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Mo HSAE FHZE I 26 (1) = AN B SRR 2 S AE 2 I 28 (1) %D, 48 I 2%
PR TIAS B T B KLY o JE TR 22 ST 5 1L R TENLER A58 R ) AU A5
TERMIBE, R EIE R EUR CUE, FLE A IR IS R A 70

KSR AT T =P F] R 28 0 25 T VR AT I AL 28 N B REPTCHUI 7%
AT REMEMNGE T, GO sE. Es. SE R, S
2% DL AR MBI T, (F15EUREE FMBUCENESH T HENE
IEFALEE 75 5

WG RETRELGPEMNEE L, HETHET LM R N ITEA
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Abstract

In recent years, the research of intelligent object grabbing by robots based on neural
network method is in the ascendant. Firstly, this paper introduces the background of this
research, and it is a feasible scheme to apply the neural network method to the intelligent
grasping of robots.

Then, this paper summarizes the research history and status quo of neural network in
the field of robotic intelligent grasping. From the three milestone models of real-valued
neural networks to the emergence of complex-valued neural networks, the model of neural
networks has been greatly expanded. The method based on deep learning has made great
achievements in the field of robot vision recognition. After recognizing the object image
to be grasped, the strategy of robot grasping is also very exquisite.

This paper also focuses on the intelligent grasping of robots based on three different
neural network methods. Firstly, the method based on complex-valued neural network
includes three models: discrete, continuous and multi-valued. Complex-valued neural
network, with its natural complex processing ability, makes the signal which often needs to
be processed in frequency domain, such as image, have a direct expression and processing
mode.

Then it is based on the method of lightweight convolution neural network. At
present, the network structure used in the research of robot grasping pose prediction
method based on neural network usually has a large number of parameters, which requires
a lot of computing and storage resources. The grabbing prediction model of lightweight
convolutional neural network based on SqueezeNet has smaller network model, less storage
resources and faster speed without reducing accuracy.

Finally, based on the method of cascade convolution neural network, a convolution
neural network model Angle-Net for fine grabbing attitude estimation is proposed. On

this basis, a two-stage cascade grabbing pose detection model is proposed.

Keywords: Lightweight, Convolutional Neural Network, Complex Neural Network,
Two stage cascade grabbing pose detection model
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F1E %&ig

bEE KRR, NOZReAk, 5530 /1 fh A ) U TN 5, XRS5
SRR A, (HA2MRSALES NI TAE R RS AR S Aok 7V 2 HoRAERE, H
Wt B AN i S AR S A TR LA AN B BTG, ROAIMECR AL A
IS AT B FE Tz —o AFRT AL AAE S5 AR5 s T
B, MrSsples NAEAESS MG B R 16 B iR 8 & 2 Pkl  Blansh &3R5,
JEHARAL . MR AR A FOE RS, DA RN, RS ER T Y
&, EHRERMDE . TS TAERRSPLZE N, PRI 75
BLHAT I AR BB SR AT S, R AL N 0 20 e 65 60 AR R (1) 4 A 7 2 3t
AT PR AR E W] SE LK -

R TR B, A — R R R AR LS 2 o) R A ) AR B
AR HE B H R ARFAE 3R 08 2P L2 B G O¢ &, AH bE T E PR (R 55 2 2 Sk R AT
PR 5, Bl 2] J7 AT AR W ik B TN 58 ) iE# . FEIX A4
WA, — B G 1) )7 VEIE A BTN TR RHIE R R R A A IR 56, FF I 25
oy A, AN TR AR REPR T3 — PR e WA BT 55 A &, H N TR
TR TAE B RMERE &y, ARMEE At e b AT A

TR, LG4 (Convolutional Neural Network, CNN) AR HIE E
SOVEOR, FETH AR RIATUDR 5 2% i R e I &5 22 I EAS 1 B KM 58, 76—
e A Rk B 1 AR BIPERE . AR ER I 26 T DU I K 2 U I R A2 88
EE T UAMES FFHERIE, BT @ SR N % F EZHES IR 2 2 k38 St
FKiLfe 1, RIS ER L, T B0 A& GehL a5 ) B 2 fbnvE B ki1 T
Sk, Ml AR S EIE Rz AR

