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Research progress on deep learning in wood processing
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Abstract; With the rapid development of wood processing automation, deep learning technology has been applied in
the field of wood processing. Its introduction is of great significance to the transformation and upgrading of wood pro-
cessing enterprises and the development of intelligent manufacturing. This paper summarizes the research progress and
specific application of deep learning in the field of wood processing. Firstly, the model structure and working principle
of six typical deep learning models, including the autoencoder, deep belief network, convolutional neural network,
generative adversarial network, recurrent neural network, and Vision Transformer, are introduced, and the application
scenarios and existing problems of different deep learning models are analyzed. Autoencoder has the advantages of
simple reconstruction, stacking multiple layers and strong generalization, but it has the drawback of long training time.
Deep belief network has strong autonomous feature extraction ability and high target recognition accuracy, but it is less
applied in the field of wood industries. Convolutional neural network model is usually composed of convolutional
layer, pooling layer and fully connected layer, which has translation, rotation, and scaling invariance to input data.
Generative adversarial network is an unsupervised generation model, which can be adjusted during the training process
of the model. Recursive Neural Network is a neural network based on sequence modeling, and its core feature is cyclic
connection, but it has the drawback of gradient disappearance and explosion problems. Vision Transformer, which is
used in natural language processing, also used in the image field and has a strong ability to express features but relies
on large amounts of data. On this basis, the application of deep learning is introduced in detail in combination with the
specific wood processing field. In the field of log scaling, the deep learning method can solve the problem of automat-
ic volume detection. In the field of wood detection, deep learning method provides an effective tool for wood species
identification, defect recognition and texture classification. In the field of wood drying, the deep learning method can
establish a more accurate wood drying model because of its good adaptive ability. Finally, the future research direction
of the deep learning technology in wood processing is prospected to improve the breadth and depth of the deep learning

technology, solve the application problems in wood processing, enhance the intelligent level and production efficiency
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of wood processing industry, further increasing the scientific and technological innovation ability and improving the

competitiveness of wood products in domestic and international markets.

Keywords: deep learning; log scaling; wood classification and identification; wood drying; wood manufacturing

AR g 100 DR il 1 SRR RE (AR BE 7K Ui N
MAFRSRRL) rhE— (8 R A B, T ] T
H BAE AN AR A R Bl XA 1 7 R
it BTG SR AN TR T 3R AR I T2 4 A 3h ik
TR SN S Qi I 45 ) 0, 20 o B[]
FELVE Sy AR ) /Db [ 5, A T 5 A T AN
T T 3750 oK, AR BT IR R BE N TR ) H 45 B
gk, 30 A AR I T 1) B RE ik AR R R
JRU A VR B A 2T ) DR RN W & R R
BRI 4 TR i U o 222 I 24 45 TR
JEEAGRYTE PRG35 5 T A SR AT B, ARG
BB AL N B N LA, A &g m 7 AR
R HES) TR I T A W5 R T 2, B35 1
BT 6 P BA RN IREE 2 A, S
W TR 2 S FEAR I T AR A B 58 B, I
JE 22 AR N 8 & D7 ) AT T e
1 REFIZTEHER

TREE 2 2] A SR T N T 2 2 5, Al
PN BRIZ PR W 2%, TR EE 2 2]l i 2 A AIRZ
REAETE IS AN R 4 5 J2 2 s 1 28 0 R AR, LA
R BREEE 1) 3 A ORRE IR, SR 1 e AR 0 4
FERMENIRT,  HET 2% > HOR B W T L
l3E Y, B BIFFE R, T T TR 22 2 o Ry B R (Y
6 FPEEATRIE 2 I
1.1 B%5E

Rumelhart 25778 1986 4F & WA H T H 4 i
2% (autoencoder, AE) FIHER, B 5, Bourlard 25
XHIEAT T VRN IR AE 109 — Fh i 84 1 G

a) RBMAHTILEFY

MBI 2 ST BRI A I e ol i 14 B 8 592 B
X ABRER, B 1450 T —4 3 245
AE BB dag A= A 2 A AR R 4R i Y
AT R G s R 45 P 20« S i A A A «
FEAE AP AEZS A ZRAE R, S A A48 R 9 76 25 ) SR AIE A
ERPSL TR

HIAZy  BREZh Hil)2y
E1 BHEDBIEMKEN
Fig. 1 Structure of autoencoder
IAEK AR T RAEER R TS ZZ
ANZACE 58 S5O0 A5, B N Ah 2 Iz W5 5
HE L H LA R S X B R B I — S B 2R
Hl o AE S IO AR AU 4 1 1 D v T 4% b Bk
G, A F AR IR AT AR
FALER AR ARFFRAME ] AE 15 IR ERAEAE VI 2R
R )i R g TR
1.2 REFESME
Hinton 55"/ 1£ 2006 4F 1 YCH Y TR £5 &
%% (deep belief network , DBN) & | iX J&—Fh 44
B TC B A 2T R W 27 2 1 2 SRR R LA o )
FRA 22 2 52 PR 8% /R 25 2 ML (restricted boltzmann
machine, RBM) 3 & Fil— )2 A W B 19 « Iz ) 7% #%
(back propagation, BP)” W Z& 2 i, &l 2 4 RBM

%&ahl )

RBM3 h,
hZ
RBM2
hl
RBMI

b ) DBNASERIZE

2 RBM 71 DBN #2454y
Fig. 2 Structure of RBM and DBN



5 439

RUBE, 55 GRIE A T TEAME I T AU Y 52 3k g 3

FARUFD—A~ i 3 /2 RBM HEZ ifif i 1Y DBN i1
Hrr, b B S Z TR A 1 &y )2
PATTIPRAES M &, b HEREFENIRIEE, « B
A2 R R 5., DBN AN s 72 AT 4 0 A4S
BB 1 5% RBM 647380 2 J0 W B Bl 25 ; -
ARG S B A W 48 AT W B IR pE . X
YT 8 DBN HA BRI 3 FRESE IR T A1
Bwmn B HRAEEE. HET DBN &8 Z W T
PG s R R G ) A A
B ABTEARB AT B I D

