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 E R ZIUFRERDIE (single shot multibox detector, SSD) i UHAERENL R C 9N T1F 2 4 5
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An improved SSD-ResNet algorithm

MENG Jing, JIANG Ping, WANG Kai, JIANG Xinyu
(School of Mathematics, Hefei University of Technology, Hefei 230601, China)

Abstract: As an algorithm with better detection accuracy and speed, single shot multibox detector
(SSD) has made great progress in many aspects. However, it cannot achieve a good detection effect
for small objects because it does not make full use of high-level semantic information. Aiming at this
problem, VGG is replaced with residual network (ResNet) as the backbone network, the feature fu-
sion method is used to enhance the semantic information of the shallow feature map, at the same time,
the attention module is introduced, which retains more object feature information and suppresses irrel-
evant information. Through the above methods, the detection effect of small objects can be enhanced.
By experimenting on the PASCAL VOC2007 datasets, the validity of the proposed algorithm is prov-
en, the mean average precision value of the algorithm is 80. 2%, which is better than those of other
improved SSD algorithms. Although the addition of feature fusion and attention modules to the algo-
rithm can cause a decrease in the detection speed, it is still better than deconvolutional single shot de-
tector(DSSD) algorithm.

Key words: object detection; single shot multibox detector(SSD) ; residual network(ResNet) ; feature

fusion; attention mechanism
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AT 03 JERE AL S o RN BE v o (H e A5 i P 5
BT R R H bRk Ak, EEA YO-
LOS IR Z23h RHEM I 25 (single shot multi-
box detector, SSD)™, W2 B3k FE e BE I E Ty
RN BRINAE L 48 25 1 A2 UG AE A Fsf ] ] £
TEAG I 3 B R KT, YOLO SRBUE F #7728
RN A kB B b i H AR AR ) e — R
SRR Jy =X (EAE /N B AREL H A5 2 8] 7 42
PO R RN RCR A, SSD 7E YOLO py 3
filt 30T DGR AL I 22 ROBERRIE
PRI o B e 38R I T YOLO, fH 2 3% 55 125 % /)N
H R YIRS IR B D AR, E 202 b T3 2 T
SUE BB e s I

N T AR SSD R /)N H A G I 250 R AN A Y 1)
L, — s B T OCT SSD py ek AL . SCHR
[10J48H T DSSD, 5IA T R BERZE L% F T3
FEL. TEXF /N H bR 0y A IOk B2 E, DSSD A1 L
SSD $& Tt 1 1 22 » {H J2 A I 3 B2 40 R BEAS D
RSSD SR FH b Ak in 52 45 B 7 0B AN ] 23 1)
TEFEATRLG  BEINAS [7] )2 2Z [ REAIE 1 O 22 FRRAE
PEIANE S TH T 471N H AR 8 K6 0K BB . FSSDH™
LA FPNU [ JEAR R B AR i T oRAf i 5 =2
P4 3 PR IE A ]2 58— 2 [a] — RO, B @
PETE T RS B R s RE R R R R AR K
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JC RERE I JC OG5 . - AT S0 7 2 R RS
[Fi) ] 5 R 3 B 4 A 42 T
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1 fAXHEIR

1.1 SSh&Ei%
1.1.1 SSD M4 4#
SSD W& £EF N 1 Fis .

1\ Fr300x300x3
VGG-16M 45514 3 38x38x512
A6 19x19%1 024
BT 19x19x1 024

B9 2 5x5%256

NI & 3 5 gt
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H
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55 1 I SR BURHE 58 5 VGG-16 i
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JE 2B PR UG TR 2 IR B RRAE K 5 i 4
FRCHIUIN J22 %08 A [ J2 B B SR AR AR A LA 72001
AL ) R0 B 2% PR R I 235 SR ) FH AR AR R
#1777 2 (non-maximum suppression, NMS) i# 47
[ipa g =
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MR, SEIHE R E R RN s K FE L
LB (i » Yo s Lo » Yowwn ) 3 DT T o
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ATIRM 5. 56 ke ASFRAE B R Y SE B AE K/
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BTG LL 300, RIA AN HEAE X 10 114 516 30 HE R
JEH fe=300s;.
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o — expled) (1)
D exp(cl)
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KTHA P HY softmax EAF [ ; N, Ry A FEA
BB )N | A TREAR CPHIE T S v ik
7 DR EAR .
1.2 REKRENZE

