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Potato Leaf Bud Detection Method Based on Improved YOLO v4 Network

XIU Chunbo'*> SUN Lele'

(1. School of Conirol Science and Engineering, Tiangong University, Tianjin 300387, China
2. Tianjin Key Laboratory of Intelligent Control of Electrical Equipment, Tiangong University, Tianjin 300387, China)

Abstract; In order to improve the precision of the detection and recognition of the potato seedling leaf
bud and improve the efficiency of the automatic seedling production system, an improved recognition
network based on the YOLO v4 network was proposed. The residual block in the feature extraction part
CSPDarknet53 was replaced with Res2Net, and the depthwise separable convolution was used to reduce
the computation. In this way, the receptive field of the convolutional neural network can be enlarged, the
finer feature information of leaf bud can be got, and the missed detection rate of potato leaf bud can be
reduced. Furthermore, a spatial feature pyramid (D — SPP module) based on dilated convolution was
designed and embedded in the output of the three feature layers of the feature extraction part to improve
the recognition and localization precision of potato leaf bud target. The ablation experiment was used to
verify the effectiveness of the improved strategies. The experiment results showed that the recognition
precision, the recall rate, the comprehensive evaluation index F1 value and the average precision of the
improved network were 95.72% , 94.91% , 95% and 96.03% respectively. Comparing with the
common networks such as Faster R —CNN, YOLO v3 and YOLO v4, the improved network had the better
recognition performances, thus the production efficiency automatic seedling production system can be
enhanced.
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Fig. 1 Potato seedling automatic shearing equipment
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Fig.3 Data enhancement sample images
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networks under significant differences in leaf bud size
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&l 14 rh it 22 5 A s il i 6L TED AR S SAA A o
P AT AR A B, X 2 6 AR 28 S B R N e e
AL 2% 7 BPOR A R OR T B 3 R &%, SRR
SC I 4 X By B S ZE G MR T E 3 Fb
I 2

H I AT L AR S 285 R P R T R B T 3 S A AR
() Res2Net H5 He 4% 46 5 AiF £2 BCER 43 o 9 Residual
Block 544, [F] iof 75 FRAE $2 BOGER 43 1 3 AR AR 2 i i
Hri A D — SPP BEIH, g % A 2048 7+ W 45 11 5
PIAEE .
3.2 HRLSLIS

M A B 7E YOLO v4 (3Rl FRAIT £
A ERCHE SRS, S 5 IE BT SR Y 25 R R Y A

RO BT T Al R TR LU ST

AL 1 S YOLO v4 4% #7124k YOLO v4
FEAE$E BG4 1) Residual Block 2% 4 %5 # ohy 5L F %
BEW] 43 5 45 U Res2Net 5 80 J5 75 31 1 B0 2%, HE
A3 A YOLO v4 119 13 x 13 FEAE B B 76 R 10E )2
A SPP A HUE 40 Sl D — SPP B, W] B 7 26 x
26 Fl1 52 x 52 HFAE BT 7 RRAE 2 b bk A D —
SPP B E 15 B By P 2% . A 4 AU 4, %4 M
2RI N 25 150 A J5 30, 7 4 380 00 45 2% (822 Ak ith
&K 15 Fis,

50 100
AR

15 i 52 6 408 2 {72 16 h 46
Fig. 15 Loss value change curve of ablation experiment
P 1S v 9 il 52 5 % ) 245 450 B 7 U1 icd At ) i
20 A~ IE AR U A B G fEL PR T I, =205 2 T T
S0 T RSB BPERE XS FE AR Ik 2 FroR, K
“V7RINTE YOLO v4 RZ5 R IR Iz B
x2 HEMXRBHER

Tab.2 Results of ablation experiment

2% 1517 Res2Net D—SPP  P/% R/% F1{H/% AP/%

T 1 90.64  90.42 91 92.75
TR 2 vV 92.04  92.40 92 94. 30
MR 3 Vv 92.38  93.54 93 94.25
HLR 4 vV Vv 95.72  94.91 95 96. 03

H% 2 ] UL, B F 48 BUER 2 19 Residual
Block 45 ¥4 5 ¥ o 3 F U8 & W] 43 2 4 B Res2Net
BEH TR AR BE 2K RN RHIEAR B, BE T 47 b 4 B
FEZEATA /N FR AR, RS B R B YOLO v4 25 48 5 T
1.54% , 7 %4 YOLO v4 W5 T 2.19% ,F1
{H# YOLO v4 M2 #2557 1. 10% , S Y545 1 R 4%
YOLO v4 M54 1 1. 67% , A R T W4 % T
/N E BRI PR RE . 7E 3 ANRRAE )2 H A R EE
i D — SPP 4, filA 1 Ry &8 DL KGR (L 42 Ry i I 3z
BY 1) H AR LB AF X0 i 2 R U0 R L S A R
W24 YOLO v4 KB T 1.92% , 7 [l %4
YOLO v4 W25 T 3.45% ,F1 {H#% YOLO v4 ¥
AL T 2.20% F-IRE I R B YOLO va4 28 2 15
T 1.62% ,HETN T W 2% % B 4% S 25 A7 1Y o
1 P L R N ) iy ol i = | B S -



