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Abstract: Lotus seedpod maturity detection and segmentation in pond environments play a signifi-
cant role in yield prediction and picking pose estimation for lotus seedpods. However, it is a great
challenge to accurately detect and segment lotus seedpods due to insignificant phenotypic differences
between the adjacent maturity, changing illumination, overlap, and occlusion of lotus seedpods. The
existing research pays attention to lotus seedpod detection while ignoring maturity detection and
segmentation problems. Therefore, a semantic segmentation dataset of lotus seedpods was created,
where a copy-and-paste data augmentation tool was employed to eliminate the class-imbalanced
problem and improve model generalization ability. Afterwards, an improved YOLOv8-seg model
was proposed to detect and segment the maturity of lotus seedpods. In the model, the convolutional
block attention module (CBAM) was embedded in the neck network to extract distinguished fea-
tures of different maturity stages with negligible computation cost. Wise-Intersection over Union
(WIoU) regression loss function was adopted to refine the regression inference bias and improve the
bounding box prediction accuracy. The experimental results showed that the proposed YOLOv8-seg
model provides an effective method for “ripe” and “overripe” lotus seedpod detection and instance
segmentation, where the mean average precision of segmentation mask (mAPmask) reaches 97.4% and
98.6%, respectively. In addition, the improved YOLOv8-seg exhibits high robustness and adaptability
to complex illumination in a challenging environment. Comparative experiments were conducted
using the proposed YOLOv8-seg and other state-of-the-art instance segmentation methods. The
results showed that the improved model is superior to the Mask R-CNN and YOLACT models, with
recall, precision, mAPbox and mAPmask being 96.5%, 94.3%, 97.8%, and 98%, respectively. The average
running time and weight size of the proposed model are 25.9 ms and 7.4 M, respectively. The pro-
posed model obtained the highest mAP for lotus seedpod maturity detection and segmentation while
maintaining an appropriate model size and speed. Furthermore, based on the obtained segmentation
model, 3D visualization of the lotus pond scene is performed, and cloud point of lotus seedpods is
generated, which provides a theoretical foundation for robot harvesting in the lotus pond.

Keywords: lotus seeds; maturity detection; segmentation; YOLOv8-seg; CBAM; WIoU

1. Introduction

Lotus seed is a popular fruit in Southeast Asia with high nutritional value. More than
80,000 mu lotus seeds have been planted in South China provinces, such as Hunan, Fujian,
Jiangxi, and Hubei. The lotus seeds are grown in the lotus seedpod [1,2]. The lotus seeds
in different maturity stages have different functionality, as shown in Figure 1. The ripe
lotus seeds can be made into lotus seed porridge and lotus seed cuisine. The overripe lotus
seeds can be used as a raw material for Chinese medicine and mooncakes. Both can bring
significant economic benefits to the grower.
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Figure 1. The functionality of ripe and overripe lotus seeds.

However, harvesting lotus seedpods is a laborious procedure, requiring substantial
human resources. Between 8 and 9 h of labor are required to harvest 150–200 kg of lotus
seedpods in South China. The grower needs to carry loads and walk in the lotus pond,
which is a safety hazard. Additionally, China’s farm labor supply has been shrinking while
farm labor demand is growing, and China’s farm labor cost is increasing. As a result,
intelligent harvesting equipment is an increasingly desirable alternative for labor-intensive
harvesting operations.

The accurate segmentation of lotus seedpods in different stages of maturity provides a
prerequisite for developing automated harvesting equipment. However, environmental
factors and growth traits create challenges in segmentation tasks, such as illumination
fluctuation, occlusion of leaves and flowers, overlapping of fruits, similar background
color, and the gradual change of color, texture and posture during the mature process.
Fruit segmentation and detection have been studied in much literature. Traditional image
segmentation techniques are generally based on image preprocessing, feature extraction,
and classification. For example, Tang [3] used the color and shape characteristics of the
lotus seedpods with the combination of the K-Means clustering method to segment lotus
seedpods in a complex environment. Following this idea, different machine learning
classifiers were used to identify the maturity of fruits based on the color and texture
features of fruits [4–7]. However, images may show the variability of lighting conditions,
overlap, and occlusions produced by leaves and stems that lead to the destruction of feature
structure and low recognition accuracy.

