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[ Abstract] Based on the problems that the classical one-stage object detection algorithm RetinaNet is difficult to fully extract
and fuse different stage features, while the bounding box regression is, not sufficiently accurate, an improved RetinaNet
algorithm for object detection is proposed.First, the algorithm adds multispectral channel attention to the feature extraction
module, which incorporates more frequency components in thelinput features into the attention processing to capture the
original rich information of the features.Thereafter, the multiscale feature fusion module is added after the feature extraction
module, and the multiscale feature fusion module includes a path aggregation module and a feature fusion operation.The path-
aggregation module enhances the information flow, of the entire feature pyramid by building bottom-up paths and using
accurate positioning signals on shallower feature'layers.The feature fusion operation further enhances the fusion effect of
multistage features by fusing the featuredinformation from each stage.Finally, the Complete Intersection over Union(CloU)
loss function is introduced in the bounding box regression process.The loss function starts from three important geometric
factors, namely, the overlapping area ofithe bounding box, the distance between the center points, and the aspect ratio to
improve the convergence speed of the regression process and accuracy. The experimental results on the MS COCO and
PASCAL VOC datasets show that, compared with the RetinaNet algorithm, the average accuracy of the improved RetinaNet
algorithm on the two datasets‘is increased by 2.1 and 1.1 percentage points, especially for the MS COCO data set.For the
detection of large targets,improving the detection accuracy is more significant.

[Key words] deep learning; object detection; multi-spectral channel attention; multi-scale feature fusion; Complete
Intersection over Union(CloU)
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Fig.1 Overall architecture of improved RetinaNet algorithm

1.1 ETF S HiLiEETFE NS ERIER

i 1A RS A B SR R T 2ot ikl R
B ResNet-FPN 4§ fiF $ JU L Ht . ResNet-FPN 1E
RetinaNet 5 15 ()RR 1E $2 U B | fiff ] ResNet &4~ 5% 22
B B Y e — A B 25 B O RRIEIRT L, B G, LG L C
1 CoxX 4 ZFREM RE A S ) A2 . 1 P, P, P, P,
X 4 JZRRE IS S i i ) E A 26 RS EI . A

TR R N O PR AR Pyo Py PSR
PRy 2 09 3x3 B B0, i 5 P, Py Py P FI P,
XS JRFHIEA AL T H T R B4 . BT ResNet-FPN 4
TIE 5 UL A7 76 AN RE 78 40 42 B | R A A B 04 [n) fE
PRI, AR SCRE I T 2063 38 38 1 2 07 (Multi-spectral
Channel Attention, MCA ) 5% 5t 10750 35 Bl A %00l 3 B -
W RIS B



Fagt el T

P, 7 &0 2R RetinaNet B Fr A6 i 280 1k 251

AR MCA R i A T8 TR 2 7% 25 I 4% 1) 21 3%
ZHerr Ll ResNet-50 P 45 Jy 1] , 122 W 2% =224 5 4B
BB LA BeLHE 7x7 BBV 3x3 i KAL), 5 4
B B0 AL 45 304,63 ANk 25 B, B ik 25 B AL EE
1x1.3x3F11x1 33 EFH)ZE , ResNet-50 [ 2% 25 44
i'%lﬁﬁﬂ“,/\':':‘64 256.128.512.1 024 .2 048 “E 50740

R 1 ResNet-50 WKL

Table 1 Network structure of ResNet-50
TE4 i i R M8 3R B
convl 112x112 7x7,64,stride 2

3x3 max pooling,stride 2
conv2 56x56 11,64
3x3,64 | x3
L x 1,256J
1x1,128
conv3 28x28 {3><3,128J x4
I1x1,512
1x1,256
conv4 14x14 |: 3x3,256 1 x 6
I1x1,1 024
convs 7x7

1x1,512
{ 3x3,512 1><3
1x1,2 048
DL ResNet-50 [ 26 A 1], 75 12 0 25 19 B A~ 5% 22 B
AR A — A E AR, AR BRI 2 R, R
FIHAT 1641 SR,

Z Ok 1 R BRI T B R X A
(Discrete Cosine Transform, DCT)'"'#2 i 19 , — 4

DCT W& L H -
H-1WwW-1 1 w ) 1
fil= Z}Z}x cos( ( 2))cos(W(]+2)),
DCT weights
s.t. he{0,1, - H-1},we{0,1, -, W-1}
f*=2DDCT(x*) (1)

(0 B2 s W o A X W SE I
R .

