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Abstract: Objective Aiming at the issue of inadequate characterization capacity of CenterNet anchor-free object
recognition algorithm, a method based on context enhancement and feature fusion was proposed. Methods This method
adopted the concepts of multi-receptive field and information fusion to construct an adaptive context extraction module and
feature fusion strategy. Firstly, the network obtained the contextual features of the target through the multipath dilated
convolution of the adaptive context extraction module, prompting deep networks to learn multi-scale information. Then,

nonlinear factors were added to the network through the ACON-C activation function, adaptively activating the neurons of
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the network and enhancing the data-fitting ability of the network. Finally, a joint attention feature fusion strategy was used
to merge feature information at different levels. By integrating semantic features from the high-level network and positional
features from the low-level network, the feature information that is useful for the recognition task was captured. At the
same time, the correlation between the feature maps in multiple levels of channels was learned to enhance the network’ s
focus on key target features. Results The proposed method achieved an mAP of 83. 82% on the PASCAL VOC public
dataset, an improvement of 3.72% compared with the CenterNet baseline algorithm. It also outperformed classic
algorithms such as Faster R-CNN, SSD, and YOLOv3 by 7.4%, 9.5%, and 3.5%, respectively. Conclusion The
proposed method effectively enhances the detection performance of the CenterNet algorithm, and the improved CenterNet
has higher recognition accuracy compared with other target recognition algorithms. The proposed method proves to be
practical in target detection applications, validating the effectiveness of the proposed approach.

Keywords: target detection; dilated convolution; context feature; feature fusion; attention mechanism; ACON activation
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Fig.2 The adaptive context extraction module( ACEM )

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



B e ET E T X B 1 B ARk 105

B\, M =2 IF 72 I & R ( Dilated Convolution,
DC) PO RHIE AT 2 ROBERRIE R AR AR I T
SCfF BT RS H AR, DC HEH 1x1 BREFIA
[ (r=3,6,12) 25 RA A ML, IF H =201
1714 DC AR 25 48 1% 45 07 X (BP R — )2 i 10 R AE
F, M X PHEE AT —2) it —2 3 Rz B
KPR EEFNZINE LT XFER, Z2RERE F, |
Fy F, S R an=X(5) (2 (6) 2 (7) s

FI:Dr:3(X> (5)
F,=D,_((cat(X,F,)) (6)
Fy=D,_,(cat(X,F, ,F,)) (7)

Her D, (- )R DC B r [CRAZEY K E cat
() TR EBEREDE, BE B2 RERE F,
F, F, WM A 4E 5 PHEAS 8 2 ROEARE R cat (F, F,,
Fy)  de B ad 1x 1 4 BB A R EE R0 A 3 R
fiE, PEAE R R An=X (8) i
Z=W(cat(F,,F,,F;)) (8)

Hrcat( - ) RoRUTEBE4EE P, W, (- )R 1x1
GHIZH
2.4 JEENFHERA B AFFM

2% CenterNet & T HFfEHE UM 44 ( ResNet—50) b3
Jo ATAR RN 4 Tl BERARHE . JRZRHE & A R AL
B DA A A {5 B, AH L SOPE R 22 | i T2 R A1 5
ELIE SCPE BT H AR 475 BN RE D BR, anSRAY
HFHIRZ L 1 R PURE, W S RRMRRE R, BT
AL RE B AF B, 75 B R 2 R AE A1 )2 FR AR 2
HERREG , MHZ I AR [ 2 O B A A B4
BYIREE St B 56 T 1 5 7 AL B AR il A5 B
(AFFM) XA A J2 I B9 45 B - AT A Rl &, AT XA
MME BT BT,

ZERAN TR 3 T, v B i SCRRAE B AMIG B o SRR
TEEWE N A ARC N X 5 Y, B 5, il i 7R E 7 [m)
ERERRIE X FN Y R BRI cat(X,Y) . HWK, HE
L cat (X, Y) f A 1x1 A5 FURT 33 45 P St 38 18 1) He
ARG P A S BARTAFEE W, (cat(X,Y)) , AT
G BE T 2 T AU I AR 45 2R 5 RS R IE AL
g B — R A ARIE I X o BARTFEANEC(9) (5K
(10) 7w

W, (cat(X,Y) )= W, ,(W,(cat(X,Y))) (9)

X, =Y®OW,(cat(X,Y)) (10)

H,w,( - )RR 11 BRIBE W, ( - )RR I3 %

HIE B cat( + ) FRFEHELERE FPHE, ORI ITR
mé .

