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FER =X #B X —iF
LWEAFHEEE FITEFERE K& 030006

# E 45 EfficientDet f ik MK @ PEHR A BHOKSMRIEEZ FREALLFA B TEHRKAHEXRSGREZRL
At CNN B ARSI Sk, Z AR A 2X2 HAURA ENALF & BRI 4K, B LI AT A SR ZEA AR
TAERFIBE A TATAMAE, ¥ PO EEB AR ICAEA D TAELARAAMNGREBRETRA LRV ZERNL 5 )2
R BTREEERELEHE RETFRAR A DEUAFESF Y G5 F AR E RAFEF R ERN S A, E L EFE
FTHRIIBHRA . RHEANFRERER, FTRERAN . TREEZGHMETHHE A 883N . MAER LAHAHK A 8. 10X
10°, 48 4 EfficientDet-D2 ik , LT ¥ M ER S T 3.29% , WA AR R A B A ¥, 48k YOLOv4, YOLOv3, SSD, Fas-
ter R-CNN #= Fast R-CNN J i, - F 345 E 5 AR AT 5.2%,10. 71 %,14.01%,15. 11% F= 18.30 %, M 4K B A 5 A
2 H BT 55.94>X10°,52,.91X10°,16. 09X 10°,55, 18X 10° F= 53, 11X 10°, Fr4% B AR# M AL A, 32 3 T 4l /& 4 A= F1 4%
S B IR KB FACE 0. 73, i R ERREE R,

X 8217 . B #4740 ; EfficientDet; IOU ; 47 4 F &

hEZESES TP391.4

Target Detection Algorithm Based on Compound Scaling Deep Iterative CNN by Regression
Converging and Scaling Mixture

WANG Guogang, WU Yan and LIU Yibo

College of Physics and Electronic Engineering, Taiyuan 030006, China

Abstract A novel algorithm named as target detection algorithm based on compound scaling deep iterative CNN by regression
converging and scaling mixture is proposed to avoid the disadvantages of low robustness,label marginalization and poor conver-
gence performance of the regression loss function in the EfficientDet algorithm. After utilizing the 2X 2 scaling mixture regulari-
zation strategy to enhance the training samples,the proposed method avoids the over fitting and improves the generalization abili-
ty of the model. The convergence speed,the positioning accuracy and the CNN regression accuracy are improved, since the aspect
ratio and the center distance are taken into account in the penalty items of the CIOU loss function that can predict the bounding
frame coordinate and suppress the redundant boxes. The proposed method improves the label fault tolerance rate because the
cross entropy loss with label smoothing for class is established after generating the label smoothing regularization distribution,
which is a weighted sum of the marginal label distribution and the uniform distribution by setting the smoothing parameter. Ex-
periments are performed on the PASCAL VOC 2007 and 2012 datasets,and the results show that while the number of the net-
work model parameters remain unchanged, the mean average precision of the proposed algorithm reaches 88. 31 % , which is
3.29% higher than that of the original network(EfficientDet-D2,84. 12%). Compared with YOLOv4, YOLOv3, SSD, Faster R-
CNN and Fast R-CNN, the mean average precision increases by 5. 2% ,10. 71 % ,14.01%,15.11% and 18. 30 % ,respectively,
and the number of network model parameters is reduced by 55. 94X 10°,52. 91X 10°,16. 09X 10°,55. 18 X10° and 53. 11X 10°,
respectively. Not only the algorithm improves the detection accuracy and the F1 score,but also it takes 0. 73 s to detect each test
image, which meets the real-time requirements during the detecting phase.

Keywords Object detection, EfficientDet, 10U, Label smoothing
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LI R-CNN-?, Fast R-CNN, Faster R-CNN® Sy 48 32 iy 5t T
i 3 XS I T A A T R R, R R IR A 3T Y O
4T — 52 By, (5 FAG I 1 A A B2 T D I 45 R B R
K B AT AR AR Y.

