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Fig.2 Illustration of the ACKGViT(attribute characteristics knowledge graph enhanced vision transformer) model

2.1 YRS EHE MR BN 4 NN n ASFE B S HEE, X (3) i%T%m 3
2.1.1 G4 iR IR T P S AE T I NAES, B m AR S
ACKGVIT & Bt AE . SCHRRRAE A5 BE A4S 1E 1R ACKG MBI NP Bk, %ﬂam%m

FESEF TRHEME. S TRARNG—KEG, Mot EIE bR (LabeD fEFIREEF#FITRG], HEI%E
FENEGBERAE, &SN f; MRS AN (Qoc- 55 BT8R B o ont BT S i B MR AE R &, 10N fors
al binary patterns) P FK LA MRS (gray-level co-oce- ARG, 5T THFAEIA & fued AT RSZAUE 5, 15 2014
urrence matrix) P 4 I HE BB R SOEAFAE I HEAT PR AUEBIR L

(Concatenate) , Fr#5 [n] & AE 4 R SUBAFAE fi: G Z fotrsfer:
SR fo T Canny A I A AT I L. &ML ST (4)
AiE fur B 3R 3 FREAE G I B R 1 2 \/Z (fr)’ - \/Z (fer)’
wr = Concat (f,, fi, f.) (D

Arf, AARFFIER BN, 55 050805
S AR T TRHAL A& a5 i DR for AR EERF
fiE )& forfR 56 0 D2 R 30 (4) THE R BLR B2k
L, HE BT TRHIE )R fae 5 R0 BT o 1y
AL 1) 5 for Z 1B) FOARALURE o X BLAE A T AR 52 AR LA 9 A
LLE (Y FE BT i, BRI DN B 6 AR e b 412 P A ) 2 1)
MIER AR, MAZKERN. X 4 {07835
T el forZ TR R, T2 BERR 0 01 5 1 4% A OB
FetR o LK SRR DS, FTLMS B A AR 2
B R AR SZARAE o XA ADUREAEL RT LA T VRl = TR AL

2.1.2  BdEir4ein B % ACKG

AWFFEFH GAT (graph attention network, GAT)
WR) 28 2 7 2 el s 5 R IR P ACKG i A mT LLsEA 7))
i B, GAT /& H VELICKOVIC P %> £
2018 FFFE A — P EI G RN 25 5 8, P HE R R )

(Attention) JZHIEL, FIH BFEREIMLE] (Self-attention)

REAETEERE, BIEENgGdfEr BiEN 2 AR
BB B 7 3, 515 A B & R I 1 T AR RS 1 R VA 12k
R B bR R RS T SR N HURE AR N R

o N N Ly R R L S AU,
=y Ny s N AR L, UL T S KA
Ny ={Ng» Npo w0 N (3 R R R

St 0 Bl UK SRR BRI RN, AR RERIEROT TREA R, 5 ACKG

RIS, [ RRFISAE ARG X)) Fox A R E B KT 55T B FRHE B AT R 9%
FRAR B h i R RS, PN AER MU, AER R AR R fee. HLR
FNFE A, N TAF RGN T, RO, HE RFAIGIT ARG, W feeRoRm N



#1130 SIS T TR R R P P A 2 sk ) 149
fee=1Ly Ly oo L] (5) HEATRFESN AL, JIXBE, VIT A LA SR G i &R R

2.2 EHEGESEEXGRIEREBRMLE VT

BT AL SE gR DA% VIT! 76 22 Fh 1 25 X 48 70 vp 35
BRI, ARG VIT 1ENIRIURIE & 28 SCRAE
SERHE TS,

ViT #& B Google 1 PATE 2020 4 $2 H i) — Fh & 14 43
MR, 3 I AE ML AT 55 1 51 N Transformer® HL 1 ,
ViT R T RIFHIMERES WP B, By 2R AT
HRWAESS o