272 &l #Hl

Moo 20224

RE 8 1 — 20 18 - 5 8 2 b 28 (1 U0l 5 2 0 435 2R 1 e
B S 085 YOLO v4 W43 5 17 5.60% , 73 [l
R YOLO v4 W5 T 4.97% , F1 {H % YOLO
vAd MR T 4.40% , - BIRE B R 5 YOLO v4 ¥
HEARTHT 3.54% , 1 BLIRTE T AR SCHCHE R g 19 A AL
Pk

4 it
(1) B0 S 4y i 2P 8 4% 5 R/ —,
A7 AE M 25 3 5 B i A b RS I X R, 25 4 B TR

B ] 43 B 5 B Res2Net fE DL R 3L T4 8k 5 10
D — SPP f#iHe , M2 T L YOLO v4 [ 4% g 3 filt jo) 2%

(1) 4% S5 A0 B I ZE AR I AR R T S B S B S A
I 2 A O N ISR T Rl S5 50 58 BT 0HE SR I
(A 50 B TIE 23 T

(2) S 45 R R W, A SO oF 1 TR0 X 45 X 1
B S ZE R IR OKE R R 95.72% , 44 [l R
94.91% ,F1 {H K 95% , V- Y51 % H 96.03% . 5
Faster R — CNN . YOLO v3 ,YOLO v4 W48 AH EE , 2R SCJF
T2 0T Th % B 2SI EL A TG (R R I R P RE

(3) AL AT 15 T 1) I 48 R B 4RI 5 L FE Bk
DA TAE =20 R DR ) R R SR E Ak dE
WU RGN T2 BOK et At m SR EF W
PR TAERCR

2 % X W

(1] &7y, siutd, ER, 5. BETFRESD 5EGQAIE ERZEFR T ESEHET]. Ll L=, 2020, 51(4)
207 -215.

LIU Huili, JIA Honglei, WANG Gang, et al. Method and experiment of maize( Zea Mays L. ) stems recognition based on deep
learning and image processing[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(4) :207 - 215.
(in Chinese)

[2] JIN Y. Recognition technology of agricultural picking robot based on image detection technology[ J]. INMA Bucharest, 2020,
62(3):191 -200.

[3] DENG X, ZHOU B, HOU Y. A reliability test method for agricultural paddy field intelligent robot[ J]. INMA Bucharest,
2021, 63(1).271 —280.

(4] &, #BRYR, RIEER, & ETRETE MM SREHTRE RN WARBHEREZEZHRBAREZR),
2021, 40(2) .76 - 83.

XU Yan, LI Xiaozhen, WU Zuohong, et al. Potato leaf disease recognition via residual attention network [ J]. Journal of
Shandong University of Science and Technology ( Natural Science) , 2021, 40(2) ;76 —83. (iin Chinese)
[5] GAOJ, WESTERGAARD J C, SUNDMARK E, et al. Automatic late blight lesion recognition and severity quantification based
on field imagery of diverse potato genotypes by deep learning[ J]. Knowledge-Based Systems, 2021, 214:106723.
[6] TIWARI D, AAHIAH M, GANGWAR N, et al. Potato leaf diseases detection using deep learning[ C] /2020 4th International
Conference on Intelligent Computing and Control Systems (ICICCS) , 2020:461 - 466.
[7] GAO C, WU Y, HAO X. Hierarchical suppression based matched filter for hyperspertral imagery target detection[ J]. Sensors,
2020, 21(1) ;144.
[8] GU M, LIU H, WANG Y, et al. PolSAR target detection via reflection symmetry and a wishart classifier[ J]. IEEE Access,
2020, 8:103317 - 103326.
[9] ZHOU C, YANG G, LIANG D, et al. An integrated skeleton extraction and pruning method for spatial recognition of maize
seedlings in MGV and UAV remote images[ J]. IEEE Transactions on Geoscience and Remote Sensing, 2018, 56(8) : 4618 —
4632.
[10] HERE, KW, £4, F. WHRARPFEWRERERENWLIT]. JB=¥%ik, 2019, 39(4) :307 -313.
CUI Jiahua, ZHANG Yunzhou, WANG Zheng, et al. Light-weight object detection networks for embedded platform[J]. Acta
Optica Sinica, 2019, 39(4) :307 —313. (in Chinese)

[11] LIWY, LIJY, SARMA KV, et al. Path R —CNN for prostate cancer diagnosis and gleason grading of histological images
[J]. TEEE Transactions on Medical Tmaging, 2019, 38(4) :945 - 954.

[12] LEE H, EUM S, KWON H. ME R — CNN: multi-expert R — CNN for object detection[ J]. IEEE Transactions on Image
Processing, 2020, 29:1030 - 1044.

