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Abstract: Small objects are easy to be lost and misjudged in the detection task because of their
relatively low resolution in the image. Aiming at the problem that the detection accuracy of small-
scale targets in the current target detection algorithm is much lower than that of other sizes, the
feature enhancement of small-scale targets is integrated into the feature pyramid structure to avoid
the lack of small-scale feature information. The feature enhancement ability of multi-scale feature
fusion is used to enrich the feature information of small-scale target feature layer, so as to improve
the accuracy of small-scale target detection. The improved feature pyramid structure is applied to

YOLOV3 network. The experimental comparative study shows that the detection accuracy of small-
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scale targets can reach 0.179, which is 22.6% higher than the original network.
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Fig. 1 Improved feature pyramid network
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Fig. 2 Schematic diagram of feature enhanced YOLOV3
positive, TP); (2)#% B A 1E 28 1 fa S AEAC
2 S HEBN S (false positive, FP); (3)# T A 2EnY 1E 2
FEZR (false negative, FN); (4) 80 k72509
1 ISFEA (true negative, TN) . N UAERG R A1 [[]
2.1 EHIgE

ALK %N 2.9 GHz, 15-9400F CPU,
GeForce RTX 3060 GPU, 16 G RAM HJ3iH&AHL I
A, BVEZR SN Ubuntul8.04, #K1FB1 TS
PyTorchl.6.0, CUDA10.1. YIZikEH, FEEHE
£ B RYSER bty 275 %4, % & batch_size A
8, WIhf=:>T%H 0.002,

2.2 HIBEREMNIER

MS COCO % ds 5 & H wif il i H brAs a5
Sz Al — AR R A, B 80
R ZEAE N8y 33 1k B o AR SGERUR COCO
BllngE 2017 hiAs, A E ISR R 118287 5K,
I UEER /- 5000 5K

£ MS COCO KrilfE:55h, FEMIEALFEbR
SRS BEYE mAP.  mAP JEXF RS B
PR YRGB AP BUSMH, T AP J& M E -4
[n] 2% ( precision-recall ) [ £& [l B 9 11 AR R 28 1Y o
S 1S A 55 71 g s R B P o

i 250 HbRA M 2E, 1E 28 (positive ) 1
11 2 (negative) , il 1 W 2% % o 1) & A5 B (E
(confidence ) H % . #1552 ToU BI{E K 22 Hi
SR BERIE, 8 RENEER 0.5, AL
PEETENM PR ESA T8 Hot, Kamgsa]
AR 425 (1) BRI 2R B IEZRAEAS (true

ARG -

POERRTM A IESEAS TP
JITAT TR A 2 (R A TP+F1(D6)

Precision =

Recall = W E R TO0I ) 1E S8 ke A4 __re
BT PR TP+FN @
2 (6) M=l (7) BN K 3 7 HERG R -
AR, TR AL BB R T AR AR B 2K H AR
M AP, FHRAEZS (8) MBS EZN mAP,

AP
mAP = 2 ®)
class
0.9
0.7}
E 0.5
0.3
0.1 . . . .
0.2 0.4 0.6 0.8 1.0
A%

3 EME-BEERHBLTREE

Fig.3 Figure of precision-recall curve
BEXF COCO Bt 4k h AN W R HAR#e %,
IR R N 3 2R RUEE A RS B R AT O
Y, AR RG AN W] )R MR ORGSR .



o 18 o b=

5 %

EVE

i, AP PRI EME T RS/ 3248 K32 18 K
B B ¥R mAP; APy 38 R R b RSF7E 32 1%
Ex32 B EE 9615 £ x96 1% % Z 18] (19 H A5 Y
mAP; APy 48 G b RF KT 96 183 %96 1%
EHY HFRE) mAP,

2.3 LIRS

SRS UEAR SC R B ERAE 4 RS EE R e /N H AR
R AESE ORS00 B 728tk KA S 2 5
SCHET Y YOLOV3 19145 K At A7 I ) £6% 3¢
FTHCEL o FE TR E 45 1 B AR ST R 416 18 3
416 GRIMEIL T, AU SR YOLOV3

(b) JR M AR

() SRR

W 24 2 BN RUSE H A R AE 17 0 -5 46 00 245 51 4n
K 4w, B4, (a8 85/ bR
&L, (b) FNF (c) 5153 B RS el i w11 Ay
TEEL, (d) Z1FT (e) F1 535 AR A e o i i i £ )
KEEE S, DARAE PR EE T AR Y, A
I Y N 48 Be A £ BOCE =5 1)/ BAR R B
MASINEE RS b, /RS B AR R 25 R AE A
SCRERY b IR T RS B R . ] 4 TR A —AT
o, ERE TR/ NERR, TTNERE
th G S ARSI D 265 BE A AR A B 22 1 I ERARRAIE
8., LRE ML W ER A4 A DU AE 50 5 1 0.96 4T+

£ 0.99,

() Ji

B4 AXMNESE YOLOV3 W RITLE
Fig. 4 Schematic diagram of feature enhanced YOLOV3

I FASSCONEE ST/ FARAS I SR a3, 1A
AT L (ToU) 2 0.5 1Y E(E L) S/ NRSE H
PRAG NN BE AP AR AT 4645, W3R 1 PR

F£ 1 MS COCO2017 HIBEEHEMKER
Tab.1 mAP on MS COCO2017 dataset

Ik FTMLE  mAP(%),J0U:0.5 mAP(%),S
YOLOv2 Darknet-19 439 5.3
YOLOV3 Darknet-53 55.3 14.6