T AN B X e RY<C, Bl %5, il iE %o i)
N H. W, C, VIT 2EE\HYIS 2B (Patch),
N —gENITH . SEPK AN NPX P, WZTE
PP BRI N

NX(P*-C)
X,eR

A, NERTESEH.
FENOR, B N e K BE D ) n) & P
A3 Transformer 4w 2%, BIf:
Xp/ c RNXD
TEJ7 51 Sk F R AN REIR F4F CLS, AT R I 8
N seq2seq Al /@, AL EHmIL . EH LR Z)E
BEINLAT A E R 5, 192 mA BB RMERH mE,
A fsre N TR ELFRITRBER, AW 5T 12
283 ImageNet-21k TRYIZRET VIT P4 .
2.3 OEFHF
ACKGVIT 4 & #1115 42 B B8 P R ik 1
ViT $2 U EG 5 208 CRAEFFE A Tl 2R o0 2K 88 . VI
iy M S S BVRFE fuain s Siea 7P AR N
Jivain = for + for (6)
Jiest = fsv + fec 7
RIS A TEE M Softmax BB . T\ A&
FHEURFHE M &, B fran B0 fowo S0 H 2T 20,
TR R4 5% LA SIS0 5% SR B LA AR 5Z T R R L,
FKon:

L.= —Zyilgp@i) (8)

L=L-L, »
B SR IR IR AN AT SN ey IR 7
%, pMHFRRIHIBIMEZE .

WD RBITERIE S RN T: 1D EHRJEERHE
PEEC: R S0 R B A R T AR BT (R G Rk
PR G A B JE AT R o U ] il s o 40 3k e 1 1 &5
MR, NERRME TR THRERN&AEE. FH
FvE = M 4% (graph attention networks, GAT) X &1iH &
TEREAT WA, AT R A MR & A B — AR AR 7]
TX LR ) & ] DAKLOA 3 BRI B R . 2) = )2 E
NRALFFAEFE R A VIT B 5 E0E 218 GERAE
FRAE. VAT 3l 1R R 75 F19 [E € K/NH patches, I
BATENE R AN BIRFAE S [A] o, SR J5 8 Transformer 44

SAE R, AR REAT R R IER R - 3) UIZRRr
B KRR B BRI BB JE TR R S VIT I & )=
T SCRALRFIEREAT R o R 38 R AR N $R A E AT it
o MLEJERHE R RS 1 U0 R M B A G
Mgl UE R, LA R AR G, fem R
PERE. XFEERT LLEE— 20 5] SR OG5 H AR A %
RIRFAE, B/ N SRR (5 . BRI RE QA 3 s

AR
%ﬁf&xh&xk\\\
SR ‘ﬁ%ﬁk@@‘
MEHHE w@%ﬁ%ﬁ‘ VITHHE
N~ -
P
LR -5 LR 2
23k il R A
Sy RFK ‘ﬁ%ﬁ%
‘ﬁ%ﬁ@%ﬁ}

B3 ACKGVIT A2 AAREAEALE
Fig.3 Specific operating mechanism of ACKGViT(attribute
characteristics knowledge graph enhanced vision
transformer) model

2.4 BIRE

A 5T 03 BT 508 £ 0 55 K RUARE A I B iE 4k
IP10284 Fpkie i) GP21 Hi4is 2 A A Ml A= 7= 3 b St b R
£E1 GP8 Hidhi gk .

GP21 $#i 4. GP21 Ak iE T 1P1028Y Hdi 4L,
2B B A0 A5 I b b R 3 BT B R 2 Ity A £
ib 75222 MEEA . T AT S5 S A TR A [l T AR 2
oL FE R e, BT DA R Bk T 21 b g i 0 S R
B, HIEL GP21 i sE, W Tosms, Hed, I
AT R AR S E 53790 9 10 303 #1714,

GP8 HUHli 4 o 1ZHE 45 KA T BT i K38 7 27 B b
WL M. Wk 1R, fE3MRILEREST, A
F 2 v ¥4k B 2h 3 S0 %40 iIMETOS iSCOUT, kK
LETEEREE. KEHBAZE = XIS NT 8 fl Y
Zo g bl 2 R R, BN TR AR, RARE
GP8 #¥idE, W 4 Fron, HEEARSHCN 1365. ¥ GP8
G = 1/ O W 0 7B i v i & e ][22 S M S
Hodr, YIZEREABECN 1023, MHRREAS S50 342,



