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Tree species identification model
based on lightweight Convolutional Neural Network
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[ Abstract] With the rapid development of computer era, China’s forestry is moving towards digitalization and intelligentization.
Rapid and accurate tree species identification technology is of great significance to forest resource inventory, botany research and
plant diversity protection. In order to meet this requirement that the tree species identification model can be used on portable mobile
devices, this paper proposes a tree species identification model based on lightweight convolutional neural network. Firstly, the tree
species data set of 17 kinds of trees is constructed using the self —photographed trunk images, and the data are enhanced and
expanded. Secondly, based on ImageNet the weight is pre—trained and the output layer of MobileNetv3 network is modified, which
is trained by transfer learning. Finally, the model is compared with VGG16 and ResNet34 models, and the model is visually
explained. The experimental results show that the average recognition accuracy of the model on the test set is 99.16 %, which is 0.
98 % higher than that of the VGG16 model and 0.49 % lower than that of the ResNet34 model. However, the size of the model is
only 5.98 MB, which is reduced by 506.2 MB and 75.32 MB respectively compared with VGG16 and ResNet34 models. The model
can greatly reduce the volume of the model and make it be better deployed in mobile devices under the condition of basically
unchanged accuracy, which provides a feasible scheme for tree species identification of mobile devices.

[ Key words] tree species identification; Convolutional Neural Network; lightweight; images classification; transfer learning

0 8 = AN SE R AR U TR R T —
= F Android BEF- & RO A iR B R 8L, £ X 15
HiER IR IRZ RN, SRIARBEESATEA . RIF R ET LA R 94.44% , 5 bR
I EZ AR ORI FSHEA TR, RGN 4R T — PRI R U Y 5 | 2 TR R A R RN
T BA TAEE R FCRIRT S8, IR BT RS I X B 2 15 5 T Y 10 R R R AT
DA T e AR B R | B S, Oy MERRSR T LK F] 99.15%, #5252 {fi i BP
EEXSREARE B SO, ARl 2 R A R X 15 AR A I R AT 0028
AR R DT AF AT T REMFR . 155 80.97% MR,

EEUR: BIRILE A4 g H (202110225368)

YEER N EHIL(2000-) , 55, ARVE  FEMG 71 ER U THRA0(2001-) , L, AR, FE5 T 1) BURAEBE; S8IEFH (2001-),
AR EREAFT 1 MOAE B ZEIEZE(1999-) Lo AR FEBPR 5 Al fE R

BiEE . TWHiAK  Email; yanqiuxing@ nefu.edu.cn

W E A 2022-03-25 PSRN |~ 5 g b L A




12

HE L, F . BT R EE IR R4 B R AR AR 115

BEFR PN AT 5 T 1 7 22 X A

(1) BEARSSBEE 17 A I R 22 4k, R
AR RFAE , XA A PR 1 AR Y52

(2) HARME SIREE T IO, H TOLIR Y
SRR RAE BB R AR A PR RO T4,
T35 M) e 24 () R 1) 2

(3) ENA B RTIE A — 58— 58 35 R B A &
PGRE I X X o T AR A T AR KA R

BEXF 13X R, 5T R A T R AT 4 iR
SRS BT A8 A 114 H 20 R 4, R T A
AR ARAEE B SO E R SORRIR SOR 7 H |
SR I R R S PR AN X &) B SRR ST RN (B
PR B D B T R 2 T ORISR R
Wb BE A o Ak

Ry g R AR T PGSR 2R AR 5 8 1) [0, A BIF 5
A A FARER AR T R A R s 5 JF XS
HAATRAE N 5758, TR, D 3 A2 R 2 2T 4
FOR 7R % B ue bopy B, A SCH R & A
MobileNetv3 ®2% -3 F ImageNet Fiill A d 17
TR ], AR A R R i A AU s
Y REASTE PR UE U R 28 04 ] ] BRI ASE A /N |0
HERISR, BN G % Bl i A 1B L