A 5% 43 DCT 1y

3x3EH

¢ relu

1x 1M

| 1x 1M

| snmmnmnpe |

Hhn

2 BASRIEZBETENERAOKER
Fig.2 Residual block inserted in the multi-spectral

channel attention module
Iﬁt,:,ﬁ%‘ﬁif?ﬁ? Al LR (2) FiR
igf cos 1) coS ﬂ( '+1)
» =0 w=0 e 2 W ] 2 ’
DCT weights

st ie{0,1, - W -ddmiclOal, -, W—1} &)
by 15 PR S b (TR B s % i, B —4E DCT

F A B 4 1, B I JCR Bips® L W= (3) i 7s
Hfls (3) L, AT DA — 4 DCT 1y ¥ 28 i T 5
H(4)
;ZJ,,WCOS( ( ;) cos(zr(j+;))=
s.t. i€{0, 1, ---,H-1},j€{0,1, -, W—1} 4
3K (4) AT, G RRAE AT 32 7 S0 AN [R) 03 256 4y 1

LT R T

B}, = cos(H(1+ 2))005( W(]+ 2)) (3)
ﬁ),ng:)fo"'fo.,z;IB:),le“”"*' Hz—dl,W—lB;f—l.W—l

A A T HBHE RAEr A REE R SIA T

Hor.f* e R N ZHEDCT MG x* € R NIAG  MCARIH .
g [N TEER 0 e X IR S HONERIDA x* 2201 TE R B R A AR AN 3 TR o
Freq’ Fregh -+ Freq™ poppmp
RN T LT — L L T T T
DCT“T DCT'T TDCT'“T l
il &
w

B3 ZAhERE

Fig.3 Overall procedure of multi-spectral channel attention module

ERNEROBEERE



252 Computer Engineering

AL TR 20224E8 H 15 H

ML 3 AT LU H 8 i A X 6 3 T8 48 B2 30 30 n
ooy, XX XTI R R n A By, o

: " C N 4D OB S Y >
X' e ROV 10,1, n—1};C'= —, n WIRAEWHRATE
n

BOCHERR . X TR, 4 BCAR N ) 4 DCT iR
Ay, Hogh SO AR Sy T A TR A A R D
Fre ¢'=2DDCT"" (X')=

H-1Ww-1

szJ,WBZjL, s.t. i€{0,1,-,n—1} (5)

h=0 w=0

Hrf . Freq' e ROZETABEAY C dEm) & ;[ u,v]=XT

N T XA Sy AR A I P, % 5 Top-k A~

AE e HE R AR oy i 5, il i w=r H/7] 0T AF H u Y

., 36 W03 oy T i — L T v (B R
BT B A5 o0 ) T AL 3 ) S O A R

Fre q = cat([Fre ¢°,Fre ¢°, ---,Fre ¢"')) 6)
ot ; cat 5% ik 0K s Fre g € RS2 3675 0 2 6 %
I &

A MCA RS a] LLE SCR

ms_att=sigmoid (fc(Fre q)) 7

XFF RS R Hxw B9 FAE, R 2 48 DCT # Hsy
fi#e Ry H < W A5 3R 4y £ 31 R B AR 4y 5 C > H x
Wo BT A 44 BT AR AR 5, B e i
225 1 T Ok B MCA B b (i 4 3R i . R