EfficientDet™" 5 v i L4k Lh i) R 85, S0 90 T & A 2
Vi) 422 B 510 86K A 40 000 » AR ASCERUAS: T B 4 1 G 0 L T LR i T
EEHEE, FIZE R IEAR BN 4 LG T REAR A B,
A AT RO SRS 5 S BUREAE SRR 78 43, R B AR
EfficientDet B 10U 1y H b5 28 v 451 2% bR 4007, i S50
JE 18, 0T T S e I ATE AR S AE [ 1 T S O o VA
R o9 A AR I 5 2R bR A0 A T I 43 2 A A 5
I A S A R4 bR S 4R O, DT 5 AR AL Y R 2 A RAIL
wikig 2,

X DA 1) A0, AR SR T[] S WSS TR A I TR R 3
RRE A 46 CNN H Ar R I 8832 (SCS k) . B -
2X 2 FROIR A IE WAL 5 i B SR YIRS, 3kt Aol 2 5k L
SR A 72 Ak 6 71 s B 5€ 42 38 I HE (Complete Intersec-
tion Over Union, CIOU) 1 4% , ¥ GAKE LL A0 rp o0 55 8 25 7E i
S HE A A T 5 2K bR A1) A ST L o A AR A £ 0 4% [l O B of
5 BT 0 S8 A R 28 - 3 OE U Ak 43 A ST 2 AR 4T
T 2E UG 4R A P AR A A %, SCm A SRR, T
7 A 00 B3 9 i TR I o R R R LA 435 4G DN g K it
B AT 0. 73 s, i L SE R ER

2 SCS Hikm M 425244

2.1 EHpgER

EfficientDet 1474 42 B 2% (Re AT il A ) 2 70 350 D0 1) 2%
MEA R O — B4 kA, L 8 A4 AL, SCS Bk
LA EfficientDet-D2 hy 5 AR B , L 0 25 Fid 38 W 3k 1 g1,

21 SCS 5375 Fk i 510 (19 ) £6% il

Table 1 Network configuration of SCS algorithm baseline model
FEAE B A o
9 % A $R I
SYE M 4 M4
B R+ W% i “5 . \‘ 5
wE ORE RE
SCS & 3 R R Efficient R
Sk A 512 X512 Net-B2 112 5 3
2.1.1 AR BRM %

SCS &34 EfficientNet-B252 4 Sy 47 1F $12 B W 25, W 4%
ER IR 2 Fry,

2% 2 EfficientNet-B2 [ ¥ 4% 45 ¥4
Table 2 Network structure of EfficientNet-B2

W& RUELTF DPERHXW) @A E
1 Conv3 X 3 512X512 32 1
2 MBConvl k3 X 3 256 X 256 16 2
3 MBConv6 k3 X 3 256 X 256 24 3
4 MBConv6, k5 X 5 128128 48 3
5 MBConv6,k3 X 3 64X 64 88 4
6 MBConv6 .k5 X 5 32X 32 120 4
7 MBConv6 ,k5 X 5 16 X16 208 5
8 MBConv6,k3 X 3 88 352 2
9 Convl X 1&.Pooling&.FC 4X 4 1408 1

2.1.2 #FiEERS BN M %

SCS W FRAE B A 25 5 A AU 1] AT 4 5 T T 2%
(Efficient Bidirectional Cross-scale Connections and Weighted
Feature Fusion, BIFPN)U™ 2 jft . BiFPN BB i T 613 1
SR B AR AT SR AR (0 R AR Al o R 5 R TR BR G 4, Jo
A — A AR 1 A0 00 258 5 b 7R R AR A5 2 72 P s
"] H FE SRR R B ACE . RN S B0 R R A 4R
FT BRI ROR .

S £ SN
O—~O0—~0O0—-0—-0—-0-0

1 AR A 00 25 25 4
Fig. 1 Structure of feature fusion network
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fEAR B e 8 = (D QPR
wy * L¥ 4w, Resize(LY) )

Li*=Conv ( @)

w, +w; +e

w,” * L 4w, % LI+,  Resize(Ly") 2
w Ftw, tw, +e )

Hop, L LR R, Ly ACRE W, L 1R E
SR

T M 2% B Class prediction net 1 Box prediction net £
B R RRAE RS X 45 5 5 A RIURE T 2 A e 2 1000
4 IR T A5
2.2 EBFIEZR

