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The tobacco plant counting is an important aspect in tobacco production management, traditional manual
methods are time-consuming, labor-intensive and inaccurate, failing to meet the efficiency demands of mod-
ern agriculture. To enhance the accuracy and efficiency of tobacco plant counting in the field environment,
this study utilizes high-resolution remote sensing imagery collected by drones to construct a sample data-
set and proposes an improved YOLOvS8-based target detection model (YOLOv8-CSD). YOLOvS8-CSD model,
based on YOLOVS, incorporates a coordinate attention mechanism (CA) to improve the extraction ability of
the model to tobacco plant features. It also optimizes the feature pyramid network (FPN) and adds a small
target detection layer to enhance the detection ability for the small target tobacco plants. Additionally, the
shape intersection over ratio (SIoU) loss function is used to accelerate model convergence, and the slice-as-
sisted hyper inference (SAHI) strategy is introduced to improve the accuracy and inference efficiency of
small target detection by slicing high-resolution images. The experimental results show that the YOLOvS-
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CSD model achieves a precision of 97.96%, a recall rate of 97.93%, and an average accurate mean (mAP0.5)
of 99.32%, significantly outperforming the original YOLOvV8 and other 5 commonly used target recognition
models. In addition, the efficiency of YOLOv8-CSD model is only lower than YOIOv11, indicating good overall
performance. The YOLOv8-CSD model has good adaptability and robustness in tobacco plant detection at
different growth stages, with a low missed detection rate, and the YOLOv8-CSD model can effectively meet
the requirements of tobacco plant counting in complex field scenarios.

KEYWORDS: Deep learning, UAV remote sensing imagery, Tobacco plant counting, Improved YOLOvVS8

algorithm.

1. Introduction

With the rapid development of modern agricultural
technology, crop growth monitoring and fine man-
agement has become important means to improve
crop yield and quality [21]. Tobacco, as a crop with
high economic value, and growing tobacco has be-
come one of the important sources of income for
farmers in some areas of China. Information on To-
bacco cultivation is an essential basis for tobacco
information management. Accurate measurement
the number of tobacco plants can provide reference
basis for tobacco management department to timely
and accurately grasp tobacco growth trend, adjust
tobacco guiding planting plan and evaluate the im-
plementation of relevant policies. For tobacco farm-
ers, identifying the tobacco plants and estimating
their number through intelligent algorithms can ef-
fectively monitor tobacco growth and predict yield.
Through better fertilizing, weeding, controlling
pests and replanting tobacco plants for the dead
ones in tobacco fields, the tobacco yield and econom-
ic income can be effectively improved. Traditional
methods for verifying the number of tobacco plants
mainly rely on manual field measurements, which
are time-consuming, labor-intensive, and cannot
guarantee accuracy.

With the rapid development of remote sensing tech-
nology, the combination of machine learning and
remote sensing imagery to extract tobacco plant-
ing information has become a hot topic for many
researchers at home and abroad. Liu Mingqin et
al. [10] estimated the area of inter-planted tobacco
in mountainous areas based on the remote sensing
imagery of ZU-3 satellite, and the precision of ex-
tracted tobacco area after classification processing
reached 94.63%; Zhu et al. [15] proposed a method
combining supervised classification and morpholo-