B3 FENFEMGER AFFM
Fig.3 The attention feature fusion module ( AFFM)
PR B R R ERERRIE X, R0 X 3 AT B IR
Bl cat(X,,X) ., KRG, FFIEE] cat (X, ,X) 78 48 WURh M
%% ( Squeeze—and — Excitation networks, SE) H H 21 I
A& A FHAE R, SE &8 o 42 5 - it Ak £ AR R 4R
P E JZ R AR B, IR H 4% 322 (Fully Connected ,
FC) S P I8 1) %4 52 5., A4S B fl -5 ALE B, PR
FEACEE B FRFER cat (X, ,X) $oCZAHTE, i Al
BHIRERE] cat (X, ,X) OB, )&, FHIERE cat(X,,X) OB
fE 1x1 AR, SCB A Y 48, AT s A fE R X
A1) K 12) fior.
B=FC(GAP(cat(X,,X))) (11)
X,=W,(cat(X,,X) ©OB) (12)
Hrp w,( - )R 1x1 BRIZE, OFRIRILITTR MR,
Cat( . )%ﬁ(ﬁﬁﬁéﬁgﬁﬁéo
3 PiESELE SER T
3.1 FURIRE
ARICEZEG I CPU i 4 #% Intel (R) Xeon (R)
Silver 4110 CPU @ 2. 10GHz, N ff 16G, & & Nvidia
GeForce RTX 2080Ti ( 11GB), #: 1E & 4t & Ubuntu
16. 04 TR 2% S HEZE S pytorch 1.2.0, CUDA A Ky
10.0, F A BGRR/NBCE N 512x512, ik #s & M
Adam , BE IR IR 2% ] F02 0. 0005 , AL HE I8 1
0, YNZRUCEBE S 100 42,
3.2 BdAERVEO bR
ATCAE PASCAL VOC Bflaf B ERERY  PASCAL
VOC Y %4 5 6 & 20 KRB # 1K, H VOC2007 Fi
VOC2012 BR G IIZREER 1L, 31 16 551 5K KI5 F1 40 058
A BFRERIIZREEAR 4 952 5RIEIRFN 12 032 4~ HARME
RFEA P A S 2.4 D ER,
12 HARFUINTE 55 5L K5 6 %8 ( Precision, P) 541 1]
#(Recall, R) &P H B0 PEAEARIE,
KR (P) WS IEREAS T H G PRI IE
FEATER 3 28 a5 R R IEREAS TR i) oy 1 as B 2
H(13) Fin

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



106 ERIHAFFR(AARFER)

%40 %

Nop
P=N'1'P+NFP (1)
ot Ny, MIEREAS HLAUIN 45 202 IR 2R A9 R0, 45 19 2
BOEW AR IESS . Ny g SRR ASELTTIN 25 5 2 10+
AR ACRRE R DR AT,
AFPR(R) IRV IEREATE B PRE IE
FEATE I A S8 b2 IEFEAS Y o L, i 5 20 30 X
(14) P,

NTP
R=
NTP+NFN
Hr N, 5313) iy & SCHE], Ny 8 IEFEAE R
MR R AR B, AR BP R B IES,
SRS B (Average Precision, AP) A PR HHZE IR,

H Ax K I A Y 5@ 5 25 FH RS BE (' mean  Average
Precision, mAP ) fERIF 485, mAP 24 A Fh2Eny
AP JUSHF S5 R
3.3 MRS