TENLZS NI 4038k, {58 FH 6 A 48 I 4% 2 2 (AR AE IR N 5 1F IR ARRAIE
KXTINEGHAT RS A3 AR KB A M AT 5. B, M AN TR
ik, A Ph 28 ) 24 3 ik R B s 1 5 ) AT DLAZ 4 HH 2 A B8 )y B8 9 RACR B 4 I ARRALE
A LAt — P m IO R vk e Re, B 2 7 R8N TRE®R T TAE. HX,
b5 B AR H A AR R A T, AR IR AR 1) K, BT A V2l it st
59 5 7 FOWSCER BIML A AN AT S mT (s A

grb, AT R REE UL LA AR T S AR 2 I 4% 4 A it T DA g T R e
REMY B SR %, b s RS LA NAEAE S MRS B /), $emH
HEAE R, 3mSR PRI = i b PRI, R TR

P2 R 2% A LA N B SR B B R 7o, P BUE SR BRI & 5 3
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2.1 SL{EMEMNELRATE

NZEF N A28 W0 2855 AL DA 28 X 44 (R 2540 . WLER RN Zh ALt 9, &5
T 22018 KT T R R B R SRR =AM R

1943 &L FE 22 8 McCulloch FIELS- 2K Pitts $& H 28 — AN N A48 ) 2545
#4: McCulloch-Pitts "™, B Ay 25 I 46 BFF 50 (1 FF 3 . 1949 40312258 D.O.Hebb
FESCHR™ PR TR T (A S M EEE ZR B T LA DA OB, R AR LR T A
TCEESTIHEN, A 2 1R 2 ) BE B e T Bl . X SR E KRR HE T A
% FLH PRI AL

1958 4 Rosenblat ¥ McCulloch 1 Pitts ) T.{F 5 Hebb [ TAE4E &/ —ikE, %
T H ) — R A L0 2 0 TR, 2 N T 20 0 4% R IT 2 M FRA 51
THRESLE, 51 T2 RFERI M . ALTE 1969 45, N T8 AE0146 A2 — Minsky
Rl Papert HAR 1 BL CREIHLY A EIF, T M2 BN 1 B S,
Fa 7 LR PR RS B BRI IR ERLE T T UTE AT, A LR
WA 7 G R R, FETF IR B AR AR IRAR 25

1982 FF1 1984 4F 3% E hn o 2 T K= A= WP %% %X J.J.Hopfield #&H T
Hopfield #1282 . Hopfield 1 28 I 24 K70 fry 2 HH ELA R AR A K7 3, 75
F 2 0 2% ORI 78 MARHR (PIR S TTFAA 2 75 . Hopfield 7ESCHk [7, 8] FR it B T He
B SEHLIX — W (1) 5 %8, NIRRT N EI I 7 285 1 3 hk . S0 N B 2 At
FEVE T H R b 22 X % B FH T AR A2 DA R S e AR AT — LR B 1Y TSP i, Jf:
BAR 7 BRI RY), 1% e B R e R E T & WM ZE AR 7. thah, Ahidissd 5|
AT Lapunov BRI “ TR BREL” BIMESNT X 2% B30 1 R 34T T A
HE T MESFRE MR ZRAE, TS T #1225 e i 7L

2.2 EEMEZMEHIIL

SAHMEAL M4 (Complex-valued Neural Network) #& SEAE #1248 9 2% 75 & B0 1)
7o AHEL AR 8 IR 265, S4B A 48 X 4% (R0 ES A0 R G o HL 7 s T B B 21 1975 4 Widrow
SRR /NS T (LMS) 50, ZE0E Gk 2 B H TS S s auR” . HiF
MR I NN L T — Mg KR —F, BAEME M2 AE H IS 1
A A, AR GIRRANTEN . B2 LER, BEAE P02 M 25 5 A0k A
I/, W2 HRENHEEHES ORI 1 FH 20 0 25 fif o A O [ @ 225K
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Bl 7% Wi, el BR. Bk, T . e,
ETFRPE SRS oI B AR RI IR, i 52 R e e X 4 D01 e L e Ak
HERAES, DR E R —E PR S, FLE, (AW ZEmEMAALL (i
i R/NAT D) T TS BRFORFE (B 5 E, 1B EEME MR SHE
M2, EHEONER. BT U 2 A SHEMZ I 2% 7 55 3R IK A5 5 1R/
AT Ti) (BRSE AR AR D), (ELIE A0 2 B AR R 2 P SEBEE Ao U T 4%, (EARAR
A7 HARL T SO AFAE B b ZE— A, BAEAPZ R4 T R 80A S &, HAE
oz FR FRF PRI S5 R A, AR FLSe AN Al I A8 b 3R B — SR SR A 22 0 45
AEARBR, R AL 22 2%t A e fal BRI R AR D9 m] 2 A SR £ 1] 2%
Ao T ELAE RS e 2 10 2% A SRS B OB HE) R, IR AR R T B AR -
A B B — AR B SR B B R IX R s, VR 2 i e A S A
AFN 1 B A T Rk A

