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BE, BISEMIEMAOH ERTEG D B EEN . BT ERTEMEIREVEYE, #7 Mini-200 /N E AF] Mids—3200 KHEA 2
PMHIESE, BEMNIZEREFENDEES, EeXNNGERAREEEL. BOIUG. RESUENIEN D EINE
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Heartwood Region Recognition in Larch ERT
Images Based on Improved Semantic Segmentation Network

LING Hao, XU Huadong’, GUO Xuhui
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Aiming at the difficulty of accurately recognizing the heartwood of larch standing trees, this study proposes an
intelligent segmentation method based on electrical resistance tomography (ERT). By comparing and analyzing ERT im-
ages and physical sections of larch samples, it is found that the resistance change rate of the junction region of the heart
sapwood reached 90%-94%. Based on this threshold range, the segmentation annotation criterion for ERT image segmen-
tation of larch standing tree heartwood was established. Due to the difficulty in acquiring ERT images, two datasets,
Mini-200 small samples and Mids-3200 large samples, were constructed to quickly adapt to the segmentation task
through the small training set, and combined with the large training set to improve the model robustness and reduce over-
fitting. The improved semantic segmentation network (DeeplLabv3+) model was proposed to optimize its feature extrac-
tion capability by introducing ResNet101, convolutional block attention mechanism (CBAM) and data communication
module (DCM). The ablation experiments showed that the five evaluation indexes of accuracy (A), precision (P), inter-

section over union (IoU), mean intersection over union (mloU) and Dice loss function of the improved model were im-
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proved by 0. 14%—0. 44% compared with the base model on the Mini-200 dataset; on the Mids-3200 dataset, the im-
proved DeepLabv3+ model had the optimal segmentation performance, and compared with the original model, the pixel
accuracy (PA) and loU of the heartwood were improved by 0. 32% and 2. 45%, respectively, and the class pixel accu-
racy (CPA), mloU and Dice coefficient were improved by 0. 47%, 2. 13%, 0. 25%, respectively, and the loU reached

98. 80%, compared with the original model. It proves that the improved model works well for the segmentation of the

heartwood of the ERT image of larch.
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T8 (Dalbergia odorifera) kA1 Bzt i T-1044 1, 1 H A
Ji#A (Chamaecyparis obtusa ) CyiF RIREE B L E AR
i A T R A A 3009%, R, S E AR
ORI 7 VA A T O BRI o AT SZAR O A
I, AT REAEIAM 5O B EAHIE BTG B Gt
R B AR 75 1k AT IE A L DRI, F-HR i
T BEERHIIR O SO iR R g R A A

FEREAGA O IR A, B BT 32 SR R A
F B BHES SIS FREERGUER AR, Hf
FHLFH 2R Z 1 Al (545 7K (electrical resistivity tomography
ERT) PE T 71 57 HL BH R 22 5 SE B B R ER P S0 45 4
HAG , FEARMA R DR 1o 53 3 S I e I S5 (T 35
TR B AR R 3 A K K Sy iRE . (BEsE
PN F 52 BRT- R filors R S BB G5 ik B S
(] R AN AR PR 4 - B v, G R R ) A ER B MR P -t ]
A, S AR = SR ek PR X 7 B G R L, 75
e S BRI AR SO A B DURR A AT &R
Guyot Z U I ERT R AREE B 7RM /KR B R Rk E
IS B SEM 73 A7 55 73 1 i E T AR (Pinus elliottii)
S5 Ee A (Pinus caribaea) B8 0084 (sapwood -
heartwood ) 1 5% ; ERT i {5 i 7~ O X 15 52 B0 v HL R
2, [YME R R, Al F A A AR 5 A G SE M E AR
—2. 1 CT G IRIE LR B3 2 B A BT
TTERREUOD AR B 5 2 T BRI T2 5
EE, BEERIE S AR G B 7T TH O i,
TR SEETIEE G # T OMIRA,
Hatta Z 7t — i L BT — (L A B R N 45 53
KTTE B ED 2 [E R An v (SNI 7631:2018) R A
(Aquilariacrassna) Us4 53 N 30 . HZ TEILRAY
D DRI ES R SR AR AR 5 O 5 1A i i DX S 57
TEERA LA A A 2 R OB AN S (SE T SRR
7 [ Sl (]  S5 S B A Z AR RE AN 2 L DA IR AT A
M MECABUS IR I B -