ASCH FEAR TR SE B E LA I VOC B 48T i
TTIH ARSI R PEAS T 2 7 TR A R

R 1 Fron, ACEM 3R X 3 1 ¢ 1iF £ B ™) 2%
(ResNet—50) fi tH AR AEHEAT | 3CF B & HL ACON-C 3£
JNFE ACEM HUMAFEZ ML 2 AFFM 7R X AN [] 4
BY4F fiE JF 47 15 B Al &5 Experiment 1 3 /R 7 % 28
(CenterNet) ¥5 /il ACEM, Fi SE 40 25 AT 1, mAP 453
T 2. 15% T, Ui ACEM A5 i s 9 2% 45 1 £ B g
JIWER, BB SR A LT 3UE B s Experiment 2 3R7R
TE Experiment 1 fJFERE FXTRRAE AT IR LR PEAL B 5
Experiment 1 7730, mAP $2F+ T 0. 9%, ¥t ACON
—-C BN PR B B TE 45 B HE LA 1 BRI AE

(14)

INFE 2 A RS 2 A RS RS i 2 A9 b Rl LAAS:
FILLF S50 . K5 % 4 1 SE 78 25 1) v L 7= A A B
S RO IE A I 0 2 4= B MR L 4 s
fn ACEM 5 , H:{di ] ACON—-C %1% ek B AF 47 3E
e PEALBR , ol J5 0 R AR B AR IR EE R R A s
BCREAL T Z A AL BIUNTE Bird(5) [ Cow () |
Sheep (=F) X 26 5 T Wi tH LI B 42 s b ) H A AP
S 3. 71% 3. 5% 5. 46% I3 T, 7E Dining table (48
3) \Potted plant( fE4) X L0 ZRAB0R &) B0 EHS 19 H
bR AP 235 T 5.72% 8. 4T% R T, HIER T3¢
PERUELEL (ACEM) & 7618 Bl g I 9y 1 J&] i iy A 3%
B DS W <o N [ B8 2 A S 57 RO S N & F= 0 S W 7 1
FRORE AR Y A S, DA B TR 4 B 5 X I 4%
TEHAT T RS FIRER &R B B F B %
2,7 Experiment 2 BYFEAE_F A B RROE AlA # b
(AFFM) J5 B 0 o7 8 e o7 e 119 2 1 elests , H ek
J& BRI 22 A S ) M e LA A R T, o an
E Bird( &) | Bottle (#F ) iX 2E2 5] AP 730 XA T
1. 80% 3. 12% W4T, FRAEFlA [ 245 B 7E4 = 2 18 R
RZ0 B BAHRL G, VRAN T R AR 2R B
B R, W TSR RAFRE 1 ; AE SR ALY p [ B 5 |
ABIERN R SCHRBUR L (ACEM) (ACON-C #4{ PR L
= VR AR Al S AR (AFFM) | ] LU R TR 258 %
ZAFO0N BRI BE . 140, 12 Dining table (48 5 ) il
Potted plant (f£4%) ZEWIIRT) AP 43 BI4E T+ T 6. 37% il
7. 41% fH 20 K5 AT mAP 4215 2 83. 82%,

Fz1 F£VOC 2007 MiX&E LR B RIEIRE R
Table 1 Ablation experiment results on VOC 2007 dataset