VRN BB W FUUE %634, HZRI Akira Hirose ##2 B1.45 1K
S MZ R I TURR, I AR — 2544 (TR M B SN D) B35
Forp B4 T IR R B AE M I £ B G (1 R AN R 4 o

2.3 MEIR E &R A

TR, FETIRE S E DA ARl m ", SR ERES
REPREATSS FHRAS T B KR . 5B R K Lenz S5 A S0V i 2% S 7 R (B
W% AR A AT 5 P R AR Th 2006, 3R T TR 2 ST LS A TR W () 7
E L SAEGIREE N LA BURE A SURRIE 7 AR L, B TR ST L
N HICESURR 00 ) 75925 AT DA 1 3002 = R R0 30 R B A T E £ B D4 A AIE o Sk
L IHL 2 N 258 T 90 ) 4 VR B 25 ST 1 7 192 7 P T L 28 A TR I b AT A 28
NEAR TR R RS KHB BT 50 2 3 30 WV FEE 2 ST I 7 1 A Sk 2 ST AR TR TR
FIRL A (AR (R SR AT SR I B R I B, i TR 2 S MR BRI B /12 21 5
BORRAN UG TN 2 A IREUAL B 3 AT HE Sl 21 5 AL B

SET YRS STV, Lenz &8 B T 25 T-F5 60 11 2 00 5% £ 7 5 2 BEE T EBURG:
WAL, HWEFN KA A THEE RGB-D # N\ BUR (9T BT, KRB %m0
TIEIRZRAAE, 55 J5 7E 28 T R 8 N SCHf IR &L (Support Vector Machine, SVM)
E 95 SR £ G54 o FERRAE R ZS R MEER 4R Ik B 73.9% A I HER %,
FENT 1355, T SRARMLT 5 30E M3 RN, FE2E AR F /N R G e b3
SRESHATEEVE, WWHEEIER AR, H R,

Redmon 25" D\ 957 F ¥ 31 6 11 19 75325 i TR0 4 B or B8 R — bl R 10
VT ELASE PR R B R 45 P B T Lenz S RSB, T G 7E A [F K/
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() PG B b 5, AT R P o 420 ) % 38 K (05 i B B A 0o A RS
AW, FEBAEMG BT AR T, B AT K42 R X Ay
S AT AlexNet ™ (35 B 28 70 45 R 00 Sk Sz B B B ORI 742, LA
MR (S R I B TS RIS B, (R X Ry v R T A 4 0 2% S8 M 1 o 2
VEATS SR AEE RV (RIS

Kumra 28" 35 F 4 BEAS G 50 N5 R0 28 00 45 e B0 4T 42 J55 (R0 BUTET , - 1)
g g b, AR ) 2% 5 0 S A5 AR AE SR I BE 7 B3R Y ResNet50 42 BUHTURUAS
™, I SVM TRUMELEC B 10 S50, H b T LAk B LBl R IRS B, {E2 ey
TR R R B IR (R 22 I 2%, S B0 2% BRI 5 B LK

Chu 2" R I T — P& & T 201K 7 ST, 2 458 ] ResNet50 % A
B AR BTSRRI 2S00l T RPN R4 (AR HEAT I (O3, BE 4
ROI Pooling BEAT F B S50 (45 ZE RN g [l U9 o 3 P R0 565 P T 22 40042k O TR
Gy, JEHIBE) T RSO IBUR AR 2, TRV ER H R L T % R 5 S 80k
UL N

2.4 #28 AYENSRAE

FENLEE N . WIs SEINBUELAE S, BFETIHR (top-grasp) FUHN (side-
grasp) 2 7 A FIHPNEL (planar grasp) #& &N IR RS . X AR RS H
RENAEE DA, EHRBAY . W RE RN, TR RS B 5 5 LS
PR AT SE IALES AN B EIMBELSR 2GR KPR

Plas N B EIBCL S IR 7 AR BAE BRI 08 2 8 —RERT
IR TR S AT, — SRR AU AR T (PR A I o 3 T4
R E TR G E R SEREM A 3 4B, SRR A ML BUE e K, 1R
MEFR G . A4, BT 3 GV R 4, MEDUIE RIFLES N S,
P 7 1 75 3K o

