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Abstract: In response to the need for precision and intelligence in the assessment of transplanting
machine operation quality, this study addresses challenges such as low accuracy and efficiency
associated with manual observation and random field sampling for the evaluation of rice seedling
planting conditions. Therefore, in order to build a seedling insertion condition detection system,
this study proposes an approach based on the combination of image processing and deep learning.
The image processing stage is primarily applied to seedling absence detection, utilizing the centroid
detection method to obtain precise coordinates of missing seedlings with an accuracy of 93.7%. In the
target recognition stage, an improved YOLOv8 Nano network model is introduced, leveraging deep
learning algorithms to detect qualified and misplaced seedlings. This model incorporates ASPP
(atrous spatial pyramid pooling) to enhance the network’s multiscale feature extraction capabilities,
integrates SimAM (Simple, Parameter-free Attention Module) to improve the model’s ability to
extract detailed seedling features, and introduces AFPN (Asymptotic Feature Pyramid Network)
to facilitate direct interaction between non-adjacent hierarchical levels, thereby enhancing feature
fusion efficiency. Experimental results demonstrate that the enhanced YOLOv8n model achieves
precision (P), recall (R), and mean average precision (mAP) of 95.5%, 92.7%, and 95.2%, respectively.
Compared to the original YOLOv8n model, the enhanced model shows improvements of 3.6%, 0.9%,
and 1.7% in P, R, and mAP, respectively. This research provides data support for the efficiency and
quality of transplanting machine operations, contributing to the further development and application

of unmanned field management in subsequent rice seedling cultivation.
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1. Introduction

Rice, as the largest in terms of planting area, highest in yield per unit area, and most
abundant cereal crop in China, accounted for 34.58% of the total grain production in 2022,
holding a dominant position in both grain consumption and production [1]. However,
factors such as uneven field surfaces, insufficient sedimentation time in paddy fields, deep
water layers in the field, exposed and hardened soil, harsh operating environments, and
driver errors often lead to issues such as missed planting and floating seedlings during the
operation of rice transplanting machines [2]. Currently, the assessment of transplanting
machine operation quality heavily relies on manual judgment, resulting in low efficiency,
poor working conditions, and increased labor costs [3]. In order to enhance rice yield and
the efficiency of transplanting machine operations, it is crucial to identify the locations
of abnormal seedling states and alert manual intervention. Timely alarms should be
triggered in case of large-scale missed planting or floating seedlings, serving as reminders
for improper driver operation or the need for machine maintenance. This approach aims
to reduce the labor costs associated with subsequent reseeding efforts [4]. For the rapid
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and accurate assessment of transplanting machine operation quality, achieving precise
recognition of seedling morphology is of paramount importance.

Currently, scholars both domestically and internationally utilize image processing tech-
niques to perform image segmentation and classification of seedlings based on crop features,
including color and geometric morphological characteristics. Yuan Jiahong et al. [5], for
instance, leverage color information from G-R and G-B components of seedlings against the
water field background. They select the EXG factor suitable for most green crops and use
the Otsu automatic threshold method to achieve optimal thresholding, effectively separating
seedlings from the background. Chen Jie et al. [6] establish an HSV color model based on a
rice seedling dataset and train it for the recognition of rice seedlings. Hayashi [7] employs
both RGB cameras and TOF depth cameras to capture rice images. The author combines these
two types of images, fusing pixel information related to color, texture, and shape features.
A random forest model is constructed, utilizing multiple features for rice seedling recognition
and achieving a 5% increase in accuracy. While these methods successfully segment seedlings
from the water field background, the diverse morphologies of seedlings and the complex
and variable paddy environments pose challenges. Furthermore, the effectiveness of these
approaches is significantly influenced by the interaction between the target and background,
leading to poor generalization ability and robustness of the models.