150 flk TR (http:/www.tcsae.org)

2023 4F

®1 GPSHBEESERAAIRBENEAE

Table 1 Taxonomy and its corresponding sample size of the GP8
dataset

% 1 A FK Pest name FEA & Sample size
45 % Apolygus lucorum 173
FHMW Cicadella viridis 165
2 X ¥ Schizaphisgraminum 168
LRI, Spodoptera litura fabricius 171
+ R H Oides decempunctata billberg 162
RN Pseudococcus comstocki kuwana 165
PEACUE I Lycorma delicatula 182
% FE R Xylotrechus pyrrhoderus bates 179

N\

b. BEA A4

a. K I

a. Cicadella viridis

c. TR

b. Lycorma delicatula c. Oides decempunctata billberg

B 4 GP8 #4% & F 94 A b
Fig.4 Different example images of the GP§ dataset

2.5 RWEE

ASCHHRH 1) ACKGVIT BALR AP GAT %%,
Fré MLP (multi-layer perceptron, MLP) 2l )2 45 &N
16, FEIKZREN4, s a8 HSHEESE
RPN BBARFTF 8 VITHHBRASHRE . 5K
1% 5 N\ B W 28 BEAT RFAE SR B 2 B, B 46 R AE (Re-
size) FRIE 2% [A] N 224%224, I SR A0 22 ) 455 7Y
1E 50 N IRIT CL 8 AU, AR I ZRFE IR BN
50, FJHEWEN 0.001,

AH 9% 56 7F 2545 NVIDIA RTX 3090 GPU Al Intel
Core 19 10900K CPU [FHL#% L3417 IIZRidF{EH SGD
AL 2%, GP21 HdE 4 GPS HE & 5 5k 50 MR Il
SR TR 4 F10.5 he 5 HAEEE SR A0 % SRk — 2L
AARI B ERA R (accuracy, 4) 1F N ITAL R RE 4R
bR, RN HRF12 T FL 22480 (F)D, K% (precision,
P), BHFE (recall, R) f8WnHITHE LS

T,+T,
T T,+T,+F,+F,
Tp
P= T.+F, (11
L (12)
T,+F,
_ 2R (13)
P+R
A, T IEFH P A IERE AR B R, T2 IR Tt i) 47
FEARS R, FRHR 0N IEFEALE, F2800 T
I FEA B
2.6 HEREEENSZREDN

TE VAL BT & t 1 2 el 35 HUR ) AR R P e 2 Ab
RRERFFER R EA RS TR . XLy
M BT T AR AE SEBR B A R RCR IRl e

B, B REAY RT (A) 5 R B . AR 32 A R
3L RGN g TS g (VIT) A1 B B 4% ( graph
convolutional network, GCN) . XfF ViT, Hi [0 & 4«

QL))

1

BT R 15y B VIT 240 oA B
BEIKNN H<W, VIT WJZECN L, B4 VIT K (a1 &
FEREBCN OLxHxW)o SFF GCN, I [A1 5 4% 5 32 2
B T B 5 05 50R GON 124, B AHRESA N
AN, GON ZEHCN K, B4 GON [f i 1A] 52 4% %k
HUN O((KXNYY). R, BEAMEERL (i IA) 52 4% K 240h
O(LXH* WH(KXN)*)o

Hk, REHRI A RIS R, FIREH, B
) 2% B EEE T VIT M GCN. % F ViT, HEEE
Je P XS G HERA VIT S BB EE %, ¥ VIT
MSEEERN P,, W4 VIT M RIEIE KL OP,).
X GCON, 7% () 52 2% B 32 B2 5 S iR 1t 1 7 280
GCN I ZHUE G 5. % GON Sy P, 4
GCN (2= [H R 2 B KL O(PA+N). [HI, HEANEEAY (1)
IR BE R LI O(P+P+N)o