BEXS NZAGOA TR B R S [m] 8, $2 R T ERT &5
WE M E R A7 . 8T ERT KRR H
P (Larix gmelinii) HHLEH — 251 2 5 (ERT E{R) , 15
FER/N2DEAESE, DeepLabV3+?ﬂ%ﬂHM% |
Ft U-Net [ ] BBk K 1 22 5K PSPNet A B — <5 P B4t
1k, DeepLabv3+f@ﬁ§§ﬂEj§I‘Eﬂﬁgi%ﬁﬁ’ﬁﬁ(f\spp)'iﬁg
14 &5 (Decoder) B PRIR T, SLBL 118 G B 525 [ 4
TIHIBE LT o [, 7E DeepLabv3+HYESfilli B E1TIL
ik, 2R R TR B RE T, AR ORI AL R B A HY
A SR R R o BIRS S, R ERT G 53 HR (AN
SOV DXIARFAIE AN BH 5 P S8R O TR A A [ R

1 MH5FE

1.1 et

e A B )38 Bk P TH AR SRR AR ZR 10 B, 1125 em,
E2)916.9 cm=1. 9 emo fEIRIRE K JFERFEANN T
BUEE S em BEIBAEA, H1F 5040 TR R
] PR AR SCERTE I OGRS, FER R T e
b EAIEK IR 24 h 25 =Y 0. 964 kgt
0. 164 kg, Nifi fRIEEE AR S /KA1 85% Fidq , Al
NEARRAS AT R IR S HAE S,
1.2 HARFE

ffi F§ ERT EAL (£ [E PiCUS TreeTronic*) 5% & ERT
B, ik 1R BRI R AR 2 AR
A, DRI R b o5 R Sk v, VTR 3 B 7 T R A
12 10 FAR | AR RIEE AR KBS BRI 55y
fio fEERT ENHERNAEARREK(53. 2~59. 7 cm)
PR B AT R (10 kHz) S5 55, 3R BUI &2 508 o
R & 5 A PiCUS Q74-EXPT 8K {4, 15 7€ W 4% ]
ST S P, R A S Y A8 EE 2 (algebra recon-
struction technique , ART) 17 HLBH7 S 1 8L . %
R B BE AR 22, X 50 S REAS 4 B 85 & 3 IR fT
ERT i, SREXERT Bl

ERT FZ AR 1 J5U B 18 1) 300 57 e R SR AS DA A
R SR, I SRAL R A AR L
FENZ B s 7N L S R AR I, L SR R
o 2 SO 38 3 A e 49 £ 30 5 R R ] A5 8137



1292 Fo R N

WA

P

Electrodes l

A REA

Larch sample

ERT Host

Bl R 5

Data processing system

1 ERTHLiZ 2
Fig. 1 ERT test procedure
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Tab. 1 Resistance change rate at the junction of heartwood and sapwood in the electrode direction for disc 1 %
- BIFS
R Electrode number
Number of
measurements 1 2 3 4 5 6 7 8 9 10 1 12
1 92.1 922 915 90.9 935 90.3 932 92.5 90.9 92.4 915 92.8
2 92.6 92.7 91.8 90.8 932 9.7 93.7 92.0 91.0 92.0 912 93.4
3 92.1 2.8 9L1 90.5 933 90.5 936 92.5 915 92.4 918 93.0
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L), BIDRE G AR R E 73 RN TR IS B FRANIE UG
2R ASPP U SZ TS B tHAE R
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Fig. 2 Comparison of ERT images with physical sections of larch
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Fig. 3 Architecture of the improved DeepLabv3+ model

ALARFAE I A R X R TR I R T, AT A

2.3 REEEHDNE

TR IHUHTAT AZh AR BERHEA R | 5k H ArAl
KREFEH 9T R ST, 2T 7 SIS R B
AN ARAEAE AR [, TR IR A] 53 9@ i
FIH1L & (channel attention mechanism, CAM ) 55 22 [6] {3
%’ijmfﬁﬂ(spatial attention mechanism,SAM) o

R ETEREIILHE CBAM BERANIE 4 fr 7, 18 8
TETE R 0% e e DUk R E , B A S [ E R E

M2 2 R 3 S AL QBRI A Tl e
2.4 FHIERERM

TR AR B FL R 4R R B, 120 o e TR X
BREZR A, IRMETR I 3 B O 21, IR AR 2
BESR O BORHIE , T T O RO SRR SEBUAS T 73
i AR IE N 15 Bk R 8 R e R mE
REIRZ RE B R UE B ARBURTHRHERE RIA



