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Abstract

Pine wood nematode disease is very harmful to pine species in China, so it is necessary to deter-
mine the pest area accurately and efficiently in order to prevent it in advance. The disease has a
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leaping characteristic in its mode of transmission. It has the characteristics of diversity, strong
concealment of transmission route, long incubation period of disease, fast transmission speed and
inconvenient management. When it is serious, a large number of pine trees will die, causing se-
rious damage to environment and forest landscape, and may lead to serious economic and envi-
ronmental damage. In this paper, through the use of RetinaNet method in deep learning target de-
tection, the unmanned aerial vehicle images are taken as training samples, making full use of the
advantages of deep learning target detection method, the recognition effect of SSD and Yolo V3
method is compared, and the efficient identification of pest trees is realized. The research on the
location of pine wood nematode disease tree area can save the labor cost and prevent the spread
of diseases and insect pests on pine trees quickly, which can provide effective help for clearing and
controlling the spread of disease area to a wider range.
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FARA LR R AAR B SBOR I T, 7E 1982 AR AT AR IR (SRS &2 4, 5% K BRORA M) B T 55 K P
Mo BERAHRIERBZMERE. RO RO DL 993 15 AR A1 e AP AT 8200 . A ol B
T IRERA TSR AL AR I 6 32 T AR BB £ B A R AR A B R AR, 4L L)
BR 2 FRIN AR o N T B YR RARA LR B AR IR 40, A2 R IR HE AT B e R A AR [2] o
BeAh, — Bt S 2l R B A BT, QRS R VR IAG YT ,  FAMRA 4 B IR HH s 22 25 T 5Kty
K E KI5 I LSOO SRR A28 72 A — 8 R . IRIEATE &S00, MM & Ui SENTT. | A&,
VU )11 244 AN EZATEUIX IS K oAl 16 N B, RiHFET A IA R 500 £ 50k, & ) B R R 4 5
PR IE FIZ) 275 1278[3]

A5 B X S A A AR 22 R, b N T T 2 8 T AR R AR AT AT 20 A X FERTFE D A
m HANSELLRNL . R AR T DRI AR . PRESHUEMEAR . RV AREFBALS G K
J73C[4], (EEEXSFAME Lk BB BEAT SIS AR R, XA T AR e AT R 22 1S M A, IE AT LA
TR EUJR 1 108 R R AN B B F 2K 1) 8 [5]

HAT, FHREEE AR RS AL R L FRE[6]. (EXTHET IX D AT 2 ISR IE M E )5, ff
PR T 36 KR 1) PR S 3 2805 100 By A AT (5 BRI [ 7] H HAEMR M AR, 3 mT DU AR 1)
SR ANGUERIRAE, R S8 R BOE 0 B AA R BEAT IR, R R DR A BB AR BE o R R
ANELE . R EHLEG 75 R AR T i B8 43 31 SR BTG AL UG o 135 sUX 3. R T 1)
RO RENERCFE M ENL K TAT BENLARMREENLAS 5 2 0 FEF0T0 AN s G b (0 e e b 2 A0
KFEYGHAT 73 2K[8].

SEG 0 HbR RN LG, RS IR B R IIRIEE J1, 2 RBE IR L R REAE SR ORI ] 35 %
FERE . X A BRI AMAT AR IR R A, T AT BA NI AR EE R L AR X
AT, SR O BT R, R R B RSB, B b B R B RITE L, R R
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HFIERPIRGR[9]. AT EWFIRE % 2] B Al 75 RetinaNet 454 ResNet &= [ 28 X FA+4
28 RS ZEA I ZRREA AT ISR, VIR H SR B AY BRAR L 1R 1) 52 9 b XA B4 28 U It (1 07 2
2. ETREFINBHFERNELR

eI L EEF, BIREME SR EIE T 3 AN AR B, 55— B 7E 2013 4F (1) A R) 24 T 4%
G B, 58 AN B DAVRJE 2 2] S AdE A7 16 H ARSI o 4n SR AN B W0 45 A S 7 1 A ok
B, HEARMKRMNMET T BRI 22 % R, IREEE MG SR ARTZ 4
5 R AR 2 REE 2 o ORI A[10].