A, HSEARMTH AR, R EZmARG
KNS B SR8 LR R AR R B 5 TR & 52
TEYIZRM B, A5 55 B0 K UG 3 AT A ) 4% 36 0 S 1)
ek, VBN, WZGERREN T, Ba%
AR (S KL O(T(LxHXWH(KXN)YY)) o

i LRTIR, AT A R AR ] R R
V) 52 2% BE AN TH S5 5 T R A0 TR B, EROR B N i ]
FEE R 280 7 — & i E e, Bk e aT
BesZJG N . BeAh, RS REAR I RE I B T A SRR A
REVRE, 1ZAEBTE S b B Heoks AT B ) &R ]
.
3 HERS5HH
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22 S RIFIH T BN VGG-161 ResNet-152211

Inception-V3. Xception. MobileNet. SqueezeNet*? Al
ViT £ GP21 1 GP8 MR 4E -1 PERE.
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Table 2 Performance comparison of the different models on the

GP21 and GP8 datasets. %
EIEITE S it WmE R A8 RHE QX
Dataset Model Accuracy  F)score  Precision Recall
VGG-16 85.13 77.08 79.34 75.45
ResNet-152 87.49 79.59 81.07 79.03
Inception-V3 87.18 79.11 80.71 78.48
GP21 Xception 84.49 75.78 77.95 74.58
MobileNet 85.19 76.84 78.70 75.59
SqueezeNet 76.79 67.28 70.89 65.23
ViT 89.57 83.05 84.98 81.70
ACKGVIT 91.21 85.95 87.52 84.99
VGG-16 88.30 86.75 87.21 86.29
ResNet-152 91.23 89.33 90.11 88.56
Inception-V3 90.64 88.71 89.92 87.53
GP8 Xception 87.72 85.34 87.66 83.14
MobileNet 88.89 87.01 88.96 85.14
SqueezeNet 80.12 78.26 83.39 73.72
ViT 93.86 92.05 94.28 89.92
ACKGVIT 95.03 93.98 95.17 92.82
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Table 3 Ablation study results of knowledge graph and

handcrafted features %
g PERRERIE e poam mek e
Ablation experiment ..
Dataset . Accuracy Fjscore Precision Recall
operation

TEE (No operation) 91.21 85.95 87.52 84.99

BT THHE (w/o MF)  89.86 83.63 86.24  81.84

Gp21  EEBRENAMEIE (wo KG)  89.66 83.59 86.00  81.85
[ A R T T

REAE RN ST P i 89.57 83.05 84.98 81.70
w/oMFUKG

To#:AE (No operation)  95.03 93.98 95.17  92.82

BBTF LHHE (w/o MF) 93,57 91.84 93.62  90.13

GPS8 BEAIREE (wo KG)  93.27 91.33 93.28 89.46
[ R B T

HEAE AN SR P 92.69 91.02 92,50  89.59
w/oMFUKG

e R “wio” FoRBRRERAE. MF FoRF TEHE, KG FRAHEIE.
Note: In the table, "w/o" represents the removal operation. "MF" stands for manual
features, and "KG" refers to the knowledge graph.
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Fig.5 Visualization of ACKGViT method and ViT method
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Table 4 Performance comparison of the different similarity

calculation methods %
gpge JOLITRTE g R omwE wEs
Dataset imilarity calculation Accuracy  Fjscore  Precision Recall
method

R L ERAS BE B 75.25 65.74 69.35 63.61

I B B 83.86 74.62 76.18 73.29

GP21  FRBAR R 82.41 73.19 75.32 71.84
Jaccard R 87.63 80.92 82.76 79.45
AR 91.21 85.95 87.52 84.99