In recent years, as the application of machine vision in agriculture has continued to
deepen, its technology has demonstrated the capability to handle complex patterns and
large-scale data in agricultural production. With adaptability and real-time performance,
methods for seedling object detection based on deep learning have become widespread [8].
Feng Huaiqu et al. [9], by improving deep learning algorithm models, proposed a Faster
RCNN with VGG19 [10] model using transfer learning. This model achieved recognition
and detection of corn seedlings under various conditions, including the full growth cycle,
multiple weather conditions, and various angles. The recognition accuracy and recall
rate were both above 95%. They also utilized the MobileNetV3-SSD with a pruning [11]
model for distinguishing between seedlings and weeds, showing good detection results.
Gao Zongyao et al. [12], focusing on detecting missing seedlings in rice seedlings, opti-
mized the hyperparameters of the YOLOv5 model using the cosine annealing algorithm.
By filtering out low-quality detection boxes based on the confidence and category of each
output candidate region, the model accurately located the detection image containing the
missing seedling position. The improved model achieved an mAP value of 93.6%, with a
recognition accuracy of 96% for missing seedlings. Zhu Wei et al. [13] utilized low-altitude
drone aerial photography, followed by training based on the GoogLeNet network model for
the real-time classification and detection of single-hole seedlings. This enabled the timely
judgment of floating seedlings, injured seedlings, and qualified seedling forms. Although
the above methods are capable of accurately identifying targets, the studied network model
has a large number of parameters, runs slowly, has low real-time performance, and fails
to achieve an effective balance between identification efficiency and accuracy in paddy
fields. Meanwhile, the target features in the image have small differences, high density, and
complex backgrounds. Especially, the recognition environment is very harsh.

In summary, this paper focuses on the tasks of recognizing the morphology of floating
seedlings, identifying qualified seedlings, and detecting missing seedlings. The proposed
approach utilizes the YOLOv8 network as the foundational model for recognizing floating
and qualified seedling targets. The original model is improved based on issues encountered
during the training and prediction processes. Given the complex and variable nature of
missing seedling situations, image processing techniques are more effective in accurately lo-
cating the positions of missing seedlings. Therefore, this paper integrates the algorithms for
seedling planting condition recognition and missing seedling detection, ensuring real-time
detection while enhancing the overall accuracy of the detection process. This integrated ap-
proach is more in line with practical scenario requirements, exhibits strong generalization,
and provides a basis for optimizing the operation quality strategy for driving transplanting
machines. The technology roadmap is shown in Figure 1.
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Figure 1. Technology roadmap for seedling planting condition.

2. Materials and Data
2.1. Seedling Image Acquisition

To ensure the diversity of seedling varieties and the variability of transplanting envi-
ronments, the study area includes paddy fields in Jiangsu and gravel fields in the northeast
region. The image collection took place in May 2023 in Dongming Town, Shuangliao City,
Jilin Province, and Wujiaohu Village, Fanhe Town, Tieling City, Liaoning Province. In June
2023, additional images were captured in Sunjialu Village and Liuchen Village, Xinnan
District, Changzhou City, Jiangsu Province, and Sunjialu Village, Liuchen Village, and
Taihuang Village, Taixing City, Taizhou City. The subjects of the collection were seedlings
of different varieties at each experimental site. The seedlings from the northeast region
were characterized by taller plant height, broader sword-shaped leaves, and darker leaf
color, while the seedlings from Jiangsu had shorter plant height, narrower strap-shaped
leaves, and lighter leaf color.

Data collection was performed using a Panasonic Lumix V385 digital camera, equipped
with optical stabilization, horizontal correction, and autofocus capabilities. This camera
could capture high-quality images under the vibration of transplanting machine operation
and outdoor natural light conditions. The pixel resolution of the data was 1920 x 1080.
The image collection involved both static and dynamic approaches. Static data collection
involved manually capturing images by holding the camera vertically about 1.5 m above
the paddy field. Dynamic data collection involved fixing the camera on the transplanting
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machine’s seedling tray frame and capturing images during the machine’s operation.
In total, 2732 seedling images were collected, including 10,992 qualified seedlings and
2547 floating seedling samples. Figure 2 illustrates the morphology of a single seedling,
encompassing images of qualified and floating seedlings under different backgrounds and
lighting conditions.

Qualified
seedings

Floating
seedlings

Normal light Strong light Exposed soil

Figure 2. Rice seedling samples in different scenarios.

2.2. Dataset Construction

Labellmg was used as the annotation tool for creating the seedling detection dataset.
To avoid missing any seedlings, each image was manually annotated to obtain the positional
information of seedlings in both qualified and floating states, completing the construction
of the seedling planting condition dataset. The dataset was divided randomly into training,
validation, and test sets in a ratio of 7:1:2. This division helps address overfitting and
underfitting issues. The dataset consists of 1913 training images, 273 validation images,
and 546 test images.