AR AR AR B T A B T ALES 2% S R, S5 2 b IUHUAT 28 Az DN i) &t
HALECH PR R . lhn, ST [24] 3 H T — M 2 AR EH R RSEG Bk
PR W B TT V5 MLAs 52 21 715 10 H B & IR A & BR T 2 i ik . 51
(2SI 7R TR N\ R R SE AR T R ORI, R RE . 4R
K, VREESS)™ SRR, HAREE IETE T T @ ARG AL AT RARAE
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3 E HAMEME RG]

3.1 ETEEWZMZEIEE A E EHTE

3.1.1 —EHATEI S {8 Hopfield HEMEH T EEE
VMG TN RN n, b8 1 M TEIBN SR A

wi(k+1) = > TV (k) + aui (k) + I
j=1 (3-1)

b
Vik) = gilus (k)] + / xdx

HH u;(k) € C, Vi(k) € CHII; € C oyl RNEE i MEEITTLE k BRPRES . it A
B, T;; € CHE j METTRIE | MHETTIIERAUE, a; e R 25 i MHE TN
KR, g() NEMIAELLIE S (K%, Mg : C—C.
HEX w=[u, - u,]l eC, V=[W---,V]l eC" g=lg,....aenl" €
C" — C", T = [T;;] € C™", A = diag(a;) = diag(A;) € C™", 1= [I;) € C", M R%
AT E
{u(k +1) =T V(k) + Au(k) +1

(3-2)
V(k) = glu(k)]
WMRFEN AR F AT, W Hsubnumcases i IH:
\begin{subnumcases}{\label{w} w\equiv}
0 & ¢ =d =0\1label{wzero}\\
\sgrt{lcl}\,\sqrt{\frac{1 + \sqrt{1+(d/c)~2}}{2}} & |c| = |d| \\
\sqrt{ld|}\,\sqrt{\frac{lc/dl + \sqrt{1+(c/d)~2}}{2}} & |c| < |d]
\end{subnumcases}
A W
0 c=d=0 (3-3a)
1++/1+(d/c)?
_ Vel \/ le| > |d] (3-3b)
W= S 2
lc/d| + 1+ (c/d)?
«/|d|\/ = el < 1d] (3-30)

X (3-3) 1, label:wHABNAAXKIM S, label:wzeroN T ARG -
5.
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3.1.2 —3iELEE {8 Hopfield 1HEZ M 4%
[ — K (E Hopfield 1AM, 1ZMBERAE n MIZIC, HIERHRWT:

du; (1) c
= —C,'btl'(l)+ Cli'V'(I)+Ii
dr ‘; Y (3-4)
Vi(t) = filui(1)]
HAru;(r) € C, Vi(t) e CHI I; € C NS | ML ITERZ t FPIRES. B
FBRME, a;; € CRE jAMEICRNE i MHEITCHIEEPUE, o > 0258 i ME
TCHIBNASI L, F() NHEFEAERMEEEHREL B f: C - C.

3.1.3 —" 1 EEZERTHEE Hopfield 2 M LZIRHY

FLAT 2 [E0IR 25 10 S A4 Hopfield #1248 I 4% 4% 45 1) — A4 Hopfield #4415 5
HOBHY R . MR n MIETT, HEATERSEN, A E 0 BA 5 e
BrE 1 K FORAS, BIEFRRE [ MG IR kB BRRAE R x (k), N

2
= — =0,1, ---, K—-1 -
K,l(k) 0, 1, , (3-5)

x;(k) = exp[ifk - [(k)], Ok
B3-145 tH TIREFE K = 8 I M2 e RS BUE B, HAoREMRE K 7
PRI DY K SE0r. A0 j ML IT R | DA T ERRBUE N w;
I, 26 1 MATTES kARSI 4H y:

yi(k) = csigng (Z wij -xj(k)) (3-6)
=1
RS R B esign(-) B XANR
'l 0 < arg[u - exp(in/K)] < &
27
e, I L arglu - exp(in/K)] < 22
csign(u) = K el .p( Ol <% (3-7)
o F KD (K — 1)2% < arglu-exp(in/K)] < 2n

AL, BOE R csign(+) SRR B AT ERAER N — R0 R HUE L P signum BREL, E
KA 22 TR AR B S 21 7 &1 T B [ i iz s i &AL s B, H
B IIASUR R AL BT 5 BB 1 T 1o AH R RPIRAS e R i A2 an E3-1 B

IS BRI SRR DA Y, IX R 4508 — R B mIH, H il TFaEcn

WEH K F (K > 2), KAPRZMZE L SR 6 Hopfield 22 45 £ 2 %
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k)

(k=6

K 3-1 BEMEICRES (K = 8) JAREHB N

ZAEB Y . T2, %% Hopfield W 2% PR TR 7 X, %KM MRS 3T
] 73[R 2 R 50 P .

