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Abstract This paper proposes a single-stage deep learning based H_SFPN algorithm for monocular visual object detection. Com-
pared with the existing YOLOv3 and CenterNet algorithms, the proposed algorithm can effectively improve the accuracy of small
object detection without sacrificing the real-time performance. This paper designs a new network architecture (backbone) .which
uses an improved Hourglass network model to extract feature maps in order to make full use of the high resolution of the under-
lying features and the high semantic information of the high-level features. Then in the feature map fusion stage,a method SFPN
based on the weighted fusion of feature maps is proposed. Finally,the proposed H_SFPN algorithm improves the loss function of
the object position and size, which can effectively reduce the training error and accelerate the convergence speed. According to the
experimental results on the MSCOCO data set, the proposed H_SFPN algorithm is significantly better than the existing main-
stream deep learning object detection algorithms such as Faster-RCNN, YOLOv3 and EfficientDet. Among them, the small object

detection index AP, of this algorithm is the highest,reaching 32. 7.

Keywords Deep convolutional neural network,Object detection, Weighted fusion,Backbone, Loss function
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Fig. 3 Weight fusion of output feature map

TEE 3, P AR i A Hourglass B8 145 j AN R AE
Elw, {825 i A Hourglass #ER 55 j A5 fiE B A9 AL
Add R B A

Xt P4 Hourglass #5281 FEAF & 2 47 BT @b A 08, % H
P IH— @Ak AR W .

_ Zwii - by
out Daw; +e

K2 H, A ReLU RARUE 0=0, % & — P /IME e=
0. 0001, 3 0 23 B 0 B 3153 45 SR AN AR (AR L
2.3 M %&Z2#) (Backbone) B F) &

ARSCBETE T B0 0 R AE B2 Y 9 45 444, B Backbone, &
LI Hourglass 5 8 Sy £l , F 2 i 2 4 Hourglass #5551 HE % M
J . TR Backbone RFAE $2 HXAY P B L 7E ImageNet 1
P FHT T 2 i,

FEIZ ST T A A AR KNI 3% Sy 416 X416, 4 A K]
B et 32 4 3X 3 BB BURRE . B L K stride=
14 450 64 4 3 X3 BRI BURIE . TP K stride=
1 RIR 4t 64 A 3X 3 B BUZIR IR IE , B UL K stride=
2; 45T 128 4> 3X3 BB IR IBURHE . B K O seride=
1. %1 A% Hourglas Bt i, 2838 — 4~ Hourglass Bid, 4 il 4
ANFEAE 5 B 5 K 3 4 A4 AE PR 42 B A S0 B4 R AIE TR d A o
(SFPNO AT RHAE R & . & 7 X an 18l 2 A=l (D s .

SCHO I 4 AR B HEAT T P OCRA L IR 4 TR, it
Sh L AREEXT P, FRAE B HE AT A B 2R BT 208 X208 X128 (1)
R ARG B A B R — 4 Hourglass 81, 28 ot 4 )5
FHE 4 A FRAE I A7 40 [R)RR i BROAS SCHR M 1Y) R AIE T2 il
& W (SFPND HEAT Rl &

TEi% Backbone H, £ 2 HE 4% 09 P4~ Hourglass A5 78 3 33
AR SCHEF I R AIE P 4 S I (SFPIND il 4 I i 8 A &k 1 )
BRI 18] L 4R 5 %3 8 A 4 B S B 45 AE P 1 AT hn A Rl A,
LOPIR, BF &6 ZE T80 k)2 M 4% 52

i F A 3CH A9 Backbone R 1 T 2 4~ Hourglass #E47 4
B BB h H_ 2. o8 TR A 2 4 Hourglass 458 8
HeAL M 2 2 4 SFPN & BRI K 78 4. 1 W AT 505
B E .