3. Approach
3.1. Missing Seedling Detection
3.1.1. Image Preprocessing

The paddy field environment is diverse and complex, making the detection of missing
seedlings susceptible to interference from floating straw, exposed soil, strong light reflection,
and machine vibrations. Therefore, image preprocessing is necessary to extract seedling
information from the background. Image preprocessing includes grayscale conversion,
threshold segmentation, and labeling connected regions [14]. Since the green component
of seedlings exhibits significant differences from other areas in the background, the ExG
(Excess green) feature value [15] is employed for grayscale conversion. This effectively
suppresses background information such as shadows, straw, and soil. The grayscale image
is illustrated in Figure 3.

The Otsu method [16] is utilized to obtain the binary image of seedlings. Due to the
influence of the actual shooting environment, the captured images often contain irrelevant
information such as the sky, human reflections, and water ripples formed by light [17].
These interferences can create significant noise, as illustrated in Figure 4a, where non-
agricultural information generates large isolated pixel blocks. To ensure that the detection
of missing seedlings is not affected by this noise, the connected region labeling method [18]
is employed to eliminate small connected regions that are not connected to the characteristic
region. This ensures complete separation between seedlings and the background, as shown
in Figure 4b. As rice seedlings are non-rigid body deformations, there may be gaps between
adjacent leaves after image preprocessing. This can result in one seedling having multiple
contours and centroids. To address this, a dilation operation [19] is performed to fill small
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gaps between adjacent regions. Although the individual seedling morphology expands, it
does not affect the centroid position of the seedlings, as shown in Figure 4c.

Figure 4. Separation of seedlings from the background. (a) Otsu thresholding; (b) connected
component labeling; (c) seedling dilation processing.

3.1.2. Seedling Centroid Extraction
The specific steps for extracting seedling centroids after image preprocessing are as follows:

(1) Contour Detection: Perform Canny edge detection [20] on the dilated seedling image.
This aims to retain as few edge points as possible while reducing the impact of noise
and false positives on the seedling boundaries. This step detects precise and stable
contours of seedlings, as shown in Figure 5a.

(2) Centroid Extraction: After detecting the seedling contours, calculate the minimum
bounding rectangle for each contour and determine the centroid coordinates of
the bounding rectangle. These centroid coordinates represent the centroids of the
seedlings, as illustrated in Figure 5b.

(@)

Figure 5. Extraction of seedling centroid. (a) Canny edge detection; (b) centroid retrieval.
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3.1.3. Missing Seedling Detection

The detection of missing seedlings is determined by calculating whether the centroid
distance of seedlings falls within the maximum plant spacing range of adjacent seedlings.
Taking 673 seedling images from Wujiaohu Village, Fanhe Town, Tieling City, Liaoning
Province, as an example, the average normal plant spacing in the image processing is
581.68 mm. When there is a floating seedling situation, the distance between adjacent
seedlings is greater than the average plant spacing, and the maximum adjacent plant
spacing is taken, which is 719.97 mm. Therefore, let d represent the maximum adjacent
plant spacing, and D represents the sum of the adjacent centroid distances and the distances
from the first and last seedlings to the boundaries. When D > d, it indicates a missing
seedling phenomenon [21]. The detection results are shown in Figure 6.

Figure 6. Detection of missing seedling centroids.

Simultaneously, during the operation of the transplanting machine, there may be
continuous missing and floating seedling situations, including the occurrence of missing
seedlings at the beginning and end of the collected images. Therefore, dividing D by the
maximum plant spacing d yields the result n, as shown in Formula (1). As illustrated in
Figure 7, the centroids’ connecting line is divided into n + 1 segments, and the breakpoints
are considered as the coordinates of the missing seedlings.

n=D|d (1)

Figure 7. Detection of missing seedlings in different scenarios. (a) Original image; (b) missing
seedling detection.
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3.2. Seedling Floating and Qualified State Recognition and Improvement
3.2.1. YOLOv8n Network Model