1 #FiR 50 M & A

1.1 REF3]

R %% 2J (Deep Learning, DL ) J& #l 4% 5 >J
(Machine Learning, ML) 4038 H i) — 43372, & —Fh
FIFH I JZ M2 M 2% ( Deep Neural Network , DNN) 28
P RCHE HEAT R AR 27 > B SRk . 2 o) B Y
i, 38 R i 4 B A 2 T L 2 2 2 AT AR
FRIBOF SRR RRAE | DT 52 3 A A 23 2R A [l )5
155, T4k TR ) TR Ry s U
Az dm | ARG T A PR AR UR R B @, e T
2252 2R R )

1.2 HHRMHBERE

LR 22 ) 2% ( Convolutional Neural Networks,
CNN) 2R MM —Fh AR BRZ |
WALZ A EZ M )Z . b A Z A
5T A BUZ A A R RE A T 32 B A 2
A BUZ Hi 00 s 4 P {5 B AL BE S 15 PR 2 B2 A5 R
IEHE S B AL SETAE R B )2
B AL REE R TE& U2 b a0 Re iE T A0 i 22
TGS A BA R ER g M g on 5 Hom A ) i
BV R AEHEAT AR AN, A b A, 1531

AT AE . M fE 5 BB AR R, K X
4R N B2 I 2O
1.3 BEHER

BTE AT M B B A & W 4%, I VGG
ResNet'® % | BUOR FLAG B4 AOTR SIS , (E SR AR 7 2
B2 iR R, AEGBami i, i, 7
2017 4F- Google A R M sl g4t T —FPma)
TRIZ P B -MobileNet 251, HLAT /D IS4
BARAIE R A F] T B A A e RS shoimia T 52 A TR
55 B A F T W Ik, MobileNet % 51 3 41
MobileNetv1"” MobileNetv2" ™ F1 MobileNetv3' ! =M
A,

H 71, MobileNetv3 4 MobileNetv3 - Large yi|
MobileNetv3—Small PH1~%5#4 , MobileNetv3—Large [¥]
4% L MobileNetv3—Small 4% A 5 5 5, (HAR AU (A
FREER, T B2 B 48 . 7E ImageNet b AYZFZEAE 55
mr 5 [6] & 51 B MobileNetv2 #H Et, MobileNetv3 —
Large #1511 £ 4.6% K HER T 5% F K6 I 2 2
MobileNetv3—Small $2 75 T 24 3.2% M) UERH K F1 15%
ARG
1.3.1 MobileNetv1 #%1 5 MobileNetv2 %!

MobileNetv1 & —F 3 TR B 0] 43 25 45 AL R A
R HALO ARSI T IR EE ] 23 2 B PO 0L
GEBERUZ L AEGRERES R, B U i 1 4
AV A RE IR 1] 1 388 3 K0 — B, A — 2D AR AR X T A
AATEEG A3 B 5 . 17 MobileNetvl #5212
SCT 2 AL JZ - R B ( DepthWise , DW) Al
25 T (PointWise , PW) |, FI| FHIR B A AR ) F A4
RO BN AGE T AT AR, RS R HTZ S AR
Ix1 Y BUZRT BT TR 8 A AR A T 4 AR A1 21 g
o IXFPRAE AT LU HTSE A 9 S 80 BE b 1 3158
i ORISR SARMEE AR R YRR

TREE RT3 BB RN 1 B A SCRse S ARy
BRI N w0, x by, x o, , A A E
JEBIRANA 10, X Dy X €,y T Ry 0, 1, 53R
IO7 i AARFAIE 2 4 150 B2 5 B AR A RPAIE 2 0 T T K
Py U0 g C o T3 INRT IO YRR I 2 014 155 JEE | T E N i
HERRAE 2 0 1 T

AL S bR G R

kzcin + Cincout ( 1)
OREE AT B R TR
(kz + 1)cincaul x houtwout (2)

it IR B R] 0 s A BRI, 3150 5 AR v
BUARLE, 1819 L5 -



116 B o /5 M5 MM

12 %

(K + Dege,y X hyw,, 11

Ee, +¢,c,, - Cour * 172 (3)

MR 3%3 & U AT B BT R AT
I3 B AR T B DD 2 A% G bR A AR 45 1Y
1 1
8 9°

MobileNetv2 1% 7 £ MobileNetvl 5 &Y ) & fil
b R TEE R H B AR 2 ) R 2 A A, H
ZEFNIE 2 PR