UbAh, FEEMGIRTNAIE,  H TR B A 2] 8 I R R AR I 4 2 ) I T IR R IR R PR, PR T
i 346 X 45 f 7 v A R 9 53 o A /2 two-stage 35, EZAUFE SPP-Net [11]. RCNN [12]. Fast R-CNN [13].
Faster R-CNN [13]4%, QUGG I, FRAESRHL, ARG ) 25 73 A0 B A 320 FEAE o 3K b ik Tk
36 DX I A 7 5 5 DAAE R T8 2 0 (ks il 7 VA EU A KRS BEA TAR KB iy, (H A 3 R AN s 2
SERF ARSI ZESR, 550 RS R B 2 PR B R A i L SROE T o e 2 T RVA Y one-stage 25, BE
4 SSD [14]#1 YOLO [15] R F5 . HER AT S #0x Lo 5L el H 8,  EEIR B H FRZE0 0 H bx
FHE, KKIEE T RCMGESE, (HAMRE A S it 5k IE 2 DRI B L two-stage B, (RIS &
T AR CRA B T R FOARAR 5 DR gh /2 one-stagee 8 il R SRS 3ol P35 R A 52 1) T2 A4l o AN
7 & FETE H ARSI 0 T B 2 A2 B — KU BB S AR I — AN B BUR T FHE . ZEAS I — i 3 0 00 1
i, TEVGINN RHEASAMRE, RERELRZHCEHERE TATFERANE 5, SECRIHEL
BRI JRIOAE R T S AOHE R RO I A, B DA SR 4y S5 3R 4 B B AT BT A SR R HE St
— AT SHE, XA BERE AT DURIAR AR Ry, AR B R AR A oK EEE — AR R R AN P (¥ 5
B HE 1 one-stage ZEAY (1 H ARSI BB BEREAT ME BEA R 040 7328, A5 EE AR B H A H R SR HE RS U Y 45 2
TR 2 R EOTCVE MR E AR B R4, X PRI 22 SRR A IZR R L. KL, one-stage 28
RPN CRIFAE 7 A3 1 [ B 203 2R 1 ARG FE[16] 6

3. RetinaNet BIZERE
3.1. Focal Loss BY%F=

RetinaNet J:SZ7E H ARG FHELE EAHXT T YOLO. SSD %A A4 5 ekis, I FI Ol 5 4 92tk
WEB T Focal loss 1] 7E one-stage 287 A (R sl T, £ LA two-stage ZRAHALLEIE S NI 75 P 250 SR R B
(1 Jd 22 S

Focal loss frI4RF fUZE TP AN J7 T — @] 1 IE SOREAR AL TR, 2 45 2 43 RANAE 43 SAE AR AL
[17]0 IESUREAR TR — 5K BT B 2 AR BB KB B HE, R A3 A AT TE AR I A, I )44
(i EAE g R IEREAS, AR FUREA . X T F 58 SR loss A 3(1)

CE(p,y)=CE(pt)=—log(pt) (1)

EARTBAE A B> IERE AR AR AR B 5200, ] DL 3G N R 2 o, SCILRDRE A XA 9
A(2).

CE(pt) =—a, log( pt) ()

HEARZEN LR, o =a: HESARZEN otherwise W2 0 INHE, o =1-a, o KTEH]
W2 0 3 1. 41 o KIMEIRELE 0 2] 0.5 Z AR A FE) M A K (4).
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XPRMEOL T o MEFT UUE Y, IEFEARRIBCERRAR, M EA KA. S o FERELE 05
B 1 (], IEREARORCE I, T SEA B REAR . At —oK o BREMR R I SURE AL AN
f1 T

[FIEE,  FAA A 5 0 SRANME 7 SR AR BB L 1 [ AR 5 ZEAS Bl ok I I AR AR (1 A 2 (5) -

FL(pt)=—(1-pt) log(pt)=(1-pt) CE(Y), (5)

B DI RIFEA TS LA IFEA Y IEREAIY, pt 35T 1 SR BLI 190 2% AT LI A PR30 S A 2K
MIREA, A AREB IR o MEDRITFEAR BN KIFEA N SAEARRS, pt 30T 0 I, MU 2T R 2%
BOH INE IR A ABERKIFEAR, IBABE S5 E 5 7 ROFEANBEME S KR L.