1294 Fo R N

415

BEZT, AL B AR X TS RHE o

AR X ResNet 101 % th B9 R B HFAIE
HSEAHL(DCM) o [ 1x1 EIRE S 33 =& Z
B2 R, A A B R Rl A R AL S N IS =

—(
A 3x3 Conv | —
Input Rate 6
@ 3x3Conv | —
Rate 12
3x3 Conv | —
Rate 18

JINUAHIRS Rl A R IOAR, DX 30 b 55 ] FEl 10 A 2H 23 Y
NEFFE o RRZAFFAE B R, W == AR I
KFARFAE PR A A 2 (R AL, B8 58 L DX B 5 1 A L 2R
AR ELRE AL RHIE BE 1 3 e (11 4)

iy
Output

@_.

WG T SRS
Channel —® —| Spatial |— @

Attention Attention

1x

1 Conv

4 ML DCMEREIDE
Fig. 4 Structure of feature-enhanced DCM
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Fig. 5 ERT image data enhancement
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4 FERS5SH

FE¥& HAA ERT B 00 — 48R Gl f vh, RIGEK
PR BB M, AN i X 1% B Transfuse. U-Net.
PSPNet. SegNet F1 DeepLabv3+iX 5 /48 BRI { Sy B
1, >R F Mids—-3200 #ffE 8 470 Euialse:, AR 2. ik
BEBIELAE AT L Cob S SRR H AR Y ToU FG R A %
(pixel accuracy, PA) 8 Hr bS8 BN S A AE | H oot
loU j& £ 98. 80% , BRAIR LA B SegNet ] 97. 46% 2 T
1.34%, R SegNet 1£ I #f 73 &l B9 PA 48 fr H
99. 01% , PSPNet 7144 73 EI ) ToU 48458 78. 75% , $%
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Tab. 2 Comparison of results of semantic segmentation metrics for different models

BEMWERZ (PA)

Pixel accuracy

ESTILEE 3RS

ZFHEE(ToU)
Intersection over union #9353 e (mloU)

5 7 . 5
o (CPA) Mean intersection . 1< ,z,iﬁ
Model . R Dice coefficient

Y W Class pixel accuray Y IR over union
Heartwood Sapwood Heartwood  Sapwood
Transfuse 95.28 95.16 95.20 95.09 75.00 85.80 98.06
U-Net 89.39 90.76 90.24 93.29 75.16 84.32 98.49

PSPNet 82.11 88.52 85.94 92.46 78.75 85.45 97.16
SegNet 96.45 99.01 97.53 97.46 72.19 84.15 99.10
DeepLabv3+ 98.62 98.44 98.53 96.35 77.62 86.99 99.25
DeepLabv3+ + CBAM + DCM (ResNet101) 98.94 99.06 99.00 98.80 79.43 89.12 99.50

TE BT, G A mIoU A 89. 129% , 53]
R Z UERR (class pixel accuray, CPA)IA 99. 00% , & %f
PEBAI R B3 | Dice REUGAZ] 99. 50% , F AL iy
A EN 99.25%, HSTEERE , IR DeepLabv3+ &
TEIAM PA IK 98. 44% , #321 PLFF AL £ 99. 06% , (HH:
Do ToU ] 96. 35% AP AFAE A B 22 05, IX gk 1 ok itk
T RAE AR Rl S A SR A1 7 T BB Rt

Mini-200 % #f 58 f v fl ik 36 204 3R 3, 51 A
ResNet101.DCM 5 CBAM X T3 01 B X 53 B R
WAEFH . 51 ResNet101 5 CBAM A DeepLabv3+157!
TE CPA ToU F Dice 2247 [ = H AN {H mloU HH &

T H AR, Mini-200 %8 S 725 R I 25k Th il 3
K, Al Re R R MBI ARG 7R, Rl
BRI AREZE 2 R, 15 DeepLabv3+ G
MR R IR AR — & (IR T, B X G AR AL Lo i
(9 PA F1ToU 23 BIE2 - 0. 28% #10. 19% , CPA .mloU F
Dice 2 5043 B2 5 0.44%. 0.44%. 0. 14%, ¥ BH
ResNet101.DCM 5 CBAM X33 L /CobA A 43 B2 1E [7)
VEFT, R R E R SR — 2B 3G UE G AY DeepLabv3+15
RUMERE