To address these challenges, deep learning algorithms applying convolutional neural
networks develop a series of efficient, high-accuracy, and robust models to implement clas-
sification, object detection, and instance segmentation tasks in the agricultural field [8–13].
Mask region-based convolution neural network (Mask R-CNN) combines instance segmen-
tation into the detection network, by predicting pixel-wise masks for objects in bounding
boxes [14]. Isaac et al. [15]. have trained the instance segmentation model based on Mask
R-CNN for unripe and ripe strawberries in images of greenhouse crops. Many improved
models based on Mask R-CNN were proposed to segment different fruits (cherry tomato,
apple, mango, and strawberry) [16–18]. In [13], a transformer attention mechanism was
fused into the backbone of Mask R-CNN to enhance feature extraction ability. This study
achieved a high mAP of 0.917 for apple segmentation. However, Mask R-CNN is composed
of region proposal networks (RPN) and classification networks, which consume more
computational resources and time.

The you only look once (YOLO) method regards target classification and localization
as a regression problem. It has a faster detection speed without adopting RPN. Following
the network architecture of YOLO, Kang and Chen [19] proposed the DaSNet-v2 model to
perform detection and instance segmentation tasks for apple, where its precision value is
superior to DaSNet-v1 [20]. In [12], another one-stage detector-YOLACT network [21] was
used for apple pose estimation, where its inference time (94 ms) is much faster than Mask
R-CNN (157 ms). The newly released model YOLOv8 was regarded as a powerful tool to
generate a lightweight, high-accuracy, and fast instance segmentation model, outperform-
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ing other YOLO models [22]. Since the ripe period of lotus seedpods is relatively short, a
high-efficiency visual perception model is required to improve harvesting efficiency. The
YOLOv8 model with improved strategies has the potential to develop an effective lotus
seedpod segmentation model.

On the other hand, sufficient data is the key to training a high-accuracy model. In [8],
the “copy-and-pasted” (C&P) method was adopted to generate synthetic images in order
to increase the size of the dataset. Furthermore, different image processing techniques
were employed to improve the performance of the segmentation model in the orchard [23]
and natural scene [17]. To summarize, the combination of the C&P method and image
processing methods can be an effective tool for segmentation dataset augmentation.

In this work, a visual perception framework of lotus seedpods is proposed in Figure 2,
consisting of the data acquisition stage, model training and testing stage, and experiment
stage. At the data acquisition stage, the collected images are annotated and augmented by
means of copy-and-paste techniques and traditional data augmentation methods to address
class-imbalanced problems and enhance the generalization ability of the segmentation
model. A segmentation dataset is then constructed for model training and testing. After-
wards, a lotus seedpod instance segmentation model is trained based on the dataset and an
improved YOLOv8-seg model, where the YOLOv8-seg model is improved by integrating
the attention module and optimizing the loss function. Then, output masks of ripe and
overripe lotus seedpods are obtained in 2D RGB images. At the experiment stage, a 3D
point cloud image of the lotus pond scene is obtained based on RGB-D images. After point
cloud image background segmentation, 2D lotus seedpod mask information is projected
onto a 3D point cloud image. Three-dimensional point cloud information on ripe and
overripe lotus seedpods is generated for the harvesting robot. To summarize, the main
contributions of this study are as follows:

1. A class-balanced and high-quality lotus seedpod semantic segmentation dataset is
constructed with a combination of copy-and-paste and traditional data augmenta-
tion methods.

2. A lightweight and high-accuracy YOLOv8-seg network incorporating a channel block
attention model (CBAM) and WIoU loss function is designed to recognize ripe and
overripe lotus seedpods. Ablation and comparative experiments were conducted to
prove the performance of the proposed model.

3. 3D visualization of the lotus pond scene in the laboratory is performed, and cloud
point information on lotus seedpods is produced through the segmentation network,
which will be used to reconstruct a 3D map of a working environment and compute a
proper grasping pose.
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The rest of the paper is structured as follows: Section 2 presents data acquisition
and the methodology, including a description of the improved YOLOv8-seg network
used for lotus seedpod instance segmentation. Section 3 evaluates the performance of the
segmentation, while Section 4 discusses the results. Section 5 includes conclusions and
future work.

