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Target detection under complex background based on deep learning

WANG Hong-mei't, WANG Xiao-ge®, WANG Xiao-yan'

(1. School of Astronautics, Northwestern Polytechnical University, Xi’an 710072, China; 2. AVIC Computing
Technique Research Institute, Xi’an 710065, China)

Abstract: Object detection is an important research in the field of computer vision. Traditional target detection methods
spend a lot of time on feature extraction, and manual features are not robust to the problem of diverse targets. Deep
learning technology has gradually become a breakthrough in computer vision in recent years. By using the classical
convolutional neural network VGGNet as a basic network, a network framework for target detection is built by adding
some deep networks and combining with the SSD (single shot multi-box detector) algorithm, and an algorithm of feature
fusion based SSD (FF-SSD) is proposed. Aiming at the problem of sample imbalance during the training of the model,
the original loss function is modified according to the principle of hard example mining. The background is regarded as a
simple sample and a modulation factor is introduced to reduce the proportion of background loss to the confidence loss,
which makes the model be trained more fully and converge faster, and the target detection accuracy under the complex
background is promoted as a result. Meanwhile, for poor detection effect to small targets of the SSD algorithm, the feature
pyramid is constructed according to the feature maps extracted from each convolutional layer. Appropriate feature maps
are selected and fused to form a new feature map for the prediction. The semantic information fusion is strengthened to
enhance the detection accuracy of small targets in order to improve the overall detection accuracy. Experimental results
show that the proposed target detection algorithm can achieve high detection accuracy for all kinds of targets in the
complex background.

Keywords: target detection; deep learning; SSD algorithm; complex background; hard example; feature fusion

0 3 = A 0 — 0 T 9 30 1 [ 00 5 5
SRR R0 FARR R TS sk PR R DA TR P TGRS T A RS
Aoy BB UL £ 5000 F R R LA R PRSI A U 1 6 R . TR, TR 2T £

Wis B #: 2021-04-21; FA BHA: 2021-07-30.

HEEWH: HEXERRPARESIH (61771400); BRIG4 H AFT A THIIH (2020GY-014).
RERE: HEW.

VA IAA/EH. E-mail: haipw@nwpu.edu.cn.



3116 # % 5

xR ¥37%

HAs A 77 V5 TF 86 52 B)NATH T2 k3. IR 2% )
T Re v Ij Al S8 N T RURFAE B8R A, O R 2 2
FAE H AR B FERRAE, BTt ge i 5, o7 DA &L
P H BRI ) A 1 AN e e,

FEVR FE 7 2] B bR Rl B8 vh ) BT AR ML 2
Girshick 552 2 H 11— R 41 B b il 2035, Hor iz
{E 72 R-CNN (region-convolutional neural network). %}
Xf R-CNN I Zi I A3 A< ) 1] 2, GirshickP) 3CHR Hi 1
Fast R-CNN. 55 R-CNN 2111, Fast R-CNN & 24 % H]
selective search™ A= i fi i [X 35k, {H 52, 5 R-CNN#2HY
BT i 3k X 38 A8 SVM 43 J5 1) 77 ¥ AN [, Fast
R-CNN 7E % 5K [&] /v b s I CNN, 48 J5 {8 FHRRAE Bl
$& B 1 [X 45 (region of interest, Rol); [7] i+, F1] A
S A A% 35 X 25 336 AT 2 RN B 3% 7 AR il
FE, T H B Rol 48 )2 Fl A FE 452 2, {849 15 28 ]
KT, A Z )2k Ren 55 X HE H T Fast R-CNN [
T+ 2% i X Faster R-CNN 5%, Faster R-CNN A& 25 —™
LI R S b B v 1R 9 S IR B 2 2 H ARSI
4517 Faster R-CNN 5 K I AIHT s AE TR0 1 ik [X
A M 2% (region proposal network, RPN), 311 T
anchor HL . M R-CNN %/ Fast R-CNN F. | Faster R-
CNN, i 3 X 3304 il FFAEFR N e B bl LL &
121 FAE A AR [ U 43 12 T 4t — B[R] — AN 28 HE SR .