gy to extract the tobacco field based on unmanned
aerial vehicle imagery, with an accuracy of 95.93%;
Fu Jing et al. [9] combined morphological methods
with the Otsu algorithm to extract the number of
tobacco seedlings in the UAV remote sensing im-
agery, with the accuracy of 93.88%. Especially in
recent years, with the continuous improvement of
computer computing power, deep learning technol-
ogy has been widely applied in various fields. Target
detection combined with unmanned aerial vehicle
remote sensing technology has gradually emerged
in precision agriculture. Representative related
studies include: Pu et al. [17] combined UAV aerial
images with an improved Tassel-YOLO algorithm to
achieve real-time corn ear detection and counting,
with a counting accuracy of 97.55%; Xiao Hengshu
et al. [20] combined UAV aerial images with an im-
proved YOLOvVS8 algorithm to achieve high-through-
put tobacco leaf detection and counting. with an av-
erage accuracy of 93.6% and a model parameter of
only 2.5M; Geng Lichuan et al. [3] proposed an im-
proved YOLOv7-CSD optimization model based on
YOLOvV?7 for tobacco plant detection. In this meth-
od, a small target detection layer is introduced to
enhance enhancement algorithm. achieving an av-
erage precision mean of 94.5%. It can be seen that
the existing research applies the improved YOLO
network structure model to corn ear counting can
achieve high accuracy and good results, but there is
a problem of insufficient accuracy in application to
tobacco plant recognition and counting.

Inspired by existing research results, this study pro-
poses an improved target detection model based on
YOLOvVS8 (YOLOvS8-CSD) to enhance the precision of
tobacco plant counting in open field scenarios. The
main features of the model are as follows:
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1 A coordinate attention (CA) mechanism module [4]
is embedded in the backbone network, this module
can effectively capture the interaction relationship
between channel information and position features,
enhance the ability of the model to identify obscured
tobacco plants under different scales, and thus sig-
nificantly improve the detection accuracy;

2 The YOLOvV8 network structure is optimized by
adding a new small target detection layer and ad-
justing the feature pyramid network to enhance
the utilization of high-resolution features, thereby
improving the detection capability and precision of
the model for small tobacco plant targets;

3 The SIoU loss function is introduced to acceler-
ate the convergence of the model, and improve the
recognition accuracy of overlapping targets and
enhance the adaptability of the model to complex
scenarios in the tobacco field.

2. YOLOv8-CSD Model Construction

2.1. Traditional YOLOvS8 Model

YOLOVS (You Only Look Once version 8) is the latest
target detection algorithm model launched by Ultr-
alytics in 2023, aiming to improve the performance
of tasks such as object detection, image classification
and instance segmentation. This algorithm incorpo-
rates many innovations based on previous genera-
tions of YOLO models, including new network struc-
ture, improved loss functions and efficient training
strategies. YOLOvVS8 introduces C2f module instead
of C3 module in YOLOV5 to improve the richness
and computational efficiency of gradient flow. Mean-
while, it adopts a decoupled head and anchor-free
strategy simplifying the target detection process
and reducing reliance on prior boxes. In addition,
YOLOvVS introduces VFL Loss (Varifocal Loss) and
DFL Loss (Distribution Focal Loss) to improve the
convergence speed and detection accuracy of the
model. The algorithm supports many methods in
data augmentation, and introduces the Task-Aligned
Assigner strategy for positive sample assignment in
the training process, thereby enhancing overall mod-
el performance. YOLOvVS supports traditional target
detection tasks, but also covers some visual tasks
such as image classification and instance segmenta-
tion, exhibiting good flexibility and scalability.
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Despite its strong performance and broad appli-
cation prospects in the field of target detection,
YOLOVS still has certain limitations when dealing
with high-density and complex scenes. Firstly, due
to the dense growth and planting of tobacco plants,
there are overlapping and occluded target scenes,
and the feature extraction capability of YOLOvVS is
relatively insufficient, making it difficult to effective-
ly capture the interaction between channel informa-
tion and spatial position information, resulting in
missed or false detection of some targets. Secondly,
some tobacco plants are short due to some reasons,
the existing network structure has limited capability
of feature extraction and expression for high-resolu-
tion images, and the design of feature pyramids does
not support small targets sufficiently, affecting detec-
tion accuracy. In addition, the defaultloss function of
YOLOVS has a relatively average optimization effect
in the high-density target scene, and the regression
ability of the bounding box of the occlusion target is
not ideal, and the adaptability of the model in com-
plex scene still has room for improvement. The above
problems pose challenges to the practical application
of the model in the detection of high-density small
targets in tobacco fields, and it is urgent to improve
the performance by optimizing the network struc-
ture and improving the training strategy.