H_2 B RBR A 25 I 4 Hh i e RAE BT R

P (2)



TSGR B — OB A B E S TR 25 2] 5k . H_SFPN 133
| Input image | 416x416%3
e — 416x416x32 |
: 416x416x64 :
i 208x208%64 |
: 208x208128 ]
| |
| e e
| Db e
| P > |
I ’ [ o =
I 208x208x128 & ! g %
] e
: > P L
| Ly i — ' :
: s R
' e e :

% | Hourglass## & r_ ) HEENRE @S
" [_ -
i SFPN | : Backbone

___

M fiamfy B BN

Conv [ Leaky relu
|:| sk qy . T 1X Cony
[  Concat N Softmax43# 4 0 %

4 FET H_2 Backbone FJ43 25
Fig. 4 Classification model based on H_2 Backbone

3 H_SFPN &%

3.1 BEHEZ

Z3CHRL14 1% YOLOv3 ByJs & - A SCHE H A A roox
A5 10 58 7 38 2 3 T 8% HE (anchor) 2 52 B, H 4 HE 52 437 J5 30
5 YOLOv3 3EAH W .

7 YOLOv3 #1,Redmon %M 5] AT FPN' [ 4, B 1)
S0 RIS 2 AR 8 43 B 38 L) K i S R AE 1 i S R AE

WE S B . A SCIE A R A SFPN RRAE [ fil A 5 B R it
FIARTRVRAE Z BB A AE 4 A TRRBE A RRAE BRI H s
A SCHY E R SR 4R S B A R I Y R L () B s g B
NIOR SRl

A S0 R YOLOV3 1Y Backbone 21 2 H_2 ##1, [
Pk o LB ARG 0 A B 2R AT T O K R Y 3 A RO AT A R
S 4 A RCBEREIN , S AT T 43 T o A 000 el o A 1 T 4 v I AR
0 RS B, AR SR A H_SFPN H AR I 3 vk 18 5 s

_________________ 416x416>3 _
IF 41641632
| 416x416%64 |
! 20820864 |
| 208208128 I
I |
| > e
[ > — |
: > :
| Lyl pE———E— 3]3x255
9 —h >
: 208208<128 £ ¢ | 26726255
| _’ | |—|>_—>——>— 52x52x255
> —hr > > 104x104x255
: >l
[ >
: b —Es
e e T = 1

—x .
=_—{== 9 O reEanese DN G\BR - S=—= BN
— |——— _— 1o 91 5T 1 Leaky relu
—{ i{..iSFPN | 1 Backbone Conv C—1 IXIConv

[ 5 H_SFPN i
Fig.5 H_SFPN algorithm

L5 AT FERHE B R A E @A 2 BT H_SFPN SR T
H_2 #AL, 5K 4 R . 7EX P Hourglass i i 19 R AE #]
PATRCE RS Z )5 AT B BURAE , UE AT B AR

AR SO AL Bl G 25 0 RAE B PO AT A R R R
Mk 1X1 Conv £ FRERAE A P8 B 5 th 4 8, I 5 it 4 D Fr
HEAT BRI 04 45 AE 1B 4 BE 4300 2 104 X 104 X 255,52 X
52X 255,26 X 26X 255,13 X 13X 255, H: JfUH[E] YOLOwv3M!
3.2 4$%4E (anchor) B & B

Bl HE A2 H B 1 S HE 19 58 5, R I F FasterRCNNE (1 4l
REBLH . 4 HE 19 Z 800 Cpo s pod - AU BAE 0O 58 A . 75

MSCOCO B4 I, A 3R k-means 5 25 55 1 0 YIl 25
LR FHEVEAT B2 B k=12, 42 iA 24 1Y 1 AR JE 56, B
I HHE
3.3 HirBiER N

YOLOv3™ v iy 4 A~ B 50 6 BUM B A5 09 47 B (s ) K
F& G, D) VBASE po il 1oty st sty s p o SRJE I DL AR AR AR
e A KOG BN 20y B AR B HAE b, .0, 2w Dy

b,=o(t,)+c,

b,=0o(1,)+Fc,

by = pue'e

by = pue'n

(3)



134

Computer Science THEHLELZ  Vol. 48,No. 4, Apr. 2021

Horproe, Fle, AR BARHPOTE B ITR RIS TR 2 MK
W% s po F pi A E L 5 HE AY 98 R, AR B R R 2 IRT A0
&6 Jrin .

