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Abstract; To achieve early detection of crop diseases, a crop disease early detection model was proposed
based on infrared thermal imaging and improved YOLO v5. The CSPD — arknet was used as the main
feature extraction network, and the YOLO v5 stride — 2 convolution was replaced by the SPD — Conv
module, which were respectively the five stride —2 convolution layers in the main network and the two
stride —2 convolution layers in the Neck. This can improve its accuracy while maintaining the same level
of parameter size and outputting three different scales of feature layers in the downstream stage. In order
to enhance the interdependence between modeling channels, channel feature responses were adaptively
recalibrated and SE mechanism was introduced to enhance feature extraction ability. In order to reduce
model calculation and improve model speed, SPPF was introduced. After testing, the improved YOLO v5
algorithm had the best detection performance with an mAP of 95.7% , which was respectively 4.7
percentage points, 8. 8 percentage points, 19. 0 percentage points, and 3. 5 percentage points higher than
that of YOLO v3, YOLO v4, SSD, and YOLO v5 networks. Compared with the improved network before
improvement, it also improved the detection of crop diseases under different temperature gradients. The
mAP of five gradients were 91.0% , 91.6% , 90.4% , 92.6% , and 94. 0% , which were higher than
those before improvement by 3. 6 percentage points, 1.5 percentage points, 7.2 percentage points, 0.6

percentage points, and 0.9 percentage points, respectively. The size of the improved YOLO v5 model
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was 13. 755 MB, which was lower than 3. 687 MB of the basic network before the improvement. The

results showed that improving YOLO v5 can accurately and quickly detect early diseases, which can

provide certain technical support for the development of early disease detection instruments.

Key words: infrared thermography; deep learning; early disease detection; YOLO v5
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Fig.3 Examples of tomato leaf data augmentation

(d) #f%

1.2 EGIG=EALE

TES 8 = FRE T, 2080 B BOR A 1 i e v AT A
VAR R LB R R 5 2 8.
X S I A W P A b T B TRLBCRR AL, B AR L
JEE I AT JRE , DA B 3 s 5 i B A 1A A% R R, DA T
S EOE LR R R AT WA R o TR, RO e
Fr AR IEH AR a2 2101 BRI B2 AF N TR TR Y 3
Wi, i BE A W AR A TR AR £E A PROAR 18] 1 AR
IM G AR TR R 3R A AN AR ), 3 B 320 5 A A A
e 2 40 E RAR R, Ry AR A v 2k S B A B Y
ZUAMEME AT i Y AR 20 Fr AR T 24 PR
To AR B T o A5 108 3 o3 M R 34 5 25 P 4R 93
Ak PR T7 5 0ok B Bk Ay 3 o, AT LR BBOHS TR B AR
SO e HE AT AG I

e FH 1T 45 [ 45 4 A ABLRE (SSIM) | I {15 M L
(PSNR) 1A ¢ > Jg& 141 {5 B A AL JEE (LPIPS) 2y
WM R bR o 255 75 S B UL B RS8R FIPEAN 45
b, R 1 s O A B AL BRAR 0 o S5 R R,
W& P 9 PSNR (SSIM F1 LPIPS 24 2y fiz 41t , X st AS B
R JH i S0 8 0 X I e PR A T I A B I i
LR B B BT R 1 A T T, B AR K B R A
MR

®1 FRERATXENERSRRTEN SR
Tab.1 Comparison of image quality evaluation

parameters with different denoising methods
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Fig.4 Infrared thermal image of tomato leaves

with different temperature gradients
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Fig.5 Change curves of model loss value before

and after improvement
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Fig. 6 YOLO v5 target detection network
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Tab.4 Comparison of results of different

improvement experiments
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Tab.5 Different object detection networks result on

tomato leaf recognition detection %

T Y LS PEN R mAP
felt 95.10 99.10
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" 3 it 3¢ 99. 60 100

MeiE YOLO v5 95.70
o A 95 BE 93. 80 97.20
LA 94.20 93. 60

Tt BRI R A TUDRS A % = T e E AT 4.3 A E 43 A
o RE A 0K B R 4R R 3.8 A 43 S5 L A RS
WP 4.3 A 40 A el R, 20 YOLO
v5 AR 45 TR AR I 2 0 W SR TRD TS
12 g, g iff YOLO vs R RN (U bk 1 A R
W SRR R A R A A B R . UE B SR AR S
JIT & B J7 12 %8 B oh R o ARG DN A%k R e ek T
AW ek, kIS ) YOLO v5 B vk e A T
TR A
3.3 AEREHERUNBRSH

H W a4 v Y 548 I g BE BT AR Fie BEOAS [m] Ui BE
B BEEAT 43 25, R 0 T S PR A R T AR 7R
AR )R B 2% 1F TR 43 50 ek 906 B AS T L B R R Y
et AR I AR AT T I, 3R 6 S AE K [F]
Tk B2 6 BT R I A 00 ASE TR S W 2 A e T 1Y 48
B X H o

& 6 ", 7E 0 ~0.2°C i [l i, gt i YOLO
v5 1) mAP &5 TEGHERTIN S 3.6 A 73 572 0.2 ~
0. 4°C 5P, i YOLO v5 () mAP &5 T Mg ik 5 9
1.5 NEAEIE 0.4 ~0. 6°C3EH N, M0 YOLO
v5 1 mAP & TR RTS8 7.2 S E R AE 0.6 ~
0. 8°CJEE P, 2 i YOLO v5 (1) mAP &5 T i ik i I
260.6 MATRGIERT 0.8C L I, Btk YOLO
v5 [ mAP 5 CHE T 45 0.9 A Ar s R R