2.2. Improvement Ideas for YOLOvS

2.2.1. CA Attention Mechanism

The CA (Coordinate Attention) mechanism signifi-
cantly improves the target recognition ability of
deep learning models in complex scenario by em-
bedding position information into channel atten-
tion. Traditional attention mechanisms, such as the
SE (Squeeze-and-Exitation) attention mechanism
[12], which improves the attention of the model
to the key information by adaptively adjusting the
importance of each channel. It generates channel
descriptors through Global Average Pooling (GAP)
and evaluates channel weights using fully connected
layers, thereby strengthening the information of key
channels and suppressing unimportant features, as
shown in Figure 1(a). However, the SE mechanism
only focuses on channel information and ignores
spatial position information, which makes it diffi-
cult for the model to accurately capture the spatial
features of tobacco plant targets in complex back-
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ground or dense targets in tobacco field scene, af-
fecting detection accuracy.

To compensate for the shortcomings of SE, the
CBAM (Convolutional Block Attention Module) at-
tention mechanism [7] combines channel attention
and spatial attention, generates channel attention
map through global pooling, and generates spatial
attention map by convolution, which improves the
processing capacity of spatial and channel infor-
mation, as shown in Figure 1(b), where "GAP” and
"GMP"” refer to global average pooling and global
maximum pooling, respectively. Although CBAM
has some improvement in spatial information pro-
cessing, it does not directly embed spatial informa-
tion into channel features like the CA mechanism,
so it still has limitations in complex background or
dense target detection in tobacco scenario.

The CA (Coordinate Attention) mechanism com-
bines spatial information with channel information,
which significantly enhances the target recognition
ability of the model in complex scenario. The CA per-
forms a one-dimensional global pooling operation
on the input feature map, extracting spatial features
along the width and height directions, and generating
corresponding attention vectors, as shown in Figure
1(c), where “X Avg Pool” and “Y Avg Pool” respective-
ly refer to one-dimensional horizontal global pooling

Figure 1
Comparison of different attention mechanisms.
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and one-dimensional vertical global pooling. In this
way, the CA attention mechanism can not only cap-
ture the relationship between the channels, but also
can effectively retain spatial information, enabling
the network to more accurately identify tobacco
plant targets in a complex field environments. Espe-
cially for detecting small stunted tobacco plants, it
significantly improves recognition accuracy.

2.2.2. Optimization of Loss Function

IoU (Intersection over Union) can be regarded as one
of the evaluation metrics and loss function in target
detection, that is, calculating the ratio of the area of
the intersection to the area of the union between the
predicted box and the ground truth box. However, the
IoU has drawbacks as it does not consider the scale
difference and center point drift between the pre-
dicted box and the ground truth box. This defect may
cause unstable optimization phenomenon in bound-
ing box regression, especially in target detection with
overlapping targets and largescale changes.

To alleviate this phenomenon, YOLOvS adopts the
CIoU (Complete Intersection over Union) loss func-
tion, which further considers the size difference and
the center point distance between the predicted box
and the ground truth box when calculating IoU and
introduces a penalty term to comprehensively mea-
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sure the overlap degree, center point distance and
aspect ratio matching of the target box, effectively
alleviating scale mismatch and unstable regression
of the boundary box. However, CIoU does not con-
sider the direction matching between the predicted
box and the ground truth box. this neglect may result
in slower convergence of the model in the bounding
box regression process, thereby affecting the overall
performance of target detection.

