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JE4E & Bi-SSD A LLJE 441 SSD #3545 5 AF ok M k. 3B VOC2007+2012 I Bi-SSD S mAP $8brik5] T
78.47% M1 SSD BIEARTL T 1.34%, 7 COCO2017 LBi-SSDBVE [ mAP ik % 26.4% $2T+ 7 T 2.4%.
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Small Target Detection Algorithm Based on Bi-SSD

WANG Neng, HU Jun-Hong, LIU Rui-Kang, FAN Liang-Chen
(College of Physical Science and Technology, Central China Normal University, Wuhan 430079, China)

Abstract: Aiming at the difficulty of small target detection in current target detection technology, a small target detection
algorithm named improved Bi-directional Single Shot multibox Detector (Bi-SSD) based on Single Shot multibox
Detector (SSD) is proposed. This algorithm designed a small object feature improvement module fO; the shallow features
of SSD. In the classification and regression parts of the network, a 6-scale Bi-directional Feature Pyramid Network
(BiFPN) is designed as classification and regression sub-network according'to multi-scale feature fusion method and
BiFPN structure. Experimental results show that Bi-SSD has bettér detection performance than the original SSD on
PASCAL VOC and MS COCO object detection‘datasets. On VOC2007+2012, Bi-SSD achieves 78.47% mAP, which is
an increase of 1.34% compared to the original SSD algorithm. On COCO2017, Bi-SSD achieves 26.4% mAP, which was
an increase of 2.4% compared to the driéinal SSD algorithm.
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75 LA AR F5 BB 70 R R 6 B itk b, RSO L
By Z HAsHI 2% SSD (Single Shot multibox Detector)[m]
SERHR T BN B bR 0 SO R, XA R B2 H
FrAG I 2% Bi-SSD (Bi-directional Single Shot multibox
Detector). Bi-SSD #87E H Anfar il 2 H 4 PASCAL
VOC2007 test 1 MS COCO2017 test k43 5%+ R 45 1]

SSD EVERAE T 1.34% F1 2.4% Itk ReseFH. A E. |

HTAEASE: ARERIEm W E T H ﬁﬁ?ﬂﬂj’?ﬂﬂ
g, SE5R T 206 T2 At R R SRECRE 1 5
) R AIE 4 715 W 45 BiFPN (Bi-directional Feature
Pyramid Network)!"" ?%T@ﬁﬁﬂﬁ? SSD 73 A0 1] 5 5 43
R 28 2k, Wit 1 6 ROBEXU R RHIE Rl G 1k, 4 2 R
FERFAEBEAT PR OCRRAE G5, 20 38 00 T 3 2 R Ak 1 1
AT BANRZ M 2 401515 B

2 SSD Bk

SSD W 2% 5 — M vy 21 3y 10 H b kG A RS DL
VGG16M" IR R4, ML L5t & 1 s, VGG16
W& 0] 438 7 #4, 8 5 #4 Convl~ConvSs FEEH
USRI R, B )5 B9 FCo~FCT N A% 2.
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Small object feature
improvement (SOFI)
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| Multi-scale feature fusion |
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SSD W% RIERHE EE St 2 &R, 3%
FRAE$E U RE 71 AN 2, BRE & 7 WM 4% FPN (Feature
Pyramid Networks)™ 45 Ky 2E40 1 2 2 7, B0 7% 2
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Multi-scale feature fusmn:

Kl 4 Bi-SSD 4325 [a] )7 /A 48 45 4 1]

4 SEIGIOIES g5 R
4.1 ZBHWESVNESHRE

N T Ml Bi-SSD Fk I 14 g, A S B TE
PASCAL VOC 2007+2012 Fil MS COCO 2017 ##54
X EIEAT T IR, VOC 2007+2012 344
ALEH DL 20 9335, 3t 21503 R, Horbilgse
16551 5k, MKEE A 4952 7K; COCO 2017 Bl bk
4599 80 MK, Sorh il et e 0 338 002 A
Fr, DR IL A4 14408 5KIETH, COCO £ de i
FEASHOHLIE AR, L AN 3 AN RS, D7 VP F A
GRS R SF B AR AR A

R G #E i, A AN R RSP E A
300, batch size 4 32, #IUH2E 21 %N 10-3, AL EE
PEBEMLAS T %7k SGD (Stochastic Gradient Descent).
7E VOC #¥i4E EIIZRET, YIZREEN VOC 2007 train Al
VOC 2012 train, JUREE A VOC 2007 test, EFRIKEH
120 000 ¥, 7EHT 50 000 IEARIEFEH, 2% 2 RARFFAR,
MEE 50 000 OEARTT AR, B4R 10 000 11, 5 > 2841
f£ COCO H#fi£E EIZRIN, YIZREEN COCO 2017 train,
MEREEA COCO 2017 val, EARRELH 400 000 X, 1E
Al 120 000 KA FEH, 2 2] RARFEAEE, A 120 000
UHARTT 4R, FHEA 40000 K, 2 >1 R IRF.
4.2 ZWERTHR
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SRkt i 5 prow, B s SSD Al Bi-SSD
A5 % Hh 2k, 3 e T A A B A5 49 9l Sl oy A Ok, Bl A
R R AR S N A AT )l i FE R, Bi-SSD AR