R pt MMEEGE T 0 I, I RE(1- pt) WEMSET 1, PSSR otk K. Wiz (e
AT 1, RIS R Ao E T 0, WALR XA UR sTER 2 1R/ o KB pt BEFEHIAE L AR 5
TP IAEAR IR, AT SR BB LM o BR/NEE T IE GUREASKS loss AU TTRR . SXFEREIZ A>T 42 (1 A 3R
A AE— A R A A Y focal loss 22 3((6) [18]

FL(pt)=-e (1- pt) log(pt)

o4 :a(y:l)

a, =1—a (otherwise)

(6)
3.2. RetinaNet BYSCIRE

H &l 1 RetinaNet i R 5 BRI RN, T N =AM . SB—/ M2 BT M4 RFERR I, 32
T 2% 5 ResNet IR 7k 22 4% o 45— 2k bk 25 10 G2 oAb 8 B 432 M — NS AE 2 PR O\ I R 13— MR AE 2
100 4t AR R R K FE R T 10 3 — 2 B i R 3 S A N R R R [19] 0 28 AN R AE T
R AEHR E R 2% BT L F 5 4 7 15 (Feature pyramid net), 3 LR vk 2 WA WU v 1) 22 R I R,
AT B P 28 O, FEFEARRIE R A A R S AL T, RIREESE T T /N R PR, ed
o ERHE AT FRAE R R AT FL T Rz . 58 = A0 R i T S R 0 R R AE 2 A
i class + box subnets FR15 Fl 25 5 . class subnet RJ DAA T T & — AN W& P B — > Se B HE )RR 2K . box
subnet A2 T AE— AN S 1A — AN SR B AE TR #4544

I Class subnet
- =X > WXHX WXHX WXHX
I / / 256 x4 256 | KA
|
v / Class+box
I / | subnets
1_ r Vv
J
WXHX
Box subnet aA
(a)ResNet (b)feature pyramid net
(c)class subnet(top) (d)box subnet(bottom)
Figure 1. The network structure of RetinaNet
1. RetinaNet #4544
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4. EHIE

AR UR S B0 H i 1 FH AT 2 18 B HE 10 SkIE s B B T R XM S @ B AR O/ 13,527 x 9113, 7%
F 0.1 K)KHE, KBTI 200 /N, SR JEIES —F PR G AR E TR labellmg, SREEEESKIE A
PRI AAEA . LI G W E N E 6, M EREWNE 1R,

Table 1. Specific information of computer hardware environment

F L OIFENEHITREREKER

BAER HBER
FE EitRe) F A F Fh JEA
RAM ChannelB-DIMM1 16G tensorflow-gpu 1.13.2
CPU i7-9700 3.0GHz CUDA 10.0
GPU GTX 1650 12G CUDNN 74.15
Windows 10 64 i Python 3.6

TR RSy VOC2007 4% 30, B B I ZRab UK A B R 4, H S0 fim 44 0 VOCdevkit. 125
LN & =2 5408 Annotations SCEJ, ImageSets U FT JPEGImages SCAF ¥ .
Annotations SCAF A A7 2 55 MG RIS I H bR B BR 2 SC1F, S0t B I fdRe, AR R
X BT [A] 44 ) x| SCAH:, 945 1 ST B ) P ADGE IS  ImagieSeets ST A& Hb () txt S VOCdevkit
BORAENE R KA EFIES.