K

T

HAJZ

HBRUZCL ToRFEESL

1.3 HREMEM %

5 B 4 X 2% ( convolutional neural network ,
CNN) S2AR 48 30 P 0 3 5 50 0 A Oy =0 iy —
FhAETER M 22 2%, CNN BERLE 5 &2 b
AR A 3 2 A N, S Bl i A 2 e
S Uk AR R AR O DB AR | X ABE T2 2
B AL , BRI 2 b
FHE , e85 A B 0 7B e i S 4R TR 78
MRHIE SRR S 3 IR N —4> 5 J2 CNN A
) FAAR L

O

_ —>
=4O

TOoRFEES2 AHERL)Z

O
O
O

Ia}
BRZC2

{
[0-00

NI
&
[_.
Bl

3 CNN#EBIZHg
Fig. 3 Structure of CNN

BEE THRAILEE R & R, CNN M 45 1 R JE 3%
N, VGGNet , ResNet , DenseNet 55 {4 25 2% ¥4 #
]z T R AT 55, IR PN A 2 3 X
CNN #1757 AW el 42 1 2 )Rk y”
SRBRT ARARTE R S HLE R AT A B A
GAF w33 o JR B R 5% 45 3% ( markov tran-
sition field , MTF) **) %71 % CNN 8 £ 25 kg 17
WG | i — 2D 25 BARATE 55 % MG A5 — 4B A 7
G3HT . AR 2 N 46 O B B B TR B2 27 ) B Ak
I RES S I N B Rl (R eI DS 2 B o S
& RCNN % %) ( R-CNN, Fast R-CNN, Faster R-
CNN, Mask R-CNN ). YOLO % % ( YOLOvl ~
YOLOv8) LA } SSD ( single shot multibox detector )
R
1.4 R

H ST BT 2% ( generative adversarial network ,
GAN) 'V 2 Goodfellow Z57F 2014 442 1 iy —FhE
W A AR A 28 S A an 5] 4 s, 2
FEAE AR (G) RS (D) A e 5 0 5 5 1
LS, GAN (YRR A g R h %
FIEA TR A B I Sl 78 v 22 3k 22 R Xt i
B NWTEDRT A B S B R o) iR GR F)
TG BIEPIRA ™ SRR i B AR
{1153 GAN 7E 24> Gl 45 2 ek & J, [a] il o, fift
GAN FFIERS LN A A Bt A ), S 1 Ao

DR [a] R S GAN MBGE T i 2wt an
EIPAN 2 R S R AL T R ot 8 /) | WK
PRHLAI " HARUE R HLHIRTER ) 45 A B
T2 0] LU T 8080 09 A AT 55, s R o AR
M BT A

Y
| BoBLES | e

FIIERD

El4 GANEELEH
Fig. 4 Structure of GAN
1.5 EAE R %%

1 5 #i 28 B 2% ( recursive neural network
RNN) 20 S —Ph 5L 81 HEAR A i 28 I 2%, oA 0
FERURTEI R, AT DBN #l CNN,RNN 4%
B )2 Z E] A 2 oA B4 A B 2 1A
BPRALFE L — A 22 A — B 2] 2 i 2 )
Bl , R RNN BB Xk 25 i (5 B A7 id 12, 1A
5 fis o —Afaifb B9 RNN BRI gh 4y (B 2L 58
RNN F77E ™ 5 16 B2 7H 2Kk B R K 1), 53K
RNN JCIE AL BAR K A5 A P81, 0 1 fig e gk [a)
K I IE A2 A AY (long short term memory
LSTM) [ J#% 3% JH ¥ 5T ( gated recurrent unit, GRU)
Fde/N1¥E B IC ( minimal gated unit, MGU ) &5 i itE
RNN B8 4 i IF 0 . SRR, 8 )3 28



4 Mol T A iR

LRk

P28 AL I T A A B R (0 K A, D i
5 I RICRE PR P BE TN 4

®
o

B 5 fE{k RNN #3454
Fig. 5 Structure of simple RNN

1.6 1% Transformer

Transformer J&— FE LT A= IHLHIIGE

P
ZIZRGIHL

FERRZEIMLS  SWIN T A SRIE F A BES, EilF
TAESEHY CNN FI RNN BN 25 1 2 0 FIEi )
TERERN 2 MK LR, PR ] DASE R e, 78 F AR
W H A5 A5 TARMF IR . 32 Transformer
SRRFRAETI WG &, W N BB X kA T i e
AR BTN AT 55, O IR BE 2 2 BRI CNN
IS o5 — A~ G B 254 . 58 Transformer, B ViT
(vision transformer ) '? | LR A ZEH 40 & 6 PR,
ViT B AR B 5 24 /N B A N
Ry 1 K B A 1) 12 i A B Transformer 4544 1) Zi A
aerh Eg 2 2R LR A E S

Transformer

ELICET:

TransformerZfith

111

F T 11

!
215
EEC 5

Z 1R

[ [p—
DON

)

*

B )

B

brififl

S0 AT

B 6 ViT EEIZH
Fig. 6 Structure of ViT

{HJE ViT F1 2 )2 AL MLP ( multilayer per-
ceptron ) FUBF5Y 75 B R m B , 2 K04 7% 22 7Y ( data
hungry ) I8 . AHEL CNN M5, H T8 79
D AT VIT 78 /N EC AR A B A OB AR A
B B BARE A K, VIT 1R B 28R
SE R/ ResNet 22— 88 {EUR 4 4 {1 1 B dli 48 22
BE RIS, VIT 502 58 Wi tofe /0 U1 494 i 5 1) R i, 325 1)
L CNN RCR . IE A7 k24 R T R LAY, A
BRI T AL 55 (H R HAR B 2 —Fh B ARE b
P55 0 AT S5 3L R B 1, R B T IR EE 27~
BEARAEAS [F) ST 1z 13 7

R 6 FhOF SRS T H )2 N Y
BRI 2 J EOR RIS, AT LAFE H R TR L 2~
TR A BRI 1) 2 SR /Y7 [ 42
JB S A T8 5 At e 22 ) 2% Sl 45 4y 5 o
LITR D RER S N BB B 1 B S | BUAR
P AT 551 20 B RlE AT M, 0 A o ST M)
2% GBI 2 2 5 RS RS A [R] 45 4 AT
HERLIVI T —ELIBORIE R 7] LU X i
ABDCERAE PR35 5 5% — 45 B LR @A
Fir R JRE A1 A AR , S B i ) £ SR
TTTEARIFREE T 58 A8 FiE 55 .