F 6 AET/E YOLO v5 BRI A 5 8 B &
W Rz 35 4K 45 4R
Tab.6 Comparison of YOLO v5 models corresponding
to different temperature gradient change indexes before

and after improvement

e LM/ C W%/ % HIHR/ % mAP/%
0~0.2 80.9 97.6 87.4
0.2~0.4 83.5 78.5 90.1
YOLO v5 0.4~0.6 91.1 92.2 83.2
0.6 ~0.8 88.3 95.0 92.0
>0.8 90.0 93.8 93.1
0~0.2 90.8 96. 1 91.0
0.2~0.4 91.5 99.2 91.6
it YOLO vS 0.4 ~0.6 94.1 98.8 90. 4
0.6~0.8 95.6 96.0 92.6
>0.8 93.1 95.8 94.0

W1, 05 ACtE YOLO v A6 U7 25 A il B2 B B2 T #8 fiE
G i S5 BT i A

4 itig

S FIRLLAN AR SHLgR = T MGG N T
A ) s 25 PN SR 8 I 5, i B o Ak T Ak A B B AT
FEAEI 2 [n)

ZT AN IR EMG A B R e . 2T AP 3R EHME 5 32 6 IR
T RE XU S5 B 58 5 ), A0 ) A N PR 5 Y iR 25 AR
JINEE T A M AR AR B T RS R, R S B
HECXU A 52 ) 52 3500 B2 A A 09 A8 Ak BRAE R 2 8]
GAER R TE A 45 B — 8 S 0 R BN A48, sk = iz 4k
PE, HALAM R EMGAS B A7 7E RO AR A o3 9 2K 45
FEPE  ME DGR UEFA B 10 20 A I EMR ) B i, 5 1R AT
HP G HE DR AR

Y G485 F A0 i Hiis o 20, 0 25 i 455 78 A X A
FEY S B2z A0 . TR EE A ) R BRI AR LN
BB AT A R, FLAS TT 09 21 A0 B AR B 4 26
TRV Y A 0 M LA R 2R ) K

M T 20 OB BOR HRE A 4L A I EIR , R
B 0T T P8 A Ak S I G 1 B A AR R R 1 2
BT AT Z R AR LD AR S KA [
I 0 I B AR AL E AT E — 25 A Ak, DA S A e AR
A K A it 1 W i T A 2K

TR BB 2 > S50V A6 3 311 - G 0 B 7y T e 2
— k. M YOLO v3 F| SSD 5] YOLO v5 5,
IRAT A5 7% 2 5t P 1 R T ot AT B AR, AE DR IR A
DUAS B2 B[] ) i — 2P e i Al S TR AE RS Bl A
KB MBI,

IR I B A5 A SRS o 1 SRR HL R 22 BOHE T 40 A A
JAG B HIL A A 5 (TRMV ) 346 &b T 552 56 25 0 ik B B
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BRSZBR N A AR KA 220, BEE N TR BEM &
JE BT Al R R R B, B B
TR /IR AS B0 A1 A9 PR IR EAIR, I 422 U 5 X A6
TUHATOLAL, IR TUAR R RS . 7 S B L B B
BE 2 155 B8 0 A0 AN M ) AN T A v, R LA e R
AL AL A FHiR A B 25 G R figp e 52 Bm I )

5 it

(1) B 1k 3% T+ Pl 46 45 2R, AR 0F 5% 1 ad b
FELA A AT R BCR B o OF How 9 sE s 4, B 1k X
0t 2o A T i B A P I, AS BT S o A B
K w [ B AR S ORI AT T () 9 kA AR A 45
PEAT MR R A o R T KA 39 5 07 35 9 sE R B 80
fifi /] Labellmg T H#EATHEALR I, #% T VOC %X
{9 7 i I 21 D AR R B 5 eSOk — 2 4R T
o e R S ARG I K SF- o g B P 5 ol R A JRE R AT

Oy o I 2 i B 1 R P AR BOHE S R, ST &
it 5 4 A A

(2) $2HH —Fh etk ) YOLO v5 W 4%, 5 75 fif Tk
Sy APUNRG B 25 1 [n) 8, o0 O i A8 51 A SE
HIHLEIF SPD — Conv fe b FRAL 43 B R AN A,
FH e fd ] SPPF 1 5 ¥k #F 5% YOLO v3,YOLO
v4 SSD .YOLO v5 gk ik YOLO v5 [ 4% 76 F 3 5
o 75 A M RE R B, 45 SRR ], i YOLO vS ¥
2% 1) mAP 3} 95.7% , 4 . YOLO v3 YOLO v4 SSD
1 YOLO v5 P45 4y R4 25 4.7 8.8.19.0.3.5
Gy e WITIH AL, BEA A  E 70 R HE T A
HERE B 05, B TR R ) £ A R I AR . IS,
T2 190 5 7 A T R 30 9 s A AR R N A o T
13.755 MB ik T ic 4 5if 3L Atk N 2% 3. 687 MB, 51 &
P GF , B8 5T 1 5 0 3 B AR, DT HE AT AR R Y
i EE
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