C

——
P
Cy
b,
[o@,)
Pii | b,[—e
o(t,)

B 6 2 T £ e A A 45 009

Fig. 6 Coordinate transformation of border predictiont!?]
3.4 REKEH

P25 o B (loss function) 1 FK E AL # B8 %X Ccost func-
tion) . 54 % R KU LA D A A5 R 4 00 A R B SR — BE Y
FREE ¢ BB /N, T A58 AL 0 5 A Bk 4T

1 YOLOvV3!M i, 2,y w, b B9 458 2% R BICR F 2 0 15
241 2% BB (Mean Square Error, MSE) , H /1 925 (class) Fl &
15 £ (confidence) SR FI 28 SUH 51 2% bR B, A SCXHIZ B 7 i 22
B4 K SR BGHEAT T B .

3 e E S — WH%&& =t () R

loss=A |2, — 2 |"+b 4

EP A RFER e IR EIRBGO MW B, B 1% 6 R A

s
»"14

?is)ﬁﬁﬁﬁ%%?ﬂi 1R AR A SR e MR ELD.
ikl W RBA R e A
WA x—%
it :Ase.b
Liflx— % =1,

2. else:
A=1;
e=1;
b=0.
XTI fo)=A -« [x]°+b B BREL W B e RELA
FH B o BEATHE 2R (RE AW /2 2R T 2=1 W f(2)
FO RGN 7 BTR .

4A

— RE%
—— BEHHERK

3

2

F(x)

0 i 2
z

7 HE A R BRI SR 2 7 DR 22 R A L AR

Fig. 7 Comparison of the improved function and original

MSE function

M7 A, IR TR 2 R AR L, M AR/ TF L
B S B PR B K T 3 T 1R 25 R A, AE X R B0 R TlJll
RIS 2 Loss, .y TH U /N B — 58 B2 BE 5 o W0 HE 1Y o B50 109 66 2
KT J5 15 2 oR VB A I 2 R B Pl 28 TR 6% B ) T AR B
IS

BRI, A% SCH fp R I A B9 3515 BB 2 Loss. s WTEG (5)
JFR -

s* B
L0881y ot =Aeoora 20 25187 (F (a5 300+

i=0j=0

s* B
Awora 22 219 (G shi ) (5)

i=0 j=0

H  Flay s yi) F GGy sh ) IRAER (D4 MR R T .

Flxi,y)=A- \.r,*%‘”‘FA' \y,*§,|"+2'b (6)

A
Glwish)=A+ |wi—w |[*FA |hi—h|*+2b (D

HC syt o R S st T
ST M4 K BB 5 2R Lin 4500 42 b

Fcoal loss BREL, W= (8) i«
L0SS elass. confider
A A
1 (A—ylogly) s mE yi=1
~ €©))

A=y (v log(1— Yy,  HAlh

Horb,y, I ), ﬁfﬁmﬁ-wﬁ%%@ﬁtﬂ@ﬁﬁﬂ*

Bl K1 B MR EFE L IR Foc-alloss? , Bl a=2,8=14,
AR SR R R INTR

yreosh T LOSS class, confidence (9)

loss=loss,
4 XI§

4.1 Backbone B 1% 88T 3% 5 MK

R SCHY S AR R TE Ubuntul6. 04 R4 F 47, 8 KR H
Befhil ) TITAN XP 12G 32 K, %% CUDAS. 0,CUD-
NN5. 1 LA & OpenCV3. 2 %,

4G, 5t G B9 Hourglass 5 K Mt 19 Hourglass #E47

SRR LR TR S5 i, 23 i X i #E S5 B Hourglass Lﬁ
*Eﬁl 1) Hourglass # % 3k 47 %= > I 2k, B H R HH —
Hourglass AL UE 1T HERR . M IF M BE R A I8 45, % A Ima-
geNet $ds 5 B AT 43 2 5080, LB ME B 2R (Top-1/20) #l
BRI, SCIEERNER 1 A,