Due to the complex background in tobacco fields and
the overlap among tobacco plants, which easily leads
to a decline in detection accuracy, to accelerate the
regression process of the predicted box to the ground
truth box and improve the recognition effects of to-
bacco plants, this study adopts the Shape Intersec-
tion over Union (SIoU) loss function [16] to replace
the original CIoU loss function of YOLOvVS. Formu-
la (1) shows the SIoU loss function, which includes
the angle loss A in Formula (2), the distance loss A
in Formula (3) and the shape loss Q in Formula (4).
The composition principle of the SIoU loss function
is shown in Figure 2. Here, B and BT represent the
center points of the predicted box and the ground
truth box, respectively; H and W represent the differ-
ence in the horizontal and vertical coordinates of B
and B°7; o represents the distance between the cen-
ter of the predicted box and ground truth box; and o
represents the the angle between the line connecting
the two center points and the horizontal line. SIoU
optimizes the regression process of the bounding
box by comprehensively considering the direction,
position and scale information of the target box so as
to improve the accuracy of tobacco plant detection
and the convergence speed of the model.
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Figure 2
Schematic Diagram of SIoU Loss Function Composition.
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2.2.3. Addition of small object detection head

The size of UAV remote sensing imagery is usual-
ly large. Take the aerial image taken by P1 camera
in DJI as an example, the size of single image is
8192x5460(unit: pixel, the same below). In the above
image, the typical size of tobacco plant target is usu-
ally less than (32x32) pixels, and some slow-growing
plants are even smaller in size, far smaller than the
conventional tobacco plant target. Due to the small
size and dense distribution of targets, traditional de-
tection models show certain limitations in extract-
ing and utilizing the relevant features of high-res-
olution UAV remote sensing imagery. Therefore,
to solve this issue, this study adjusts and optimizes
the network structure of YOLOvVS8 by adding a small
object detection head with dimensions of 160x160
to the original structure’s head. This enhancement
strengthens the extraction and fusion capabilities of
high-resolution image features, thereby improving
the model’s accuracy and robustness in detecting
small tobacco plant targets.

2.2.4. Slice-Assisted Super Inference

Duetothefactthat UAV remote sensing imagery cov-
er multiple fields with a large number of small-sized
tobacco plant targets, directly inferring on the whole
image can leads to image size compression, small
targets are easy to be ignored, and the large size leads
to slow inference speed and excessive memory con-
sumption. In order to solve this issue, SAHI (Slice
Assisted Super Inference) is introduced to improve
the detection accuracy and inference efficiency of
the model. First, the original remote sensing image
is sliced into fixed sizes (such as 640x640), with a
reasonable overlap rate set during slicing according
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Figure 3
Schematic diagram of block overlap inference.

(a) block non-overlap (b) block overlap

to the size of the tobacco plants and their spacing to
avoid losing edge information due to the slicing line
passing through the target. The blocking strategy
is shown in Figure 3. Then, the improved YOLOvS

Figure 4
Network Structure Diagram of YOLOv8-CSD Model.
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model is used to perform independent reasoning on
each slice to generate local detection results. And
finally, Non-Maximum Suppression (NMS) is em-
ployed to merge targets in overlapping areas, com-
bining the inference results from multiple slices to
form the overall detection result.

2.3. YOLOvV8-CSD Model Design

In summary, this study improves the YOLOvV8 mod-
el from three aspects: feature extraction, bounding
box regression optimization and inference strategy,
constructing the YOLOv8-CSD model. Through in-
troducing CA attention mechanism, YOLOv8-CSD
model enhances the expression capability of spatial
and channel information; adopts SIoU loss function
to improve the positioning accuracy and conver-
gence speed of bounding box; adds a small target de-
tection head to enhance high-resolution feature ex-
traction capacity; and combines with SAHI strategy
to effectively alleviate the problems of small target
missed detection and inference resource consump-
tion. The network structure of the YOLOv8-CSD
model is shown in Figure 4. Here, the red solid line
box indicates the addition position of the small tar-
get detection layer, while positions 1, 2 and 3 are the
addition positions of the CA attention mechanism.
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YOLOvV8-CSD is an improved architecture based on
YOLOvVS, which combines Coordinate Attention (CA)
module and multi-scale feature fusion mechanism
to improve the detection accuracy of small tobacco
plant targets. The network consists of three main
modules: Backbone, Neck and Head. In the backbone
network, the multi-scale features of the image are ex-
tracted step by step through spatial pyramid pooling
(SPPF) and multi-layer convolution (Conv). Then,
the neck network utilizes the CA module to introduce
spatial attention mechanism to enhance the focus on
small tobacco plant targets, combined with upsam-
pling (Upsample) and feature concatenation (Concat)
to further enrich the feature map. In the head part,
multi-scale detection boxes (20x20, 40x40, 80x80,
160x160) are used to predict targets of different siz-
es, thus achieving precise detection of various scale
objects. Finally, through this multi-scale fusion and
attention mechanism design, YOLOv8-CSD shows
significant performance improvement in processing
small target detection tasks of tobacco plants.