Method ACEM ACON-C AFFM mAP/ %
Experiment 3 /R 1E L2k ( CenterNet) U8 AFFM, 5
e . . CenterNet X X X 80. 10
FELRBAI L, mAP 153 T 1. 2% ) #E Tt ; Experiment 4
FORNFE Experiment 1 B3RS EASIT AFFM, 5 Experiment 1 Experiment 1 v . X 82.25
FEAALE , mAP 42T+ T 0.37% , LW AFFM A5 £ & 14 Experiment 2 v v X 83.15
ACRFE R A T, BE 42 IO UBIAE 55 A3 T G G B RRAIE 5 Experiment 3 v 81.52
Experiment 5 %%ﬁ'ﬂ'f; Experiment 2 A3l _EF56F AN [R]RL Experiment 4 Y Y 32 62
FEHEFAE ARG, 55 Experiment 2 A L, mAP 3 Exveriment S y y y .
Ay . . xperimen .
INT 0. 67% i FRRIIE RS — 542 T ’
F2 AREEHN BN EXTLE
Table 2 Comparison of detection accuracy of different categories
/%
Category CenterNet Experiment 1 Experiment 2 Experiment 3 Experiment 4 Experiment 5
Aeroplane 88.28 89.83 90. 26 91.87 92.82 92.69
Bicycle 87.61 89.53 89.59 89. 41 87.96 90. 03
Bird 79. 00 81.90 82.71 81.03 82. 86 84.51
Boat 70. 63 73.57 74.49 73.43 74. 60 76.12
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iR (R2)
Category CenterNet Experiment 1 Experiment 2 Experiment 3 Experiment 4 Experiment 5
Bottle 63.91 65.03 65.97 66. 90 68. 43 69. 09
Bus 87.00 89. 69 90. 78 87.27 87.77 90. 74
Car 90. 03 91.03 91.13 90. 93 91. 66 91.41
Cat 90. 20 91.57 91.36 89. 08 91. 30 91.94
Chair 64. 18 64. 50 65.92 64.79 66. 43 67.58
Cow 86.43 90. 31 89.93 85. 69 89. 10 88.29
Dining table 71.75 72.33 77.47 75.62 72.39 78.12
Dog 85.18 87.39 88. 49 85.53 87.09 89.41
Horse 89. 61 90. 24 91.33 90. 21 88.53 89. 63
Motorbike 87.71 89. 67 89.76 88.26 88. 68 90.79
Person 85.15 85.49 85. 83 86.23 85.96 86.77
Potted plant 48.33 54. 88 56. 80 52.92 56. 61 55.74
Sheep 82. 60 87.10 88. 06 84.72 87.38 87.43
Sofa 77.09 79. 81 80. 09 78.32 80. 59 81.07
Train 86. 08 87.22 88. 39 84.99 88.22 89.59
TV monitor 81.33 83.93 84.56 83.21 83.99 85.42
mAP 80. 10 82.25 83.15 81.52 82. 62 83.82

3.4 SHAWJTIEETEEES

h T RAIEAR SCREE A b X H S 3 T It
BAEEE PASCAL VOC ¥ BT 2 575 S EUA 19 B bRl
Sk Bk gE AT H &8, AU % Faster R - CNN'™®
CoupleNet'! | SSD'®  RefineDet'*'! | RFBNet512"% |
CenterNet! "’ \YOLOV?)MN . FCOS! COCHR (257 SCHk
[26] . 3CHR[ 27155,

e 3 AT, AR SCHR H P B R SO SR RN R AE
FlE 1 B ARSI B9 5 2L 2% ( CenterNet ) A L, 7E
VOC2007 M I mAP ¥4T 3.7% ., HF CenterNet
R ML 250 RAFRE TR L B Z A 200 B F
SUE R BRI EF R, REGER % 5 His iR
SR B SR AR, AR SCHE I M ACEM A AFFM , 5] A
ACON P pR LS5 — 5 T I R 4R CenterNet 25, 42
PERZFRAE R L SO SUE B IR IRZFRER R
SCUE SR 8RN 22 48 3 1 23 [a) v 8 A5 B R T A il 4
T 0 45 6 A F A 804 SC TR B, DT B2 T B A Al
i, ACEE Y Faster R—CNN £ CoupleNet S 341 LY,
mAP 3 B3N T 7.4% M 1. 1%, Faster R — CNN Al
CoupleNet F3-72 1] I 5 RUBE AP AIE A= B T35 X 1) Jag
IR, B = A SO AR 4/ R SUR B e S5
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Table 3 Comparison of experimental results
on the VOC 2007 dataset

Method Backbone mAP/ %
Faster R—-CNN'") ResNet-101 76. 4
CoupleNet!"”’ Reaidual-101 82.7
Sspt] VGG-16 74.3
RefineDet ") VGG-16 81.8
RFBNet512%! VGG-16 82.2
CenterNet' ') ResNet—50 80. 1
CenterNet ') ResNet—101 78.7
CenterNet ') DLA34 80.7
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%40 %

iR (K3)
Method Backbone mAP/%

YOLOv3'> DarNet53 80.3
FCos'™ ResNet-50 78.7

AR [25] CBResNet101 83.2

AR [26] Res101-FcaNet 82.3
AR 27] ResNet—50 74.7

Ours ResNet-50 83.8
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Fig.4 Comparison of image recognition results
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