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Abstract Small objects contain few and fuzzy features, which is a hard problem in the field of object detection. The
poor performance of small object detection is mainly caused by the limitation of the network and the imbalance of the
training dataset. A novel feature pyramid composite structure constructed by context augmentation module (CAM)
and feature refinement module (FRM) is proposed. The feature fusion of multi-scale dilated convolution is applied to
generate features on different receptive fields, and then the features are added to detection network to supplement
context information. The channel and space feature refinement mechanism is introduced to suppress the conflict
information generated by multi-scale feature fusion and prevent small objects from being submerged in the conflict
information. Besides, a data augmentation method called copy-reduce-paste is proposed to increase the proportion of
small targets, so that the contribution of small targets to the loss value during training is greater and the training is
more balanced. Experimental results show that the Mean Average Precision(mAP) of object detection on the VOC
dataset of the proposed network is 83.6% (IOU is 0.5). The AP value of small target detection is 16.9% (IOU changes
from 0.5 to 0.95), which is 3.9%, 7.7% and 5.3% higher than that of YOLOV4, CenterNet and RefineDet,
respectively. The AP value of small target detection on TinyPerson dataset is 55.1%, which is 0.8% and 3.5% higher
than that of YOLOVS5 and DSFD, respectively.

Key words small target detection; context augmentation; feature refinement; dilated convolution; data augmentation
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Fig. 1 Overall network structure of FPN
K1 FPN BMARIZ525H

2 AXHEZE
El 1 H1{C,, C;, C,, Cs}5r 7R ER &5 {4, 8, 16,
325 T RFE S B FAE R, {Cy, C CY& T 1 E B

JG 5 MV AR, Foy i}, Hoh C l T & A K e s
I AR, {Ly, Ly, L350 352 {F), Fz Fi} 2834 FPN
JG 45 R, (P, Py, P;} N {L,, L,, L,} %1t FRM (1% H .

CAM Jii & T NP A B an, FRATAR ME
Gy PR R 2 /NS B R R A AR S O
FATERARZS 5 3 BE s, Do TR AT 2% 20 3 i
AR, FER 2 H 5T BRUN BARRA AT RE /N5, i
XA RER, EEAN LT FEE MR H
T AGr 00 O £ 0 7 P15 v 2 >0 Bk R B R B A
By Tl /s B 5.

H T FPN AN [A] 2 B9 R AF 25 B AN TR, IR 2 4 K
Y 2% S, 7RI B R e 5] A TR
Z R 5B, B, ASCE 1T FRM H Tl iE rp (5
B, k018 X255 FRM 38 i K A [R] J2 8] A R AE &
AL v 1 D 1 RULEE O SN SR D

BE X /N B BR 6 45 2% BT RRAIG (9 18] 8, 2 T —
copy-reduce-paste I 4i& 3 58 77 15, DLER /N H BR 4 45
2K 1 TR
2.1 ETXHEEFSFERANBIESFEME
211 BERCHgEA s (CAM)

H b ke i 75 22 2 07 {5 BB 5% 205 UME B, &b F
FPN £ fi0)2 19 Ly A 382 09 A A i k01 AE