Figure 5
Geographical location of the experimental region.
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3. Materials and Methods
3.1. YOLOvS8-CSD Model Design

The data set used in this experiment was collected from
the tobacco planting area in Sigian Township, Guangze
County, Nanping City, Fujian Province (with the central
geographic coordinates at 27°51'N and 117°30'E, and an
altitude of 332 meters). The climate in this area is mild,
making it highly suitable for tobacco cultivation. Ad-
ditionally, the area features flat and expansive terrain,
providing convenient conditions for large-scale data
collection using UAV. The geographical position of the
experimental site is shown in Figure 5.

3.2. Dataset Construction

An UAV (model: DJI-M350 RTK) equipped with a
high-resolution aerial camera (model: DJI Zenmuse
P1) was used to collect orthogonal images of the to-
bacco fields under favorable weather conditions,
low wind speed, no strong direct sunlight, and with-

Sigian Town, Guangze County,
Pijian Province, China
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out shadow shielding, The UAV autonomously flew
along predetermined flight paths at an altitude of 40
meters, with continuous image capture set at an in-
terval of 2 seconds. The collected images were then
preprocessed to obtain orthogonal images of the to-
bacco fields in the experimental area, with a spatial
resolution of 3.5 centimeters per pixel.

Since the spectral and texture features of the tobac-
co fields vary greatly during different growth stages.
To improve the accuracy of the tobacco plant recog-
nition model, experiments were conducted during
three key growth periods of the tobacco plants: the
root extension stage, the vigorous growth stage, and
the maturity stage. This was done to establish a rec-
ognition model for accurately counting the num-
ber of tobacco plants in complex field scenarios. In
this study, 200 RGB images (600 in total) of tobac-
co fields from the experimental area were collected
during the root extension stage, the vigorous growth
stage, and the maturity stage to form a sample data-
set. Part of the tobacco plant image samples collect-
ed at each growth stage are shown in Figure 6.

To accommodate hardware constraints and experi-
mental parameters, as well as to simplify the model
training process, this study first randomly cropped the
600 collected images and then removed some images

Figure 6
Part of tobacco plant image samples.

(a) root extension stage

2026/1/55

that did not contain any tobacco plant targets. finally,
datasets consisting of 10,000 640x640 RGB images of
tobacco plants at each growth stages were obtained.
Labellmg tools was used to label tobacco plants, with
the target label set as “tobacco”. After selecting the po-
sition of the maximum bounding box, the file was saved
in XML format, which contains the pixel coordinates
of target tobacco leaves and their corresponding la-
bels in the image. Then, the datasets collected in each
growth stage were divided into training sets, validation
sets, and test sets. Specially, the training set consisted
of 8,000 images (80%), while the validation set and the
test set each consisted 0f 1,000 images (10%). This pro-
cess ultimately resulted in the construction of three
datasets, each containing 10,000 tobacco plant images.

4. Experimental Analysis

4.1. Experimental Environment and
Parameter Configuration

The relevant experiments of this study were carried
out on Windows 10 operating system, the host com-
puter was equipped with an Intel (R) Core (TM) i7-
12700F CPU, 32GB of RAM, and an NVIDIA GeForce
RTX 4090 24GB graphics card; Python was used as

(b) vigorous growth stage

(¢) maturity stage
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the programming language, and PyTorch was used as
the deep learning framework; 640x640x3 was used
as the training image size. The model training con-
sisted of 200 epochs, with the batch size automati-
cally adjusted. All other configuration parameters
were set to their default values.