Sl W T AR IR SRR (3-6) AT R, —IRA B R —
MR TOIRE

AT M B GEAR, Ira M TORZS RTINS 1 ST, RV T Q8-

X(k +1) = Y(k) = csign[W - X (k)] (3-8)

Horf X(k) AMETORE x(k) HRHIFIFE, W = (wi;) B MZHERPUE
f .

3.2 ETREREHHZMLIIHEE A EFEIMEN

3.2.1 #1285 AHUERA M A4 (o) 85t fad

H Fi7 2 T 2 X 2% AT A N BT, 228 7000 7 v I it e 3 S 4R AE 45 6 B Al 40
M2 U1 AlexNet ResNet S5 s HUDUR I AERA 1 L, X L8 X 2% e 02 N B2 2= 1
AT 55 Aty A DR R T, WSS RIE T B REN S, TEREW
THE A TR . 0T FIRTR B 22 S IR I VA A2, STk [27] 48 T2 T
SqueezeNet )52 B G P ZE I UL AL, FEABRARHERR R PTG OL T, ZM
IR TN, TEIAE IR D, HEER, FEE TIPSR ATFET. K
PR A AL ) T A 4 [26]

1 B 3-2 B 7 B TCERCAE 2 ) 1) 8505 a1 3- 3 w3 Je A A ) At P IX il AE T2 9

FRUASE 22 F000 1) AN R A i AR ATEBUASE BB A N0 ) 288 AL 3K 368 e ) i) A7 2 ) (] )
-
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HE, S ETN Y S LR 22 (x, y, hy w, 6)o

3-2  FL4ENELER IR

%

K 3-3 @A R R

AL N ITCHUAL 226000 17 38 m] LA IR 9% 45 5 W B i) BR T R B e T
I g0 B328R T — AN TMEIEERR DA X9 1A B S 7 0 SRR AU o7 25 i
TR, TR ¢ Al AR N (3-9):

g=f(x,y,h,w,0) (3-9)

Hrf (x, y) 2 SIMBOETZ A OR N FARAR, b R TATIRIEBE, w2 AT IR
Z B RS, 6 e AN T A o 2R h Fom —4RHLas AT
WIPPATAR, 2048 w N T I BT AT AR T B BE i 4R IUUCR 2y
T FEXS YA AT I AT B B AL B AT ). Lenz 5538 B — N (R TL4E
YR 7 AT LA A5 [ — S ] DAL &% A R BT - 4ETEICR 7R, 38T A
BRAR T LA

322 RSB ERIMEENREIZSH

SUARTHE T AL, SOk [27] 45— AR RS B 2 P 4 4
14 SqueezeNet-RM(SqueezeNet Regression Model), %4454 SqueezeNet 4k
/b (R4 15 R DenseNet”™ 52 55 J 26 B DN SARAF A2 FH (10 FEAB R4 T HICEUA: U0 4 1 2 1

-8-
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PR, R RINBEAR A AT S5 b, FERUEAER R AR LT, M2
SN, B G S R B D, IR R R

WK 3-4f, BEARZER) B AR 2 7E SqueezeNet W25 A58 i 5] N DenseNet 14
T sz B sERRIE E P EAE, convl F1 conv10 2 f5 I Batch Normalization, F7E
BE— R R I — N 2EE S . A /SN H o 4 o BT T AE 1Y)
MK, DUASFRE o0 AT B A v B2, HIEUA BEASE FH A BRI S50k A bR . TE5Z N
RILTPIAE A o W28 B4R R IE R B UL 22 (x, y, by w, 6) o

3.2.3 SqueezeNet 32 E R EFIFHLEE W L8 5244

WE3-4, SqueezeNet-RM 25 F5 8 DL — NPT ()5 AR 2 convl A o, AHRT)
& 8 A fire L, ZJEIM—MMSZHIBERZE convl0, dxJE L— M A R 2ER)E
i, 1£)Z convl, fire4, fire8 Al conv10 2 J5 i H 22K N 2 1) max-pooling. fire2.
fire4. fire6 73517 5 HI W — = 5] H S5 B8 &, X LLAXT 85 1Y pooling Al 55 B 1%
By B4 v ken RS B