MR BEDITE DR i as R, R G R
JIT A5 235 HL 0 3 Y Top-k A~ BB fie fE 19 40 40 &

H T MCA B ] DB AL 5 O [R5 8 A0 40 23 43
A O B0 B 7 A b, DT B R TR 2 1 RR IR AR
BRI RSB T RetinaNet 5 vE iR 77 76 B XE DL 3
G BRI R By BURFAE A [R]85
1.2 ZSRESIEMEER

MFF 54 2 37 B A5 R A I 261 0 5P i R AIE 4 5
B g R mi A Y, AL LA B AR b B
TR0 A2 TR A R HRRT 1A R AIE Al A5 B4
1.2.1 BREREGES

Kl 4k 2 RBEFHIE R G AL 2540 o an &l 4 fg 42
BA MR TR , 176 ResNet-FPN 4R F $12 BURE B 4o 14
HHA AR LSRN AR A, DIP\P, %
TE R 3 ARl 44, B3R N, N, NS 2 FRTRIE
DL P RFE B A 6], P55 20t 2 65 T REE BN, FR1IF
P AR 41 o0 2= AN, 45 31 1Y 457 AE T Zict 3x3 5 U 4=

CREAE LN, , DA 28, AR ORRAE IS, B Jm AR 5 2
T IEEE N 256 BUHEIE . N, N, NN FI N, RS R T
A BRI B AR B TR O, R HGE Y A
JEE ] b AR 5 TRy TR RS i 14 22 1 15 5 3
TR FIES IS 1 B

ResNet-FPN 5
S SN

/ M /i

/ M /]

P i
FSERL A A "

E4 sREFERSERNEN

Fig.4 Structure of multi-scale feature fusion module

1.2.2 FSAEEh& Ak
FEAE B A BRAE B0 M 4e O A il e e
X 3AETE, A 4R E R SRR B R . BAREREINT

HB PR AR R IR B RS S R
fE o BUAT {N,,N,,Ns, N, N,}5J2HEAE , B T2 AR 1E
oy PR, — A RE S T B AR AE 2 R AE



Fagt el T

FF, & & 3 Mk RetinaNet B R &6 0 52 9% 253

BRI, 22 ) B ETE UHRAE . L, ZHEHE X 5 )=
AL A RS 3 o [ 2 N, R R R I
FrRl G o SRHUIHRAEZ B N RRIE R SR EE B NS
Ny N RFAE B BEAT B R AR, X N, R AE 1A 147 HAt
B AR R Jn P TR B A A I OGP 2 4R A s (8)
JIT 7R

Imax
N:lEN, (8)
L 1=l

Horp: LR R IR R 80280 N, R OR 55 R
B2 TS R RRE B S — 25 A i RRE
P 5L o5 (%) 9 5] 7, fd ] embedded Gaussian non-
local B AT AL B A X BB MY 22 SCInF
1

A“ﬁﬁﬁZﬂMMmmﬂ
C(N)= D f(N,N)) 9
FN. N)= REEER (10)

Hodr e MR N S RE R TR] A 45 AE P 5 0 2 o E 1R A —
MR RNLE 52T A i BB B RS g — It A
PR, — R 11 BB, H AR AT MR B s 102
i X 3B o B, TR ER 7 RN At T A A A A
KO/ ¢ # 2 1x1 BRIERAE, TIRE N 1;C(N)ZE
VA — 1k B E, BE A5 8 UE AR e AT 5 3 R MR BOANAE .

HB,3 AL )R B9 ERAE 4 BN £ 2 HRE (M,
M, M, My, M}, 35 N, ~ NFRER A&, Horb o M,
FEAE 2 38 508 8 10 5 B RRIE AT R AEAS B Y 5 M,
GAE R A B Y M M MR AE 2 1
AL B FRAE DEAT T R EEAS 2

R R R RAE A 3 A R Ll i T
1B A BEYCRURRAE il & #27E 3 B f# T RetinaNgt
BTEME LA TE 43 fh A S T B BEARAE A ) 231
1.3 HRIEE TS EEHR