SCS B3k i B ARHE R N 2 B

L =Conv (

/K, k#y

[

! q‘(k\x):{l-emm k=

I 1
L H(g p)=(1=a)H g, p)+ et p) |

& 2 SCS # (R HES R 2
Fig. 2 Diagram of SCS network model
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T P 43 B 46 B w %545 B 0B B AR i MA L By Cy oDy
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Hodr T 24 1 ik, OFRREREN S RIZHE,
BGEER A,B,C,D BRI Laslpsles Ly W 4
IR 15 B B B RE AR ZE Ln (9) BTz -

I=p I+ (A=l +A—wple+A—w? 1, (9

Hip p~U0—w.w).
3.2 ERZEFR

B X b3 4 1 % A3 0 o LA TR R, SCS B SR ] T AR
S 1F ) 4k (Label Smoothing Regularization, LSR) #1 #l ,
Al AR 2 B Y 3 G0N Sk R Ay 284 2 L O 0 BOHR 4R
YL SRR A L B2 AR A S IR AR 1 32 fh e
3.2.1 ARA-FHEEN A

Wox.y S REAR RN B AR 2, g (R | x) A5 %5 30 S AL
RO, gkl xR 10,

Rl =6,,— by 10

0, kFy

B wCk) NAREE SIS 43 A, ¢ (R | x0) AR 411 1E 4k
MR ¢ (Rl FRARAD,

¢ klx)=0—e)qlk|x)+eulk) (1D
Hore BV SR HFEE. B gCklx) =gk g (klx)=
¢ (k) uCl) —MEII 51 A . M AD TRk R 3K (12)

, c 1—et+e/K, k=y
¢ (B)=0—e)qlk)+ = 12)
K €/K7 kiy
3.2.2 LSR U %k & 3k

& x Flp (R3O 5050 A BEA FI A MR 2R, ) p (k| x) W] TR
J9(13).

eln/}(kr)
plx) = (13)

Al 3
L eln/;(ﬁx)
k=1

4z =1InpChx) , WX 13D AT R fL K

pk|x) = SXPG) ab
2 exp(z)
k=1

Hib 2, FRMEER softmax 25 & DHIEICHEA
A A AR Y v, 43 2 A R ORD L SEBR 2SR 25 S — i
K FH 22 SUIR 8 G sRBIOR B B
W H(q,p) NIRE N LA R R R EL. S (5,
K
H(q,p):—ﬁ;logp(k\x) « gCklx) (15)

FTRTE L pklx)=p(x0) gkl x)=q(x), HER D),
K (15), A7 150(16) .

H(q,p):*é:]q(k)zk+10g(é:lcxp(zk)) (16)
H(g, p)Xf = A1 5, SENX A7) R
w:p(k)*q(k) an
I2
s ML e[y,

B H(q s p) 2 b 25 F 1 1E T b 38 SO 46 2K BB 8, 2
K8,
H(q’,p):*kélogp(k) g (B
=(1—e)H(g,p)+eH(u,p) as)
Hor H s p) FIR 53 255040 5 950 43 4 (9 38 LI
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H(q )X} = OIS S50 (20) fiR .
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EP EP P
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T 2 S 1 1 DU 4k 52 SRR 458 2% R 50K 3450 43 A 5 T0I 43 A
B 58 S 25 R AR P DA T A A T 00 F A 4 3 38 i T B s
PR R A HE R B TSRk RE .
3.3 m=&xtik

Sk B R R I 458 2 PR B0 o R A 1T G A e B
T, SCS Sk 58 4 32 I LAy B b e L 1 458 2k bR Bk, AR
h 28I A R PR —F L 58 4 A8 I H Sk 4 % R B0 e 8K
1 R AE A 25 I 2% T 45 5 1) v A 4

ZEIEH AR K R RS R R R AT USRI R R
LRI SERALIE . MR R RECBFRAS I L 5 AN E (35
DU HE 55 BCSCAE ) (1 38 AR A G, S Bl 20 A 28 [R] RUBE (19 42 b
i AE Ak B P AE SN 85 B, HE R IR R BCH 0. 7R B i i B 51 79 AE
ZIAUAR TR X 37 05 2 T A8 I HEKs T AE 5 48 AR B /N A
He S Y (A 25 SRR N 0 AU D T P AE S i e R R R
RO F I B, 25 T AE PN A B L T S8 I AR K 38 IR H L R
FE A 405 X4 T E 4 4 Ko, L WA S5k B

PR B 228 I HORN 58 42 38 3 b, R T AE P 5 BE B 5 dR/h Ak
F2 SE Y X A 2R B 2 WG P AR S B I fig e T T L3S
L WA P55 100 A8, e 9403 3 A i 9 o [ B 52 4 32 0T L SR
RE A LG 25 e N o 502 bR BOERAS BE A i M St g . PR Uk
SCS B 1 31 B4 AE 71 05 50000 I 45 % I 56 42 38 9 H it 2 iR 8.