HL T Inception” Fl DenseNet  HIREHLLEAE, SqueezeNet 125 W45 % T
FEHAL BT AR, B SRR ERFR N fire #5iE, AnP3-5HT7R: fire FEHLE P2
squeeze JZ A1 expand JZ. BE S 1x 1 G IREAE X NRROE BEAT R 46, HAEBR
BAE /DT | — 2 feature map £, i HH A1 B O 2808 AT DAz He i AR AIE B B0
b, XA squeeze JEMETH. RIE, KRAARIK/MEBRZ 1x1H 3 x 3 ##17EM
B, B iX LB R A% ARFE B concat 2R, 1X 2 expand EHRE, KR
MEE B ESRE T B B LIk fire BiHHES, 153 SqueezeNet %%,

SqueezeNet it fire BEHRAN H GG, KA T CLF JURRE F B S BE S
SRR . TREE 1 AEH 1 x 1R B4 3 x 3 b yEas, A I x 1 JE AR A A L
3x 3 JEH AL 9 EHIS L, WE3-5 Squeeze |Z. Mg 2: i Squeeze JZ K Hi
A 3x 3 W jEdRdiE N ERD . BAEmE, T —wel 3x3 jEkaEH
B RZ, ZE TS E S S G\ IEE R 3E) < (BRI EUE) X3 x 3,
I, A 7R CNN HEREENIZSEUEEL, 7R RS 1 BRI E E8 > 3 x 3 JEIk AR
(% NG TE (R . R 3. REIRPERAE, DUEERERA KRB K, WE3-4
(1) Maxpool i &, KIEEE G BB B RAFE) ol LAk B m iR R 2, A B
TAREAES IR o SEmE 1 A 2 75 3 PRI CR R VB P 4 FF IR 2 NN i 28
MEE, HHg 3 RIEARM S EE FR KR E.

Sk [27] KA AE TmageNet 73 2 [l _E R I £ 1) SqueezeNet (Simple Bypass
Conection) 2214 . SqueezeNet f&— A& BN, 1E fired EZ JFIRINT — bl
WK IS 2 dropout™, LABEGITA, 7E SqueezeNet W48 5 f5 — B iR In—AN423%
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a

3—CHANNEL IMAGES (RGD)

e

global avgpool

.
_FC layer _:'

|ix1 v,h w, il :I
K 3-4 SqueezeNet-RM [ 2545 /1Y
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eﬁ)a“d 1x1 and 3x3 convolution filters

”/,)\\ 0D  is s YD

5 J ¥ ) ¥ 1 Jo Ko ) p X Ic | 1 1 1S | IO
Ao A% p A6 X6 | p Ao Lo | )5y
RelU

K] 3-5 fire ik

$2)Z Fully Connected Layer (FC ) 1E Nt =
3.3 BT REERMEAE ML 5 A E BEHMEL

3.3.1 #la3 AHMERAS MY (o) @

L 2SN AR 170 R4 2 B0 4% AR B A E AMBCR S Al 1. AL eI
BRI 7 VAR B I B R O VR IS B, (ER T B AR
LAY . B RN E DE RIS S 7E O L, (A
7 i DA 18 R SR A R, IR K. 32 [36] WFULAE T oSk, i 4
8 2% X 4031 BB AR 0 45 2% B R VR BOR S B TAT [ A4k« Pinto 25 A" %354 F Bt AL
SRR 45 L R TN ), (LRGN 4 SR R g R e o7 B T R BB, EL VB e 1) ik
IR B FEIBCA ST 7T, S [35, 38] ¥ S8 R & HWels LR A
PUEUAG BE, S [37] 265 LANERE f B b 250 b HTCEU R, O 8 600 3 24 1 3 46 o R e e,
(HIX L6 8 TR T 705, RS B A 9T A 1T S BOML 98 N\ 7E SE BRI (8152 7 45
BT, DRI, JRk /D IR 57 BF 160 4 R R T 48 A A 0 B R DL 3 A28
LRATIURA N s A5 AR e 17 2 A I L

VR A 25 000 2% FE T AL 358 A AR S0 00 1 5 — AN o B, 2 A TR AL 1 e
[35] FIISC [39] T4 H RIRG 0 26 400 2 76 4 PR K B VIR, S8 5 B LS
BB X T 2Pk B I S /INEARBIR 4. 1M 2% =) N B R 55 /NRE
AT IRE I 5 BRI ZR3R AL T 7. A INEBUE SR/, HERED ST
B3 Rt B 52  25 0 B R AR SR LAY ) HORE ORISR, A TR
PEASE T IR AR EL SR M RS o SRR AN R A A I 2R 0, 3 T R T
ARG R
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SCHR [40] BHAME RS R A AR, 52 1 —FhiE T TS 17w
BYEDATS 7 ST R DI RPN e o -3 1 W S KoY Y INTE T

(1) R — MRS THE R M 28157 Anlge-Net.