[FR A B TR BE 7 S W B ARSI TV, ) — MK
J& 43 3O BT BIA ) H bR 7 . A B 2 1
Redmon Z501 $ Hf T YOLO (you only look once) 5.7,
FORZ 0 JEAR R Al F S 5K R A I 2N, LA B
H 2 H R H 2 HE AL B BT R 2. e il
SRANE DN 35 7E B ) 9 28 b AT, BUAS T R0 I S
I Aar I R . YOLO J7 ¥ 45 3¢ 1 X ek % ade M2 i B,
PRTH E, H R T8 A A 53 SR BE RIS, JC 0T/ H bR
DA K LU 30 £ 1) B AR R I AR AN BRAR, 4 [H] 25
fi. 2017 4F, Redmon 5517 342 1 B A K i 34 i 8
R RSIIAR FEE S v AN AR A 1k BE 95 X YOLO v2. Ju 58]
WA YOLO v3P! g dikfi, 32 7 —Fhekit i) 2 RUE H
FREII 9%, PASCAL VOC RIKITTIHHE 5 1 (15556
SRR TR SR A RO, BT A I 4 AR Y
TE S PET7 AR AE A 2, He S5O 2 1 Sy 1 B
Fr A8 U A 8 TE-YOLO (tiny fast YOLO), 1/j BL45 3%
B 2 SEAAE 2 PP o6 AT SIS B A

BF X YOLO B35 58 A K BEAR 1 1] &, Lin &1 42
1 SSD 52, 1% B Se AR ¥ 4 A (anchor) $2 B & i
HE, S8 )5 R EAT 4325, SSD B YOLO (1) [7] 5 S AR
L Faster R-CNN [ s WL AH 25 &, — I BT AT 56 1

25125, I HLE ALK BE AN 43 2845 BEAH EE YOLO #R8K
M 5 42 51, Bosquet 121 3 7 — B T ieidt SSD AR
7 ¥) SAR (synthetic aperture radar) H FxFa I &%, 1
HA5 R W] AZHE T DU L 15 5 T SAR H br
i salll}

SR SSD HIA e E B 5 E Mg 1w
1) Y fR 230 AR A 1) S B R, E R 1 VR A A R L)
WVT AR T R8I SRR A AN S5 18 e s R () 1) A, A7 A [A]
IXR] 28 5 4] PR R B T 51 62 PR /0 B B R R 82 AN v 14D )
T TR RE AR o L I T SRR AR SR AT I i, AR SRR T
PRI SHE R A 2 418 5 28, 72 457 2K ek B0 51 N 61 R B
X MG JZ 18 XAE BB = B S B0R /N B Al 45 2R )
B ) 8, SR BN 22 J2 SRR R R A (10 5 40 o DA e o, B sk
AT TR 2 H S8 HEAT e SRR AE B ) R, 38 2 A2 11
T UE B DU RE WSS /> B AR R RS 2.

1 MR
1.1 SSDM4gLs#:

ARSI DA A% 5 (4 B Ak X 2% VGG16 (visual
geometry group) Al IS IR JZ 346 A W 4% 1M 1)
B8 S 23 3 2 0 28 SR F A AR A 22 19 2% 2 B ] 45
fEMOL IR N Z . BRREM T R, 580 %E
W2 B ZARE B aEEE. BERERNZ
JZ 385k, 73 AN A7 BALE 2 RBEARHIE B E5E L.

