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Abstract: The threat of crop diseases is one of the most important factors affecting crop quality and yield.
With the advance of computer vision, optics, remoting sensing, and the Internet of Things (IoT), re-
search on imaged-based automated identification and diagnosis of crop diseases has grown rapidly. In order
to gain an in-depth understanding of the global research progress in crop diseases image recognition, this
study utilized bibliometric analysis methods to analyze the relevant literatures indexed by the Web of Sci-
ence Core Collection (SCI-E) database from 2002 to 2022. It is found that crop diseases image recognition
research has shown a significant upward trend, and the subject areas include computer science, agronomy,
plant science, engineering, environmental ecology. and remote sensing, etc. , demonstrating substantial
interdisciplinary and cross-disciplinary characteristics. Most publications come from China, the United
States, India and Germany, and there is a close cooperation among countries, with China-US cooperation
being particularly extensive. Six Chinese research institutions are ranked among the top 10 research insti-
tutions in terms of publications, showing a strong overall advantage. The top 3 core authors are MAHL-
EIN A K, HUANG W J, and KHAN M A. Computers and Electronics in Agriculture, Frontiers in Plant
Science, Remote Sensing and other journals are the main publication carriers. The acquisition of crop dis-
eases image data, machine learning-based crop diseases image recognition, and deep learning-based crop
diseases image recognition have been the major research focuses in this filed. Technology has greatly accel-
erated the crop diseases image recognition research, especially in light of artificial intelligence technology,
which is an important component of smart agriculture. However, the current development is limited by
the lack of large-scale data sets, difficulties in identifying the diseases with similar symptoms, and weak
interpretability and generalization of the diseases recognition models. The research direction of crop disea-
ses image recognition can be expected as the construction of large-scale dataset using generative large mod-
els, the enhancement of multimodal data fusion, the improvement of interpretability and generalization of
the models, as well as the conduct of real-time screening and monitoring in the future.

Key words: crop diseases; image recognition; bibliometric analysis; Web of Science database
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z1 2002—2022 FLZXEHA Top 10 HER/HX
il = K/ X 8@ At/ % ISE ST/ RS TR RN h 48 %L
1 P. R. China 389 36. 84 9 433 24. 25 52
2 India 232 21.97 3 995 17. 22 34
3 USA 117 11. 08 6 299 53. 84 37
4 Pakistan 60 5.68 1414 23.57 20
5 Saudi Arabia 60 5. 68 856 14. 27 17
6 South Korea 54 5. 11 1490 27.59 15
7 Germany 45 4. 26 3619 80. 42 27
8 Italy 35 3. 31 1855 54. 00 16
9 England 34 3.22 1647 48. 44 18
10 Australia 30 2. 84 796 26.53 14
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R2 2002—2022 FRXEHE Top 10 BIFF T4
Hi4 WG ML RICE /% SBERIIR RIBEIIEIR h i8R
1 Chinese Academy of Science (China) 50 4.74 1712 34. 24 23
2 China Agricultural University (China) 42 3.98 1313 31. 26 18
3 University of Bonn (Germany) 29 2.75 2 879 99. 28 23
4 National Engineering Research Centre for Information 29 2.75 520 17.93 12
Technology in Agriculture (China)
5 Anhui University (China) 28 2. 65 717 25.61 16
6 COMSATS University Islamabad(Pakistan) 23 2.18 522 22.70 12
7 Chinese Academy of Agricultural Science (China) 22 2.08 344 15. 64 8
8 United Sates Department of Agriculture(USA) 21 1. 99 958 45.62 13
9 Beijing Academy of Agriculture Forestry Sciences(China) 20 1. 89 374 18. 70 9
10 University of Florida (USA) 19 1. 80 654 34.42 12
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AL S i3t 2002 —2022 4 2 BRAE Y 5 U 58 UK & SCE Top 10 B IRA, Ansk 3 iR, Com-
puters and Electronics in Agriculture 52 P ZAE Y T B GARIAH SCHIF 58 SC o 8w e 2 I A, & Sca b
GUBUR SCER Y 11, 74 % TCIR SR MBI . R ERESIR A h S8 B HEAE S 1 AL, 1% R AA 22 )
¥4 56 1 AR P 00 R A Sh iR B2 Wi g, A 400k 5 U AT 10 A8 SO 5 Rk | R
S R RN F EGAR NI S B e g 0 E BRI K& Frontiers in Plant Science 1 Remote Sens-
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Agriculture » ZEAWE R —A XA T T8 SCECR /D, BRI 851 5k ik 8] 50. 35, 1T F) 4848 SO & 4
T RER S ZINTTT R Y R A
=3 2002—2022 F£XXEH R Top 10 B H AR

4 R rxE /% BETIEIR RBBEIIK h B
1 Computers and Electronics in Agriculture 124 11. 74 8119 65.48 44
2 Frontiers in Plant Science 85 8.05 2735 32.18 18
3 Remote Sensing 58 5.49 1553 26.78 23
4 IEEE Access 48 4.55 1679 34.98 23
5 Multimedia Tools and Applications 45 4. 26 549 12. 20 11
6 Sensors 38 3. 60 1765 46. 45 20
7 Agriculture Basel 31 2.94 289 9.32 8
8 CMC Computers Materials Continua 25 2.37 202 8.08 8
9 Agronomy Basel 20 1. 89 197 9. 85 8
10 Precision Agriculture 17 1. 61 856 50. 35 13