In the realm of one-stage object detection models, YOLOVS is known for its efficiency
and flexibility [22], excelling in both speed and accuracy. YOLOVS is the optimal model in
the YOLO series for detection speed and precision. Specifically, the YOLOv8n [23] network
model is compact, fast in inference speed, and provides a powerful choice for lightweight
detection within the YOLO series. It is well suited for scenarios with real-time requirements.
Therefore, this paper selects the YOLOv8n model as the foundational model for real-time
detection of seedling planting conditions. The improved YOLOv8n network structure is
divided into four parts, as shown in Figure 8: input, backbone, neck, and prediction.
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Figure 8. The network structure of improved YOLOv8n. Note: Conv represents the convolutional
layer, Concat denotes the fusion of multi-scale features, Bbox Loss refers to the predicted bounding
box loss, Cls loss is the loss of the target category. The CBS module is composed of a Conv convolu-
tional layer, BN layer, and SiLU activation function. Bottleneck represents the bottleneck residual
structure. C2f is a convolutional structure integrated with the CBS module and n Bottleneck modules.
ASPP stands for the atrous spatial pyramid pooling layer, and pooling indicates the pooling operation.

In the YOLOv8n model, the original seedling images are resized to 640 x 640, maintain-
ing the aspect ratio, with the remaining areas filled using background padding.
These resized images are then input into the backbone section. Within the main network,
feature extraction is performed through three effective feature layers. Subsequently, the
AFPN (Asymptotic Feature Pyramid Network) in the neck section is employed, utilizing
upsampling operations to segment and concatenate features, achieving feature fusion at
different stages [24]. In the prediction section, a decoupled head structure is utilized for
separate classification and regression tasks. This not only reduces the number of channels
but also enhances detection speed and accuracy. The output includes seedling detection
categories, bounding box coordinates, and predicted confidence scores.

3.2.2. Improvement of YOLOv8n Model

This study involves recognizing two states of single seedling targets: qualified and
floating states. To enhance the detection performance of the model, an improved YOLOv8n
algorithm is proposed based on the YOLOvVS8n algorithm. In this improvement, the SPPF
module in the original backbone network of the YOLOvS8n algorithm is replaced with the
ASPP module. Additionally, a SimAM attention mechanism is added during the feature
extraction process in the backbone network. The neck network introduces the AFPN structure
to optimize the pyramid structure, ensuring applicability to both qualified and floating
seedling detection states while improving the real-time detection accuracy of the model.
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3.2.3. Backbone Network Optimization

The backbone is the main feature extraction network of the YOLOv8n model. The in-
put image undergoes convolution and activation functions in the backbone network to
extract features, resulting in three feature layers. The YOLOv8n model continues to
use the YOLOv5 model’s SPPF (Spatial Pyramid Pooling Fast) to concatenate convo-
lution and pooling results, extracting information from different receptive fields [25].
However, the pooling operation in the SPPF structure may lose some local feature infor-
mation of seedlings, failing to fully represent the detailed root features of seedlings in the
floating state. This affects subsequent feature extraction operations in the neck network.
Therefore, this paper replaces the original SPPF structure with ASPP (atrous spatial pyra-
mid pooling) [26] in the YOLOv8n model. ASPP introduces multiple atrous convolutions
with different sampling rates to control the size of the convolutional kernel’s receptive field.
The pooling operation allows the network to adaptively determine the receptive field size
of the feature map, extracting higher-level feature information. This enhances the network’s
ability to recognize and detect the same target in different forms while maintaining the
model’s lightweight and efficiency. The ASPP structure is illustrated in Figure 9.

20x20x1024
A
r A
1x1 conv
1x1 conv 3x3 conv 3x3 conv 3x3 conv Upsampling
Rate=6 Rate=12 Rate=18
L J

Y
Concat
v

1X1 conv

A 4

Output

20x20x1024

Figure 9. Structure of ASPP (atrous spatial pyramid pooling).

The propagation process of the ASPP structure is as follows: The feature map of the
third layer with a size of 20 x 20 x 1024 is input into the ASPP module. The first branch
uses a 1 x 1 convolution to reduce the dimensionality of the feature map obtained in the
previous step while preserving the original receptive field. The second to fourth branches
employ dilated convolutions with a kernel size of 3 x 3 and dilation rates of 6, 12, and 18,
respectively. These branches stack corresponding dilated convolutional layers to extract features
at different scales. The fifth branch directly applies global average pooling to the input feature
map, followed by a 1 x 1 convolution for integration, normalization, and activation functions.
Subsequently, upsampling is used to obtain a feature layer of the same size as the branches.
Finally, the five branches are integrated and stacked to enhance the network’s ability to capture
multi-scale context, resulting in a feature map of size 20 x 20 x 1024.