2. Materials and Methods
2.1. Data Collection

Lotus seedpod images were collected from two lotus ponds in Huashi County, Hunan
Province, China. A camera, mobile phone, and drone were used to take images of ripe and
overripe lotus seedpods from different angles, with a distance of 0.6–1 m. Images were
collected from the morning until the afternoon in different weather conditions, such as full
sun, partly cloudy, rainy, and overcast. Figure 3a,b gives examples of acquired images. A
total of 887 original images were selected to compose a representative dataset for lotus
seedpod instance segmentation tasks.

Agronomy 2024, 14, x FOR PEER REVIEW  4  of  16 
 

 

 

Figure 2. A perception and localization framework of lotus seedpod in different maturities. 

The rest of the paper is structured as follows: Section 2 presents data acquisition and 

the methodology, including a description of the improved YOLOv8-seg network used for 

lotus seedpod instance segmentation. Section 3 evaluates the performance of the segmen-

tation, while Section 4 discusses  the  results. Section 5  includes conclusions and  future 

work. 

2. Materials and Methods 

2.1. Data Collection 

Lotus seedpod images were collected from two lotus ponds in Huashi County, Hu-

nan Province, China. A camera, mobile phone, and drone were used to take images of ripe 

and overripe  lotus seedpods  from different angles, with a distance of 0.6–1 m.  Images 

were collected from the morning until the afternoon in different weather conditions, such 

as full sun, partly cloudy, rainy, and overcast. Figure 3a,b gives examples of acquired im-

ages. A total of 887 original images were selected to compose a representative dataset for 

lotus seedpod instance segmentation tasks. 

     

(a) Example 1  (b) Example 2  (c) Data annotations 

Figure 3. Data examples and annotations. 

Regarding the acquired images, the contours of the ripe and overripe lotus seedpods 

were annotated using LabelMe 5.4.1, as shown in Figure 3c. Two classes of objects were 

annotated: Ripe and overripe lotus seedpods. As shown in Figure 3, lotus seeds and lotus 

seedpods in the ripe stage are green, and the posture of lotus seedpods is drooping. How-

ever, at the overripe stage, lotus seeds are black and lotus seedpods are brown. The pos-

ture of  lotus seedpods  is upright or drooping. Note  that  lotus seedpods with  irregular 

shapes were not annotated. 

Figure 3. Data examples and annotations.

Regarding the acquired images, the contours of the ripe and overripe lotus seedpods
were annotated using LabelMe 5.4.1, as shown in Figure 3c. Two classes of objects were
annotated: Ripe and overripe lotus seedpods. As shown in Figure 3, lotus seeds and
lotus seedpods in the ripe stage are green, and the posture of lotus seedpods is drooping.
However, at the overripe stage, lotus seeds are black and lotus seedpods are brown. The
posture of lotus seedpods is upright or drooping. Note that lotus seedpods with irregular
shapes were not annotated.

Since the ripe stage of lotus seed is relatively short (4–5 days) compared to the overripe
stage (over 7 days), the label size of the two classes is unbalanced. Copy-and-paste is an
effective data augmentation strategy to increase the size of the ripe class [24]. Specifically,
the ripe instances are randomly selected from one image and pasted into another image,
while applying random scale jittering and random horizontal flipping. Figure 4 gives
examples of the copy-and-paste strategy.
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technique applying random scale jittering and horizontal flipping. (b2) Result of copy-and-paste
technique applying random scale jittering. The red circle indicates pasted masks.

Traditional data augmentation methods are considered to enrich dataset diversity,
improve the model’s generalization capability, and simulate the real condition of the lotus
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pond, such as weather factors, noise caused by hardware aging, and vibration generated
during equipment movement [2]. These challenges will be addressed by applying the
different image processing techniques shown in Figure 5. Motion blur, rainy effect, flipping,
multilevel brightness and Gaussian noise are considered to mitigate the effects of the
aforementioned factors. By employing traditional augmentation methods and copy-and-
paste augmentation methods, the original 887 images are expanded to 2350 to create the
dataset, as shown in Table 1. The established dataset is randomly divided into the training
set, validation set, and testing set with a ratio of 70%, 20%, and 10%, respectively.
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Figure 5. The examples illustrate traditional data augmentation methods.