Faster R-CNN+++ ResNet-101 55.7 15.6
Our approach Darknet-53 56.7 17.9

M1 AT LUE Y, KGR IR A IR A5 H N
T YOLOVIKGI R 2, ] LIKR 9 25 S ARG TG 1
FEVETF1.4%, /N HERAS UAS 0 B2 42 T 3.3%. /)
H b5 46 0 AH H YOLOV3 (kS BE #2801 22.6%.
Sl B 2 T 4% R B B ARG I ) 4%
Faster R-CNN A Fb , A% SC 0 25 45 4 f14) 4G 100 465
JEAA T

R LA L, ASCHE S B3 TG RRIE 4
YGRS B ARG SRAS I X 2%, AT LA G Si A4S I 19X 265
X /N BARERRAEBEER, D4R A DA



%54 )

Wy, S FET ARG RGN F BRI SR A

e 10 o

FE, JFA BT ARSI RO 2% i R AR 4R T

3 & it

EEXT/N B BRI B, ok o 2
MVRE L, ASCER I T — P B T ORI 3%
() YOLOv3 BRI R, it —A2 REFY
fEAL A B R £ I h R 2, ff
P TREYE SNEE T S X1 Y SRS )N =R7S i
RUFALL, ASCEEH /N B RIS B AR A
R/ D R R SR -, ST /N B ER YRy
fEASE R, /N B bR R IDRS i BE 42 T T 3.3%.
{AAR SRR AR —E g 23 0], QB R % &
/NEFRE RS SO T /NEARAR S
GEE B, BB N HAR R U &
FEARAR K, DR MR S T AR AT LA B A
2004k, T LR FE A [F) N FH 3 5 i A

PERE .
SE WK

C1] REWRSE, T 7. TR ST B9 A bR AG I 53 vk 2k
[0, AL BT, 2020, 37(S2): 15 - 21.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft
COCO: common objects in context[C]//13th European

(2]

Conference on Computer Vision. Zurich: Springer,
2014: 740-755.

SINGH B, DAVIS L S. An analysis of scale invariance
in object detection - SNIP[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City: IEEE, 2018: 3578-
3587.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: single
shot MultiBox detector[C]//14th European Conference

(3]

[4]

on Computer Vision. Amsterdam: Springer, 2016: 21-
37.

REDMON J, FARHADI A. YOLOv3: An incremental
improvement[DB/OL]. (2018-04-08). https://arxiv.org/
abs/1804.02767.

LINTY, DOLLAR P, GIRSHICK R, et al. Feature
pyramid networks for object detection[C]//Proceedings

(5]

(6]

of the IEEE Conference on Computer Vision and

(7]

(8]

(9]

[10]

[11]

[12]

[13]

(14]

[15]

[16]

Pattern Recognition. Honolulu: IEEE, 2017: 936-944.
ZHANG H'Y, CISSE M, DAUPHIN Y N, et al. mixup:
beyond empirical risk minimization[C]//6th
International Conference on Learning Representations.
Vancouver: OpenReview. net, 2018.

YUN S, HAN D, CHUN S, et al. CutMix:
regularization strategy to train strong classifiers with
localizable features[C]//Proceedings of the IEEE/CVF
International Conference on Computer Vision. Seoul:
IEEE, 2019: 6022-6031.

BOCHKOVSKIY A, WANG C Y, LIAO H Y M.
YOLOv4: Optimal speed and accuracy of object
detection[DB/OL]. (2020-04-23). https://arxiv.org/abs/
2004.10934.

KISANTAL M, WOJNA Z, MURAWSKI J, et al.
Augmentation for small object detection[DB/OL].
(2019-02-19). https://arxiv.org/abs/1902.07296.

LIU S, QI L, QIN HF, et al. Path aggregation network
of the
IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Salt Lake City: IEEE, 2018: 8759-
8768.

Woo S, Park J, Lee J Y, et al. Cbam: Convolutional
block module[C]//Proceedings of the
European conference on computer vision (ECCV).
2018: 3-19.

PANG J M, CHEN K, SHI J P, et al. Libra R-CNN:
towards

detection[C]//Proceedings of  the

for instance segmentation[C]//Proceedings

attention

balanced learning for object
IEEE/CVF
Conference on Vision and Pattern
Recognition. Long Beach: IEEE, 2019: 821-830.

HU J, SHEN L, ALBANIE S, et al. Squeeze-and-
excitation networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2020, 42(8): 2011 —
2023.

REDMON J, DIVVALA S, GIRSHICK R, et al. You
look object

detection[C]//Proceedings of the IEEE Conference on

Computer

only once: unified, real-time
Computer Vision and Pattern Recognition. Las Vegas:
IEEE, 2016: 779-788.

REDMON J, FARHADI A. YOLO9000: better, faster,
stronger[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Honolulu:
IEEE, 2017: 6517-6525.

(2 - ZEIEHT)


https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/1902.07296
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/1902.07296
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/1902.07296
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/1902.07296
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/1902.07296
http://dx.doi.org/10.1109/TPAMI.2019.2913372
http://dx.doi.org/10.1109/TPAMI.2019.2913372

	引　言
	1 改进的特征金字塔结构
	1.1 多尺度特征融合模块
	1.2 特征融合模块在YOLOv3中的应用

	2 实验结果及分析
	2.1 实验设置
	2.2 数据集及评价指标
	2.3 实验结果分析

	3 结　论
	参考文献