SEA IR TR Nt 2D — 20 iR,

Loy =1—ToU+€ BB 4 g 21
.

ﬁ:i arctanui*arclanﬂ 2 22)
! o s )

_ B

G TOERE )
_ BN B*|

IoU BUB" | 24

Hor, e M (B, B*) 73 1) 2 7 PIAE fe /1N S0 132 56 8 X M 4R B B
ANPAE H 0 A5 TS 5 w0 A 2 53 390 22 7 T AE 119 58 G 5 o

B g3 50 3 HSAE I 58 A 5 3 T AE AR b S IE D) 22 {H P
T WU —Ak 5 5 T R L T P AR LR

4 XBWERSHH

4.1 KM

SO R FH A AL B 2% 4 Intel (R) Core (TM) i7-10750H
CPU@2. 60 GHz 2. 59 GHz, GPU Jy NVIDIA GeForce RTX
2060, T 2 S HEZL Sl Tensorflow 1. 13.1 1 Keras 2. 1.5,

oAb SR B %I 25 EIR S2T T BE ML B L I A 5 AR
SR IR 5 X FEAR AT HOR G IR R R R A RSy 512 X
512K Hodi A S W45 47 Y145

IR B 3R ] SGD 1 £k 5 T8 3 W 45 Z: 80, 0 4 o ) %
WEE R 53X 1077, 2% > B4 JR A 7% 3R KO 84T 5737, 5 Mo-
mentum Fl 3 Jil F B weight decay 23 % & F 0.9 Hl 4 X

107, A4~ batch BEHLIEHL 8 M UIZRFEA , 7E —H RTX 2060
B EIIZ 25 4 epoch J5 1L,

LSR S E N 0. 01, 4 CIOU M7 B (5 EY
A 0.5 B, 0 AR 4 R O IE B G
4.2 HIBESIFMIER

SE SR 9 I 25 B0 4E 9 PASCAL VOC 2007 1 2012
BN ZR B0 R 4E A 16551 N UINZRFEAR (40058 A~ H bR 44
SRR PR SR B 3R 44 45 S PASCAL VOC 2007 3K 4
HA 4952 MIHREEA (12032 4~ Hbs# ik, Sz R H A I 2k
B R 4 i X 431 L tn 3% 3 iR A

F 3 S EUE AR R R A1 O

Table 3 Statistics of experimental data sets

%3] W% & BIIRFE3
AR B A AR # B A3
Aero 908 1171 204 285
Bicycle 795 1064 239 337
Bird 1095 1605 282 459
Boat 689 1140 172 263
Bottle 950 1764 212 469
Bus 607 822 174 213
Car 1874 3267 721 1201
Cat 1417 1593 322 358
Chair 1564 3152 417 756
Cow 444 847 127 244
D-table 738 824 190 206
Dog 1707 2025 418 489
Horse 769 1072 274 348
M-bike 771 1052 222 325
Person 6095 13256 2007 4528
P-plant 772 1487 224 480
Sheep 421 1070 97 242
Sofa 736 814 223 239
Train 805 925 259 282
Tv 831 1108 229 308
Total 16551 40058 4952 12032

S SR V- 24085 BE (Average Precision, AP) ¥ {H - ¥ K
B (Mean Average Precision. mAP) . F1 34>, & #E % (Preci-
sion, P) \# 42 3 (Recall, R) M S5 AE N PEAN 48 b5 o LLA 1245
B H bR AJER8 01 HARK M Be 1 AL M B 4B . LAk,
LUl B R TR % G ) R L A T R TR Y B A, 4
TR P-R i Al F1 £k,
4.3 EENW