3.2.4. Adding SimAM Attention Mechanism

The paddy field environment is complex and variable, with factors such as ex-
posed soil, deep water layers, water ripples, strong light reflections, and floating straw.
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Especially in windy conditions, rice seedling leaves may exhibit varying degrees of lodging
in the same direction, resembling the floating state. To avoid the omission or misjudgment
of the model, and at the same time to further capture the feature information of normal
seedlings and the key details of floating seedlings, in addition to improving the recognition
performance of targets with inconspicuous features. Therefore, this study chooses to apply
SimAM (Simple, Parameter-free Attention Module) [27] to the main feature extraction
network. It is added after the SPPF module in the backbone network.

The studied BAM and CBAM attention modules combine spatial attention and chan-
nel attention in parallel or serial combinations, which can only refine features in one
dimension [28]. But, the SimAM attention mechanism introduces a three-dimensional
modular architecture in space and channel without adding any extra parameters. It also
enhances the flexibility and effectiveness of the module in terms of its ability to improve
the representation of convolutional networks in space and channels. The computation of
attention weights is accelerated and a lightweight attention module is obtained, as shown
in Figure 10.

3-D weights

Generating Extending

weights

)
=
Fusing ' '=

v

Figure 10. Simple, parameter-free attention module.

This module draws inspiration from the phenomenon in visual neuroscience where
active neurons can inhibit the activity of surrounding neurons. It evaluates the importance
of each neuron based on priority, and its energy function is shown in Formula (2).

. 4(6%+ A
ey = A(z A) ()
(t—1)"+202+2A

In this context, u; = ﬁ Z?ﬁ;l xj, 07 = ﬁ Zg;l (x; — ut)Z, t represents the size
of the neuron, u; and (th are mean and variance calculated over all neurons except t in
that channel, and the importance of the neuron can be evaluated through 1/¢;. The lower
the energy, the greater the difference between the neuron and the surrounding neurons,
indicating a higher level of importance.

3 1
X = sigmoid (E) X 3)
In the equation, § represents the summation of ¢j across all channels and spatial
dimensions, © is the logical operator for XOR operation, and sigmoid is used to constrain

and suppress excessively large values in E without affecting the relative importance of each
neuron. Through this operation, an enhanced feature matrix X is obtained.
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3.2.5. Neck Network Optimization

The neck network of the YOLOv8n model consists of FPN (Feature Pyramid Network)
and PAN (Path Aggregation Network), forming a pyramid structure named PAFPN (Path
Aggregation Network with Feature Pyramid Network). However, this structure is relatively
simple, limited to the simple addition of feature information between adjacent levels, and
there still exists a semantic gap between non-adjacent levels. To address this issue, this study
introduces AFPN (Asymptotic Feature Pyramid Network) [29] to enhance the interaction
capability between non-adjacent levels. The two pyramid structures are illustrated in Figure 11.

(b)
Figure 11. Two types of neck network structures. (a) PANet; (b) AFPN.

According to the architecture diagram of AFPN, progressive feature pyramids undergo
multiple upsampling operations. Through multiple rounds of feature fusion, integrating
feature information across hierarchical levels effectively avoids the loss of channel features
while reducing semantic gaps between non-adjacent levels. In addition, the AFPN structure
utilizes the ASFF module (Adaptively Spatial Feature Fusion) [30] for adaptive spatial
fusion in multi-level feature integration. It allocates different spatial weights, emphasizing
key hierarchical information and reducing conflicting information in the fusion process
at each stage. Finally, the model achieves effective feature fusion from bottom to top,
enhancing the distinctive morphological and local detailed features of seedlings in two
states. Enriching semantic information improves the image resolution features, further
strengthening the robustness and generalization of seedling detection in different paddy
field environments.

4. Experiments
4.1. Experimental Setup

The hardware configuration for the network training in this experiment includes an
Intel Core i7-12700H processor, 16 GB of RAM with a clock frequency of 4800 MHz, and
an NVIDIA GeForce RTX 3060 graphics card. PyTorch is employed as the deep learning
framework, complemented by the General-purpose computing on Graphics Processing
Units (GPGPU) architecture CUDA 11.7 and the deep neural network GPU acceleration
library CuDNN 8.9.2. The convergence of the improvement algorithm is analyzed and
assessed through the convergence level of the loss curve. The model training is conducted
with 300 epochs, a batch size of 16, and an initial learning rate set to 0.01 by default.