4.2. Evaluation Metrics

To measure the accuracy of the model, this study
adopted the following evaluation metrics: Precision
(P), Recall (R), Average Precision (4P) and Mean
Average Precision (mAP), which are calculated as
shown in Equations (5)-(8).

TP

P=—-. 5)
TP + FP

Precision, which represents the proportion of all

samples that were correctly predicted as positive

among all samples predicted as positive, where, TP

(True Positive): number of samples

TP

R=—- (6)
TP+ FN

Recall rate, which represents the proportion of all
samples that were correctly predicted as positive
among all actual positive samples. Where, TP (True
Positive): the number of samples correctly predicted
as positive; FN (False Negative): the number of sam-
ples incorrectly predicted as negative.

1

AP:jP

smooth
0

(r)dr_

Table 1
Ablation Experiment Results.

Add attention Replace loss

Add small object
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Average accuracy, which represents the weighted
average of the accuracy at different recall rates (cal-
culated by smoothing the accuracy curve), where,
P..... W): the smoothed precision rate value as a
function of the recall rate r.

K
Sran
K

mAP = ®

The average Accuracy of all categories, which re-
flects the overall performance of the model in
multi-category tasks. where K represents the total
number of categories in the model evaluation. 4P;
Indicates the average precision of the i-th class.

In additon, this work uses the prediction time (7)
to evaluate the efficiency of the proposed YOLOvVS-
CSD model.

4.3. Ablation Experiment

Based on the previous analysis, this study improved
the YOLOvVS8 algorithm to obtain the YOLOv8-CSD
algorithm. To verify the performance improvement
of the YOLOvV8-CSD algorithm, an ablation experi-
ment was set up. In the experiment, the dataset was
randomly selected from the sample image sets of
the root extension stage, the vigorous growth stage,
and the maturity stage, with 5000 images from each
stage (totaling 15,000 images). All models used the
same dataset and training parameters. The attention
mechanism module, replacement loss function and
small object detection head were added to YOLOvS8
in turn. Through comparison of multiple groups of
experiments, the final experiment results are shown
in Table 1, where V indicates that the module is used
and indicates that the module is not used. As shown

S mechanism function detection head E/% B mAR, /%
1 x x x 9540 94.62 96.23
2 V x x 9573 9544 97.30
3 x V x 9676 9671 97.32
4 x x 96.57 96.98 97.29
5 \ \ 97.96 97.93 99.32
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in Table 1, after CA attention mechanism is added to
the original YOLOvVS8 network structure, compared
with the original model, the accuracy rate, recall rate
and mAP,, are increased by 0.33%, 0.82% and 1.07%,
respectively; after the original CIoU loss function is
replaced by SIoU, the accuracy rate, recall rate and
mAP, ; are improved by 1.36%, 2.07% and 1.09%, re-
spectively; after a small object detection head is add-
edinthehead, the accuracy, recallrate and mAP,  are
respectively increased by 1.17%, 2.36% and 1.06%,
respectively; the accuracy, recall rate and mAP; of
the improved YOLOv8-CSD model for tobacco plant
recognition in this study are 97.96%, 97.93%, 99.32%.
Compared to the original YOLOv8 model, the ac-
curacy, recall rate, and mAP,, increased by 2.56%,
3.31%, and 3.09%, respectively.

4.4, Comparison Experiment of Recognition
Performance of Different Network Models

To verify the effectiveness and superiority of the
improved YOLOvS algorithm (YOLOv8-CSD) pro-
posed in tobacco plant recognition and counting, it
was compared with five other commonly used object
detection algorithms. The five algorithm models for
comparison include YOLOv5, YOLOv?7, YOLOv1l,
SSD (Single Shot MultiBox Detector) [8, 11, 18, 22]
and Faster R-CNN [1, 2, 5, 6,11,13,14, 19]. During the
comparative experiment, both YOLOv8-CSD and the
aforementioned 5 algorithms were trained using the
same dataset as in the ablation experiment Section
3.3, with optimally configured training parameters,
and the performance evaluation metrics mentioned
in Section 3.2 were used for evaluation. The specific
experiment results are shown in Table 2.