CFPN H b R By A5 B 3 5 25 4 7 38 1 Foe > 2
ﬁ:&ﬁﬁﬂA i1 Ly KR BEAR T 40 1018 UAE R R
BEFRATTAR AN ) 225 1 4 B 1 23 0 8 BOR AR
CE A, I A FPN th, DA R SUE A
& 2(a) /& CAM [ 4546 & Xt T R/NR [bs, C, H,
W] B A N AT A B R R 1 3, 5 A T 5
TR bs, C, H, W 4350 R FEAE P B3R KN | 3 3 L
o FT S B T e A RSE N, S TR £
FR 5T AR, N B TR A AR, Rt T 3x3 1y 45 K.
] BF o T ok e g | AR 2 1 S 80 i, 5 UG B i A
Ol C/4, BIVE 5 R 46 8 8 B0 S/ 1/4, 885 Tl
b 11 AR kE EHCh C, 153 3 R /N AR [F] T
JEAZ WP N [A) 1, B e G A B RRAE . R Rl G
AR 7 =& 2(0)~(d) frs. & 2(b), (e) 5391
Sk BE B A ARG, BRI 43 51 7E 38 TE 2 () 4 R
L E PR AR N ] 2(d) S HaE R Al Ay X, B
I B PRI — Ak A5 AR i A RRAE R 4 R
B R 3 S EALE, 3N EE S S 3 A ——
XoF I, 5 i A R AE RN A TR ASCER ISR AT LR
TSUE B RA B .
AR S 3 il 6 90 A%
SCIREE AN 1 PR,
HI 2% 1AL, X TN H bR ok B, PR mL G B LS
(M4 25 B R, AP, FV AR, 4y I3 & T 1.8% H11.9%. H il
JO7 il 6 H bR T Bk B, AP, B2 T 2.6%.
AEIN Bl £ R 1 48 T D A A T DFEZ Rl A0 3 N
flEr W 22 R, PR AR Sk PR DR A 1 O 2K

il 7 A R,



468 TRM S LR 2023, 60(2)
8
Pt T
bs,CH W = bs CH W] [bs,CH, W]
LT &Y &%
1 <1 1 <145 114
HEN .. .. s .
.. /\ﬁﬁ( C/4 /\éﬂc C/4 AN o4
(2) CAME LA
FFERL A
Fiooo- Fi
N \\
Fy - > P - Fy - > AHIN >
/1 ~
F-——- F, -
(b) PHERLE (o) iR G
F, ---
F, ’",;: Feorl BRREIHE o B - » Softmax Eﬁji> - >
F-— ~
F,,F,, F;]
(d) HIEMRE
Fig.2 The structure of CAM
K2 CAM %A
Table 1 Ablation Experimental Results of CAM W 2% vl A BT/ H AR B ARG
#£1 CAM ERMHER % 212 FREHRLiEE (FRM)
o 000 0003 FPN T il 2 A [7 R K/ 0 A, 48 T AS [
‘ AP, AP, AR, AR, VE@##?EE%TT”JW M3 S22 5, A R R
ek 34.8 60.5 579 78.7 FAEHBER AT RESIAKENTTAE B M RE
S 35.6 63.0 605 81.8 JS FAWEE%R FIRREE S S T vh R A5 B, A
S B A 36.0 63.1 58.9 81.0 SCHEH FRM, i B 25 R a0 18] 4 fr s
P 36.6 61.0 50.8 79.5 K 4(a) l 3 7E FPN 45 2 25 1 FRM &5 # & A

: BELRAALY YOLOV3, MiEdR4Ed VOC, 10U JZIfIL. AP,
AP SHERNE R T EARITEIREEE ;s AR, AR, SHIEE/ANERR, P HE
BRI H A a1

AR SO 3 AR B AT R AR LR CAM YRR,
ATRRALZE RN 3 s

& 3(b) Ky CAM %t AFFAEFEL, I rha] DL BRAE I
(ENER A O SR AN P VANEE: S N R S
Kl 3(c) 2l CAM % th R AR &1, 7T LA 7 31 H prab 1Y)
e 7 B 2 48 5k, O H e S BB R, X2 A O CAM
H B bs R B B SCOfE BB R A RRE T, 15 B AR
Ak 4 I S B SRR DR MK CAM BB B R SO BEA

K (4)7] & d, X', X2 X(FPN (1) 3 Rtk ) iz s s
FI A, BB, X2, X33 AN A SRR R — Kb,
S3HRY, R2, R3, SR 5 1) BF 482 A6 B AR
A AR 14 30 T8 B 46 R 3, B R B L R
PR AT ZS [H] P AT

i T Al e ) AR ZE A AR 4(0) T, 8 T
TH 538 3 R, R F P 2 Ak A e R Ak A A
(7 Ok A BRI 4 )5 25 15 8. X %78 FRM
M5 m(m € {1, 2, 3}) )25 AFRRE KL, HoA T 2Rk

