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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 feature is not robust to the problem of diverse targets. Deep learning
technology has gradually become a breakthrough in computer vision in recent years. By using classical convolutional
neural network VGGNet as basic network, a novel network framework for target detection is built by adding some deep
networks in combining with SSD (Single Shot Multi-Box Detector) algorithm. Aiming at the problem of sample imbalance
during the training of the model, original loss function is modified according to the principle of hard example mining.
Namely, 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 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 (FF-SSD, feature
fusion based SSD) can achieve high detection accuracy for all kinds of targets in complex background.
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sk EAEH CNN, SR 5 {5 FH AR AR S £ U O R
X% (Region of Interest, Rol) 5 [AR, |/ mf&
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“k. 2015 4F, Ren'S Q. He KM LA Girshick R % A
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Ko BRI ZRARG U 35 75 B ) IR 28 Hh AT, HUAS
T (S RSN . YOLO i 35 1 IX 4%
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IRAEI ) 8, REX 22 2R A A S5 44 m DA ok, B
HEAT PO 2 BT S AT IR Z R E B kG, 15 LK
JZHE XE ., CAHABES IR SN B AR BRSNS .
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FKNPEGERE, B My RIAFENNE, F 4
MME (ex,cy,w,h), 53 990 3R 7R 3 FEHE ) HRC AR b DA K2
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AR PASCAL VOC ##fli4E (VOC2007 Al
VOC2012) B2 FEATUIZRATIN, 2 Elm S48
HAr B X, Kalbnds, B8 BRmEE, tniE
BEFNFNRER R Bk, %8s 5 83k s
4 A~ K2%: vehicle. household. animal Al person, J&
21 AR CEFE T AME RIS .. SLRg— KA
1% 4 300%300-
3.2 HMRENEN AR

FEXF H An A AR B FEAT 73 B R, AR SCfE
AN FRb5: FIIFE A B I{E (mean Average
Precision, mAP) XA AT VP2, N HISe s HivfE
2% (Precision) T RIZ (Recall) WIS, HEif
zi tH mAP 15 X

HER 2 AR AE A IEAE AT, IR B AR T & 1)
Lo, frEr AR, BRI EIRENA LR
HAnr, AR IEAAAS I H SR %) B AR P o i LA, i
EIREESR, HIHHEARXN:
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Precision = ————. 14
recision TP+ FP (14)
TP
Recall = m (15)

Horp, TP RO IERARE I H AR NG FP RS

RUES AR IN B H AR AN 8 FN B RN I IR H
P4
DL Rl Z ML bR, DAHERR R NP AR, =&
TE R ZRR A p-r #E22, FHOR s R AR Y £ HE A
FHNA IR A o p-r BIZT BTN 2255
HIF-22IKEE (Average Precision, AP). 1EZ %5452
H, SEE SRR SR AP I R SRR Y B AR
R RedE bR, HAHHEITEM R .
AP = jol P(R)dR. (16)

1< 1<~ 1
mAP =~ ;AB =~ ;fo P(R)dR. (17)

Hodr, o BRI SEANE, AP NE | EEFR
PRI RE L
33 XWERSHH

R TR A 5 A5 AR () i SO BE I T I 4 P e
A CINGIF B VGGL6 1F TR, J54:
H AR I X 75 7 At E AT ORI ZRRI AT . AR
K FH BENLER FE T Bk AT B AR AL, BB IG5 2
HEA 0.001, BUEEERCN 0.0005, shEHN 0.9; B
K/ 3%3, TOU B4 0.5; K H Pytorch IR E %
SJHEZE, Python MR AA Anaconda 3.6, SL464t— K A
kA 300300

#* 1 451 T Fast R-CNNP!, Faster R-CNNPI,
YOLOI®l, YOLO v3Pl, SSD300['!], DSSD321% Fn
ASLIRE B H A RS FE

F1 TRBFRMEER MR

HARRIEE R s MR EE BMIANK/N mAPY%  TRIAERE
Fast R-CNN VGGNet  VOC07+12  VOC2007 70.0% -
Faster R-CNN VGGNet ~ VOCO07+12  VOC2007 - 73.2% 6000
YOLO GoogleNet ~ VOCO07+12  VOC2007  448x448  63.4% 98
YOLO v3 DarkNet-53  VOCO07+12  VOC2007  416x416  75.4% 10647
SSD300 VGGNet  VOCO07+12  VOC2007  300x300  74.3% 8732
DSSD321 ResNet-101  VOCO07+12  VOC2007  321x321  78.6% 17080
AL VGGNet VOCO07+12  VOC2007  300x300  78.1% 8732