AR SCE I Y 1 FHE 8] ) 4% SRS I faT T 110
JZ RetinaNet 5.9 79 ] 9 5 43 25 2% o H A, 0 FAAE
Il U 0o 4 2 B 7 d SRR AR TR 4 B LI
25100 2 R 45 0 4 )2 T T RUARS6 1Y 3x3 B R, 4
245 B —> ReLU WG )R 2R 5 422 1 M T £0H 36
19 3x3 & A2, B o Mt F0 I T R AE RN H AR AE 22
V6] F9 AH X i A

A5 E T AE AN H bR A 8 T DUTE SR S AE (B
451 2% , {2 RetinaNet 8- 2 9 31 FLAE [0 19 463 2% oA K077
FE 2/ ) 31

1) Gn SR H Fr HE A i i AE v A S I8 A K bR
Bl ARERIEH

2) QS TR X S AR A B AE 0 /NI AR A i
L3 2 5 HE 4 R 22 1 A AR [R]85 S i A 3 2 X AE
JE AT AR AE B o

BE X 13 n) R, AR SR VA CToU 46 2 bR 2
B T RetinaNet 55 9% (19 21 24 HE [0] 09 453 2% pR %K .
CloU # 2k R Z5HR 415 173 S HE 0] 05 rp i) J 2 1r AH L rpols
SRR BRI Wi Lk 3 IR ER B R /)N A T AE A
H AR AE 2 8] 59 5 — f R 2, LA IA 21 5 P i 8 S8 i
[ B, 24 0 HE 5 H AR HEVR A S, sl W AE 5 H
Y RN = SN SR N S I X 7 NS G L )

SHE 5] 05 B R o
22 Ff It (Intersection over Union, loU) ¥ % X 4N
L 1D PR
IoU:‘Bntt (1)
| BU B

o B = (x, y*, w*, h*) 52 H bR AE 5 B=(x,y. 0. h) /&
THUDUAE 5 x .y w b 43 5] AE B H G AR R T PR
| BN B | R H b HE 5 1 I HE B 5.5 noi B
| BU B*| /R HARAHE 5 15000 HE 2 4 HERRE e i AL,
s i .

B
|BﬂBg'
|BUB?’
B
B5 IoURIEX

Fig.5 Definition of IOU

RBE , CloU #62k pREL 19 LA F -
p’ (b, b*)
=
Horr: b F1p* 43 511 F2 R WUNHE B A1 H FRHE B 1 0 455
p ()& 2 AR RROL B 5 5 ¢ 2 [R] s 35 0
HEFN EARHE 1) 5z /N PAIAE X A 2R A 5 oo v SRR R -
o S R4S 5 LU AR ZR 50, v 2 HH K Al 1 Tl AE i H

FRAE Z 8] 9K 58 b — 20k . o Bl w A9 SLANF

Low=1—1+ +av (12>

v
P A (13)
UL+
2
4 st
y=—/ arctan —arctan & (14)

T’ he h

S8 e M d W)~ B R E 6 T s .

—~{_|
\

d=0(b,b")

Be6 Z#HcHMdHrER

Fig.6 Schematic diagram of parameters c and d




254 Computer Engineering

AL TR 20224E8 H 15 H

2 KRERSHW

2.1 HBEMIFMIER

P& MS COCO"¥/HI PASCAL VOC""* 1 o /A H: %k
g . o MS COCO $#i 4 40 1% 80 A2 1), I v ]
TINZRR I A 118 287 5K, T HAER & A 5 000 7K,
HF M5 a0 B R 20 000 5K, A SCHE L FE test-dev
2017 B4 4R B HEAT 5L, I 5 55oR i H b I 55 1 A
oA, SR 5 1 val 2017 B0s 45 EAT I RS . SRE s
R HIEYIHE BE (Average Precision, AP) F8 AR A TR 1E
AP £ ToU M 0.5 FF i, B0 0.05 15y IS (H, B3 s
0.95 15 2 (Y - RS B2 - H#EA TP I S5 8. il AP, %
7 ToU BAE K 0.5 B 1Y - 240K5 B2, AP, 371 ToU B
0.75 Bf (RS- YR 8, o R B, AP AP, (AP, %I
AN R BRI YA . PASCAL VOC #4541
T 202851, Horh I 2R B R ok H trainval 2007 20405 4
Hl trainval 2012 B4 4E , 3£ 22 136 7K 5 M & H 3K [ test
2007 Bya e 4t 4 952 5K, S 45 R EE VOC HUiE 4R 1)
VLM FERR , RIPEEHE BEH{H (mean Average Precision,
mAP) , H K B R R 2 20 E ToU B{E - 0.5 B
- YR RE
22 ZTWSHIGE