4.2. Model Evaluation Metrics

For the evaluation of seedling detection results, this paper adopts precision, recall,
Xap (average precision), and X, 4p (mean of average precision) as indicators to evaluate the
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performance of the detection model. The model’s operational recognition speed is judged
using Frames Per Second (FPS). The calculation formulas are as follows:

Xtp
P=——"— x100% 4
Xtp + Xpp @)

Xtp
R= ———— x100% 5
Xtp + XpN ©)

1
XAP=/O P(R)dR (6)

c
. Xap(C

Xypup = EC=1Xar(C) CAP ©)  100% @)

In the equation, Xtp (True Positive) represents the number of samples correctly de-
tected as qualified seedlings and correctly recognized as floating seedlings, Xgp (False
Positive) represents the number of samples incorrectly detected as qualified seedlings and
incorrectly recognized as floating seedlings, XpN (False Negative) represents the number of
seedlings missed in the image, C denotes the number of data categories, and, in this study,
the detection targets include qualified seedlings and floating seedlings, hence C = 2.

5. Results and Analysis
5.1. Experimental Results

A total of 273 images from the test set were randomly selected for the detection
of floating seedlings, missing seedlings, and qualified seedlings. Simultaneously, the
improved YOLOv8n model was compared with the original model using experimental
data. Three scenarios were selected for seedling morphological detection: normal seedlings,
continuous missing seedlings, and floating seedlings with missing seedlings, and exposed
soil in paddy fields, as shown in Figure 12.

Single missing Continuous missing seedlings, both
seedling floating and missing seedlings Exposed soil

Original
images

YOLOv8n

Improved
YOLOvV8n |

Figure 12. Comparison of seedling quality and floating seedling detection before and after the
improvement of YOLOvS8n.
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As shown in Figure 11, due to the similarity in features between qualified seedlings and
floating seedling states, the original YOLOv8n model is prone to false positives and false
negatives when encountering complex scenes resembling exposed soil. Additionally, it may
produce confused bounding box predictions when detecting indistinct targets, with lower
confidence scores. In contrast, the improved YOLOv8n model demonstrates precise and rapid
identification of seedling targets during detection, with slightly enhanced confidence scores.
The utilization of the enhanced model along with the missing seedling detection algorithm
accurately assesses the planting status of seedlings, as depicted in Figure 13.
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Figure 13. Seedling floating and qualified state detection. (a) Single missing seedling; (b) continuous
missing seedlings, both floating and missing seedlings.

5.2. Ablation Experiment

In order to achieve precise and efficient detection of seedling planting status, this
study replaced the original YOLOv8n model with ASPP, added the SimAM attention
module, and introduced AFPN. Through ablation comparative experiments, the changes
and improvements of various parameters before and after the improvement can be more
intuitively analyzed. The experimental results are shown in Table 1.

Table 1. Comparison of ablation experiment performance.

Model Precision/% Recall/% mAP/% FPS Sl;::;iilB
YOLOv8n 91.9 91.8 93.5 120 6.3
@ 93.9 90.6 94.1 104 4.6
® 89.3 92.1 95.4 90 9.0
® 92.0 92.6 94.5 92 4.8
%‘i’ggﬁ 95.5 92.7 95.2 113 8.8

Note: Model (D refers to the introduction of AFPN; Model 2) introduces ASPP and AFPN; Model (3 incorporates
the SimAM attention mechanism and AFPN.

As shown in the table, the introduction of the AFPN pyramid structure effectively
improves the efficiency of network feature extraction, with an increase in accuracy by
2%. Meanwhile, there is a significant decrease in model weight size and computational
complexity, maintaining the lightweight principle of the model. When using the ASPP
module as the new model with the AFPN structure, there is a slight increase in recall rate
and mAP. If the SimAM attention module is directly added to the end of the backbone
network, there is an improvement in accuracy and recall rate, but the FPS decreases to
92. Ultimately, the improved YOLOv8n model simultaneously introduces three modules,
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Percentage/%

resulting in improvements in accuracy, recall rate, and mAP by 3.6%, 0.9%, and 1.7%,
respectively. However, compared to the original model, there is a slight decrease in
inference speed, an increase in weight size, and computational complexity. This indicates
that the introduction of each structure increases the complexity of the model but enhances
its information extraction capability and feature fusion properties.