FAHHT SCS B S5 HAl 7 P B LR EEX .
FKATHLSCS B 14 KEAWRM AP ¥ @ T HLHE %, A
SCS F3E W B {E V- 545 Bk 8 T 88. 31% » 434l te Efficient-
Det-D2, EfficientDet-D0, YOLO v4, YOLO v3,SSD, Faster R-
CNN,Fast R-CNN 2 ¥ 9 mAP £ 71 7 3. 29%.,4. 19%,
5.20%,10.71%,14.01%,15.11%,18.30% ., KWL LEE
Perkfe . S0 R A P-R M4 A1 F1oih gkt fr X, M3 3
INGRAETT LLE W35 285 bus I ZREEAAG 607 4. (5 2B
WIGRREARY 3. 67 % s YIZhREA h 25 51 bus (1 B Ax 4 50FH 822
A IR BB R 2.05% . 1T bus J& i AE 1A BUEE
AR AN 2 15 ) R 28 ) 2 — , TR O S 46 ik T 2653 bus MARER L 45
T U2 8 Moy P-R & fn F1oih &, /& 3. 4
J 7S o
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Table 4  Accuracy comparison of eight algorithms
H % mAP/ % % 291 1 F B AR AP/ VD)
Aero Bicycle Bird Boat Bottle Bus Car
75.50 80. 21 72.29 66. 32 47.57 83.01 84. 20
Cat Chair Cow D-table Dog Horse M-bike
SSD 74.30
86.12 54.70 78.31 73.90 84.49 85.31 82.60
Person P-plant Sheep Sofa Train Tv
76.18 48. 60 73.89 76.01 83.40 73.39
Aero Bicycle Bird Boat Bottle Bus Car
77.01 78.10 69. 31 59.41 38.32 81. 60 78.60
Cat Chair Cow D-table Dog Horse M-bike
Fast R-CNN 70.01
86.71 42.61 78. 80 68.91 84.72 82.01 76.61
Person P-plant Sheep Sofa Train Tv
69.92 31. 81 70.12 74. 80 80. 41 70.42
Aero Bicycle Bird Boat Bottle Bus Car
73.31 83.90 73.30 60.59 53.20 83.21 83.40
. Cat Chair Cow D-table Dog Horse M-bike
Faster R-CNN 73.20 _ B
85.31 55.50 78.70 70.49 83.70 83.10 78.31
Person P-plant Sheep Sofa Train Tv
79.59 42.40 71.57 70.70 84.43 69. 29
Aero Bicycle Bird Boat Bottle Bus Car
81. 60 82. 39 74.40 68.51 51.02 87.79 83.90
Cat Chair Cow D-table Dog Horse M-bike
YOLO v3 77.60
90. 11 59. 60 83.18 74.10 87.90 85.91 84. 20
Person P-plant Sheep Sofa Train Tv
86. 29 50. 20 80. 21 73.60 87.90 79.19
Aero Bicycle Bird Boat Bottle Bus Car
91.05 89.93 87.10 78.15 75.69 90. 89 93.01
Cat Chair Cow D-table Dog Horse M-bike
YOLO v4 83.11 -
91.12 73.21 85.03 71.03 84.11 88. 56 92.07
Person P-plant Sheep Sofa Train Tv
90.01 54.21 83.97 69.12 86. 95 87.02
Aero Bicycle Bird Boat Bottle Bus Car
91.52 95.29 84.92 82.01 54.73 98. 60 91.97
Efficient T Cat Chair Cow D-table Dog Horse M-bike
Det-D0 : 93.61 66.71 76.33 71.56 89.78 93.27 93.13
Person P-plant Sheep Sofa Train Tv
89.03 74.79 81.75 69. 54 91. 38 92.55
Aero Bicycle Bird Boat Bottle Bus Car
92.42 95. 89 85. 88 82.81 55.65 98. 89 92.78
Efficient 85. 02 Cat Chair Cow D-table Dog Horse M-bike
Det-D2 : 94.82 68.91 77.48 72.78 90. 76 94.25 93.85
Person P-plant Sheep Sofa Train Tv
89.99 75.63 82.57 69.56 92.13 93.35
Aero Bicycle Bird Boat Bottle Bus Car
94.02 98.54 92.13 80.13 74.38 100 96. 14
Cat Chair Cow D-table Dog Horse M-bike
SCS 88.31
100 72.70 94.05 57.49 94.68 92.86 100
Person P-plant Sheep Sofa Train Tv
90. 58 77.03 91.65 82.81 93.83 83.18
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