1.2 SEWHERT

SSD [ 45 B 1R 1) 22 N4, HAZ Lo =& 0N ]
LG B 3 BRI B A%, A5 FH L T RFAE S
1/ NG AR JE D 2R I ERA I A AE. SSD fE % 1 Faster R-
CNN ™ anchor [ H &) 7ERFAE B i B AR v 5
A 7 5 A BRI e X8, T R T SR SR AE ML) d
N EEAN BT R B R B K T EEAS R ) S SR A
(TREIN £y 321 T AE A DA I 26 5 56 A Dy L v 1) i A2 22 20,
E— R B> 7 INGRAE B 5 T RS oo ) &
AN I AE, FR Y H — b ST RS DU, X R f i A
HE FH P8 23 R 56 1 040 2 & KA BAF L, 56
2B 5r A FAERI A B, A5 4 ME (e, cy, w, h), 5
TR I FRE I R0 AR DL 8 AR BT AR B AE
FERE R 25 2 Fih O e, IR AE 5 B AR X358
A ORI L SSD H A R AL E 5 2Kk
it 4N B R IES L (de, dy, dw, dh). SBIRHES
T3 A S 5 R B SE AR X SR AR A
1.3 SINEHIEF R K &

172K R SR T B TUNAE 5 B S A —
BUREE. X TREAIE S (x,y), A ORI Z ALK B
#( (multi-task loss function), A] PATE #5120 5 B%
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LA R AL B [l U1, 7 LSRN, 75 3 i 2% 1
AE TSR GN

1
L(w,c,l,g) = N[Lconf(xac)+)\Lloc(xvl>g)]a (1)

Leont(w,¢) = —( S abloge) + Y logte )):

i€Pos i€Neg

(2)
Lloc(aja lvg) =

N
Z Z xf;smoothm(lz” - 97"). 3)

i€Pos mé (cz,cy,w,h)

SSD BEAES RS, By B HE 7T LA 2>
IEFEACHI SRR A 28, RIZE T A 1) SE Al v, S5 84
PR A B K EE 28 0 (A N IEAE AR, 50 & 551
HE P B 28 R T 5 — B I, B N IEARE AR, A o 1
FEAR. SR, AR 2 BB, H AR BT & 1 A7) 38 5
ANT SO 7 EO AL R NATTRE BRI 3% % LA OE £
FEA IR B bR AT I TBOR (L ATY SRAFAE TE SR AAN
o)A 1) ) R, AL R < S kAl 7 3 SR A S 2
25 5 1 R AR AR R o B I K, 3T T BOEAEAR I 15
FEF A WG, AR TR RIS S

DN bR ) R, AT SR A B Al 2R e S
MEREAT HE P, #2218 BAS FEAF 015 LR BN HEA1, X
BT DU 73 2 — N IEREAR, FeAR N ORE AR, R/ 7 A
FC B SRS, 78 S48 2% R B b 5 ) N IR 1) T, 464 o R e

FEAN ZH ) TR
XFF T R I R[] A 1), 453 5K bR B
Lee=— log(p) )

Hrp:p e (0,1) H L., € (0, +00), BEARK FMHEF X
TARFHE ) BAG L. p R, Lo BN, Ui B BT Il 25 11
FEARRZS Ty, V2 FF AR 25 5y Wl TR R a1, DT S5 4 2
BB DTRR RN Sz, p IS, Lo BROK, 6 BT I 25
R A 0 DN K, A2 AR AN 25 ¢ TE A 1R 1), AT Xof
RAE R TR, BT REE SR E A S
FEAR, 1K LG A S N, 451 2R AR FHEBUR, BUA AT Beid 1%
CRRRAE . TR, AT (1 — p) MR VIR IR, I
JEA 5SSOI Ok B Kb TR A5 R U4 ARy
L, = —(1—p)log(p). )
MFEARNE G FEARRE, (1 — p) /N, 1 RAE ST
JEHERE |3k — 25 4 B AR, 1% 508 5, 4 AR 1 7
JE AR AR, AREA N R MERE AT, (1 — p) O, 9
T PR M, A T R A 5% A, 3K R 4D )R] 5 R AR
RARRAEAE — 5 FEFE L ke, b B sesl 7
MEREA A2 3.