ARICEIELL VGGNet NEERL 4%, HAER IR
[ J7 T % Fast R-CNN., Faster R-CNN. YOLO. YOLO
v3 Fi1 SSD300 AL, (HZXT LA 4 ResNet-
101 ¥ DSSD Sk Ut , KEFERHA T . FEHKZ,
VGGNet W28 %5, 1M ResNet-101 & JE 5 R B2,
W28 BRI, H PRI A BE % BE 4 R B I OR
ARG K 5 mof R

B T RIIAS BE A, B I) S 4 P A RV AL T
T LR L, X Fast R-CNN. Faster R-CNN,

—

YOLO. SSD300. DSSD321 HiEHiztTF & 54K

FOEANE, W, FATTH SR 25 1) R H . FE A 2%
FIr o5 A R R /DS (O 48 23350 AN HE /) 4 R Ay =
AR LN TE 2 24 FE . GoogleNet!?*l, VGGNet>],
DarkNet-53[71 F1 ResNet-1010261 (] 2505351 4: 22 )2
19 2. 53 ZF0 101 )=, EATHT & I W AE 5 08
99.8M. 82.1M. 30.8M Fl 170M.,

—Ckut, EEGERZ . P N AEROR . TIGIINAE 2
i, W ONEER SRR . WK1
IRFEAE M 25 ZHAT LLE H, YOLO Sk b il
25 1 )= HORT B o5 N AERE S T VGGNet,  {H 2 T AE
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FRIFERE X 2% i DarkNet53, RS AT LA st i 43
KA, {HZPF DarkNet53 75 BB /b7 SIEH,
JIT AR 8] 52 24 8¢k« Fast R-CNN., Faster R-CNN.
SSD300 FNA S H L8 VGGNet fF A2 li ) 4%,
Faster R-CNN [ TN HEH S AR X 40, Fir BARH ] 52
F:EHIK . Fast R-CNN SR & e B R A%, L
THEL ST 2 1 B i TR P AR S ME A 923 1) Faster R-
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JEHIE 2 T AR 1) VGGNet, BT i IS A7
tH 87.9MB, fEFHIMHEAIEE I, DSSD R&% LA L
%% 8348 A, [FUML DSSD ki HE A i m .

Bl 2 45 T AR BEEAE 20 ANFREIRAE 11
HARAL IS5 R . INSRE6 45 T DUE Y ASCEE T
bicycle. bus. car. cat. dog. horse. motorbike. train

X 8 K H ARk R R, #OIAE] T 85% Lh L

S X 5 & () R X 3 -
F F o b&v&\p&&f&&&&éﬁ & & S

&
DSSD321 mARCHE X

[E 2 PASCAL VOC2007 & 5#MLE R Xtk

Zit FIRR L ME 2 WU, ACEIEEZ
o) b RS DI KS FE I RESRAS P R I,  JCH X T
bicycle. bus. car. person %5 415 5 T 1 H AR, AHLL
T SSD MZSFEFAH AN, mAP - HlFEE T 5.4%-
7.3%- 3.5%- 4%. {HAH L DSSD MZ47E bird. bottle.
cow. table. sofa. TV XU, MK EEFEA B,
AT R 5 DR A2 S il D 28 R AS [R] T - SR R AR B2 S B
A

SR 56 IE AR SR AN () K0S A A U

SIS FEALIER T 100 5K R, A E 198 M H
B, B RS L N=26 BTN N K
B9 300300, (R, K G A R H A g iR
Hm ARG GRS AR =25 H bR

G BT 5% CAR AN/ NE R, BARHAR S
MG 5% 2 25% K25 Hbr, BAsmmAR G E

15 T AR 20% LA ERE K HAbR. R 245 H T SSD H
ERARSCRE LRSS B (Hed, A J7i 8 SSD
%, B IR RNAED.
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R B AR /NE bR o H bR KHbx
Hir a2 36 54 108
7 A B A B A B
o 45 16 21 41 43 A89 91
for i 2 47.1% 58.3% 75.9% 79.6% 82.4% 84.2%
M R A, ACHENARRS K ERGN 4 258

K FESIE AN FIFE R R, U T/ B AR BIAS
I SR 47.1% 3 hnE) 58.3%.

Bl 3 45 T A RS I B AR 45 3R, AT LA
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DA K AE 2 25 R ASORAAR T (ARG 0 2 ANl PR R R
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A, AR SSD B M e B b SN R A, U
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