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Abstract

Drones are flexible, portable, real-time, and efficient tools for locating and counting tobacco plants.
This study proposes a new deep learning model that detects tobacco plants from drone remote sens-
ing images. Unlike traditional object detection methods that use rectangular boxes to enclose the
targets, this model predicts the center point of each tobacco plant and learns its scale and shape.
The model also uses a lightweight encoder and decoder to quickly identify tobacco plants from the
images. The main contributions of this paper are as follows: First, the model adapts to the morpho-
logical characteristics of tobacco plants and uses a center key point annotation method. It also em-
ploys a multi-layer feature fusion method based on SSD (Single Shot Multibox Detector) to combine
feature maps from different depth levels, which effectively improves the detection accuracy. Second,
the model is tested on images at different heights and compared with other detection methods. The
average detection accuracy of the proposed CDNet is higher than 98.89%, which meets the require-
ments of practical applications. The proposed deep learning model can accurately detect tobacco
plants in drone remote sensing images with varying flight altitudes, growth stages, and resolutions,
providing reliable data support for monitoring the growth of tobacco plants.
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Figure 1. Overview of the study area
1. RXERE

Figure 2. Bottom map of the DJI Phantom 4 RTK version in the study area
2. #ff32[X DJI Phantom 4 RTK kR & AHLIKE

DOI: 10.12677/csa.2025.158205 154 THREHURL: 5 R


https://doi.org/10.12677/csa.2025.158205

KIET 45

Figure 3. Example of tobacco plants taken at different flight altitude and growth periods. (a) 100 m, early stage of tobacco
root extension; (b) 100 m, middle stage of tobacco root extension; (c) 50 m, middle stage of tobacco root extension
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Figure 4. Interface for tobacco plant central point data annotation using Labelme
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Figure 5. Structural diagram of the tobacco strain detection model
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Table 1. Count accuracy of tobacco plants obtained at different UAV flight heights and growth periods
= L FRIEANITEERE KA TREMWEEERZ G EUERE

o NI TANLEG T THEURE 1%
KATEEIm KA
1 2 3 1 2 3 1 2 3 T3
100 RS R 2169 2068 2270 2151 2049 2285 99.17 99.08 99.34  99.20
50 fBfEd ] 1531 1036 1721 1520 1027 1731 99.28 99.13 99.42  99.28
100 fRARA ) 1809 955 1343 1790 966 1328 9895 98.85 98.88  98.89

Figure 6. Early root extension stage of flue-cured tobacco plant (flight altitude of 100 m)
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Figure 7. Middle root stage of flue-cured tobacco plant (flight altitude of 100 m)
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Figure 8. Middle of root extension of flue-cured tobacco plant (flight altitude 50 m)
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