Xt T2 4325 1) 8L, AT AR R A A XA 30 0% pR AL, X
BIE T p I BUE A 5 B sigmod B B8 51 4 A8 BT
5E X, T A2 K FH softmax B8 HUR & X %48 &, XK p
I EI S g Sl

—(1—p)log(p),

L, =
p = softmax(x) = €% /Z e"i. ©
J

14 SINFHIEFERIEE R R B R @R R
HES
N T ARSI T )5 4 5k o8 £ e i £ i
A AR BRI, T T AT 458 25 R B8O I 1 A B 1) 4% 3k
T BB AT AR T A KT

L, = —(1—p)log(p). @)
A 1378 BAREIZEA (¢ € [0, 20]), M5 K B HCAN
L, = —(1—p:)log(p:), (®)
OL,(x,t)
81171' o
a(— a1
- ) og(p) — (1 - p) - TP
9 a1
log(pt) ’ a(it) - (1 _pt) : $~ 9
g o2 g 1B 4

opy 0 e"

6$i N 8!21' Zemj B

J
e Zezi —e"t.e™
: =Dt — ]9?7
Zel’j Zel’j
J J (10)
—eTt . Tt _ )
Zezj Zemj Pi - Pt;
J J
dlog(py) 1 Op;
dri  p Oxi (ah
B A0 RN A1), T4
dlog(p,) 1 9Opy 1 0 e
o
J
1 9 .
Ejm—pd=1—pmz=ﬁ
1 (12)
—(=pi - pt) = —pi, i # .
Pt
FXA0) M (12) RN (9), /I 15
oL, (x,t)
Gxi o
k%@ﬁ'iﬁ?—ﬁl—pﬂ-agiM):
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log(pe) (pe — p2) — (1 — pi)(1 = pe), i =t AR e, 1Kk 7 B B R B AR U0 ) A AR, BT DL
{log(pt)(—pipt) =) (ep) i £ = R RS R S R RIS RUE B S 1) A R e 2
ARG AL 7, A SR A AL 3R 2 S B AR
{—(1 —pi)(1 = pe — pilog(pr)), i = t; 13) SR AR
pi(1—p)(1 —pr — pelog(pe)), @ # t. 23 ZRE{FERLE LN

2 ZERERE

SSD M 4% 2 55 43 AN € A7 [B1 VA 1) 22 22 JZRFAE 1,
X BERFAE ] 5 4 3 45 M. T TS 8] B A AR AR AIE 42
I B B AR, B 45 AR SCRT I TE B 22 2 RFAE
Rl A
21 BEgsFESHHIeFE

12 B A A, 22 8 B 22 ROFE 0] R, 8 R
BG4 - 515 FIURRAIE 4 - JE U1 [ 07 32, Rk &
o B & 0 R R Tk, & R B AR 1, 7E 4
HURFAE B B I 98/ 7 BEHR RSE . — B R s 4
LRAEAN R R 2, Fo1E SUE B AN R UL R4 4
FIE A EREE A 38 E UE B EE, iR
s 4 7 38 T I A B ARRAE 1, R BE 2 R is L, I
HrAaR 2 TURE B, Gt X Rk B 1 2 Hr, S50
SE A% H conv4-3 2 J5 40 FEAEJZ FH T H FAss .
22 EfgRER

AN [E) 5 AR 2 BVRHAE B 35 AN B RS, BB, 7
HATRAAE R G 11, 75 ZERAE Bl A RRAE AT R

SSD M 4% 43 HI4E conv4_3 & convll ] 6 E4HFAE
B k4T 4325 [ H, BI46E F conv4_ 3. conv7 . conv8_2.
conv9_2. conv10_2 Flconvl1_2iX 6 ZHFE K174
I, B8R BRI BT P A WU o 5/ B A, T 587
FRVRFAIE B B 3 A AR Y B At

T8 0 A A AT AL S5 B AT LU R AE 2
conv3_3 H TR LR, W45 B UL AE BART-HUE
BBCONI R convd_3 Mconvs 3 ERNIEEL G TH
KRECH 5 BRE B UAAh, e & 7 3 2 M 508 UE
T B IR A conv8 _ 2 Al conv9 _ 2454 2, F A K56
JEAE 2 LA S BT E R 13X T/ B AR sl
RCRAS AR . Wi hn DAg &, WACE 0 1 k5
&, 1 o TS S s R R4S B a8 T A B .