KK LR 78.36 76.42 80.97 72.51

2R B 87.11 85.24 87.39 83.47

GP8 FORFRARK BB 86.24 83.56 85.69 81.78
Jaccard Z ¢ 91.23 89.15 90.87 87.68

RILABAEE 95.03 93.98 95.17 92.82

AR IR I 45 B Hr, 76 GP21 ByE4E b, A%
AR AHEL T- 00 )L SRR B . 2 ATAIE RS . FRBRA ¢
ZHUR Jaccard R, AR AR T 15.96 ANH 5 A
735 NE T RS 8.80 NE AR 358 NE A F
SPRARET 2021 NE S 1133 AN E S AL 1276 4
Hr A 5.03 ANE 4. TE GP8 Bl 4E I, M AR 544
LM FROLVEAEE, S0RWEE. R/RHRHKLR
BRI Jaccard R AL, #EHIR A S T 16.67 S H 2 s
792 MHEF RN 879N E S 38 ANA A F 404
SAAREET 17.56 NES AL 8TANH AL 104240 H
Iy R R 4.83 ANE S AL B BB AT R LAAS H AR 52 AR A
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Identifying fine-grained vineyard pest using attribute knowledge graph

ZHENG Zengwei'?, LI Yanzhen'?, LIU Yi*?3, LIN Zhonggqi*?, XIANG Zhengzhe'?, HE Mengzhu'?, SUN Lin'**

(1. School of Computer & Computing Science, Zhejiang University City College, Hangzhou 310015, China; 2. Intelligent Plant Factory of
Zhejiang Province Engineering Lab, Hangzhou 310015, China; 3. College of Computer Science and Technology, Zhejiang University,
Hangzhou 310027, China)

Abstract: Pest infestation is one of the main reasons for the decrease in crop yield and quality in vineyards. Deep learning can
be expected to identify the pest species for scientific prevention and control strategies, in order to improve the production level
of vineyards. In this study, an identification model was proposed, termed as ACKGViT (attribute characteristics knowledge
graph enhanced vision transformer), for the fine-grained vineyard pest using constructed attribute characteristics knowledge
graph (KG). Particularly, the KG was fully utilized to treat the variety, complex morphology, and low correlation of vineyard
pests. A specific description was also given for the entity attribute characteristics and inter-entity association of pests. The
improved approach was then applied in various agricultural settings. Pest recognition challenges were clarified across diverse
domains. The inherent structure of KGs incorporated valuable contextual complements with the visual features extracted by the
visual encoder. The graph convolutional network facilitated the efficient learning of pest attributes and relationships from the
KG. This information was then seamlessly integrated into the classification. ViT (vision transformer) was used as the backbone
network to extract the high-level representation of images. The fine-grained attribute was combined with the associated features
provided by KG for pest identification in vineyards. The KG recognition model of vineyard pests was also trained and
optimized using traditional features of images. Traditional image features (such as color, texture, and shape) were extracted
using various techniques, including histogram-based methods, wavelet transform, and local binary patterns. The essential
information was obtained about the pest species and their characteristics, enabling the KG to accurately capture the associations
between different pests. Two datasets were evaluated: one was the GP21 dataset, which was composed of 21 vine-related pest
categories from the IP102 public large-scale pest dataset, and another was the GP8 dataset, including eight vine-related pest
categories that were collected from agricultural production sites and hand-labelled. The experimental results show that the
performance of ACKGVIiT was significantly better than the general pre-training networks. The accuracies of GP21 and GP8
datasets reached 91.21% and 95.03% respectively, which increased by 1.64 and 1.17 percentage points, compared with the
original ViT. The attribute characteristic KG was introduced to assist the ViT with more pest information on the vineyard. In
conclusion, accurate and rapid pest identification was offered for the fine-grained vineyard pest recognition model with
attribute feature KGs. The improved model can substantially contribute to the targeted and effective pest prevention and control
strategies, and further improve the grape yield, quality, and overall productivity in vineyards. Future work can expand the KG
into additional attributes and relationships. Other sources of information can also be introduced, such as temporal data or expert
knowledge. Furthermore, the proposed approach can be extended into other agricultural domains, indicating the versatility of
pest recognition under various settings. Additionally, better performance can be expected to achieve in the high efficiency of
the graph convolutional network and the full integration of KG information during classification.

Keywords: knowledge graph; image recognition; deep learning; grape; pest; associated features; image classification
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