TE TV RS 5, RAHE I —Fh 8 8448

0 T AR A IR — A TR Y ), — T
AET BRI L, Ry TR AR5
WrAE, 75 B 50 LG SO | A2 DT TSI
A DAPRAIE S5 22 i F vh ARk — b s 5 — O i,
HFARBA AR BE 0 2 A4 P | LA B A v 9 61 )
PEREME LT A R AT

3 5 T R A B AR AR 0 T R Y D
ARG IR ARBARGIN A T e 0858, A 8 7 3k 16 &
S DL o AR i T 45 R Be Ak L A Bk oK,
I AR R TR 27 2 AR T AR im0 38328 ¥ 1l
RWFFE R, DL D 5 TR B 2% 2 455 ) Jo
A 42 ARAE Ry — PR A | B 28 1 O 1, K 4
TR ZE I 28 | H S fih & L5 Transformer 554 A Fil
B, BT LA S5 S B AG I H AR 09 5 7 0 S 8 P R
FOIN A PEABAAG I | S5 A G ROA5E 5k b i 56 T
TRBE 5 2] HLAR e B R DAHLE AR AT, KR4
LA,

P TR 27 2 F5 AR R FH 15 8] 3 51 B At
S BRI TR IR . ARM TJad B rh AR B A%
PEREEABER FH 3o I b 28 I 286 TR B {5 A M 2 55, ]
VST I Ay A v A AN, | DT 4t B A T
BRI AR BIBESE X AR N BB B S8 AT T, 2
ARFHEE T L ERE



55 4 39 RUBE, 55 GRIE A T TEAME I T AU Y 52 3k g 5

2 BT IRE A WA A THF 5 BK

21 BEARER

BRI AR TAYEE — 4, HF 4 50 45 SRk
B JER WA R RN F R A AR, T BRI Rk
FFAER T B O R BIAMAT I LT 88 5 . T
el Sun L SV NP N DI [P 2 N7 v il k4T I e i)
AR R | A2 S B M 43 2 R b HERE 55 A 4R
Pt o T LI AT AR 405 B 1R 1) 2 AR A4 i Tl %
TEMER AR R MR S B A B4k B A B
T, 55— 20 B e B AN 2 BA At 1 s AR A UG
A 7 S KON O T X IR AR ER R
SO EARIEA, 2005 | A B ki 537k

OB %5 8 FE R FH YOLOv3-tiny 35 R 28 )
28 6T BRI M I i A v 1 PR 2E A T B BRI S
A L I 48 B B B AR, A /PR AS TR v BRSOy
98.79% , ELA B U (ARG I 00 Fne s 1, (HIZ T 7
HOE AR R AL FDIE A, WA T e 5/
A B0 A0 3 R, A B 45512 BT Mask R-CNN M
ZAYEFE XS AR S BIMER MR T B, B R
M 97.989% ; T 13 43R FH SSD-300 A1 YOLO
X SCHERRRE B A ) A A TP 26 4 4G, SSD-300 1Y
S e 4 T YOLO,

TR 2 2 T8 I AR, RS S8 v | 1 FH AF — o
i fifp e 1 A ity T A6 (] At {5 B AT X
15 R X 3 3E— A A BRATY 5 (8 R A% B0 1 [ 45 4k
PR A A B FR A B Ry T X — ()
L, AT DL R PR BE 2 o) B0 e ) I s R e
TrorE), A S B BR EURE SRR EIBR
2.2 KN
2.2.1 RAAAAS X

AN A1 FP 4 ARA R T PN BB 45 #8) R 2H B R 4 7Y
Z MR TR PR, i 2 RS
B OMELL L RIS IR I SE S E, T L2
TR, SH TR MM E R AR S G
PESABEAR F oK 2AIG, T Dl 2 A8 0 b v B, 1
FEHT AR R EL A HIAE , 00 e e 2 52 i 5 o o
FHRMELENR, e T HHEMAETNE;
XA AR Fofr (1) 43 AR5 2R A 7 0F 5% HL A EE 22 %) L
PR, BT IR 2 2T B AR Rl 23208 AT LUAR Hs
FRAFA UG T B 530 7 S A L, 35 7 UL
G BTRBE 2 2 7 iR 3R ST AEAS R TR B 1 B, 2L
B O SERRAIE 2 b T B T O R G TR
25 ) W LAAS [R) B b A A B4 A4 L | & 24 245 ) 46 240 XA
fE BT 328

Ding % R H FUG R E RS, @t REEILE
PEA ISR  FAMEAR R A2 AL S Fi ol
I 4 179 SRIARMM EE, 51 AE R I HLHI F 23 [A]
47 18 Ak 5K g 15 3] AM-SPPResNet 25 14, i H]
SVM Xof $ BUEI (1) 45 AF 28 47 % 4328, 7 iR 4
5] 99% B 4r JE WE T R, Zhu %7 FE Faster-
RCNN F R I filh | 5| A SR Az B 48 i 25 1] 4 7 35t
TR HRIRRAE 42738 2 R FRIE Gl AR Fg T
FTF TR 2 ) Al A R A AR A R B
FRPEACTEAS  PE AN S 10 FPOR B B IO 25 40 3547
G2, SRR RN 83.8%, Wu 557 i ] Res-
net50  Densenet121 LA} MobileNet-V2 X [ i A< |
PEREA IMEACZEH LAY 11 AP 3Lt 31 358 sk nt
WA SRR () 2 ENR A 75025, e A58 8 1
95% LA I FER R