BRI TP 0 2% J2 B0 38 in 2 fif 1 B AR 15
TSI S PR 2 I 245 A6 R0 AR w2 > 31 53 A
SEL IR T 45 R B RGN 23 R R B R

AT B LG R TR 5% 22 P 2% (residual
network, ResNet) " 5 i B g e 7 1 [m] 5, Ho 45
PN 2 froR , Hodr s 2 i 28 i A s H (2)
R BB A A = AT RE I
H () ffi5k 2 F() 3T 0, F(2) =H(2) — =,
AT AR P 45 J2 B850 Jin ELAS RS AN 2 R A1

s
'E%ITE)%'ReLU
H(z)=F(z)+z
2 REZREMEZLEN

1.3 FEAER
T AR R 32 BT fly 3 3 VE 2 /) (channel
attention) FZ3 [A]7E & 7 (spatial attention) 2 ~#p

IR HA AN 3 R .
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(1) ek NRFOE 53 31 28420 d5e AL A
PR Ab A G 26 A 2 2 BN L (multilayer per-
ceptron, MLP) , Jf-xf Hofiy thy B RFIE 4T X5 BTG 3R
A FA 3 Celementwise) s B, B4 1 sigmoid
I R AR R A B R AR I

(2) P28 38 FRAE B A ARRE EE L ele-
mentwise J; 2T AR S (R B ) B TS
S AFRIE 43 3] 28 3a fe R Ak AT 34 1t Ak 45
VEJG #4746 I (concatenation) iz &, i F &1
P IE AR Y 1, 2850 sigmoid W pREIA: 12 [H)
TR B I A R AE FZ A i AR AR A ele-
mentwise ek , 15 B e 2L R FFAIE o
2 B/ SSD-ResNet &%
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]I}, SSD W) 45 25 1) 55 5 4 - 3 S5 A AR AL, T
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2.2.1 SSD-ResNet W %4 4:#

A HY ResNet B 2 Ff 5k 22 45 #4 (residual
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2.2.2 HAERRE

B3 G 4 2 B 2 25, HARE
— LRI BRI TR R4 201 R
A 6 MR 7 2= M4 15 Uk
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FHIERR S BAAOD BRANT A SCR AT E Rl &
AL 75 SSD R EREHE SR . e 1<
MEBREZXTER 3- 3. 5M 4 6.5 62 . FHM
72 ARIRGE BRHE 2 257 5 AR DL R &
IR AR T S — » SR i 8 i SR M A (R Y 7 12 4
ik PEGE— B[R] — RS fi i R I HE Rl 5 19 7 5
FREVHT AN [ RS R AR B St I 0 5 2 45
SSD BRI S Z T8 A B 45 e br
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3.1 SCIAIRES

AT BT Tensorflow ¥4 B 2% S HE
28 % A Ubuntu(Linux) #8/E R4, 525 H B fili
FH4 0L CPU %5 Intel Core i7-6700K, 3847
INEER /NN 16 GB, & TITAN X i, H g
HK/NN 12 GB,
3.2 VEMMERR

H1 T PASCAL VOC2007 % #4EA £ 2%
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ool A S5 B8 R TP MK B ¥ (mean average
precision, m-Ap) /E MR IEN Fe bR . Hd, m-
Ap it Ap AIIIBCE2475 3] 1Y - BIHER 3 (Ap) &
Precision-Recall(P-R) 1 4 3 [l AL, 245K