The four optimization methods in the table above all show improvements in parameter
metrics compared to the original model. The accuracy, recall rate, and mAP curves of the
five models are depicted in Figure 14. Through ablation experiments, it is concluded that
optimizing both the backbone network and the neck network of the YOLOv8n model
simultaneously, while slightly decreasing detection speed, does not compromise the real-
time detection requirements for seedlings. Additionally, it enhances the model’s ability to
recognize the planting status of seedlings.
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Figure 14. Performance parameter variation curve based on different improved algorithms for
YOLOVS8n. (a) Precision; (b) recall; (c) mAP.

5.3. Comparison Experiment of Different Models

The improved YOLOv8n model is experimentally compared with other mainstream
two-stage detection models such as Faster-RCNN and single-stage detection models including
SSD, YOLOV5, YOLOv7, and YOLOvS8n. The experimental results are presented in Table 2.

Table 2. Comparison of experimental results of different network models.

Models mAP/% FPS Model Size/MB
Faster-RCNN 83.9 15 124.2
SSD 67.6 34 92.1
YOLOvV5 90.3 125 13.8
YOLOv7 91.6 103 74.8
YOLOVSn 91.9 120 6.3
Improved YOLOvS8n 95.2 113 8.8

From the table, it can be observed that Faster-RCNN has the lowest average precision,
slowest inference speed, and largest weight, making it unsuitable for seedling planting
status detection. The original YOLOv8n model exhibits the highest overall performance,
with an inference speed of 120, slightly lower than the YOLOv5 model, but still meets
the real-time detection requirements, demonstrating the feasibility of using this model for
seedling planting status detection.

The average precision of the improved YOLOv8 model surpasses other models, with
improvements of 11.3%, 27.6%, 4.9%, and 3.3%, respectively. Due to the increased complex-
ity of the improved model, the inference speed decreases from 120 to 113, and the weight
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size increases from 6.3 MB to 8.8 MB. However, the focus on improving the recognition ac-
curacy of qualified seedlings and floating seedlings detection in the improved model helps
avoid issues such as missed detections and false alarms. Moreover, the slight decrease in
frame rate and minor increase in weight do not affect the real-time detection requirements
or the practical application of the model in real-world environments.

6. Conclusions

(1) Addressing the impact of complex paddy field environments and other interfering
factors on seedling missing detection, as well as various scenarios such as isolated
missing seedlings, continuous missing seedlings, and floating seedlings with missing
seedlings, this paper proposes a centroid detection method. By calculating the distance
between adjacent seedlings and selecting appropriate thresholds, it can swiftly locate
and assess the missing seedling situation between adjacent seedlings, achieving an
overall accuracy of 93.7%.

(2) For the detection of seedling qualification and floating status, this paper improves upon
the YOLOv8n model. Extraction of multi-scale feature information of seedling status
using ASPP structure to replace SPPF structure. Additionally, a SimAM attention module
is added to the backbone network to enhance the extraction of crucial information. More-
over, the introduction of AFPN enhances feature fusion efficiency while maintaining
network lightweight, thereby further improving detection performance.

(3) Based on the actual conditions of paddy fields, this paper constructs datasets for
seedling qualification and floating status to train, validate, and test the model. Com-
pared with the original model, the improved YOLOv8n model in this study shows
enhancements in accuracy, recall rate, and average precision of seedling recognition
by 3.6%, 0.9%, and 1.7%, respectively. Despite the increase in model complexity, the
weight size has increased by 2.5 MB, and the FPS has decreased to 113. However, it still
meets the requirements for lightweight and real-time detection. The seedling planting
status recognition model consists of centroid detection and the YOLOvS8 network.
This model demonstrates good performance in seedling detection under actual field
conditions and can provide a reference for monitoring the quality of transplanting
operations and the development of unmanned rice field management in the future.

(4) The study in this paper shows that this assay has high accuracy and stability in de-
tecting the rice seedling planting status. Crops such as corn, wheat, and soybean, for
example, also require an insertion process, and the method could be considered for
application to these crops in the future. It can also be used for intelligent applica-
tions such as detecting the growth status and health of crops, farm monitoring, and
management.

Overall, different agricultural environments may have conditions such as light, soil
type, humidity, and temperature, which may affect the performance of the detection
algorithm. Therefore, applying the method to different agricultural environments and
evaluating its performance and stability are important directions for future research.
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