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Abstract: At present, deep learning has achieved great success in the field of computer vision, but small object
detection is still a challenging problem in the field of object detection. Aiming at the problems of low resolution of
small objects, blurred images, and less information carried, /one object detector that introduces residual learning and
multi-scale feature enhancement is proposed. Firstly, an enhanced feature mapping block based+on residual learning
is introduced into the backbone network. Through channel . averaging and normalization, the model more focuses on
the object area instead of the background, and it provides additional semantics information for the effective feature
layer while taking into account the detection speed. Then the feature map (increases the receptive field of the
effective feature map through feature fusion block sensitive to context information, and fuses the shallow feature

layer and the deep feature layer'used for prediction to improve the detection performance at low resolution. Finally,
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a dual attention block is used to suppress background noise, and key features are embedded in attention. While

preserving spatial information, it strengthens the information association between channels, thereby enhancing the

expressive ability of features. In order to better detect small objects, the number of a priori boxes for shallow feature
mapping is also adjusted. Experimental results show that on the dataset of PASCAL VOC2007, the detection

accuracy (mAP) of the algorithm for 300x300 input scale is 79.9%, which is 2.7 percentage points higher than that

of SSD, and the detection accuracy of small objects bird, bottle, chair, and plant is improved 5.1 percentage points,

7.5 percentage points, 3.9 percentage points, 7.2 percentage points, respectively. The detection accuracy (mAP) on

the OAP self-made aerial dataset is 82.7%.

Key words: object detection; residual learning; convolutional neural network (CNN); attention mechanism
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(rainbow single shot detector) ., YOLOvV3 (you only
look once version3)”” R-FCN®¥ (region-based fully
convolutional networks) % 5.7 . 3% 3 878 T 7E OAP
A EE 4 b RE R REXT L, R R FH AP Fll mAP

42 PASCAL VOC $inf: ESEikYERE XS Lk
Table 2 Performance comparison of algorithms on PASCAL VOC dataset

B ARSE H300%300 F AP{E/%

B ARSE K 512x512F AP{E/%

H SSD DSSD  STDN ION  Faster R-CNN RMFE-SSD(ours) SSD DSSD  STDN RMFE-SSD(ours)
Aero 83.4 81.9 81.2 79.2 76.5 83.3 84.8 86.6 86.1 87.1
Bike 85.2 84.9 88.3 83.1 79.0 86.2 85.1 86.2 89.3 88.0
Bird 75.0 80.5 78.1 77.6 70.9 80.1 81.5 82.6 79.5 81.9
Boat 71.2 68.4 72.2 65.6 66.5 74.1 73.0 74.9 74.3 71.7
Bottle 50.8 53.9 543 54.9 53.1 58.3 57.8 62.5 61.9 65.3
Bus 85.1 85.6 87.6 85.4 83.1 86.9 87.8 89.0 88.5 88.6
Car 86.1 86.2 86.5 85.1 84.7 87.2 88.3 88.7 88.3 89.1
Cat 87.0 88.9 88.8 87.0 86.4 88.1 87.4 88.8 89.4 88.8
Chair 61.4 61.1 63.5 54.4 52.0 65.3 63.5 65.2 67.4 68.3
Cow 80.9 83.5 83.2 80.6 81.9 83.9 85.4 87.0 86.5 85.6
Table 76.5 78.1 79.4 73.8 65.7 80.5 73.2 78.7 79.5 76.7
Dog 84.1 86.7 86.1 85.3 84.8 87.1 86.2 88.2 86.4 86.6
Horse 87.1 88.7 89.3 82.2 84.6 87.5 86.7 89.0 89.2 88.1
Mbike 83.6 86.7 88.0 82.2 77.5 86.0 83.9 87.5 88.5 86.8
Person 78.3 79.7 77.0 74.4 76.7 81.1 82.5 83.7 79.3 84.0
Plant 47.8 51.7 52.5 47.1 38.8 55.0 55:6 51 53.0 57.7
Sheep 73.5 78.0 80.3 75.8 73.6 81.0 81.7 86.3 77.9 83.7
Sofa 77.1 80.9 80.8 72.7 73.9 79.6 79.0 81.6 81.4 82.2
Train 83.2 87.2 86.3 84.2 83.0 88.0 86.6 85.7 86.6 88.0
TV 76.1 79.4 82.1 72.6 72.6 792 80.0 83.7 85.5 80.5
GPU Titan X  Titan X Titan XP — Titan X 1080Ti Titan X Titan X Titan XP 1080Ti
FPS 46.0 9.5 40.1 — 7.0 52.0 19.0 5.5 28.6 32.0
mAP/% 77.2 78.6 79.3 75.6 73.2 79.9 79.5 81.5 80.9 81.7
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Table 3 Performance comparison of algorithms

on OAP aerial photography dataset

AP/%
Model - - - FPS mAP/%
Airplane Ship Storage tank Tennis court
SSD 79.5 819 75.2 69.4 62 78.1
DSSD 81.9 849 78.4 70.5 13795
RSSD 80.7 83.2 77.1 69.8 35 787
R-FCN 76.6 803 74.2 68.5 27 77.1
Faster R-CNN 743 78.7 71.9 64.5 11 725
YOLOV3 86.2 85.7 77.3 74.6 66  82.1
RMFE-SSD 90.8 845 89.6 87.7 50 827

YERPEAR FE bR , 4T J5e i B2 500 H bR AP i#E47 T Al
WoR o MEEE 25 AT LUE 1), RMFE-SSD i F- #£
AR B M 82.7% , bt SSD 4R 1R T 4.6 11 40 #i o HE %I
J& Xt T Airplane , Ship . Storage tank £/l Tennis court %5
/NEAR AR SO AR A AR R ORI, T A A
A BT X