# 1 WA Hourglass 5§ Hourglass (1 ¥ fig Ho 4%

Table 1  Performance comparison between the improved Hourglass

and original Hourglass

% # & 8 Hourglass J& Hourglass
Top-1 61.2 75.8
t/ms 14 23

FEF 1, Top-1 Fm EIR 43 28 0 W0 %, ¢ R ox 1)
1SR EMR PR RIS E] . T LA, B J5 19 Hourglass 19 Y
FEARTRET 19.3% AR HARG 1 5K EZ 0 i ] 20k 2> 1
39. 1 %0, A0 i 4 v X 4 bR R ) S B G
LA LRSS E L BRI Hourglass B 8 A F T 42 55 H A5
) ) SN L R AR G 0 2 4G TR 0 v B RO T AR L {EL T L
E ok SFPN 4 5 ik AT R #h R0 B0k



A il A — BB B B LGS TR 2 2] Bk . H_SFPN

135

KT IR FE B Hourglass #5884 14 i £% 4> %2, L & SF-
PN (& 80, LS A A RRAF 4R L. [RIAE 8 20 7F Ima-
geNet FHRAE [ HEAT 40 29086 . A HE B 26 (Top-1) , R T
1Y Backbone, ASSIHANK T SFPN HHALE & fil & 5w, H
% % Hourglass 8T FRAE 4R B M 2w, SCH 45 SR Al 8
BiR .

801 762 768 771
75
0
65 -

o0 ¥ 612

YR/ %

55 [
50 [
45 -

40

1 2 3 4
Hourglass/M

&l 8  Hourglass X EIM% 43 IS 1 8 5K 09 52 1)

Fig. 8 Impact of Hourglass on accuracy of image classification

A 8 A1, 24 Hourglass BN 148k 2 B, R R
PRTHARWIR 61. 2% 42 T3] 76. 2765 4 Hourglass 9 44K
g 3 0 R A HER AR T AW, R4R T T 0.6 N H 4
w32 Hourglass BIA$CH 4 0 MER R T R A 0.3 4 F
43 8. 4 Hourglass BJ/NEUKR T 2 B, % B8 B Y 2% 2] BE
22 IR BT, P AN 75 2 B39 A Hourglass BYACH o

T il 43 T A R Hourglass 30 H X5 825K B R 9 32 ) BsF 1] 719

L g5k 2 g,
#* 2 AR Hourglass £ H T — 3K B A 49 3551 i ]
Table 2 Recognition time of a picture under different numbers

of Hourglass

Hourglass 1 2 3 4
t/ms 14 19 23 28

2 2 A%, Y Hourglass B4 B 88 m e, Bk B R (937
e ] SRR I, R B H AR A SE PR S A
8, ALk #: 2 4~ Hourglass BERIMERE

TE 2 > Hourglass £ 5 3 4% 09 FL i I, %5 & SFPN $#fE
PRl £ SR s 1) T 2 A BN R AR 4R U 52 ), SE e 25 SR N El 9
B

7744 713 7131 773

HHE/%

76.0

SFPN/M

9 SFPN X R 532 5 5% (14 5% 1)

Fig. 9 Impact of SFPN on accuracy of image classification

WAL 9 WA Y SFPN R E A0k 3 B, 1R Rk 3
W fE L FEAIE 2 4 SFPN, HAF 0.1 AN 4 AU 4R T, it
ﬂ%ﬂé’u SFPN A B+ 2 B %A B Y 2 > Bk 77 2 7% 8
—J7 1,24 SFPN W H & H0h 4 I BB I 3 1 3 2

&) ,{Ebﬁﬁa‘m‘ﬁﬁvﬁ@ﬁ[{%c

T 43T SEPN $i i %k 85k B 5 R ) s a] A 5, 45
e 3y,

# 3 AN[A SFPN % H T ok &R 09 30 e [
Table 3

Recognition time ofapicture with different numbers

of SFPN
SEFPN 0 1 2 3 4
t/ms 19 21 22 23.5 25

Hi 2% 3 A0, 24 SFPN (94 B B i, sk e Fr i 18500 B
[B] b LR PERE I, 2 R E) H bR R A SR E R L A5 A 9,
ARSCREFELL 2 4> SFPN AR R HEAR

e J5 4 BT ALl & % Backbone HERERY S M, TESZH .
b A SR A A LA R 3 AR I (IR BnASDD 33 6 b 3k X
P15 43 25 P BE HERR I (Top-1) iz 5L () AU i, 45 51
mE 4 o,