TR 2 2] 8 JEARAR T 43 2 S b i) 2 224
BRI 2 MY | B 2R — R b o AR AR A
T 2H () L, (L2 Xof A T AR o 11 43 2 T SR A1
H FTE E5CHE 4 R 5 A AR S g i R A
KREMGEARET D R T ek —Ris, ol L% &
SRR A o 500 B A 38, Xof AR [RIAR o 1) ST A A A
BRI AT AL 7T, B ST 58 £ A SE A ARORE R B
P
222 AMBEGIAA

AR A B 57 2 B AR A A L oA A1 L o o 52 i
FLAF ) A b o5 ] R MR A WA BB oy 1
KK AT AR JEA  HUR 80 BT ARG |
R e A RN I T8k 548 . FEAR
AT A AR e A Ml 38 i AR ) FH 3 1) R B il
Kb FRVFAFAE BB AR A7 K/ NVRECR:, A
W AR o S G Al P, S5 0 AR A o DA it
HIPAS A AR KA 5 DA I, S A BB 1) 3)
PRI A3 ZE53 S AR A I FH R FUA ] i (L1
R, RGBS Iy s A X
SR BRI MO R B L IR S5 T BER S AR M B
Fafm 8., N TR T A AR IR 4 IO g % — 4
I A 5 /NI S 4 Bt 2 PR 1 S i A
3 (local binary pattem, LBP ) SRR E 2 B 617
BRBEZRAE , SR FE AR Hlg A R AF 2 — 25 A, {H 23X
SORHE SR O B R 22 IR S 2 BRI &
BT, ANBE— ELORRRE S RTINS TR TR B 2
AR GEGARM ARG SV EREFIN B
AT A 30 3 A S R A T B A A A
A LR 2 A A S A ) e | SR A R e
SR 7T VA ARG



6 Mol T A iR

LRk

T BRI A SR BT 55 407 T b 43
B Bl B RG4S , BV R T R L A v
A3 A A R A AR Sl TR R TR AR R SR AE AT Ak oy
I FPSE AR, 7E SRR IR 53205 1 5 R )
(T 2600, VGG A1) LeNet I 45 6
Ty L35 .ResNet Méﬁ*ﬁﬂ[%] . Densenet W?ﬁ*ﬁﬂ[m
S50 FEURI 25 I 45 A5 TR0 R HC oS i 28 20 5 07 FH AE AR A
BRBER I T, TR TR S BIA R R R BT
TREE 27 21 169 H Bm A D 530 325 ] Bsf 4 FHE A A k4 1
I E R IE SN T AR HETE Z A F], Bl ok 5586
B A Bl B R I AT: 55 1) VR B 2% > Bk, Faster R-
CNN®  YOLO3, YOLOv4'™ | YOLOv5'*'  SSD'*"
SO I AL e 7 FH A SR B A

H A AR ik B P01 5 4 28 U8 %) 102 B 9 K
23R PG B 2 I 45 B0 AT L BLRHs MG AR A i
ARG T R S 2% W R RRE SR T AR, TE
TN TSR SR U R , B AT 20
QY AN S SRR QP = i i Al U =A
RN T AM RERE R, % TR K8 R )
b FRAR AR AR
2.2.3 R IRA

AR BB — P AR T AR 2 1t 55
JEE T 52 A A 2R T P14 [ B 0 4 A A i AR A, 40
SRR R 1 N AE R, AT 40 o ELSCHE R AL
B IRGESCH WY BRSSP AR R KA
U R R BIAM G A A, I BAH
FEIAIAE S0 3 XA J3E 0 2 5% 1 A 1] it 79 JBR B 2R
MG i EE R R, BIE X AR M S k17
B S R B BRI E L, Ak,
Bl N TR REF= L 24 VR 24 ] gz 3 T
SRS 2,

Hu %5 ) 11T 8 2% 2T I 25 ResNet-18 A5 1|
X AR BT 5328, Sy UER 215 5] 96.64% , 1
B B 5 43 25T A AL 4 0.003 s, Loke ™ i i
LBP UK 0B 50 PR IOR A S B PR R BR R
AR B, K AR CNN B A2, S50
SERR AR RIA F 93.94% , ) R FEAE
FIFH LBP IR BpaE (757 244% FLIR) Fgo
(HLLALS0) FRAE A B B B S A DBN
BRI HBIR 25 RN 3.59% , BN, KM E A
R R RIS B B RSy, — S H R
b A3 A % — St A A R, S T AR E
B0, 15 SCH G — SRR AR, Liu 25 KR 415 23
O SR A RPE AR AR 53 R 6 25, IF RT3 T
SSR [ CNN #EATSEHT 4328 43 S5 Ef %6 94.86%

B ER AL BRI ] R 26.55 ms, VIT )t )i T
S AR B A S i

VNP SR S2 St e e POV RGN AN
FRIE AL G g L TR 75 B IURE G YRR AE A R
JESCA R IO SE SRS AR T AR N 25k
IS A BRI B0 732 B2 07 VR A
HMERERGE B2 IR EE S S HOREE B T —Fb
B Ay A7 B g R A T B, T ek 2 g PR AR 4 R
ik, v LA H sh S8 AM SO H R 75 2K )
Btk , BT LA H BT R 22 340 02 e M 1 SO BUE R AR A
R 2 I BERL — NS SRS FE S T IR 2~
AR AT 328 RS SR 5T i oA B E i
A A A0 TR FE 27 20 D7 R AR S0 2 S 9
I3,
224 AMEELKY L

TEARMF BB 7326 RS B b AR E AR
WIGRBEREAR D R )R, TREE 2 ST AR I 4K
R B R, (E AR R A SR AR B LB B 3
I HNTHR B+  AE S T RsA IR 5
BREA T AT AN YR Z R 22 | DTS2 00 I 85 4 A6 T
REIE S TR BT AR B 0o 2 58 A5 X e A= b k] BA E
PRA: UBTREAS B RE 7 AR GF i e T N ZRBE A 1
A Ia)et