YR 43 2 45 5 A0 B A 452 2 255/ F- SSD B A DL 3
RUEH] T Bi-SSD R AYAH L SSD A5 7Y B /b 1 B iR A
OIS, 7 54 ) VR ) A 58 AR R 12

6 3.0 9
s |
5 2.5 7
4 ) 2.0 6
23| S BiSSD £1s 25 \ SSD  Bi-SSD
| 3 34t
2 1.0 3L
2L
1 0.5 1L
0 . . . . 0 . . . . 0 . . . .
0 10000 30 000 50 000 70 000 90 000 0 10000 30 000 50 000 70 000 90 000 0 10000 30 000 50 000 70 000 90 000
Steps Steps Steps
(@) ik (b) [ J-145 5% (0) MtEH R
¥
5 VOC %t e IZ5dm ok ith 2
SSD. SSD+SOFI. SSD+BiFPN #l Bi-SSD #%: % Re 1A BRI

1E VOC Fi e s o5 R s 1 Fis.
21 PASCAL VIOC2007 test Z#E4E F A I 45 5

o
BH mAP 0 bicycle bird  boat botfle  bus
plane
SSD_ 0.7713 0.7991 0.8401 0.7613 0.7112 0.505 0.8426
SSD+SOFI 0.7760 0.8203 0.8429 0.7714 07096 0.5107 0.8438
SSD+BiFPN 0.7835 0.8150 0.8438 0.7571 0.7066 0.5441 0.8625

Bi-SSD  0.7847 0.8105 0.855 0.7725 0.7206 0.5397 0.8527

5 car cat chair  cow dining- dog  horse
table

SSD 0.8624 0.8775 0.5962 0.8274 0.7636 0.8563 0.8606

SSD+SOFI 0.8632 0.8758 0.6219 0.8479 0.7715 0.8538 0.8622

SSD+BiFPN 0.8630 0.8794 0.6207 0.8554 0.8037 0.8657 0.8810

Bi-SSD  0.8666 0.8851 0.6091 0.8604 0.7747 0.8684 0.8711

» motor- otted-
FEEY . person P sheep sofa  train
bike plant or

SSD 0.8366 0.7865 0.5069 0.7716 0.7881 0.8674 0.765

tvmonit

SSD+SOFI 0.8315 0.7870 0.4929 0.7805 0.8005 0.8633 0.7700 |

SSD+BiFPN 0.8459 0.7936 0.5087 0.7877 0.7983 0.8492 0.7878
Bi-SSD  0.855 0.7994 0.5198 0.8002 0.7949 0.8658 0.7724

®

N

42 1 f SSD+SOFI fil $SD+BiFPN 73 7 Jy {4
SOFI # B 4 801 BiFPN HiB ) SSD . &5
SSD #i AU A LL, SSD+SOFI. SSD+BiFPN. Bi-SSD #
RULEMREE VOC 2017 test (IR I MERE XA BT T, B
H A ME P8 mAP (mean Average Precision)
RE TR T 0.47%. 1.22% 1 1.34%, HAEHRH
BN B ARSI bird, bottle 25 194> 28 REA b, Kl
KRS HE Tt

DL 25 308 T SOFI A Al BiFPN #iHuxt /N H
PRl (A 2. 5 SSD AR AU AR LL, [FIR B A5 SOFI i
HLF1 BiFPN B Bi-SSD 45 7Y %k /IMAFL H b iz )
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6 #& SSD A FI Bi-SSD #A7E PASCAL VOC
v EiE S [ SR L ol AR O N = & ol P e
BT, {27~ 7% “person 28 ) H bR AT IS5 5K, 3 AT v
MBI 43550 2 S, SSD AR AL AR I 45 SR AN Bi-SSD A
Rz 5L, Wi fr A B AR/ B F, 1R 2 Bi-SSD
BRTE/NHFR 5T, KB IEREAE 2, A ¥ &
[ AE 2R A 4%, S 48 BUIE B Bi-SSD %/ H bR 1)
AU A SO T SSD BEAY, pl T e B ) 3 B A B
SR AU R IR, ALY T BigSSD MR G tE 5.