Tp Tp

P= gl R=piie a2)
1 m
_ 1 .
Ar_hmmamvmgpma (13)
C
m-Ap = %ZAPu) (10)
<2

Forfr: T JESEPROA IE HLIT0 o 1 AR AR s Fe
ST PR SNy TE A REA R s Py &SP
AT B g T AR AS SRR 5 e S HURE A BB
TR FARRIZEBI8 . AT m=11,C=20,
3.3 LA

N T B EAS ST 28 AR AT R R BEE T
PR 4 5250 O BA SRR 5 705 FPN
LA M RetinaNet H )¢ i Bl 5 5 12 E A7 0T L 45
FEAR SRR A IR ARG © i 8 FhAN[FH
28 1T B s SSD SE I VGG BB 5
ARSCHY 3 i (ResNet A5 FRAF @A BB 7
K TIHURIEERO A L » PRTEA [ AR X [0 28 56 5
PERERYSEN ; © BaubA R £ BTN /Iy H AR R 1Y
R I Ak A I T O Al 5 ik @ A PASCAL
VOC2007 MK LT A SCRL S SSD &
T RSB RE A0 U S . RS BEFIIELRE 2 4>

TR ELEL
3.3.1 HIEERA Gkt AT i

R T ERGEAS SCRFAE Rl 7 15 i A R0 3 i
5 FPN D)} RetinaNet 1 RRfiE fil & 75 ik 017
YT 37 PASCAL VOC2007 TR %548 4 b Xt
HHEATIR L 25 R W 1 g, e al i, A S
B m-Ap [EE T 1R 2,

F 1 FREAFEFSFEREITL LR
J7% ResNet FPN Focal loss(RetinaNet) $:iFfli& m-Ap/ %

1 Vv Vv 79.2
2 v Vv Vv 79. 4
3 4 4 79.5

3.3.2 REMAABLA o stk 5

h T HRSE SSD Bk VGG B 54 )
3 Ptk (ResNet L3RRI Al G A H L 3 & Pl
TSR ) S [ 2% A5 TR 14 R 114 52 M) K53 3 s e 2]
BT AN ] Y N 28 AR IR O 7E PAS-
CAL VOC 2007 Ml 85 96 4 b oxf Hak A7 5k, 52
LRI 2 ). R 2 ATLUE t, R A G

P meAp B4 S 71 Hp REAE S AR B H
BRSNS BE STt A fe K X i T B A LA
ROAL 1 R SOE R A48 2 UORHIE T 2 (8]
TS T 7 LA A 0 S P A —
TEMARTE I TICRAER R T 20 H AR
MEfE R SHHREREY X 3 MR G 1E—
JE T DASE A S AR TR

R2 TRIMEZZE RS LSRR

VGG ResNet  {EANH  HFEES  mAs/%
v 7.1
v v 77.6

v 78.0

v v 78. 3

v v 78.4
v v v 78.8
v v 79.5

v v v 80. 2

3.3.3 ARV DR R AR L eyl #OR

R T B EAR SCRE RGN H AR BRI AR 7E
PASCAL VOC2007 TR 4 H ik — s HA /R
JE H AR CH AR I SEAE 1 R 58 ke 8] 1 AR A LG A
/NTF 20200 T R R AT I L S 6 25 SR WL 3
G MSEEEE R LLE L AR SCHE A meAp (H
RENT 51, 1% A FHAE