Tang %47 JF & 7 — R XU H 3h 9 5% 2% 28 56
P 2% ( dual auto-encoder GAN, DAGAN ) e fiff the A
o SR B AR A G A ) AT 2R SR P K R 32 R B
W dnaitty, B R a iy 5 Bl Be ) il g e
PEo BXTIEEGAN B bR RSN DL RE Y ), 38 R
FHEAXTHTAE 25 (cycleGAN ) R 9E 17 G A
W, A Li 2SR eyeleGAN 2240 3 B KM (B
Ry HERSFIFA AR ) (8 BSO8R B R AE & BT T Y
ARBF G (R Bl ) BG 1A 5 0 B B 1Y 1
DU R T ABE e B 288 1) A S A 4 R) it (H 2
DAGAN 1 cycleGAN 1775 G MU EIMG 1 73 P 2R 4
(S N LT T T S T8 7 SN A SN D 71 L <
( progressing growing GAN, PGGAN ) 7£ & Jil /5 43 #¢
MGy B A W AR Hu 45 R FH PGGAN
BT PR 512x512 BIARMBREE (355 ST
FIHR ) EHEORY REHE 2, S1E G RIREA R 7
2 Okl e 47 28 455 ) A e, PGGAN BEY”
Jr BRI AT, T4 B 1 B [ Y 22 R T
WA M

AHE BRI 5 3ok FRAT AT 52 BRI AR A BR 1
AMF By BA BEAILYE 1T EAS [R) R 2 Bl B
IR AN ] XA U 28 264 Ry — T A OB A



5 439

RUBE, 55 GRIE A T TEAME I T AU Y 52 3k g 7

1 TF-BE, (o R T A 1 0 2% A 1 B , PT D22 fi R
AR B A AN KT A TRD L 5 3t — 0 R ] DL 5 X 4
Az P2 o R o S S A 55 R B R AT 5, IR
RS Fofr 482 5 A 55 B AR TR VR SR O 22 55 5K
2.3 AT

AR TS ARTE— € R T HEBR AR TPk 43
AL BRI AR AR N T R R TP, KA i
TTIERG & A TR AL B AT DUBR & g 225 B, 2
S AVERE | b7 1E I T SRR B A B A 4 )
R, AR TR T AN 45 4 B AR RS AL A% T
R R 2 2 EA R RS e v, PRk
HENT IAR AT S PR T H i AR 1 B0 B 3 TR
ME A GEPHR TR P AR AT B TR R AR M A
DL B PR 22 108 6 A 15 1 T et il i 22 T ¥R 38
2 IR T N2 A ) b 28 W 22 ) Bk B
A RUFRIEAT AL BN B & N RE T, AR TR
FRHIH

SR A I A0 B R T R U e 5
%% (deep recursive neural network , DRNN) ¥ AR 44+
PRI 1 SO A AL S R G HE T
AL, BE A S ik R B BAT N, FAh, R
AR B 7K X AL T4 1 o 2 A o R B 52
TE IRz X AR BT TR, 7 N A T RE N
MR IR AR A B K R B FE AR, HI R
ZWHE H EE X Bk s R AT, BRIL
DU T —F I T DBN B AR S K A R
S HEVRAY AT IR S Bl £ 75 3 Y I AR
4 R B 3R 00 S92 R IO A B 5 7K AR 1 T i Li
SR EE T KM EOK SRR I Al S RS, 43 5
FIFH BP 4125 ) 28 1 2y 25006 A 0 28 W 4 257 T
TR ACRE 5 7K AR B — AR I SR A
B ARG TR G S T RS TSR
FsgidtE, 5340, AT FIH DBN 4 & 401
PID #5H 5E SEAT O, RS T L AR Ze Xt & | 5
45 R K W], DBN-PID 5260 AR M T4 % NS5
(IRLBE AHX IR EE AR L BH A8 55 7K 58 146 D0 S
J¥ 11 BP-PID S3% (E 15

H R 27 ) 7 W TR AR T4 5 A v i 1y
B H R 5k EEE LA 2] 5k, an BP f
25 2% ARk LR 50k 45, (H X 86 5 1k B R
fERG FEAN R o B A B 7K A I TR 4 5 5 25K
)4t v R B 22 R RE R 7 VA Y B 05 TR TR
2 O ES E OT R Rl TR R TR Tt
T, DA s AR Tt AR Y ) v 1 O 304 B
B I T RE A TR ASOR

3 &k Z

VRN T BB B B B o0, 2 TR
2 BT BLE OB 5 i OB ORIV R RE fif DR T
BP [2% SVM 483K JZ % > Tk s B A R 5
TR A A A, AR 2~ AR TE R
I T A T —Le T R, (HR A ™ b AL 7
A E—E WY 2200, #5 ZEN LT 3 A5 T 2 4f ik
RIEE A I BRI

1) LB HAR O 2l SRR A R e A S
REA PR ELEE, DB AT A
FER AR B AR I T 2 S S A Y
ARSI b B e o R A TR 33 DA TR P2 =
SRR £ S5 A8, 7 KRR, W RS B v SR i
R F PR LS BB R AR S SR AR T

2) BEPFARPFARAE 5, 4R THIR I 2 ) OR 1
JESHERE . IREE S~ R AR T RBR BN | -
B RITRRE I BUE TIZEOR AL SA B, N IHoRs
TRIE 27 S BRI T AR T T 400 A 22 58 S ik
B & RO AR PR AT R T S
K

3) WFA AR BRI T2 o, fie R TR B2 27 2] 7
AR A I R . R TR =2 AT AE AR I T
U BT R N T S PR A R R T A R
BREIN T A, AL S8 | ARAIN TR RE AR R R
SR o G S E I 15 E o0 N ) I B B DR
FEIHET T AR XA, BRI AT 584 98 R
2 S BORAEAM I T AR S HIFE ], IR Al Ay
b K AN W H BT B A S A5 AR i T
P, 5 VAR I Tl i) 8 B o 3 A A e
TH,

£ 2 3Lk ( References) :

[ 1] Rk RMBESEARR IR [T]. hrEsol R R
24, 2021, 41(1): 1-28. DOL; 10.14067/].cnki.1673-923x.
2021.01.001.

WU Y Q. Newly advances in wood science and technology [ J].
Journal of Central South University of Forestry & Technology,
2021, 41(1) . 1-28.