g5 b, BT SSD AR H 2 & J2E R AIE R A
H Aw, B JE 4% 1R SUE B AT S BN/ B Sk iileg 22
ER B T A8, A SR B il 33 2 AR A TR, I e 78 2
AE B 18 A5 S, BIIE R conv4 3 F] conv7 2 [A] [ 4F
1k EIEATRHE AL &, 2 R FFE A S5 1 1 1 s,

4k

3
{IEA

512 512 1024 1024

m
il

512 256 256 256

1 ZEFERMAEH

R Ik 1 PR a5 g 22 AT A R i T 4 1B AT [
i BT R AR AN S B E N 1R A s TE A,
Y483 PR A B ORI A GBS0 3900 1 i s
LR A5 B AT BN, [ 7 B 76 2 AR N2 e B
(URF AL AR, FREEAT R — 2B B RERAE. 20519
KRR R YR, R 2N T84T HEE R,
XX & KR KRR A 2t 1. B, R B T
AR 7 Z I N AR S5O /N T T8 RIE, 1
THE R /N T EEHEGE. B bL A S R A B T
FATIE AT R OE B i A

3 iRk
3.1 SREBIES

7 30K I PASCAL  VOC %4 £ (VOC2007 Al
VOC2012)21-22V G AT YIS ANI, % E s L 4L iR H
FrEAE X3 RAR%E . B8 HARMEUE. FriE g =
KRR R T8 k. 23R R S35y 44K
2K: vehicle. household. animal F1person, 3£ 214~/
FEFEINE =), 05— B 7 s 300 300.
32 WEMRELNTANERR

FEXF B brar A A 53547 43 B PEAN o, AR S A A
N FESEY P A P 2408 1 B 2 {8 (mean average preci-
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sion, mAP) X £ B 347 PP R 1 56 45 R i
(precision) Fl1 7 [ % (recall) FH) 58 X, M 25 H mAP f)
T Ze R FaAE A IEREAC R IR H AR I B
9], 16 B 1) a2 A v 2R A [m] 2R 2 AR AE T A LS H AR
Hh Bl AR T RS DU H SR ) E AR BT o R BB i
feR, it A5 0N
TP

precision = TP 1 FP’ (14)
TP

Recall = ——. 15

T TP EN (1>)

Horbr: TP RS E Bk 1) H FRN4, FP OB AR A e
DU H F5A2, EN O ASRAS 1) 1A H AR 4L

DA [ 26 g i Al b, DAVEERA 22 N AL bR, — 35 T
FS IR H 2R 9 p-re 1 4, FH SR S 7 v I ASE 2R 7 o 2
5 Bl 2 (B P p-r #IZ6 T BT AR 12K A0 1)
V15145 £ (average precision, AP). 1E £ 28l 432 il
TSRS 50) AP 1) 35 48 R T S5 A5 2R R A (e s
PEReTE bR, HOt E W T

1
AP = jo P(R)dR, (16)

1< 1<t
mAP = E;APi = C;L P(R)AR.  (17)

b e O HbRAS I ) 200 K, AP, AR i R H BRI
VIS L.
33 ZWERSHH

DRI R IR 4 55 2R (1 Wi SRR BE I T I 4% 1
A K BN ERIF I VGG 16 1F N T g Y, 5 4 H
FrAsrill R &5 AE LR b AT o I 2R BRI T AR SR
FH BE LS FE R By b AT A AR AL, B8 W46 2 )
N 0.001, BUE ZE IR M 0.000 5, 4 0.9; B A% K
/N 3%3,10U % B M 0.5; % H Pytorch ¥ & % 2] HE
2%, Python iR < 4 Anaconda 3.6, SE56 4t — & 7 #AE
300x300.

#1254 7 Fast R-CNNPI,  Faster R-CNNPI,
YOLO'!, YOLO v3l, SSD300!!!, DSSD32112% L &
AL H Bk iS FE.