TE COCO Hudl 46 v, Se -y A TR A5 10 i i 4]
800 & FK SR J5 1 I BE AL B B2 R B (Stochastic
Gradient Descent, SGD) {fi fk it & 55 7 , A & 32 0 A
1x107, batch size i 4(2/> GPU, &4 GPU &l 24—k
BEHC 2 5K IR ) o 2% ] Fph w1 iR bk 0.002 5, M)l 25

124~ epoch, I 7 B TE S 8 A4S 114> epoch B 2% 2)
R 10465 . 76 VOC Bl 5 b B i A RHZ 00 i ik
i B Sl 600 18 3R L TE 45 9 1> epoch IR 27 2] AR FE AR
1043, HoAth 5 B 55 COCO $ i S A [A] .

AR SC S B AE PyTorch 1.7 1 B 2% 3 HE 4220 F
17, #:1F & % 7 Ubuntu 18.04, ffi F§ 2 4 NVIDIA
GeForce RTX GPU Il %, i K770 11 GB., AL
MY KL £k B 3k Baseline Bl 25 RetinaNet B3, 75 # 2 5
(AN AL EE 26k batch size %% > # epoch 55 ) % B I HH
B B4 K, %) RetinaNet Bk HE 4T 1 3 8 S2 6 , 52
95 45 T AL F 48 HOZ B 0 AR IS SO A5 R AR S
) RetinaNet 5 2 (1 52 46 25 5 5 5 AR 16 SC 45 A
P T IAE A
23 FERAW
2.3.1 XTHsEE 545 L nT ik

A SCHE COCO test-dev 2017 ki fE ML PASCAL
VOC MR 4E b PEAl T A SC T 42 etk 7 RetinaNet 5
ERITERE . 7E COCO test-dev 2017 Sl , 526 %
43R 2404y B 3T 4% A ResNet=50 1 ResNet-101
1 o4 7 K RetinaNgt 5% 3 23 51 55 1 Ath 3+ W 4% Ny
ResNet-50 1% ResNet=101 ¥z # — B B By Bt B Fr
o I S VE AR L SR e R R 2 R . thER 2]
B, E T M2 ResNet-101 19 24 i#F ) RetinaNet 55 1
) AP 18 A 4009% , 5 RetinaNet 33 1 48 b 1 BB 15 21 2
e AT WM AT, ke R
RetinaNet B9k 15 3 2 rf i H Al H A5 G I 3335 A1 L 15
Wk B A A

R2 AEBEFERNEEZE COCO. test-dev 2017 HiEE ST &R 7Tt
Tabel 2 Comparison of experimental results of different object detection algorithms on COCO test-dev 2017 data set %

Bk ER RS AP AP, AP, AP, AP, AP,
RetinaNet(Baseline) . i 36.9 56.3 39.3 20.6 39.9 46.5
Libra RetinaNet!"*/5% 1 37.8 56.9 40.5 21.2 40.9 47.7
FCOSPWH k& 36.7 55.8 39.2 21.0 40.7 48.4
ResNet-50
RetinaNet w/AugFPNP25 7% 37.5 58.4 40.1 21.3 40.5 473
RetinaNet w/PISAPVE 5 37.3 56.5 40.3 20.3 40.4 472
AR 39.0 58.4 41.6 22.1 422 48.8
Faster R-CNNPY# 1 36.2 59.1 39.0 18.2 39.0 48.2
Mask R-CNNP V¥R 38.2 60.3 41.7 20.1 41.1 50.2
LRFP5 5 37.3 58.5 39.7 19.7 42.8 50.1
ResNet-101
RDSNet?V& 3% 38.1 58.5 40.8 21.2 415 48.2
RetinaNet w/SABLP*44 1 40.5 59.3 43.6 23.0 44.1 51.3
AR SCRE 40.9 60.6 43.7 232 443 51.7