[ 2] k3, AR, b EAM R S BHT]. Mok 25,
2015, 37(2) : 68=72. DOI. 10.13843/j.cnki.lyjj.2015.02.011.
ZHANG Y H, FENG G Q. China’s timber supply and demand:
status and trend[ J]. Forestry Economics, 2015, 37(2) ; 68-72.

[ 3 ] RUMELHART D E, HINTON G E, WILLIAMS R J. Learning
representations by back-propagating errors [ J ]. Nature, 1986,
323(6088) : 533-536. DOI. 10.1038/323533a0.

[ 4] BOURLARD H, KAMP Y. Auto-association by multilayer per-
ceptrons and singular value decomposition[ J]. Biological Cyber-
netics, 1988, 59(4): 291-294. DOI. 10.1007/BF00332918.

[ 5] WZREE, 229, ETA, % BT B LM H R G



8 Mol T A iR

LRk

o0 2% FR AU AR S e 7 AR U SR RS (D] R3S i
2021, 40(24): 50-56, 74. DOIL. 10.13465/]j. cnki. jvs.2021.
24.007.

JUDH, LI'Y, WANG Y ], et al. A stack sparse denoising au-
toencoder-based neural network approach for ship radiated noise
target recognition[ J]. Journal of Vibration and Shock, 2021, 40
(24) . 50-56, 74.

[ 6] LIAOLY, DU L, CHEN J. Class factorized complex variational
auto-encoder for HRR radar target recognition [ J]. Signal Pro-
cessing, 2021, 182: 107932. DOI. 10. 1016/j. sigpro.
2020.107932.

[ 7] 0506, vEaligte, sk, 4. —FhRET RIS T Y125 [ 27 >

MEREAR B RS2k (1], THR NI, 2021, 44(2):

409-421. DOI: 10.11897/SP.J.1016.2021.00409.

ZHAO P, WANG C Y, ZHANG S Y, et al. A zero-shot image

classification method based on subspace learning with the fusion

of reconstruction[ J]. Chinese Journal of Computers, 2021, 44

(2): 409-421.

EIEH, sREIAR, BT, BET A G A I 002 B 5E

BRG], P24k, 2022, 50(3): 533-539. DOI;

10.12263/DZXB.20210105.

WANG X S, ZHANG H L, CHENG Y H. Autoencoder and hy-

pergraph-based semi-supervised broad learning system[ J]. Acta

Electronica Sinica, 2022, 50(3) :533-539.

(9] £5M, MR, BWH, 55 A3 FECHEE LE B HE
Ak (1700 ], FHRMLR 5 IR, 2022(2022-08 -
03]. https://kns. cnki. net/kems/detail /11.5602. TP.20220117.
1625.002.html.

WANG Y C, ZHOU L Z, ZHAO Y P, et al.Poetry generation al-

gorithm with automatic expansion of keyword semantic information

—
oo
[

[J/OL]. Journal of Frontiers of Computer Science and Technolo-
gy, 2022[2022-08-03 ]. https://kns.cnki.net/kems/detail /11.
5602.TP.20220117.1625.002.html.

[10] HINTON G E, OSINDERO S, TEH Y W. A fast learning algo-
rithm for deep belief nets[ J]. Neural Computation, 2006, 18
(7): 1527-1554. DOI; 10.1162/neco.2006.18.7.1527.

[11] EXnW. WEEE &ML AL kSR D]. dEat,
JEF TR, 2019.

WANG G M. Optimization design for deep belief network and its

applications [ D ]. Beijing:  Beijing  University  of
Technology, 2019.
[12] & , W] — P IR B S M A SE [T, /N

ﬂﬁ%ﬁm%éfﬁ, 2022, 43(6): 1240-1244. DOT; 10.20009/j.
enki.21-1106/TP.2022-0186.
LYU H F, PU B M. Improved deep belief network algorithm[ J].

Journal of Chinese Computer Systems, 2022, 43 (1 6):
1240-1244.
[13] Z, 2400, Ui, . ST O AR E &M 1Y

CSP AL A 1y B ()], KRB+, 2022, 43(7):
225-232. DOI; 10.19912/j.0254-0096.tynxb.2020-1079.
LIJJ, WANG X G, YANG W M, et al. CSP station output pow-
er short-term forecast based on improved RNN-DBN [ J]. Acta
Energiae Solaris Sinica, 2022, 43(7) . 225-232.

[14] WANG H M, LIU P Z. Image recognition based on improved con-
volutional deep belief network model [ J]. Multimedia Tools and
Applications, 2021, 80(2) : 2031-2045. DOI. 10.1007/s11042
-019-08300—x.

[15] X3, 252t g ﬁ 8. BT HRIEE S BRI A ML
BN 5533 [T]. WM (ARRIAM) , 2018, 58
(9) . 781-787. DOI; 10.16511/j.cnki.qhdxxb.2018.22.034.
LIU Q, LI Z X, SUN F C, et al. Image recognition and classifi-
cation by deep belief-convolutional neural networks[ J]. Journal of
Tsinghua University ( Science and Technology) , 2018, 58(9) :
781-787.

[16] ™, T80 BRMIE MR R I [T]. LR
FEREE, 2021, 15(1) : 27-46. DOIL; 10.3778/].issn. 1673~
9418.2008016.

YAN C M, WANG C. Development and application of convolu-
tional neural network model[ J]. Journal of Frontiers of Computer
Science and Technology, 2021, 15(1) : 27-46.

[17] ZHANG S W, ZHANG S B, ZHANG C L, et al. Cucumber leaf

disease identification with global pooling dilated convolutional

neural network [ J ]. Computers and Electronics in Agriculture,

2019, 162: 422-430. DOI; 10.1016/j.compag.2019.03.012.

INEW, EHide, FIT, 5. JET ResNet-CA MY fAHFIfIEAR

BEPUR J7 86 [ 1], AR HUBR A% 4, 2022, 53 (S2): 219-

225, 277.