(2) EMCEEAS E, SEH R PIET Be OB NI A AR A . A 1 B BLoe
DARET XA A A D SRR D B FL AT S A e T b B, M0k o 445
Rt Ry € S UL, DL RIS I P s 5 2 Br By Angle-Net ££HT—
B B R A B R R TR B . AHEL T 3C [37] D7, ELETHEL AN
WO R ZE RN, IR DA LA BLER T

3.3.2 #128 AHMER o) fm ik

HLas NP AR AR S5 I E3-657 . HLas ANALSE R G870 Hr 4 e U7 5 1
AR, HEWT L THUEENS N 19 B ARV S LI 28

L A

AT A%
i;ll

3-6  Hlas NARBUFAAE S5 7<)

DA A WU 45 SR -5 ML N AR i AT #8067 280 N, R A U 28 A I &5 2R
KT [24) FIEMALIR RN “ H4iE” Rox, WE3-69 FIRE BB E 2 i,
[ s AL B O, BB AARR R TR IEAE (u,v), ST NALER AR I AT 25 P15
LI s RSO LA AN R s AT 2 PR HR S, VDU FE 0 iz £ £
B 5 EG AR R T X BHIETT RIS, R RALES AR AT #8 SepL a8 N kAL
Fr&R Z WNER A B . 5 RS BHIUHUA BE N R, 1% 6 € [0,180). ZR1K 1 X RALA%
N AR I AT 2 2RI I PRHE TR .

BT IR FT HARATAE OCE X, ML NSRRI i) B el R W R s ¢ B ZIHLAS
NIREUE bR H n 4EFE4FE T8 X (8) = (x1(2), x2(2), - -+ ,x0 (1)), H

G(u(t),v(2),0(2),1(1)) = F(X(1)) (3-10)
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Horb, FONZOBRNLES NP UL Z R IR, G Oy “ RiZik” R rI9IBUS:
MR

3.3.3 R-FCN 5 Angle-Net £ Bk AU EUAS I 22

P 22 A0 U A 5560 B I A1 8 AN S Al v 2 ANFrBe. SRIECHTFH 2141
7720, BB 55 B0 LA A AR A I 2%, 60 90 2% 2% BB RSt e 2% FA) A DU A
A,

B ZER I E3-THR, 55 1 BBl AR €A 570 2K 10 8, Bl R-FCN Jy%&
Bl SEIICHCE A7 DAL INECA FE R A v 58 2 AW BOR s ml 3 i g, 5 Ay i
Angle-Net 158 SR HIFE 40871

U THE PRI

T A7 AL (1) o W
‘ HLf T /‘
inH

! iihus Lo S A -
/, | R-FCON [ WIS ] ji‘tu% - e s
Wl s — fao
’_ Angle-| | Ak | |
Net = e
TP AT 7

T T
el e 2

K 3-7 U2 A A T 45 4

=)

B BRI I B LR T VR 2R A R B S IR, MRS e, S
T X A BN 4 (R-FCN) HEELT5 A T5d R 26 . oA SO H] R-FCN
SR A g IR, B B HE L, AT B AE A i FH4E (bounding-box) B
H, YES RI g FAE O i D SEIRAREUA BE A oF, DAL E 0 40 2505
2%, it 428 00, 45°, 90°, 135°. JYAE R A I IE 2 )R] Ak R A AR X A i 45 R
FIgZme, PUEUAT B FIEHE 2 4 300 /. R-FCN H R4 NN 2 RSF A& BArY
R 5 UL, St A5 IR AE Ko HEGE LR P SE e 23 4, ad ok ik FNHE 7 1 e A A
DX 455 PN 70 B0 v I ATCELAT

TR L 28 H s DA TR AR 4 RO R X I (RoD) VAL JE 73 i K3 — 2R3k
SN BRTGEA, f R-CNN™ | Puf R-CNN™ . Ei R-CNN ™, 5
—RNALZIERER T % B Rol BT MZHA, 41 SSD (single shot multibox
detector)”« YOLO (you only look once) " . R-FCN %:T- R-CNN FIHEZE, RIS HE4T
DX P AT DX R SR NE . D 1 AR I e H AR IR~ A Al b AR e N, SR
H 2G4 (FCN), H % TG ZE /- A B 85U 20 & (position-sensitive score
map). FFAZS (ARSI T Rol BAEXS 75 (A4 B A5 S AT 9w, FEAE FCN L1
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B 1AM B BUR ) Rol Ak )2 K s B X Be /0 B Kl . R-FCN 1458 i 3-8 T o