3x3 DW-Conv
BN
ReLU
3x3 Conv 1x1 Conv
BN BN
ReLU ReLU
Conv DW-Conv

B1 REUSBEESRETR
Fig. 1 Graph of DepthWise Convolution

X145k =
i bRifEfe

ReLU6

3X3UREF] 73 B AR
bR iErL

ReLU6

X1 Y=
HEH bR

B2 REGELHHETR
Fig. 2 Graph of inverted resblock

BIFR =550 F 800 3 F4r, B R
EERZAEA BB ID N 1x1 E S5
ST, Bt S T AR A AL B2 3T — 1k
BRSOy IS B RNy 3x3 IR 4
TR SR 5 0 AL s o A A 312 2547 15 — b A B AN
ReLUG6 Wi s, 15 GE R 5K 22 G54, TE3X — &8 70
ARG R/ NR 3x3 1 — B, 5 =56
43, MobileNetv3 PZ&{Hi F T B KN 1x1 ) —
MR RS IR | B 5 A P R AR AL AL 3 )22 7
LGk 2= M2 b feJi — 883 0 ReLUG BT PREL,
T B 3 22 A A A IX B 22 R T AR e I 4 v FH 3 035
G PR, A HAR L T AR Y 5% 22 I 28 25 44, TE TR
JEBRZR AT 1x1 WS ERBEAT T4, B s
HAT 3x3 1 DW &, FR7E AR RN A LM R
B, XELERE, W] LIRS R 25 1 35 1 DA K S
HRKID
1.3.2  MobileNetv3 f5i %)

MobileNetv3 j& MobileNet % 51 155 =R A5 AL,
e 1 2 BRI R LA | $2 T —> SE sy
TER KA, SE 1 BRI B4 (squeeze) Al
il (excitation) PHFRERAE , T LR #5180 18 B9 AL
L, AN 2V RE S 1018 TE AU, RRAI I 25 M REAS B
R H S AN, DL o TR 2 S AL Y R RE

AR, MobileNetv3 #5734 fiff F T 8 ) 384 15 PRI
B BN hard — swish PREURER A BOB0TE sREL, FLA
AEIRAT .

ReLU6(6x +3) (4)

MobileNetv3 J2& H Hij 5z 3 i 152 5 P 28 I 2845
AT DA A2 4 R 22 B sl iR P o > I AR 2L
1.4 FIHBF

T I RN v AR L A R, AR5 R H
TR I 1 )7, FIHIAE ImageNet £(#E45E F 2 &
YIZRIF 59 TN G B4 L 28 i th A 1000 282k
17 2, K ISR R rp AT R RS 2R i U1
W2 SEA TR AR AL, LARR % ~] B AR A Se B0 R iR Bl
J5 F A IS (18008 B A58 B N 2k, A BRI 0 A5
TISRIEAT R, E 1 S BB R A T
Yosinski %F A AR 5T 0, B0 7 22 5 4 K 194K
e b T IR RN, HACR WAL T BEHLA) 46 f AL
HIATUISR . I, 856 1T > i1 R U
SR AR LA v o 28 A5 2 A B R AN 8 R
(e f i T LA ASE A B S AP iz Ak Re ) . 1ERE S E
AR 3 PR,

hard — swish = x -



#1230 BRI, S L TR L UM 22 U4 (R R 117
IR 2
ImageNet ~ B e . ”
Holiid A BRI YEST iy 10002
bR 2=

T R4 A FFAEFRIR

5

ba i i 172%

TR HSE

B3 IBFIHERE

Fig. 3 Flowchart of transfer learning algorithm
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Tab. 2 Prediction comparison of different models
HEW R/ %
A
VGG16 ResNet34 MobileNetv3-Large ~ MobileNetv3—Small
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B 100.00 100.00 100.00 92.68
YA VN 99.21 100.00 100.00 100.00
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AN 88.24 98.82 96.47 98.82
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Wbt 100.00 100.00 100.00 100.00
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Fig. 7 Visualization of lightweight tree species identification model
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