBk LU0l 20 IR S0k
DL TR AL . MR AEARIC 188 282 AKXt 42, FE 4%
15 iz SR R UL 28001, A0 45 ELTHHL (Helicopter , HC) |
Wik (Swimming Pool, SP) . #& [T (Harbor, HA) .3/ &
(Roundabout, RA) | /& k3% (Soccer Ball Field, SBF) . fi#
ﬁE(Storage Tank, ST) . i ¥k 3% ( Basketball Court, BC) . ¥
¥k 37 (Tennis Court, TC) | fiff A (Ship, SH) | K % 4= 4

(Large Vehicle, LV) . /N8 Z %5 (Small Vehicle,SV) . H
1237 (Ground Track Field, GTF) . #f %% (Bridge, BR) . 1
k37 (Baseball Diamond, BD) 1 €41 (Plane, PL).

DOTA FXF G5 1 2R T3 FAE A T hR i
TR 4% BT IF BF 0T e 3E 47 HE 51, AR R s
(xpyl:x27y27x3vy3ax4vJ’4)’%ﬁtz&h,%ﬁ\xﬁ%iﬂ‘fﬁﬁ%
SRR I XEE B PR A T L S B Bk 15 Fhess W21
RGN X 53 kg DRIME 55 A TRUME , 20501 FH 100 iE 4T 267
DOTA J2& 3 5 A i 4 R A 4R | ] — 2 il A7 A
R N 7 B .
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4.2 SHEE

YIS 28007 T, 5256 [R] s ] 4 He GPU k4 75 AU
&k 51EAE , b 3 /N (Batchsize ) X B N 4, H T 52
GPU B ARl , 4 Bm A (53 N A2 24 O B & I
JT 45— 57 4 800 x 800 15 & 1+ KGR AE i B A,
W TG ES LK N 15018 % . 8T 36 46 (3
183 600 ) YIZRIEAR , W7 > UL E R 5 x 1074, I 7E
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20%E (55 108 000 %) F1 26 %8 (5 140 400 ¥k ) £ 2 (8] 45
B ZE 5 x 107

PR S50 1, 760 R A S 8t 2 %S
RN S5, k3 I 3 AR Hh A e G 1 R £
FEPE  FRAE 4 I W25 P Y S J2EEEE (s pypspen
o) e — MR B TR 15 ANHHE , SR A R B AR
W E 32,64 .128 256 F1 512, — 2 4H5AE P 1l 4 HE 1%
IR {1/5,1/3,1/2,1,2,3, 53, 4l e R 41,217, 225,
4.3 ITLLLLE

Sk WA VA AR SO PR RE L SR I 2k SR
DOTA VIl 2545 5 46 3F 48 |, i 30 [R5 R FH IR 4E |, 72 A 11
mAP{Hi$3E % DOTA B H RS 28 3545 . R 1FI2T 5HF
ANEEBEAE DOTA L5250 25 51 445 & T XU Bk
519 R2CNN''®" _RRPN'™' SCRDet " FlJ@ T BB B A6
#2114 Rotation-RetinaNet ' 5 R°Det' ', Hirr | X F & vk
PR 1 Resnet-50+FPN VE b B T M4 45 G 1 il A8 5t 1)
BRI BRSNS A S A0t
Fb 533, MF2Net 1) Aar 00K 132 35 B B 80U , mAP {35
£ 76. 44%. K 2 BE AR T RDet B A2 #5172k |, 15 3
19.5 fps  fHAH L HAR SR AT EL A S BE L34

DRI I, A S 7 0 A T3 2 g [ B ik 3 2 7
TRIRS B B R AT S . B 8 7R T MF2Net 7£
DOTA _b 9 Jie 2 A i AEE 3R
4.4 HBRICIE

TSz (Ablation Experiment ) & 5 4t H A5 K I
SRS A O 1 RSO . AR SCTE S B0 R A T I
IRUNT o flEr FEERT AL A3 3 A A SRR I
SRR R ZE . Ho  JE RS R R FH RPDet' ¥, 2
fitlt 9 2% % JH ResNet-152"2"1 5 FPN [ 2% 21 461 25 ok B0

*R1 AEEEEDOTA HIEE LR ER

XU B  i2: A B B

25 Retina
R2CNN"*' RRPN"*|SCRDet""!
Net-R"??!

R*Det'" | MF2Net

PL 80.94% |88.52% | 89.98% | 88.92% |89.42% | 89.03%

BD 65.67% | 71.20% | 80.65% | 67.67% |81.03% | 84.23%

BR 35.34% |31.66% | 52.09% | 33.55% |50.41% | 58.29%

GTF 67.44% |59.30% | 68.36% | 56.83% |65.93% | 68.17%

SV 59.92% |51.85% | 68.36% | 66.11% |70.90% | 69.74%

LV 50.91% |56.19% | 60.32% | 73.28% |78.63% | 83.45%

SH 55.81% |57.25% | 72.41% | 75.24% |78.03% | 87.99%

TC 90.67% | 90.81% | 90.85% | 90.87% |90.67% | 94.84%

BC 66.92% |72.84% | 87.94% | 73.95% |85.24% | 89.23%

ST | 72.39% | 67.38% | 86.86%
SBF | 55.06% |59.69% | 65.02%
RA | 52.23% |52.84% | 66.68%
HA | 55.14% |53.08% | 66.25%
SP | 53.35% |51.94% | 68.24%
HC | 48.22% |53.58% | 65.21%
mAP | 60.67% |61.01% | 72.61%
Speed | 2.1fps | 3.5fps| 18.4 fps

FHA 25 W45 (038 SR A5 2% 5 8105 7 9 465 1Y SmoothL,
PR SRS 4y B R R R 43 T 4 5 AR X RR 4 B
BB . A BRIESS ST (04 vT SRR, AL 2S5 it
FEHITE DOTA B 4 1 UEAT , S0 400 4R 2 5038 1A
PRFFFAE— B0 2 JBIR T AN [ X 455 750 G 00 S g
AR, FL e, x4 3 M B RS I e . 75
AL T RN B 4R R R XS RS UL
PEHEVE N B 2, mAP(E AR F AR ARSI E T
2.08% , X IE B T A% SCHT el () S8 v A e ] LA ERf 4 T

75.07% | 84.10% | 84.16%
43.77% | 61.64% | 62.35%
56.72% | 63.52% | 66.28%
51.05% | 68.15% | 68.83%
55.86% | 69.80% | 70.67%
21.46% | 67.09% | 69.38%
62.02% | 73.63% | 76.44%
12.7 fps | 20.1 fps | 19.5 fps

|18 MF2Net7E DOTA |- (1) u] #i Ak 2 5t
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PR 25 PR RE . benchmark O add module
2 MP2Nel B BRI 100 -
RS S MF’Net \
SEHERE Y J J J . \A 4 N\y \\ /
ProrEal x N N ‘ o e
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