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Image detection of leafy vegetable seedlings in greenhouse based on D-
YOLOV3 detection network

LIU Fang, LIU Yu-kun, ZHANG Bai
(College of Electrical Information Engineering, North Minzu University, Yinchuan 750021, China )

Abstract: In order to solve the problem of detecting densely planted leafy vegetable seedlings at cotyledon stage in
greenhouse, a densely connected detection network named D-YOLOv3 was proposed. The backbone network of D-YOLOv3 was
built based on that of YOLOv3. Simultaneously, the detection structure and loss function of D-YOLOv3 were constructed as
the improvement of those of YOLOv3. A series of comparative tests were carried out with rape seedlings cultivated in pot as an
example. Firstly, the correction coefficients of loss function in YOLOv3 and D-YOLOv3 detection networks were determined.
Then, the effectiveness of the derived backbone network, detection structure and loss function of D-YOLOv3 was verified ac-
cording to comparative tests with some networks mentioned in the paper. The test results showed that the detection accuracy of
D-YOLOv3 was as high as 93.44%, and the detection time was as low as 12. 61 ms. Compared with YOLOv3, the detection
accuracy was improved by 9.4 percentage point and the detection time was reduced by 4. 07 ms. Finally, the performance of
YOLOv3 and D-YOLOv3 detection networks was obtained with images of rape seedlings growing under different density and il-
lumination environments. The detection precision and speed of D-YOLOv3 for the proposed image were better than those of
YOLOV3 at various densities. The ability of D-YOLOv3 was stronger than that of YOLOV3 to extract features of small targets

under different illumination and density conditions.

WS B 5 .2021-01-25 Consequently, the D-YOLOv3 detection network proposed
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Fig.1 Rape seedling images under different light environments
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Fig.3 Structure diagrams of YOLOv3 and D-YOLOVvV3 detection network
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Table 1 Loss function and detection accuracy of YOLOV3 detection

network

BIERE ikl MR || BERE kst IR
(k) Ly () (%) (k) (L) (P (%)
1.0 9.65 84.04 1.6 5.02 85.27
1.1 8.16 84.17 1.7 5.64 85.08
1.2 7.47 84.49 1.8 6.35 84.82
1.3 6.93 84.85 1.9 7.18 84.69
1.4 5.14 85.19 2.0 7.91 84.40
1.5 4.87 85.41

2 D-YOLOv3 #ill [ 45 i #51 5k o B0 46 45 B
Table 2 Loss function and detection accuracy of D-YOLOvV3 detec-

tion network

BERH Bk WA [ ERE Bkl KRS
B ) PI]| k(L) (P (%)
1.0 4.56 90.68 1.6 1.67 93.28
1.1 3.07 91.35 1.7 1.64 93.44
1.2 2.29 91.93 1.8 1.76 93.17
1.3 1.92 92.58 1.9 1.81 92.56
1.4 1.78 92.93 2.0 1.85 91.89
1.5 1.71 93.08
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Table 3  Structural characteristics of the selected detection net-
works in the comparative tests
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Table 4 Performance of the five detection networks

% WEWR(P)  BREE(R) BWEE  KedE
(%) (%) (P) (%) (1) (ms)
YOLOV3 87.18 87.58 84.04 16.68
DI1-YOLOv3 88.29 88.84 85.41 16.62
D2-YOLOv3 91.49 88.68 90.98 15.30
D3-YOLOV3 91.33 88.24 90.68 12.63
D-YOLOV3 93.59 91.88 93.44 12.61
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Fig.4 Detection results of D-YOLOv3 and YOLOv3 networks

under different seedling densities
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Table 5 Detection performance of D-YOLOv3 and YOLOvV3 net-

works under different seedling densities

WK (P, KR (1)

4y R AR GES (%) (ms)
n<40 YOLOv3 87.66 15.98
D-YOLOv3 92.67 12.36
40=n<60 YOLOv3 88.25 16.69
D-YOLOv3 95.44 12.56
n>60 YOLOv3 77.29 17.61
D-YOLOv3 93.70 13.03

&6 mLIAH. (1) g2 D-YOLOv3 £l
R £ 38 & YOLOv3 AG il () 5% | 1E 8 ) BRER S T 1%
Refa RIS Ry f g, 0] O BRI T A9 14 e 48 A 1Y
FfeZE . BRPRUER DGR 2 i RIS B & ™
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S50 K TN RS BE (P, RIS I R ) (o) B PR T
YOLOv3 M 4% . #t B D-YOLOv3 & il % 4% 7 A []
R X /N H A B9 R AE 45 HURE 7 B 5 A &)
MR I R, FFEAR R, IEE IR )
JEHRIAEE T R b 4l i B R B D (n<40) TR
GGG T B 4 i U 2 (n>60) , 33
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Fig.5 Detection results of D-YOLOv3 and YOLOV3 networks

under different lighting environments

£ 6 ARMEBIFET D-YOLOvV3 F1 YOLOv3 # 7l i £& i 14 ¢
Table 6 Performance of D-YOLOvV3 and YOLOV3 networks under

different lighting environments

KRS EE (P, RUBSTE] (2y)

JeH EES (%) (ms)
E#LM YOLOv3 86.80 16.46
D-YOLOv3 95.10 12.42

AL YOLOv3 85.71 17.09
D-YOLOv3 93.10 13.14

IR YOLOv3 80.63 16.43
D-YOLOv3 90.31 12.50

4 Qn gt
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G X 245 Py A DR B ARSI i ] 5P RE B A

BEGTIR 2 FREE T 3 40y i R AR 0 1) 8, 3 ok
WCHE YOLOV3 1 31 4% A6 I 25 44 Rt 2k e 4k, 4
T A T 4E T D-YOLOv3 K630 I 2% | 46 0 A
FEIRE] 93. 44% , LR B AR F Y4 0 B[R] 24 12. 61
ms,

% YOLOv3 1 D-YOLOv3 il %] éﬁf%lﬁl%‘%

T B RUAS [ REERBE T 4y v RS RS 1 R 2R 1 7
XGRS, EAFL) % ER T D-YOLOV3 Em(ﬁ
AR ARG I R 18] 2416 F YOLOV3 5 76 A4S [) %5 45 7

FEF D-YOLOv3 Fe: I 19 4% 1 s DK B2 38 sh AN K, H
SRR PR D-YOLOV3 A4S 19 28 A 4G 10l Bk 1) e
YOLOv3 £ U o9 £ 45 i (388K ; D-YOLOV3 76 AR
HEIR 55 XF /0 B Ar 19 5 AF 42 BUBE 1 ¥ 4 F
YOLOV3,
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