SCHRAZ O B R B2 2T B T A, T LA M — AN 408 0 A BTk . R T R T MR AT RO
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VE R Fiv 2 3218 SC IR B0 i P e 05 5 TR VE 5 1 BBl s L IR, M, B ML B R X3 0 AR 3 5 AR % D AR Y
Ay ARG B R RS SCECR IR S IR AT R T M, B M B RGO AE . AR WIF ST 45 Rk SRR Ak o
WK B 22 BV 3 44 ) 1 R 0 LR 2 19 MAHLEIN A K, % S3CE Mg 5 AR 4 30 23 B #2575 Y. 43 9%
AN, HRMH M, =3.59, M, =38.01, WAk =4 5 HT R =39 M1EH I 0EE. Bl
VEYIIRE F EGRR BNAT SE G A 3 807 (iAE & KR F ARUFFAE L, BOMEH 173 £, CE K RECE HE1E
Top 10 MAZ.OAEF FZk A SR . A FE BRI (R 4. Sk A8 E R K% MAHLEIN A K 2L 23 5
W SC 7 B A BRAE W RN 5% & SCHE Y B AL, LR DR . R R SRR A PR B A 85 1,
HoP A 3 R SCAL 8 S 5 1K Top 1077, RIZGUR 23R4 52 Kk M2 & . hIE L 7 ZVE#TE Top 10
AIA%OAE S AR e XL H, R SO . BT I REOR h 5 B A N 2 3 b o A A ok |
BB HUANG W J 858 51, HUANG W J 0 N =54 i B 30 5 0 e 38 7 AR5, 7EAE 9 3 R
U5 05 T S T F AR R, B 3 4h 2 898 A5t DONG Y Y il SHI Y & SCi 40 i HEZE S 4 AN
55 10, X sbE 3 2 [ N VR P o R R O B Y R ) i, TR A BRI 5 ]

F4 2002—2022 FEXEHE Top 10 Mz OIEH

HE44 fE# I B LA Kot /Y% MBESIEIR RBEIHEIR h FEE
1 MAHLEIN A K University of Bonn 23 2. 18 2 575 111. 96 20
2 HUANG W ] Chinese Academy of Science 22 2.08 881 40. 05 15
3 KHAN M A HITEC University 19 1. 80 959 47.95 14
4 DONG Y Y Chinese Academy of Science 15 1. 42 426 28. 40 10
5 ZHANG J C Hangzhou Dianzi University 15 1.42 479 31.93 9
6 CHEN J D Xiamen University 14 1. 33 586 41. 86 10
7 SHARIF M COMSATS University Islamabad 13 1.23 804 61.85 10
8 ZHANG D F Xiamen University 13 1.23 528 40. 62 10
9 ZHANG S W Xijing University 13 1.23 600 46. 15 9

10 SHI'Y Chinese Academy of Science 12 1. 14 559 46. 58 10
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R 5 2002—2022 £ Top 30 B = 5H X< &R

4 Bk P ian H4 Bk P ian
1 233 Deep learning % i 24 ) 16 76 Yellow rust 255
2 226 Classification 432% 17 70 System &4t
3 223 Plant disease 1E¥)% % 18 72 Model #5571
4 184  Convolutional neural network #5 F 1 £ [} £% 19 67 Image F 1%
5 154  Identification iR %l 20 62 Vegetation index ¥ # 35 £t
6 137 Machine learning HL#% 2% > 21 50 Hyperspectral imaging & 6% A%
7 121 Recognition iR 5 22 48  Remote sensing & Ji
8 110 Agriculture 4\l 23 47 Artificial intelligence A T.% fig
9 107 Feature extraction $#/iF #2£ B 24 46 Resistance H{ 5 P
10 102 Transfer learning if £% 2% >J 25 42 Powdery mildew ¥}
11 97 Disease detection % 2 I il 26 38 Reflectance J6 i J 4 %
12 90 Leaf M Jr 27 36 Support vector machine ¥ 35 i) & Hl
13 86  Image processing &% &k 3q 28 35  Data augmentation $X 4 5 2
14 84 Segmentation 43 #| 29 32 Color 4%
15 80 Smart agriculture & 2 &\ 30 31 Object detection H #74M
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W i 8 SR AR R e AL A 114 A R RS 1R AR, TG AL O AR i 3 280 () A JE i A R AR
FH ) B85 6 47 450808 SR 42 14 38 %0 552 B 98 N B 732 S L EE A% 8 ) 5 7 38 e M T i 4% 3R
HCRAEAE B AW, AT LU R e J2= R D8 RORE AR A g 2 8] 23 B A g ] 0 ORI g Ol 3
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B MFART . QX T ]/ 2 4 1Y 5 3 VR Y R BB AR OT 6. XS S5 3T R AL R 4 HE SR
Bl 26, B  FORR A S IR 3 B s, AoEaR. MR, BR S R R D5 X A 3 e A) sk
N, RERS A B, O . R R R A AR AT R AR R O AR B R R P AR
o L RRAR AL RS UE L Mg RGN TAERR A TR 5 H AR AT R A5 B R e, OFEYRe % 2 JF 8 4.
HRTA FF 09 V6 9 9% 3% B0IE 8 £ E 4% Plant Village™ . Al Challenger 2018 | Fgve7"™ | Fgve8™® |
PlantDoc ") | Rice Leaf Disease Image Samples™® | LWDCD"" | Wheat Leaf Dataset”™ . CGIAR Comput-
er Vison for Crop Disease” 45, EE N RGB BB E%, #1s 7T/NAE . KR, EX. SR, #E. Fii. M
6. DR RIS 20 RAEY, I R E .

2) FETF LR WAEY R T EUGR  EEOCHEmA 425 L R DL T RRIESR . MLES e . A
TRBE . AEm L. BEHLRAREE. A SRR RE IR 20 AF AR EUGRN B 5 Y S kR g 1
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