SSD. SSD+SOFI, SSD+BiFEPNF! Bi-SSD #i 7!
7E COCO Hiis 48 - IS 36 46 S 2% 2 o, 3t mAP
@0.5 A" mAP‘@oﬁs ARETIAE IEREASE H L (ToU)
SRS 519 0.5 1 0.75 IR0 F 59 6 - Kt mAP@
0.5:0.95 NIEFEA ToU BIME 4514 0.5 22 0.95, LL 0.05
R[] B B T A7 35 4~ 3500865 FE ()P 39 MB. /£ mAP@0.5,
mAP@0.75 F1 mAP@0.5:0.95 3 A~ 45#5 L, Bi-SSD
357 %1 SSD. FLIRAN RS H AR A I 45 5, Bi-
SSD fE/N H1y K 3 MRS s A AR Hhokar - S5 kG
FE AP 437924 0.084, 0.288 1 0.43, FHEL SSD 43 Al &
T 2.4%, 3% 1 3.1%. XF T 5 4h—ANHRhR P35 1 2
AR, Bi-SSD BELE/N, 1, K 3 FlURSE B RA IS S o
A28 0.129, 0.417, 0.569, 5 SSD AL AIFE T T 2.9%,
2.9% H1 2.1%. SSD TEALES I SOFUE B 47 0L T~ , X /)N
H B 81 35 K FE A0 73 H [ 2 53 42 T+ 7 0.9% F
8%, TEA S N BiFPN AL E LR, & RUBE P3G
JE RS- 3543 Bl 3 B Tt
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B 6 SSD 5 Bi-SSD &l 45 %t L

%2 COCO 2017 test B 4 b HA6 ) 25 5

Avg.Precision, loU Avg.Precision, Area Avg.Recall, Area

B 0.5:0.95 0.5 0.75 S M L S M L
SSD 0.24 0.417 0.245 0.06 0.258 0.399 0.1 0.388 0.548
SSD+SOFI 0.24 0.419 0.244 0.069 0.254 0.396 0.108 0.379 0.537
SSD+BiFPN 0.263 0.450 0.270 0.083 0.288 0.434 0.128 0.417 0.576
Bi-SSD 0.264 0.451 0.274 0.092 0.288 0.43 0.132 \ \‘.419 0.574
% -

M mAP@0.5, mAP@0.75 F1 mAP@0.5:0.95 3
PR BRI 25 S A T LU Y Bi-SSD AU A SSD+
BiFPN & (46 4 f b 44 T SSD B A, SSD+

g

SOFI 5 8I7E /N H brksr iR H AR T SSD AL XA [F)
FGH BRI SRS BRI R 71 3 B T BiFPN
BB SSD BERUG R R SFE b7 K5 00 il 779
ST, JErto /s EARIOR IIZS ST ) SOFT HiBfd SSD
BRI 25 5 S S I H / B A, LGS B AR (S
SEONERS. LA 2 BT U B BiFPN AR SOFT ik i)
AR, 5 SSD AR, [FIT 4 SOFI A4 Fl BiFPN
BEH 1) Bi-SSD A AL/ B AR 1R U #E /) 5 5.
LG LA b 2 ARG 25 A mT A1, Bi-SSD A AH L
SSD 52, Rl e WEEAR A5 FreTt, 3 B/ B #,
LSRG RIE A A 7 F, Bi-SSD Hik A B3R
Fh. VLRSS T, AL SSD A FEAEE ) Bi-SSD
SERSEARAL T AL /N H BRI BE .

e

5 shibLRE
\zlxi L SED%EE&%%%, Bt T —F#i AL One
~Stage' H br G M B Bi-SSD. 7 3¢ [ 5 i AR 2 N $2
FH/N B ARFHIESRECRE /) B2 11 (1) SOFI B 2% BiFPN
SERJBLTE I RHIE R & S5 A, X A3 7 RFAE
SRR ST 22 ROBERFAE & A A BEARAL T B /)N
H AR BE 77, $&F+ 7 458 AL AE S bR 82 3 55 o 48 F A
. 7ELREE SSD Sk AN 4% VGG-16 [ & A il
N PN, 725 H AR EdE 4 PASCAL
VOC 1 MS COCO E¥JHufd 1 ERERIF2 T, fE/N H b5
R T I B L A P SR AL S (0 A N 4 R AT
FEIESREL, BRI M RE R 1Z I A $2 T+ 4 b, 1 H. SOFI
BEHUFIRHAIE il & BB 1 AR SCH H I S5 K 4, 3 AT A
R A 7] F Ak Do) 24 S5 BE 22 (R 285 4. Il i B A 1
(1) il X 4 A1 5 22 DG G ) SOFT A e R i [7) Al e
W A2 LS I TAE 7 ).
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