Table 2

Comparison results of detection performance of dif-
ferent models.

Model P/% | R/% | mAP,/% T/s
YOLOvV5 93.8 917 971 10043
YOLOvV7 94.1 93.0 975 70.34
YOLOv11 937 | 927 977 4811

SSD 875 | 756 82.1 80.92
Faster R-CNN 75.6 60.9 72.6 69.13
YOLOv8-CSD 97.6 97.9 99.3 61.54
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It can be seen from Table 2 that compared with
the earlier YOLOv5 and YOLOvV7 algorithms, the
YOLOvV8-CSD algorithm proposed in this study
has improved the accuracy, recall rate and mAP,
by 3.8%, 6.2% and 2.2%, and 3.5%, 4.9% and 1.8%,
respectively; even compared with the upgraded
YOLOvV11 algorithm of YOLOvS, YOLOv8-CSD also
performs better, with the accuracy, recall rate and
mAP,, higher by 3.9%, 5.2% and 1.6%, respectively.
The detection accuracy of YOLOvV?7 is second only
to that of YOLOvV8-CSD. Faster R-CNN performed
the worst in all metrics, followed by SSD, whose de-
tection accuracy was higher than Faster R-CNN but
lower than both YOLOv11 and YOLOvVS5. This is due
to the complex environment of the tobacco fields,
dense plant targets, and small target sizes. The above
comparison experiment results show that the accu-
racy of YOLOv8-CSD algorithm is superior to the
other 5 algorithms in complex back-ground, fully
demonstrating the high applicability of this model
for tobacco plants in complex tobacco field environ-
ments. In addition, according to Table 2, although
the YOLOvV8-CSD model has the highest prediction
accuracy, its time consumption is only higher than
YOlOv11, indicating good overall performance.

4.5. Comparison of Detection Effect in
Different Growth Stages Before and After
Model Improvement

Due to the asynchronous planting time of tobacco
leaves, there are differences in the growth forms
and plant densities of tobacco plants at different pe-
riods, making manual plant count time-consuming
and laborious. In order to test the effect of the im-
proved tobacco plant detection model in this study,
the UAV remote sensing imagery of tobacco plants
in three different growth stages, i. e. root extension
stage, vigorous growth stage and maturity stage,
were selected as the effect test data, and input into
YOLOvVS8 and YOLOv8-CSD for inference, respec-
tively. The inference results are shown in Figure 7.
It can be seen from Figure 7 when using the above
two models for inference, the detection effects in the
three different growth stages are ranked basically
the same, that is, the confidence in the root exten-
sion stage is the highest, followed by the vigorous
growth stage, and the maturity stage is the worst.
Confidence is a probability estimation of the mod-
el of whether a certain prediction box contains the
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Figure 7
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Recognition effects of YOLOv8 and YOLOvV8-CSD on tobacco plants in different growth stages.

YOLOv8

=

(a) root extension stage

tobacco plant target. The higher the value, the more
the model considers that the target does exist in the
predicted box; although there are differences in the
recognition confidence of YOLOv8-CSD for tobacco
plants in different growth stages, the recall rate is
keptatahighlevel. The high recall rate indicates that
the model can effectively reduce missed detection,
which means that the model has higher reliability in
counting the number of tobacco plants. Meanwhile,
the YOLOv8-CSD model proposed in this study ef-
fectively highlights important channel features by
introducing the CA (coordinate attention) mecha-
nism, enhancing the model’s ability to focus on the
key information. By adding a small object detection
head, the model becomes more sensitive to details,
allowing for more accurate capture of the character-
istics of the tobacco plant. The experimental results
provide a solid technical support for the subsequent
statistics of the number of tobacco plants.