W 5 P CHl
R(C+1)

i BLBURA 7 K

3-8 R-FCN FEARI4EH)

WA MR AL ¢ 28, VL ANIUIR AR ¢ = 4, R-FCN g5 14 ) 2k
il AR R0 2% 3 T- 5k 2 M 4% (ResNet) 5% F ResNet [RIHT 100 J2 I 78 Hfj 53—
1x1x1024 2 GIZ . FEREG TN 28 TR BR BT 4 HhARe Ak B o X3 13 X 4%
VR FH 3B R-CNN A 1 [X S5 2 1 4% (region proposal network, RPN)™ F{%%, 4%
Z A~ Rol, BN B ki X 35, A~ Rol 43K k x k $ho k2 A B JUE S ERE
N R-FCN i e —ZERE, Hoge2fmtH T 0804 8. R-FCN F1%} Rol
M (i, 7) ¥ (0 <i,j < k—1) #4707 B BURI A A, & U 3-11):

- Zi,j,c(X + X0, ¥y +¥0|O)
rejlo) =" >, = (3-11)

()€ (i) "
H, re(i,j | 6) For (i, ) YEE C IR 250 & K24+ 1) 3B
I —A, (x0,y0) %7~ Rol L Ffs n RoRH® P g RE, 0 NfrE
e 8
MALERE R k2 AN B BURR 43, AR (3-12) F1k (3-13) 530145 —
KA E, HTIERL.

re(@) = > re(ij 1 6) (3-12)
i,J
1o (8) = —SPIre(@)] a13)
% explre(©)]

PSP B 3 HE A A B A B 20 A B8 AR P S g BE R AT 2 A 1

MO LS THR Y Angle-Net, 454441 E3-9F7 7
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(?2) (24) (ii) IR el
JZ5 26
(4096)  (4096)

I
R ,
Angle-Net

3-9  Angle-Net 4514

Angle-Net 1 4 NMERZM 2 MR R AR . BRERGRZ 0708 16,
32 64, 128, AIEIEIZRIME TGN 4096, 112K KL (loss function) 1 15
RUPIAG 5 Bl 2 AR B AN B R, U 1 I )1 S e A s P M e 44 AR
Angle-Net (45125 BRBCKH] L1 JGE R %, Bk 005, 7ES 2R 80 25 A B
EIENAET, 5 AN (3-14):

1 n
L:N(e’—90‘+2m5
Hrr, 6o NIAERINEARE, A AENI, o AERAUE S
3.3.3.1 PURARER R

3.4 FigtaHlRb
FIBHENTS T, BRI #3-1.

(3-14)

®3-1 /Tl

FF5 iR =9
1 CNCi# '3 N i CNC,i=1,2,---,8
2 tmj RGV #3)) j ML FR N, j =0,1,2,3
3 fene CNC 1 L5 38 T BP0 RL 75 B 8]
4 fenel CNC Jn 58 U — 38 Ty B 5 i 18]
5 fenea CNC Jn_L 58 B 38 L7 BT i e
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& SUE B EIN R . B FRLL R 3R 5E: definition. theorem. proposition.
corollary. lemma. remark. exam. exer. note. proof. assumption. conclusion. solution,

BB {Y NI NI E BRI label, B LLFH I label 51, EFE3.141F.
T 3.1 (EZEME)

a b c

= = 3-15
sinA sinB sinC ( )

WERR  DAR 2 —BJoE U : Fusce mauris. Vestibulum luctus nibh at lectus. Sed
bibendum, nulla a faucibus semper, leo velit ultricies tellus, ac venenatis arcu wisi vel nisl.
Vestibulum diam. Aliquam pellentesque, augue quis sagittis posuere, turpis lacus congue
quam, in hendrerit risus eros eget felis. Maecenas eget erat in sapien mattis porttitor.
Vestibulum porttitor. Nulla facilisi. Sed a turpis eu lacus commodo facilisis. Morbi
fringilla, wisi in dignissim interdum, justo lectus sagittis dui, et vehicula libero dui cursus
dui. Mauris tempor ligula sed lacus. Duis cursus enim ut augue. Cras ac magna. Cras
nulla. Nulla egestas. Curabitur a leo. Quisque egestas wisi eget nunc. Nam feugiat lacus

vel est. Curabitur consectetuer. O
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