F4 AL A LI AR I 45 2R 6 5 0

Table 4 Effect of weighted fusion and direct addition on results

A A Bk A H A e
Top-1 77.3 74.6
t/ms 22 22

Wit 4 A LAE W YRR B SR JH A A S L
RILE MBS T 2. 7%, 1128 86 8504 [, R A
ALl AT D v 5 0 Y v R

Wit D B9, Ao Ho2 AR e E R 2 4 Hour-
glass BERIHER SR 5 H & 2 4 SFPN $F1E B @l & 0 0%, fay
B X R AF P AT A AL A, an &l 4 TR o S JE X H_2 A AR
#4> Backbone £5 I i 47 H B, BRI /- KM HEBI R 0k 5
g,

# 5 ImageNet Bin 5 b 73 2800 A A AL

Table 5 Comparison of classification accuracy on ImageNet dataset
Backbone Top-1 Top-5
ResNet-101017] 76.3 91.5
ResNet-15217 77.1 92.1
Darknet-53"1%] 77.0 92.2
H_2 77.3 93.4

M1 5 AT, AR SCI Y H_2 19 Backbone, H R iF 42 B
B PEREANE R T T 2 iy 5k 22 N 4%, it T YOLOv3 Hrfi
H Y DarkNet-53,
4,2 H_SFPN H#R#& M L8

A SC Y GR B0HE 4R MSCOCO % s 427, 18
MSCOCO2017 %4 & b 3k 47 U1l 2k Fn i X, 1% 8098 & 1 &
118000 fF 2K {5 (train2017) .5 000§ & IF ¥ % (val2017)
H1 20000 15 2 FEIH FZ (test-dev) .

S SRR 4.1 %5 (% Backbone I K ST . A S TR Z K
P4 R T B B R A R RN TR 416 X
16, %3 RYAE B E H 0. 003, % 85T Bk, 547
1000 K%L (Tteration) , 2% > FHE T [ 4% . Batch size K
AN 1, 3R A A AR U AR B — o I 2R — Tk ER
BRS056 28003k 6 Jirdl,
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Table 6 Experimental parameters

Name Parameters

Size of image 416 X416
Initial learning rate 0.003
Decay iterations 1000
Decay 0.96
Optimizer Adam

Batch size 1
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WRRAT IR, EART R T, R B & RN T 1 R (E B
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A
Kl M8
! K sk
3
05
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W SHEE
Fig. 10 Convergence comparison
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Table 7 Comparison of several object detection algorithms

Method Backbone FPS AP AP, AP AP APy, AP,
Faster R-CNNL ResNet-101-FPN 10 35.8  61.5  40.0  21.3  36.2  49.7
YOLOv3H) DarkNet-53 31 30. 2 51.9 31.3 14.1 24.8 41.3
CenterNet- ! Hourglass-104 14 43.3 63.2 50. 7 25.1 44, 2 51.8
EfficientDet-Dol 1?7 EfficientNet-BO 47 30. 4 52,1 34.7 21.8 38.7 48.3
EfficientDet-D11%] EfficientNet-B1 33 34.6  57.3  37.4  23.2  39.5 19. 8
EfficientDet-D2l157 EfficientNet-B2 31 38.8 60. 1 44.7 27.6 41.1 51.4
EfficientDet-D3 1! EfficientNet-B3 28 44.1 63.5 51.2  3l.4 453 55.6
H_SFPN_r H_2 5 40.1 61.3 45.8  31.8 42,4  52.3
H_SFPN H_2 35 41.3  62.3  46.1 32,7  42.8 526

TE# 7 %, FPS(Frame per second) £ 75 £ F0 46 1l & 1% 1)
WKL R S M Y B 2 8. AP, APy, APy, AP, APy
APy R MSCOCO H4i 4 v EHG 1 B Am G I oE 4 14 19 3740
F8hR, Ho AP (Average Precision) iy H A & I 1) 57 15 84 J&
AP, /N B AR g w UOKG BE AP, g ok B bR R R IAT BEY .
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