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Counting Cigar Tobacco Plants from UAV Multispectral
Images via Key Points Detection Approach

RAO Xiongfei' ZHOU Longyu’ YANG Chunlei'’ LIAO Shipeng®® LI Xiaokun®® LIU Shishi’
(1. Tobacco Research Institute of Hubei Province, Wuhan 430030, China
2. School of Resources and Environment, Huazhong Agricultural University, Wuhan 430070, China
3. Key Laboratory of Arable Land Conservation in Middle and Lower Reaches of Yangtze River,
Ministry of Agriculture and Rural Affairs, Wuhan 430070, China)

Abstract: Tobacco is an important industrial crop in China. The survival rate and growing status of
tobacco plants after being transplanted to the field are essential for the field management and yield
predictions. However, counting the number of live plants is traditionally conducted by labors, which is
time consuming and expensive. Unmanned aerial vehicle is a cost-effective option for monitoring
croplands and plantations. However, visual inspection for such images can be a challenging and biased
task, specifically for locating and detecting plants. As tobacco plant has a characteristic center-oriented
feature, a novel deep-learning algorithm was developed to locate and count tobacco plants via key points
detection method, instead of using a common bounding-box object-detection approach. The proposed
deep learning algorithm was tested on the cigar plants. In the algorithm, the center of each plant was
firstly annotated with a point, and a Gaussian probability density was derived to provide useful information
of morphological features. Secondly, different backbones and loss functions in the proposed algorithm
were evaluated. Using ResNetl8 as a backbone provided the most accurate prediction of the plant number
(average precision higher than 99.5% ). MobileNetV2 was the most efficient backbone, but the
uncertainty of predictions was higher than that of ResNetl8. The combination of Focal Loss function and

MSE Loss function ( Union loss) reached the highest accuracy (average precision higher than 99.5% )
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while reduced the uncertainty. Finally, the evaluation of different combinations of multispectral bands

showed that the combination of red-edge, red, and green bands had a better performance than using red,

green, and blue bands in differentiating tobacco plants and weeds, resulting in less uncertainty in the

tobacco plant detection. The proposed algorithm can accurately locate and count tobacco plant in the

UAV images, providing an effective tool and a valuable data support for planting high-quality tobaccos.

Key words: cigar tobacco; UAV multispectral remote sensing; key point detection; deep learning
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Fig.2 Examples of image augmentation
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Fig.3  Architecture of deep learning model for detecting tobacco plants
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Tab.1 Performance of architectures with different backbones
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Tab.2 Performance of architectures with different

loss functions

X K AW FL{E/

PR LN s
o . K% R% R% %
I 12.9 20.5 69.5 31.7 0.552
Focal Loss
JII} 18.8 26.0 70.3 37.9 0.521
I 99.5 85.7 99.6 92. 1 0.785
MSE Loss
I 99.9 91.7 100 95.7 0. 846
I 99.9 91.2 100 95.4  0.892
Union Loss
I 99. 4 94.5 99.5 96.9 0.933
2.1.3  A[EPEBINZRAT L

T8 UE R AR (R B 2H G 0 AR RDRS JE R
Wi, LI GPU 5355 fifi 1] ResNet18 fF: 2y 32+ ¥ 45 it
Fr g5, 451 2k p& B Union Loss. Il 2k 416 o4 il 2k
8 T X TA] P B4l A 0 Bl AL AR 59 45 2 i 25 21, 1
SRS SVVSIEY P E % Ereicoy N IRIDE L oRTI L €/E S
X ECAN ) Be 4L X T MR RS R S . S5 R
ARUIANNS S g2 S R AT S - DU
(F3) AERUESE I v, 41 2% W 97 Be b A7 4
A6 LR P L 2 e St SRUI) O A SEORS W SRR X

®3 TRKERAGLL
Tab.3 Performance of ResNetl8 models with different

combinations of bands
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Fig.4 Typical figure reflection spectral variations

at different wavelength bands
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