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Dead pine detection by multi-color space based YOLOv5
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Abstract; [ Aim] To address the issue of the high misdetection rate from RGB images taken by the UAV in the monitoring practice
of pine dead trees, a new YOLOvS5 model based on multi-color space is proposed for recognizing pine dead trees precisely. [ Method ]
UAVs were used to collect RGB images of a large-area forest with pine nematode disease. The images were spliced with Pix4Dmapper
software, and a dataset detailing pine dead trees in VOC format was established using Labellmg open-source software. Six object de-
tection algorithms based on deep learning, namely Faster R-CNN, YOLOv3, YOLOv4, YOLOvS, SSD, and EfficientDet, were used
to train and test the dataset. The optimal object detection algorithm was filtered using precision, recall, average precision ( AP),
and the F| score as evaluation metrics. Then, the collected RGB images were converted into LAB and HSV color space images, and
the three color space images were trained with optimal object detection algorithms to obtain the bounding boxes of the target in each
color space. These bounding boxes were processed using non-maximum suppression algorithms, and an optimal bounding box was ob-
tained to realize the automatic recognition of dead trees. [ Result] All six algorithms have achieved good results, of which the
YOLOv5 model was the optimal algorithm. Its precision, AP, and F, score were the highest among the six algorithms, reaching

97.58%, 82.40% , and 0.85, respectively. After the fusion of the three color space images, the misdetection was reflected in the re-
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call rate, which increased from 74.54% to 98.99% , and the AP, which increased to 98.39%. [ Conclusion] The YOLOvS5 model

based on multi-color space can significantly improve the accuracy of detecting dead pine trees from RGB images taken by the UAV.

The proposed model is a powerful tool for monitoring dead trees and assisting in controlling pine wood nematode disease.

Key words: UAV image; dead pine trees; deep learning; multi-color space; pine wood nematode disease
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Fig.1 Sample of dead pine tree
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Table 1 Confusion matrix

BEE B Current situation

T 25 5 Predicted results

1Ef] Positive example

JZ 5] Negative example

1EH Positive example
JZ 5] Negative example

TP : True positive ( BRI TN >y 1E A9 IEAEAS )
FP: False positive (B4 TN Ay 1E (1) S A )

FN: False negative (#HRIF0IN A 47 A4 TR AEAS )
TN: True negative ( BEAERITIM A 1 A9 IEFREAS )
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Table 2 Main backbone networks in
different deep learning algorithms

TR ) ik FET R
Deep learning algorithm Backbone network
Faster R-CNN ResNet50
YOLOv3 DarkNet53
YOLOv4 CSPDarkNet53
YOLOvS CSPDarkNet53
SSD VGG

EfficientDet EffecientNet
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Table 3 Performance evaluation of different deep learning algorithms

VR 2% 3 Bk Deep learning algorithm KGR Precision/% B I % Recall/% EHIHERGHE AP/ % Fy 538U F, score
Faster R-CNN 56.46 80.65 67.68 0.66
YOLOv3 78.14 56.30 50.51 0.65
YOLOv4 86.70 62.52 72.77 0.73
YOLOvS 97.58 74.54 82.40 0.85
SSD 81.19 60.49 66.43 0.69
EfficientDet 94.87 33.35 73.61 0.49
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Table 4 Performance evaluation of the YOLOVS algorithm in different color spaces

% %5 8] Color spaces Kt Precision/% H A% Recall/ % SESUER R AP/ % F, 80 F,| score
RGB 97.58 74.54 82.40 0.85
LAB 87.03 73.74 79.73 0.80
HSV 76.96 79.96 79.80 0.78
RGB+LAB+HSV 77.51 98.99 98.39 0.87
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2 AEEFIBIET TR R E
Fig.2 Demonstration of dead pine detection under different color spaces
A:RGB i EHR TN EE R 1;B . LAB J@ & EMEHINZE IR 1;C.HSV @A MR BIMZE R 1;D . RGB @ E EME M 2SR 2;E: LAB liE E 4
TMEE R 2 F HSV Sl EHR TN AE R 2, $ (URAERIRTE RGB 23 [ s Al ARG SEAM | 21 (I HE SRR T AN 7] (R 25 ] H A HH O RARY
A Result 1 of RGB channel image predition; B: Result 1 of LAB channel image predition; C: Result 1 of HSV channel image predition; D Result

2 of RGB channel image predition; E: Result 2 of LAB channel image predition; F: Result 2 of HSV channel image predition. The yellow border

represents the dead pine that has been missed in RGB space, and the red border represents the pine that has been detected in different color spaces.

&S5 YOLOvs EEFEARRE B H R A KIE
Table 5 Performance testing of the YOLOVS algorithm in different color spaces

4% %3 [A] Color spaces AE R Precision/% B A Recall/ % SEEIHER R AP/ % Fy e F score
RGB 96.83 56.48 71.78 0.71
LAB 96.10 68.52 80.62 0.80
HSV 96.40 62.04 73.66 0.75
RGB+LAB+HSV 93.81 84.26 90.19 0.89

AW B, W LR 1 SR M 2 B8k, 78
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PR A . 75 RGB Kl 4%4 HSV BB Z )5, % &
F| HSV (R 18 EG 10 R85, AN TR 6 &R B 6
TR, fE AR R € 2R (0 e R 2 Ak, A X el
TEOLT A FEARS 5 B 0 RRAE 7 S BB R T
IyHEE . WA 3B R, 3 MEEARTE HSV BE Hk
FL, FECTIRAM KA (2) A MR A

M 3C 5K 3D Al U, 2 (0082 25 ] 1 e i
Jv , o PR FRM A SEAR 5 A 5 21 - s A A LG B
AR o PRI SR B2 T FA R SEAM B 21+ M
SHLA R I IEF A, (3) RTIIRA, &
LAB (R ZS AR R TR RRIE 122 00T T AR SE AR 9
fE (& 3F) A T AR AR 2 8] A 2 T AR A
BRI ANAG SER A A R 22, B = AR 1 R
AR TR, ARG M A A RS B R AR B
HT TR 2 B0 T AR A/ 38 B b A R 25 ok IR
A DRMOR B 3 0 35 0 T AR 1, (4) AR PR i
Fr PRI HERESE AR . 73 Hr A B, Ml 2 AR X



- 288 - W E 244 Journal of Biosafety

#32%

TR 1 AR 2 MRS 1 T S O, FEIX B
THOLT AR AR AR AME 1 F00 _L n] BEA R, A
AR ] AR ST i DX, G ik o f A 32 41

FEAS & 3G froR SRR I i 7 AN FEFEAEAY
SR H2d B R 5 S PR A R IAT 13 B
(&SR ES QSN R S:NPN /21 2 (8

3 REFEXRE
Fig.3 Main source of error
A:RGB i 18 FURTIIZE R 1B HSV i 18 FUZ TN Z5 R 1;C. RGB @M ER TINS5 2;D . HSV 838 FR TSR 2;E . RGB @ H EI 4
BNEEH 3;F: LAB SEIE R R BINSE A 3;G . RCB B EMEHINES R 4, RGB EHE il ifERR
TEAN ] 6 R 23 18] PR H OB ERAE AR B (U RE BN N AR S5 2R
A Result 1 of RGB channel image predition; B: Result 1 of HSV channel image predition; C: Result 2 of RGB channel image predition;

D: Result 2 of HSV channel image predition; E: Result 3 of RGB channel image predition; F: Result 3 of LAB channel image predition;

G: Result 4 of RGB channel image predition. The blue border in RGB image represents an erroneous sample detected in

a different color space. The yellow border indicates the result of manual labeling.
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