SUN L Q, WANG X L., WANG B N, et al. Identification method

of fish satiation level based on ResNet-CA[ J]. Transactions of the

Chinese Society for Agricultural Machinery, 2022, 53 (S2).

219-225, 2717.

[19] Z=ilHe, Z=24R, HEBYL, . 2T GAF-DenseNet FJHi il

TRV BN [ 1/0L]. Al BUB A4, 2022( 2022-10-
02]. https://kns. cnki. net/kems/detail /11. 1964. s. 20220812.
1020.004.html.
LISY, LIR C, WEN C K, et al.Quality prediction of tractor ro-
tary tillage based on GAF-DenseNet[ J/OL]. Transactions of the
Chinese Society for Agricultural Machinery, 2022 [ 2022~ 10—
02]. https://kns. enki. net/kems/detail /11. 1964. s. 20220812.
1020.004.html.

[20] LEIC L, XUE L L, JIAO M X, et al. Rolling bearing fault diag-

nosis by Markov transition field and multi-dimension convolutional

[18

[

neural network[ J]. Measurement Science and Technology, 2022,
33(11): 114009. DOI; 10.1088/1361-6501/ac87c4.
GOODFELLOW I, POUGET-ABADIE J, MIRZA M, et al. Gen-
erative adversarial networks [ J ]. Communications of the ACM,
2020, 63(11): 139-144. DOI; 10.1145/3422622.

[22] BRAS, FMLA, WIEEE. LU ZE GAN ZRR [ T]. 5
BUR2E 582, 2020, 14(1): 1-17. DOI; 10.3778/j.issn.
1673-9418.1910026.

LIANG J J, WEI J J, JIANG Z F. Generative adversarial
networks GAN overview[ J]. Journal of Frontiers of Computer Sci-
ence and Technology, 2020, 14(1): 1-17.

DENTON E, CHINTALA S, SZLAM A, et al. Deep generative

image models using a Laplacian pyramid of adversarial networks

[21

[

[23

—

[ C]//Proceedings of the 28th International Conference on Neural
Information Processing Systems-Volume 1. December 7 — 12,
2015, Montreal, Canada. New York: ACM, 2015 1486-1494.
DOI: 10.5555/2969239.2969405.

[24]ZHU J Y, PARK T, ISOLA P, et al. Unpaired image-to-image
translation using cycle-consistent adversarial networks[ C]//2017
IEEE International Conference on Computer Vision (1CCV). Oc-
tober 22—-29, 2017, Venice, ltaly. IEEE, 2017, 2242-2251.
DOI; 10.1109/ICCV.2017.244.

[25] 2558, kAN, JEF et SRGAN A 1 A RGO 43 Bt

FE-MF[I/0L]. TP TR, 2022[2022-09-25]. ht-
tps://doi.org/10.19678/j.issn.1000—3428.0064174.
LIP Y, ZHANG Y L. Research on face image super-resolution
reconstruction based on improved SRGAN Model [ J/OL]. Com-
puter Engineering, 2022 [ 2022-09-25]. https://doi. org/10.
19678/j.issn. 1000-3428.0064174.

[26] BIANCHINI M, GORI M, SARTI L, et al. Recursive processing
of cyclic graphs [ J]. IEEE Transactions on Neural Networks,
2006, 17(1): 10-18. DOI; 10.1109/TNN.2005.860873.

[27] HAN K, WANG Y H, CHEN H T, et al. A survey on vision
transformer[ J ]. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2022, 45 (1):87 - 110. DOI; 10. 1109/
TPAMI.2022.3152247.



5 439

RUBE, 55 GRIE A T TEAME I T AU Y 52 3k g 9

[ 28] MRk, &XUEIE, Bl 45, 45 AR 2] 5 Hough £y

SFREAMBR M RG], ol TR, 2021, 6(1):
136-142. DOI. 10.13360/j.issn.2096-1359.202003022.
LINY H, ZHAO H L, YANG Z C, et al. An equal length log
volume inspection system using deep-learning and Hough transfor-
mation [ J ]. Journal of Forestry Engineering, 2021, 6 (1)
136—-142.

[29] #%E, FRBUL, W20, 55, JET Mask R-CNN BB AM K2

WAYENTFR ], Mol TR, 2022, 7(2) : 135-142. DOL:
10.13360/j.issn.2096—-1359.202106001.
YANG P, ZHENG J S, FENG Z Q, et al. Research on detection
and segmentation methods of dense-stacked logs using Mask R-
CNN [ J]. Journal of Forestry Engineering, 2022, 7 (2):
135-142.

[30] TH3C BT AN ARG RS D]. Jbat: Jbasg
MR, 2018.

DING B W. A wood measuring system based on computer vision
[D]. Beijing: Beijing Jiaotong University, 2018.

[31] DING F L, LIU Y, ZHUANG Z L, et al. A sawn timber tree spe-
cies recognition method based on AM-SPPResNet[ J]. Sensors
(Basel, Switzerland ), 2021, 21 ( 11): 3699. DOI. 10.
3390/s21113699.

[32] ZHU M, WANG J C, WANG A C, et al. Multi-fusion approach
for wood microscopic images identification based on deep transfer
learning[ J]. Applied Sciences, 2021, 11(16) : 7639. DOI. 10.
3390/ app11167639.

[33] WU F Y, GAZO R, HAVIAROVA E, et al. Wood identification
based on longitudinal section images by using deep learning[ J].
Wood Science and Technology, 2021, 55(2): 553-563. DOI:
10.1007/s00226-021-01261-1.

(347 BRUAE. T ) S AU D080 T 1 5 8 R ARG 7 7 K i FH
FE[D]. MIAT: WAl R, 2020.

HE T.Intelligent defect detection method and its application for
optimal processing of solid wood plates [ D]. Nanjing: Nanjing
Forestry University, 2020.

[35] BRJeBh, BWiZk, B'5G, 55, JET CNN (A S CT Fl4 5t
FHHATTT. #Rolk B4, 2018, 54 (11): 127-133. DOI: 10.
11707/7.1001-7488.20181118.

CHEN L X, GE Z D, LUO R, et al. Identification of CT image
defects in wood based on convolution neural network[ J]. Scientia
Silvae Sinicae, 2018, 54(11) ;127-133.