[13] LIJ, LIANG X, SHEN S, et al. Scale-aware Fast R — CNN for pedestrian detection[ J]. IEEE Transactions on Multimedia,
2018, 20(4) :985 - 996.

[14] SHIH K H, CHIU C T, LIN J, et al. Real-time object detection with reduced region proposal network via multi-feature
concatenation| J]. TEEE Transactions on Neural Networks and Learning Systems, 2020, 31(6) :2164 -2173.

[15] CAO C, WANG B, ZHANG W, et al. An improved Faster R — CNN for small object detection[ J]. IEEE Access, 2019, 7.
106838 — 106846.

[16] x4, sKEBH], WK3Ems, . JETHGH Faster R — CNN @ R AE BARKIN Jridi[T]. BRERGFAR, 2019, 14(4) :627 -634.

LIU Zhao, ZHANG Liming, GENG Meixiao, et al. Object detection of high-voltage cable based on improved Faster R — CNN



% 6 1)

EF W % T hat YOLO v4 W45 B 2 B 8l d 284l 0y ik 273

[20]

[21]

[27]

(28]

[29]

[J]. CAAI Transactions on Intelligent Systems, 2019, 14(4) :627 —634. (in Chinese)

ZHAI S, SHANG D, WANG S, et al. DF—=SSD: an improved SSD object detection algorithm based on denseNet and feature
fusion[ J|. IEEE Access, 2020, 824344 -24357.

YU Y, HAN X, DU L. Target part detection based on improved SSD algorithm[ J]. Journal of Physics: Conference Series,
2020, 1486(3) :32024 -32029.

LM, EBedR, X4 R E LRSS & U T YOLO BARK NSk iroe [T]. M2, 2019, 4(#T) 1) .72 - 76.

MA Wangpeng, WANG Xiaodong, LIU Dong. YOLO target detection algorithm research in GPR anomaly image recognition
[J]. Bulletin of Surveying and Mapping, 2019, 4(Supp. 1) :72 —76. (in Chinese)

BARREIROS M, DANTAS D, SILVA L, et al. Zebrafish tracking using YOLO v2 and Kalman filter[ J]. Scientific Reports,
2021, 11(1) :3219.

REMRVE, FREENE, B3, . ST U0 YOLO v3 W45 i i IR PR BE fl A 1R 7 ik [T Al ALBs 2% 4, 2020, 51(4) :
199 -206.

XIONG Juntao, ZHENG Zhenhui, LIANG Jiaen, et al. Citrus detection method in night environment based on improved YOLO
v3 network[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(4) :199 - 206. (in Chinese)

DU S, ZHANG P, ZHANG B, et al. Weak and occluded vehicle detection in complex infrared environment based on improved
YOLO v4[J]. IEEE Access, 2021, 9.:25671 —25680.

WLLR, B, BRFAR, . FARTRIE TR 228K R SR AN B AR U 00 T et SSD ERL[T]. Rk TRE A, 2018, 34
(16) :155 - 162.

PENG Hongxing, HUANG Bo, SHAO Yuanyuan, et al. General improved SSD model for picking object recognition of multiple
fruits in natural environment[ J]. Transactions of the CSAE,2018, 34(16) : 155 - 162. (in Chinese)

TIAN Y, YANG G, WANG Z, et al. Apple detection during different growth stages in orchards using the improved YOLO v3
model[ J]. Computers & Electronics in Agriculture,2019, 157 417 - 426.

LIU T, PANG B, AL S, et al. Study on visual detection algorithm of sea surface targets based on improved YOLO v3[]J].
Sensors, 2020, 20(24) .7263.

Ti MG M08, E L. Je T MR 2818 1 B 2 8 I AT AR BRI 5 [T ] AR HLA 2 #z ,2021,52(10) :300 - 306.
FANG Peng, HAO Hongyun, WANG Hongying. Behavior recognition model of stacked-cage layers based on knowledge
distillation[ J]. Transactions of the Chinese Society for Agricultural Machinery,2021,52(10) :300 —306. (in Chinese)

GAO S, CHENG M M, ZHAO K, et al. Res2Net: a new multi-scale backbone architecture[ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2021, 43(2) :652 — 662.

HUNG K W, ZHANG Z, JIANG J. Real-time image Super-Resolution using recursive depthwise separable convolution network
[J]. TEEE Access, 2019, 7:99804 - 99816.

HUANG Z, WANG J, FU X, et al. DC—SPP—YOLO: dense connection and spatial pyramid pooling based YOLO for object
detection[ J|. Information Sciences, 2020, 522 .241 —258.

VEIE, FEStHE, XN, 5. JET A8 B A Focal Loss BBk YOLO v3 B3k [J]. B mUMEHL K224 ( HARBH IR |
2020, 40(6) :100 - 108.

XU Teng, TANG Guijin, LIU Qingping, et al. Improved YOLO v3 based on dilated convolution and Focal Loss[ J]. Journal of
Nanjing University of Posts and Telecommunications ( Natural Science Edition) , 2020, 40(6) :100 — 108. (in Chinese)