Mids—3200 8 56 1 78 Rl i 50 £ 4 L3R 4., Deep-
Labv3+ 5 2 SO AR B PA (ToU mloU F1 Dice 22518
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Tab. 3 Results of ablation experiments for Mini-200

BERWERHZE (PA) ZFE(ToU)
o Pixel accuracy KANMG ZUERR Intersection over union $i¢]§9‘-?— kb ( mIQU) Dice 22
Model (CPA) Mean intersection Dice coefficient

w7 bk v Class pixel accuray Wy % bk v over union

Heartwood Sapwood Heartwood Sapwood

Baseline 98.35 98.65 98.51 98.38 73.52 85.95 99.07
Baseline(ResNetl101) 95.01 97.42 96.23 98.12 70.25 84.19 98.82
Baseline + CBAM 98.24 98.76 98.52 98.56 75.44 85.50 99.16
Baseline + CBAM (ResNet101) 98.94 99.01 99.05 98.81 76.39 87.60 99.43
Baseline + DCM 98.29 98.65 98.47 98.54 76.58 87.56 99.34
Baseline + DCM (ResNet101) 98.21 98.84 98.69 98.23 75.56 86.90 99.23
Baseline + CBAM + DCM 98.38 98.91 98.67 98.54 75.45 87.00 99.29
Baseline + CBAM + DCM (ResNet101) 98.63 99.20 98.95 98.57 74.21 86.39 99.21

¥ : Baseline Z /R 8 F SGD 1L 28 ) DeepLabv3+/E A VH BRI EY ,

Note: Baseline represents the DeepLabv3+ raw ablation model using the SGD optimizer.
(T HARAAY, HAt B 5 DR AR tREE . PA R ToU A EL BR Al B4 Y 43 142 /&1 0. 32% F1 2. 45%,
TR BRI A CBAM [ DeepLabv3+f& ) CPA. mloU A1 Dice & £ 43 B2 & 0. 47%. 2. 13%.
CPA F11oU EIHUETE B EA 3 MEAAFEFFEAR, 300 0.25%. IRIIE T BB V& H-FA T L0t 45 31
BRI E o B2 DeepLabv3+ UH ALY BIERUE,

F4 Mids-3200 HiEEHRMINIEER
Tab. 4 Results of ablation experiments on the Mids-3200

BEMEIRE(PA) R I (IoU)
i e Y b4 : 3 P RS

o Pixel accuracy KHgEWERZE  Intersection over union fFi’])g_?-’F H:(mIQU) Dice R%
Model (CPA) Mean intersection Dice coefficient

WY, %) pup ) Class pixel accuray O puak ] over union

Heartwood  Sapwood Heartwood Sapwood

Baseline 98.62 98.44 98.53 96.35 77.62 86.99 99.25
Baseline(ResNet101) 98.56 98.26 98.41 97.42 75.62 86.52 99.19
Baseline + CBAM 96.43 96.09 96.26 98.43 76.60 87.52 99.36
Baseline + CBAM (ResNet101) 98.69 99.39 99.04 98.80 73.57 86.19 99.11
Baseline + DCM 98.72 98.52 98.62 97.50 76.15 86.83 99.25
Baseline + DCM (ResNet101) 98.69 98.33 98.51 97.61 78.97 88.29 99.23
Baseline + CBAM + DCM 98.81 99.13 98.97 98.67 75.19 86.93 99.16
Baseline + CBAM + DCM (ResNet101) 98.94 99.06 99.00 98.80 79.43 89.12 99.50

Mids-3200 R T B, WE 6 iR FiE BB 5{HA] ResNet101 5 DCM HyGHAEAI 25 H R
BERIERRERS 7y B M S5 R EHaoEMEREEE B Miffi A ResNet101 5 CBAM fY R AL s
Fo Hoop, B A ResNet101 A DeepLabv3+fE8015R S RIMERE & IR Z R EME A~ . (EH
B —E IR B RO (LD X)), HAPEEIRES ResNetl01.DCM 5 CBAM A DeepLabv3+15 7 43 % 2%
NE, AR SESEREEREDR S (SR RREIRCE . SRS MRS ER R ZEN, 7]
SR EERSX) HRS SES AN, Eil SRR
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