[36] GAOM Y, QI D W, MU H B, et al. A transfer residual neural
network based on ResNet-34 for detection of wood knot defects
[J]. Forests, 2021, 12(2) . 212. DOI. 10.3390/{12020212.

[37]JUNG S Y, TSAI Y H, CHIU W Y, et al. Defect detection on

randomly textured surfaces by convolutional neural networks

[ C]//2018 IEEE/ASME International Conference on Advanced

Intelligent Mechatronics (AIM). July 9-12, 2018, Auckland,

New Zealand. IEEE, 2018 1456 -1461. DOI; 10.1109/AIM.

2018.8452361.

URBONAS A, RAUDONIS V, MASKELIUNAS R, et al. Auto-

mated identification of wood veneer surface defects using faster re-

[38

[l

gion-based convolutional neural network with data augmentation
and transfer learning [ J]. Applied Sciences, 2019, 9 (22).
4898. DOI: 10.3390/app9224898.

[39] 5, 3kfh, Mg, 5. T YOLOv4 Mk I br 2 i Bl
WHILT]. Molk TR 4%, 2021, 6(4): 120~ 126. DOI: 10.
13360/].1ssn.2096-1359.202010009.

WANG Y, ZHANG W, GAO R, et al. Research on surface
defect recognition of structural sawn timber using YOLOv4[ J].
Journal of Forestry Engineering, 2021, 6(4) . 120-126.

[40] FANG Y M, GUO X X, CHEN K, et al. Accurate and automated

detection of surface knots on sawn timbers using YOLO-V5 model

[J]. BioResources, 2021, 16 (3): 5390 - 5406. DOI; 10.

15376/biores. 16.3.5390—-5406.

[41] DING F L, ZHUANG Z L, LIU Y, et al. Detecting defects on
solid wood panels based on an improved SSD algorithm[ J ]. Sen-
sors ( Basel, Switzerland ), 2020, 20 ( 18): 5315. DOI. 10.
3390/s20185315.

[42] HU J F, SONG W L, ZHANG W, et al. Deep learning for use in
lumber classification tasks[ J]. Wood Science and Technology,
2019, 53(2): 505-517. DOI; 10.1007/500226-019-01086~z.

[43] LOKE K S. Texture recognition using a novel input layer for deep
convolutional neural network [ C]//2018 IEEE 3rd International
Conference on Communication and Information Systems (ICCIS).
December 28-30, 2018, Singapore. IEEE, 2019. 14-17. DOI.
10.1109/1COMIS.2018.8645055.

[44] SRS, RIBE, AR, 5. TR B (5 W45 00 S AR A
B e SCBR BIEFE [T ). HEEALRHBESE, 2019, 36(12) :
3889-3892. DOI. 10.19734/j.issn.1001-3695.2018.07.0438.
HU Z K, LIU Y, ZHOU X L, et al. Research on defects and tex-
tures recognition of solid wood lumbers based on deep belief net-
work[ J]. Application Research of Computers, 2019, 36(12):
3889-3892.

[45] LIU S H, JIANG W B, WU L H, et al. Real-time classification
of rubber wood boards using an SSR-based CNN[ J]. IEEE Trans-
actions on Instrumentation and Measurement, 2020, 69 (11):
8725-8734. DOI. 10.1109/TIM.2020.3001370.

[46] ZHUANG Z L, LIU Y, YANG Y T, et al. Color regression and
sorting system of solid wood floor[ J]. Forests, 2022, 13(9):
1454. DOI; 10.3390/f13091454.

[47] TANG T W, KUO W H, LAN J H, et al. Anomaly detection neu-
ral network with dual auto-encoders GAN and its industrial in-
spection applications[ J ]. Sensors ( Basel, Switzerland), 2020,
20(12) : 3336. DOI. 10.3390/520123336.

[48] LI D J, XIE W B, WANG B G, et al. Data augmentation and
layered deformable mask R-CNN-based detection of wood defects
[J]. IEEE Access, 2021, 9. 108162-108174. DOI. 10.1109/
ACCESS.2021.3101247.

[49] HU K, WANG B J, SHEN Y, et al. Defect identification method

for poplar veneer based on progressive growing generated adversar-

ial network and MASK R-CNN model[ J ]. BioResources, 2020,

15(2) : 3041-3052. DOI; 10.15376/biores.15.2.3041-3052.

A, R, BEAE BT A M W4 1AM T

FRARHHA[ ], FRAK TR, 2003, 19(6): 10-12. DOI. 10.

16270/].cnki.slge.2003.06.005.

ZHANG D Y, HU K L, ZHAO Z F. Identification of wood drying

based on dynamical recurrent neural networks|[ J]. Forest Engi-

neering, 2003,19(6) . 10-12.

[51] B, FHR, sKEE. I TIRE % 2 09 AR & K 5500

[J]. BUN AL PRI R E 240 ( A AARHER) , 2015, 35(1)
31-35. DOI: 10.13954/j.cnki.hdu.2015.01.006.
XIA C J, WANG P L, ZHANG Y. Prediction of moisture content
of wood based on deep learning[ J]. Journal of Hangzhou Dianzi
University ( Natural Sciences) , 2015, 35(1) ; 31-35.

[52] LIJ, SUN L P, LIU D S. An on-line measuring fusion model of

lumber moisture content based on data fusion algorithm [ C]//

[50

[l

2007 International Conference on Wavelet Analysis and Pattern
Recognition. November 2—4, 2007, Beijing. IEEE, 2008: 691-
694. DOIL: 10.1109/ICWAPR.2007.4420757.

[53] HAIL, TH R, 3T DBN-PID A T2 S50 R 4
[J]. PSR, 2015, 23(1): 99-101, 105. DOI:
10.16526/j.cnki.11-4762/1p.2015.01.087.

XIA CJ, WANG P L. Detecting system of wood dry kilns’ param-
eters based on DBN-PID[ J]. Computer Measurement & Control ,
2015, 23(1): 99-101, 105.

s

(FTHEmEE BEw)