UbAh, ERIE S ST H AR RSB 2ol AR o W BRI SR R B B A I 25K
RIF TN SHIRE TR EEAREE D 78 H BB ZREEE . DZRE BERIRE (5%t . WA S5
J7 T, num_classes A3 77 LA I RRSE, AT SR 7 BAS Io3 AR DX 488t 550 A2 3 A X 438, (A1 1HE num_classes
WEN L. WIEEREIRER S, &E 90%MH T IIZR T 10%HFH T56E, Kk val_split &4 0.1,
YIS HU51H, batch_size. learning rate Al epochs JE# & %, batch_size 183 — Il Zx Fride B A REA S,
BRI R Y ()AL P AR, [R] I L B s B GPU P AE IR F 1% L, batch_size 1% & 9 2. learning
rate & MBI DU RIRFE A ) R B S, HokoE H H bR R ERE WS R )R 3 B /IMEL DA A s Ut S5
B/ME, AIE M 2] 2R S H bR R EUE 5 0E BT TA) IS 2 R i /IME, learning rate % 24 0.001.
epochs Ay [ Hif AT [a) Ji5 A& 3 o BT b i B koI Gk AR, B8 RN HdE4E, epochs B K/NA 100, FEA L
A FIBERCAAT K Microsoft COCO 1R AT ZRE 4R, B HE O E 2 30 57K EF . 200 /i1
YIEREARE . 08 9L AN RAL, MR E A SR #EE L, 2 ATk B A P8 H iz
R BRI ZEE I R G RetinaNet, K5Il 25 J5 BRI 2 B00S A SCRCRL Aok ] B 358 40 304 T
WIdEAk, SRJG T B CRIE R SR R4k S 25, X REAT DLSEIERE 22 5, R RAE A A2 11 il

5. &R A4
SRR

1E B AR R T, O 7 E VP B MR AR R S B — Se B AR, B RS FE (Precision). A A%
(Recall)F F1 score.

XS FE BT TP. FP A1 FN. TP (True Positive)sh &35 AFLe IEFEA E#I 2225, FP (False
Positives) il f& T A B8 FURE A A R 1 70 25 N IEREAS . FN (False Negatives) il i 1E AL A A 15 1 70 S i ke
Ao
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i FEE TR VR Al A 0 S I Bl A At TE AR AR T LA S AR AR IR 0 o5 BT 20 R AR P A R R IERE AR
ML o BT A A AT RE T, — P AR RTINS 2K (TP), 53 —Fhat 48 6 8 1y iE
K (FP), w2 A= (7).

TP +(TP+FP) (7

[ 28 SR B LA G SR IR AR S TR 23 S AR 3 3 o3 AT T LA A LA i % 7 SR IR A
B IRMAPIAIRE, — Mo EORIIES I BIESE(TP), 53— Fligl 2 4B ER A 1E ST A 61
R(FN)H [E1 R 22 14(8) -

TP+(TP+FN) ®)

TEA R SER T, 7E [/ —FR5E T 43 )18 B RetinaNet. YOLO v3 H1 SSD 3 #f H A5l 3237 one-stage 3%
RrIAESE, FH RIS AR O B P SR S AT I 45, W e & I TR &5 kAT ot B, 3 FHESR - &
MR AR 2 Fros o o H 20 EE SRl 380 (0 b DX 3, 3 C R A PR A DX 3, T (AT
AR AR X 3. A MHESHR M IR B BCR 2% 2 FoR. FARBIRCRAF I, 78 S0 X S8 A 15 o
NET one-stage ZEAMIAESEFH RetinaNet [ R ZCR B i, B EEAS ma AR X 3, /D B0 i [X 3 R R4t
MEZAS I Z], AS5H0EE . 1830 FL score 7£ = FHESL B v iR 70 7l =il 100%- 90.49% 741 94.9%.  FLICH)
KRS YOLO V3, e A S IR I DX At 0 1), L — LS IR [X e 22 5 5 DX #2200 B HH A
FEEAG (5 Lo AHEEZ R FIFESE T one-stage ZRASTIAEZE (1) SSD TR AR R A 22, AN (CHE DX S8oFH I F o A
B, T HAEA —Le W] B AERI R R A EZR 0], {HEA L SSD BEEA YOLO v3 SRR HIRS A i
A B R E AR T

Retinanet

SSD

YOLO3

Figure 2. Multiple result graphs of disease tree region detection
B 2. Zakimi Xz RE

Table 2. The recognition effect of each frame on disease tree

2. BEMERIREHENRAIZER

o2/l DRFS TP FN FP bt 3 HER F1 score

RetinaNet 19 2 0 100% 90.4% 94.9%
SSD 12 8 1 92.3% 60% 72.7%

YOLO V3 13 8 1 92.8% 61.9% 74.2%
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