7E PASCAL VOC 4% |, K 0 A RetinaNet 52
(T M 4 & ResNet-50) #2522 5 F) K 1 5
RetinaNet ByE#EATX] Lb, 5 & 7 pron . K7 Al A,
RetinaNet 572 i) mPA A 78.3% , 2l i/f 7 RetinaNet 55
(1) mPA > 79.4% , H. 4 iJF A RetinaNet 5925 76 K £ 42

) RS EE 5 T RetinaNet 501, HAEER A3 4 bird |
boat .bussofa I Y2 HIKE B ALK T RetinaNet 7% . H:
JRRAE T VOC YN ZRAE K] 7 B /b Bl 48 )2 50
TR S S i3 I, Sk I R R R %, B4R
oS A 1/ HARECE S H BRI B AN S s



FF, B & ek 1Y RetinaNet H R A6 0 440 7% 255

$48% 8l T L JE
95 -
90 - 88.30 88.50
85 (a”
< 80
Q% 75
= 70
R
65
60
—e—RetinaNet#& 3k
55 [ | -+ - RIRetinaNet 443 54.10
50 1 1 1 1 1 1 1 1 1 1 1 1 1 1 51'? 1 1 1 1 J
@Q“O‘ © ‘.\\&’o S Q&b B < S
P <& Q0 $
2
R NG es : :
E7 AEEE7EPASCALVOC test 2007 1R &E 1Y
ZERIFEE

Fig.7 Comparison of results of different algorithms
on PASCAL VOC test 2007 data set
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Fig.8 Comparison ofvisualization results of
RetinaNet algorithm before and after improvement on

the COCO data set
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Table 3 Influence of different number of frequency

components on RetinaNet algorithm

LB ST Gy AP/%
4 37.0
8 37.5
16 37.3
32 37.1
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Bl 22 )2 AL B A0 4 s PR 8 e 5 5 ik
B ERAEAHES & ] 3% et Ak

4 7t RefinaNet&E iRk I\ FE R & R E A E 4
B9 3 b 45 R
Table 4 The comparison results of each part of the

feature fusion module added to the RetinaNet algorithm

IPNIDEE N AP/%
AR R AR 37.0
TR AE AL 4RAE 37.6

MFF £t 37.7

3) CloU 4 K bR AN [ 461 2 A A9 1 E 23 B

1E Baseline [ A EAT R[4 R ACE (1Y CloU it
IR REL, S T AN [R) 951 AT XT RetinaNet 5355 R 5200
PURALE A E R 1.2.3, LI AR 5 FiR .
FH 22 5 7] 1, CloU i 2K RV BICAH R 3% T RetinaNet 574
HAFTE /Y 32 FUHE [B1H [ BT, >4 CloU i 458 28 A (B 1%
WO 2, 2% T R4S R AR RE

x5 AREIRKMEEIT RetinaNet H % i) 711
Table 5 Influence of different loss weight values on

RetinaNet algorithm

R A A AP/%
1 36.9
2 375
3 37.1
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Table 6 Comparative experimental results of different

combinations of three improved parts %

MCA MFF CloU ## AP AP
Bige  Bide KR %
X X X 36.5 555 388 20.5 400 483

AP, APy AP, AP,

375 56.8 402 215 41.1 495
377 574 40.1 223 414 490
37.5 559 40.1 21.1 413 489
37.9 577 406 22.1 422 497
379 56.8 403 21.6 41.8 494
38.0 569 404 219 419 493

<. X <4 < X X <
< 2. X <« X <« X
< <. < X < X X

389 58.1 412 229 428 51.0
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