€9 FE78 T 1E VOC F1 OAP fiip 1 8 #5 4E | %F SSD
H1I RMFE-SSD A& il 54 72 1 A6 0 25 5 %oF bb , B 20 X6 L

€19 SSD fil RMFE-SSD ff VOC Fil
OAP i 45 ity xt ke
Fig.9 Comparison of SSD and RMFE-SSD
on VOC and OAP datasets

Pl b A b A B A A7 1 Dk 5 G SSD A T 4
B AT DL Y, SSD G I A vk A G I 25 SR AEAE
G AS 8 0 A B4 5 0, e e Ak R T A N H AR
F149 6 0 2 5 R B, RMFE-SSD 8 12 7] LAAR 4 #b, b 31
X, R, 25 A Bk SR R B, RMFE-SSD £
TSR 1A 5 Jeg 14 G 0 1
2.2 iR

g 7 L EAl RMFE-SSD H b A6 I 45 4 v R
[ ASE e 0 A 80, A SC 43 ) % 348 5 AR A B S e X
T SCHIUR R FEAE RS AR OB T B A AT
TIHBLSL AT . A SE 42 ff F PASCAL VOC
2007 #l PASCAL VOC2012 VIl %5 4 #4711 45, 1 /]
PASCAL VOC2007 MK AE #4736 4 JE /R T fifi
FAAS R BT (o 6 0 225

#4 BEYAT VR

Table 4 Comparison of effectiveness of each module

EFB DAB CFB Fusion method Num_priors (38x38) mAP/%

vV element-sum 6 78.5
Vv 2x3  element-sum 6 79.4
Vv V' 2x3  clement-sum 4 79.3
Vv V' 2x3  concat 6 79.6
Vv V' 1x5  clement-sum 6 79.6
VvV V' 2x3  element-sum 6 79.9

T 45 1450 LLE A EFB B EL AT DL fifi
A ) G DR B R v 1.3 N A AR 1 AT AR 2
Xt A, 78 EFB BLH i Al I A CFB el
O IRG B PR3 /R 0.9 AT Al , X BB Rl A LR 3¢
B R AE il A B AT LA S e S TR g S
fiE s VAR 247 FIEE 6431 LA ), DAB B [ I Al
RS FEH 2 =054 A 4 i . AR EL A 7L,
AR (1 A P Rt A [ A, IS 447 RN 6 15X b
EH, SR R 76 2 AH I ) A 7 b H
AR IR . AR 34T FeR 6 47 X ELA K
5 — A T IR0 ) R AT PR 1Y S S HE RS B R L R 6 )
TR f RGP A T B o MBS, A SAT ISR 617
X K Sx ST B R 4 oy A 3% 3 11 45 ]
W%, ASASURT L ik g A 0 %) S B 4 | 38 it v A5 28 1) G
DUORE BE o025 BT IR, S SO B8 A9 R DG ABE He xof A5 7
ARSI M e 3R 3 T AR E .

2.3 A ) gyl be g b s 3

TE EFB AL rp | JFUUG RRAE T Bt 20 o0 5 8 43 J 2

FHRRAEE SCAARER . R T AR [R] 31 L 451 o A58 A6
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A5 5y R ECA R ERY i 3 mi
Table 5 Effect of split ratio on model

Method 1/4 2/4 3/4 4/4  FPS mAP/%
EFB_1/4 Vv 55 793
EFB_2/4 Vv 53 79.6
EFB_3/4 vV 52 79.9
EFB_4/4 vV 50 79.9

2.4 A [RlTE ISR b g

T kDK 5 DAB LB A R F B
ARCHEFE T ECA-Net " 7E A B LA HA AR MR 1
AW S5 A SCHE Y DAB SR EAT T X HESE 5
6 JER TN E I HLE T BRI P RELS AR .

A6 AWITER) T BRI PE GE X L
Table 6 Comparison of detection performance

under different attention

Method FPS mAP/%
SE 59 79.2
CBAM 57 79.7
ECA 60 79.6
Coordinate 52 79.8
DAB 52 79.9

MK 6 n] LIE A SCHE H B9 DAB B ] L)
i 75 A AR TR P K 5 55 F1] 79.9% , R T fi4 4G 00K 2 114
PEFHRORAG T HAL 2 B, A SR

3

FERFAE 4 - 35 25 40 vh o] R 47 A7 50hd RS 48 He
Ay 7543 A H 4 5 19 R SCE B8 m s 4 fe
PR S B [P R, AR S XS I R R, it — FRE A BE 22
2225 2 RERHEYE 58 09 B AR NGS5 e e 4%
Hg | KL T B 25 5 S 0 3 R e iR S B A5 A A
BN 1 T X5 XA 1 5, FF A ACRRE A
PR AN E AE B s R JE R BT SUE B ARk
(R REAE il B, 38 KA SORRE ] A S8 32 BT 42 i Ik 7
FEATR B R DU BE 5 B e 38 U T ) Bk 10

T oM M T 2E ) 5O 2 RN R R/
WA DX 3, T TR g A R () R R R . AT
PEAR A= SCAAY 1) 4 BE , B RMFE-SSD 5 SSD #il— 4t
FE T SSD ek i I R AT L4, I 7F PASCAL VOC
FTOAP AP B4 iAo Z8ad % 52 5 435 2R %of
Ay M A5 L, A SCHE B RMFE-SSD 247 458 K i kG
P, BA — s W (B A A S s T
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