U=axRSX")+BxX*+yxRS(X%. (D



M HERESE . BT LR SCHEIRRURRIE B2 400 /N B BR R 0 £

469

PR @R
0- - GRS
RO a0y
SEEIE - -]

s P |
HiEBes s 0
B e g8

Iy

SEEEUEEEEN -G TIET AR

(a) FNEE

(b) CAMIi NFFAE B

(c) CAM#HRFE

Fig. 3 Context information augmentation effect diagrams
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Table 4 Detection Results on TinyPerson Dataset
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Table 6 Experimental Results on VOC Dataset (IOU=0.5)
F6 VOCHIRE FMLWLER (JOU=0.5)

E syl Hk FEF ML ARG mAP/%
Faster R-CNN"  ResNet101 1 000%600 76.4
R-FCNP! ResNet101 1 000%600 80.5
e HyperNet™ VGG16 1000x600 76.3
CoupleNet™ ResNet101 1 000x600 82.7
Reconfig”” ResNet101 1000x600 82.4
IPG-Net™ IPGNet101 1000x600 84.8
Ssp*! VGG16 512x512 79.8
RefineDet"” VGG16 512x512 81.8
RFBNet™ VGG16 512x512 82.2
—BirBx ScratchDet™” RestNet34 320%320 80.4
PFPNet"™" VGG16 512x512 82.3
AR Darknet53 448x448 83.6
AL Darknet53 448x448 85.1

T+ FR 2 RUE M.

PFPNet [ mAP ¥ 1.3%, HA & IF R, 5 B
SR L, AR SCRRLRAR TR 40 i R B, (LI
IPG-Net ) mAP % 1.2%, iX EE & FASCHE RN £
T I 4% P il 45 2 DA KB A LR R /N /I G R A S
K 22 ROBEMA A J7 5, TAE VOC %4l 5 1 ity e il
FN] K 85.1%, 1= T A A% LLARE
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Table 7 Ablation Experimental Results
x7 HBMXBER

AP/% (I0U = 0.5)

_— AR/% (I0U = 0.5)
FLERIEAD IR CAM FRM

AP, AP, AR, AR, AR
\ 348 605 836 579 787 928
\ 3 373 627 834 598 809 93.0
3 \ 366 610 842 598 795 93.1
\ N 376 621 839 590 79.1 92.6

R R \ N 402 641 846 648 810 939
e NFRE IR, IOURZEHIL. AP, AP,, APOYBIIE/NEFR,
HARFIR BFR0 IR BE; AR,, AR,, ARGFINAE/NEFR . T ERFIR
bR ] 5.

SRR U, AR SCHR A0 SRk T I 2 AR E BR A
W, JE RN B AR AR A5 B AR B 2, X WA G
ARICE BRI R, K 7R, AP T 5.4%, AP, $&
Tt 3.6%, 1M AP, T+ 1.0%. [a] Bt X A [l RO H AR #Y
A ] R AT AN ) AR B (A T AR U, AR, $2T 6.9%,
AR, BTV 1.3%, AR 1Tt 1.1%.

copy-reduce-paste 5 #ft 3 58 J5 1 4% AP, Fil AP, 5%
B HEED 2.5% F1 2.2%.100 AP, WA R [t it nl 01, 3%
T3 1 AT A R s E ARSI

CAM 43 54 & /N HAR G AP, Fll AR, 1.8% Fi1 0.6%.
UESE T AMFE 1R SCfR B /0N B ARG i) 2 22

FRM ¥ AP, F1 AP, 7 % $& & 2.8% F1 1.6%, 1
AP, FEARFRF . e AT 0L, FRM AT 98 B B AF 1 vh 2 15
B B BN B AR RRAE Y ) 50k
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