*3 AEHEHNNMREBWR Ar & %

H#r SSD DSSD  FSSD ASSD A
aeroplane 42.5 46. 8 48. 2 50. 1 51.7
bike 61.2 62. 3 63.4 64. 3 65. 9
bird 36.8 43.6 47.5 52.5 53.7
boat 25.7 30.4 34.2 35.9 37.8
bottle 9.5 15.8 19.7 23.8 24.6
bus 48.9 54. 6 56. 2 59. 2 60. 1
car 44. 6 46. 4 48. 1 48.7 51.5
cat 67.2 67.9 68. 2 68.0 68. 4
chair 19. 8 20.5 21.4 22.3 23.6
cow 43.1 50. 8 56. 7 63. 4 65.2
table 35.5 35.9 36. 1 36. 2 36. 3
dog 57.0 59.5 61.3 61.9 62.7
horse 62.1 65.4 69.7 72.4 73.9
motorbike 47. 6 49. 6 52.1 53.7 55.6
person 31.4 34,2 35.4 38.6 40. 2
plant 7.3 15.1 17.8 22.8 25.4
sheep 41.6 43. 4 47.5 49.1 50.1
sofa 59.6 59.8 60. 1 60. 2 60. 3
train 64. 2 66. 8 67.2 68. 4 69.0
TV 30.4 35.1 38.7 43.3 45. 4
m-Ap 41. 8 45.2 47.5 49.7 ol.1

3.3.4 FRRFHAILER
T 3 RV A S A L 5
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SSD ik S HAB T IE I 75 b 25 5 WL 3% 4 FiT gl
ARSCEIE ) m-Ap (HIK ] 80. 2%, #H Eb F IR 46
SSD 1. DSSD %\ FSSD %1, ASSD %1%,
ARERETFT 3.1%.2.2%.1.5%.0. 7%,

F 4 FEEESIEIN Ar E %

k SSD DSSD  FSSD  ASSD A
aeroplane 78.1 79.7 82.3 84.5 85.8
bike 83.2 84.6 85.1 85.3 85.7
bird 76.5 77.3 78.4 78. 6 78.9
boat 68. 3 67.5 69. 3 70.2 70.8
bottle 53.4 54,8 55.2 55.4 55.7
bus 88.1 86.9 88. 7 89.5 89. 6
car 83.2 85.8 86. 1 88.1 89.2
cat 87.5 88.1 88.9 89. 2 89.7
chair 61.1 61.7 62.0 62. 8 63.9
cow 79.5 81.4 82.7 84.0 85.4
table 78.3 79.2 79.1 79.6 79.8
dog 85.2 85.4 85. 2 86. 3 87.3
horse 86. 1 86. 8 87.5 88. 1 88.4
motorbike 80. 6 81.3 81.8 81.9 82.1
person 77.1 78.4 78.2 79.2 79.7
plant 56.4 57.1 58.0 58.3 58.6
sheep 78.0 81.2 81.3 82.4 84.7
sofa 77.5 77.6 78.7 79.1 79.6
train 85.9 86. 4 85.6 86. 3 87.1
TV 78.3 78.7 79. 2 80.5 81.9
m-Ap 77.1 78.0 78.7 79.5 80. 2

AN TR SR I S 2 0T L5 R L3R 5 B
M S LA AT DSSD 303k . A SCR k1Y
W28 R B N A7 A R A L3

F£5 AREEWRNEERT L LI
Bk SSD  DSSD  FSSD  ASSD A3
W/ (T s~ 48.0 9.5 36.5  27.5  27.0

4 g’

ARTORE 5 72 W 28 A D Bl R 45 SN T TR
LRI E AL Bl 5 9 5 3% - 32T T RE IR
DKSRZ . SER IR 1A SCR I R AR AR R 5 07
LT FPN B RHIE AL G T ik . RIS A5 A Rl
BT P 285 P R PO R Wi E A5 X L S I ACAR ] 45
BRJE ORI AR T He P RF Ak il G BB X A 00 A
JERSRTIROCR B i . AT S X /N RUBE Wy A Fy A6 )
RO H m-Ap {20 51, 1%, H) - 78 PAS-
CAL VOC2007 M %da sk BT T AR %S
SSD F3E K HAR R Bk S5 1 X L S5, PR
HE T AR SRR BB (R RE A P T e 4 T ok

K S AERR [ 2 7 WA — 22 WIS » DLAR TR
LR IB TR

(& % X W]
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