#1 TRBFRMEER MR

H Al i B4 2% RS =S PN mAP/% THDIHE £ B

Fast R-CNN VGGNet VOC07+412 VOC 2007 - 70.0 -

Faster R-CNN VGGNet VOC07+12 VOC 2007 - 7322 6000
YOLO GoogleNet VOC07+12 VOC 2007 448 x 448 63.4 98
YOLO v3 DarkNet-53 VOC07-+12 VOC 2007 416x416 75.4 10647
SSD300 VGGNet VOC07+12 VOC 2007 300x300 74.3 8732
DSSD321 ResNet-101 VOC07+12 VOC 2007 321x321 78.6 17080
AICE VGGNet VOC07+12 VOC 2007 300x300 78.1 8732

ASCHLTE LA VGGNet g it W 4%, FLAE A K 52
75 THI %5 Fast R-CNN., Faster R-CNN. YOLO. YOLO v3
H1SSD300 ¥4 A 1 34, 15 /& Xif bb & fifh W £ 4 ResNet-
101 /) DSSD 531 &, 46 FEAS A T B, F 2R 2,
VGGNet /28 55 3, 111 ResNet-101 & JE 5 1 /9 %, k4]
25K, H PR AE R BE 8 BT 47 b A S B LE O, R A
TUKS BEBK .

B 7 ARG b, B 1) 2200 B2 02 B0 B v i 7R
T FE [ ) 51, [A] Fast R-CNN. Faster R-CNN. YOLO.
SSD300. DSSD321 Hik Kz 17V & 5A L HIEAR
[], T DAAS SCFH Al 2% 1R SR 400 Rl 2% T o5 73 A7
(R /I (DX 8% 2 250 R T A F 0 2 e Al AN () vk
FIE 7] 52 2% 2. GoogleNet®*!. VGGNet'®!, DarkNet-
53171 Fl1 ResNet- 10120 1) 2 H 53 ) N 22 2. 192, 53
JEFI101 )2, EATHT S IR AE 5 1108 99.8 ML 82.1 M
30.8 M A1 170 M.

— I E, EEGER 2, B o AR, TN HE £
22, U1 SR B (R I TR 52 2% B . AR 1A Bk

BRI 28 2500 LA H, YOLO S35k i L i 44 1) 2
BN (5 A 77 8% 55T VGGNet, 1B 2 TRIIHE B 450/,
BT DL 58 2% B K. YOLO 3 il i i) 7tk X 4%
J& DarkNet53, 14 B8 7] LA 5 S0 (1 7 R ai i 55, (1
72 K] DarkNet53 75 %2 5/ (¥ fU18 5, Fr DARS [R] 52 2%
J& ik, Fast R-CNN. Faster R-CNN. SSD300 i1 4 3¢
BLARE F VGGNet 1 Ny L6t % 4%, Faster R-CNN ]
T AEE H50 8 A X A8 2, BT DA ] 52 4% Bt 451K, Fast
R-CNN K H 2 I B R ik, o R 0 2
o TR Ak 346 M 2 Bl 922 1 Faster R-CNN. DSSD 5
¥ A ) F 7l X 4% ResNet-101 [ /2 H0E £ T 48 3¢
JiIT K H 1) VGGNet, it i F () 9 A7 = H 87.9 MB, £ il
TUAE () %8 b, DSSD P 4% Lt A L3 %2 8 348 4,
I, DSSD Bkt 2 2% T de .

K245 HY T R [R B9 AE 20 A R3S R R 4 1)
E AR I 25 S S5 285 S AT DU H, AR S Bt

[y

bicycle. bus. car. cat\ dog. horse. motorbike. train 1X 8

e H AR N RCR B, B Ik 3 1 85% Ll L
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= 60
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&
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20
0 > & s 3 <
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m FastR-CNN = Faster R-CNN

Wik
SSD321

DSSD321  m A%

B 2 PASCAL VOC2007 & 2514 M 45 RxFEE

CEE R IAME 2 LLE W, A SRR 28R
il TR A RS FEE 35 R SR AR B R I, TR HL R e T
bicycle. bus. car. person & 421 5 T H s, M
LE T SSD M 28 4 45 BH 2, mAP 73 & 1 1 5.4 %o
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