4.6. Tobacco Plant Counting Effect in the
Field Scenario

The counting of tobacco plants can provide a ref-
erence for tobacco management departments to
timely and accurately grasp the situation of tobacco

(b) vigorous growth stage
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production, adjust the guiding planting plan of to-
bacco and evaluate the implementation of relevant
policies. An unmanned aerial vehicle (UAV) is used
for flight route planning in an experimental area, or-
thophoto images of a tobacco field are continuously
taken. Then, the above photos were stitched into a
single orthogonal image of the experimental area as
a whole. Finally, the YOLOv8-CSD model was used
for inference and counting. The effect of tobacco
plant recognition and counting in a large tobacco
field (vigorous growth stage of tobacco plants) in
the experimental area is shown in Figure 8. The area
of this large tobacco field plot is approximately 958
square meters., and the number of tobacco plants
counted by the YOLOv8-CSD model is 1219, and
compared with the manual counting result of 1226
plants, the missing detection rate of the tobacco
plants was 0.5%; in addition, using the same method
to count the number of tobacco plants in the above
mentioned large tobacco field in the root extension
stage and maturity stage, the missing detection rates
are about 0.4% and 1%, respectively. The results
show that the YOLOv8-CSD model proposed in this
study can meet the needs of counting the number of
tobacco plants in complex tobacco field scenarios.
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Figure 8
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Statistical effect of YOLOv8-CSD tobacco plant number in field scenario.

Estimated 1219 tobacc

5. Conclusion

This study addresses the limitations of existing deep
learning network model in accurately counting the
number of tobacco plants in complex scenarios by
proposing a tobacco plant recognition and counting
method based on YOLOv8-CSD. The YOLOv8-CSD
model improves the perception of tobacco plant char-
acteristics by embedding a CA attention mechanism;
replaces the original loss function to optimize the
penalty metrics vector angle; adds a small object de-
tection head tomore accurately capture tobacco plant
targets in high-resolution remote sensing imagery;
introduces a slice-assisted hyper-inference (SAHI)
strategy to solve the problems of wide image cover-
age, dense tobacco plants and small targets, thereby
improving detection accuracy and inference efficien-
cy. The results showed that the accuracy and recall
rate of YOLOvV8-CSD model were better than those
of Fast R-CNN, SSD, YOLOv5, YOLOv7, YOLOv11
and original YOLOvV8 models, and the efficiency of
YOLOv8-CSD model was only lower than YOIOv1l1,
indicating good overall performance. During the
three different growth stages of tobacco plants,

YOLOvV8-CSD effectively identifies tobacco plants
with high confidence and robustness, enabling ac-
curate counting. YOLOv8-CSD can effectively solve
various issues existing in traditional manual tobacco
plant counting method, improve the automation level
in the tobacco cultivation, and provide an important
reference for tobacco management departments to
accurately grasp the production situation, adjust the
planting plan and evaluate the implementation of
policies. Although the proposed YOLOv8-CSD mod-
el still exhibits minimal missed detections in prac-
tical tobacco plant counting, future work will focus
on further optimizing and lightweighting the model
to provide a more accurate and efficient solution for
tobacco plant counting. Especially, we plan to further
improve the YOLOvV8-CSD network structure or re-
place YOLOv8-CSD with higher version of YOLO
(such as YOLOV9 or YOLOv11), and introduce light-
weight network architecture, such as the General-
ized Efficient Layer Aggregation Network (GELAN)
based on gradient path planning, so as to reduce the
parameter count of the new YOLO model and im-
prove the recognition and quantity statistics accura-
cy of tobacco plants. In addition, the YOLOv8-CSD
model proposed in this work is specifically designed
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for tobacco plant quantity statistics, so its general-
ization ability for other crop categories still needs to
be further verified. In subsequent research, training
samples of other crop categories can be supplement-
ed and the network structure can be improved to con-
struct an improved YOLOvV8-CSD model to enhance
its generalization ability.
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