Table 1. The composition of the lotus seedpods dataset.

Multilevel Brightness Vertical Flip Horizontal Flop Rainy Gaussian Noise Motion Blur C&P Original Total

Num 227 110 120 240 240 230 296 887 2350

2.2. Proposed Methodology
2.2.1. YOLOv8-Seg Network

YOLOv8 follows the network architecture of YOLOv5. YOLOv8-seg is a segmentation
branch of the YOLOv8 model, as shown in Figure 6 [22]. Its main components include an
input module, backbone network, neck network, and prediction module. The input module
implements mosaic data augmentation and adaptive image scaling. The backbone network
is composed of Conv, C2f, and SPFF modules to generate feature maps of 1/8, 1/16, and
1/32 sizes of the input images. These feature maps are the output of C3, C4, and C5. The C2f
block has the advantage of strong feature extraction capability. In Figure 6 (blue box), the
C2f block utilizes across-layer connections to enhance gradient flow information, and split
operations are introduced to increase gradient information and reduce the computation
cost. The neck network adopts a PANet structure to fuse the multiscale features extracted
from the backbone network.
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In the prediction part, following the idea of the YOLACT network [21], the prediction
head block consists of the detection branch and the segmentation branch, which perform
detection and segmentation tasks, respectively. The detection branch generates classes,
bounding boxes, and mask coefficients. The segmentation branch generates prototype
masks. After the non-maximum suppression (NMS) block, the predicted mask coefficients
and prototype masks of each instance are assembled by matrix multiplication. The crop
and threshold operations are used to construct the final instance.

2.2.2. Model Improvement

In order to improve lotus seedpod detection and segmentation accuracy and compu-
tation speed, an improved YOLOv8-seg model integrates three CBAM modules into the
neck network to effectively boost the representation power of the deep learning network,
as shown in Figure 7.
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As shown in Figure 8, CBAM consists of a channel attention module and a spatial
attention module. The spatial dimension of the input feature map (F) is aggregated by using
average-pooling and max-pooling operations simultaneously, where the average-pooling
feature Fc

avg and max-pooling feature Fc
max are generated. Both features are forwarded to a

multi-layer perceptron (MLP) network to obtain channel attention map Mc. Afterward, the
output feature vectors are merged through element-wise summation. Overall, the channel
attention is calculated as:

Mc(F) = σ(MLP(AvgPool(F)) + MLP(MaxPool(F))) (1)

where σ denotes the sigmoid function.
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The channel information of the input feature map (F′) is aggregated along the channel
axis by using average pooling and max-pooling operations, where average-pooling feature
Fs

avg and max-pooling feature Fs
max are generated. Fs

avg and Fs
max are concatenated and

convolved by a convolution layer to generate a spatial attention map Ms. Mathematically,
the spatial attention is calculated as:

Ms
(

F′) = σ
(

f 7×7([AvgPool
(

F′); MaxPool
(

F′)])) = σ
(

f 7×7
([

Fs
avg; Fs

max

]))
(2)

where f 7×7 denotes a convolution operation with the filter size of 7 × 7. Overall, given an
input feature map F, the attention process can be summarized as:

F′ = Mc(F)⊗ F (3)

F′′ = Ms
(

F′)⊗ F′ (4)

where
⊗

denotes element-wise multiplication. F′′ is the final output feature. During the
multiplication process, the channel attention information is broadcasted along the spatial
dimension, while the spatial attention values are copied along the channel axis.

In the original YOLOv8-seg network, the CIoU loss function is used to locate the
bounding box. However, if the ratio of height and width of the target and prediction boxes
varies linearly, then the penalty term will not work and the anchor box will not be optimized.
The WIoU loss function has a dynamic non-monotonic focusing mechanism to develop a
wise gradient gain allocation strategy [25]. Due to the existence of low-quality images in the
training data, geometric factors such as distance and aspect ratio will aggravate the penalty
for low-quality examples and degrade the generalization performance of the model. Given
that the anchor box coincides well with the target box, the penalty of geometric factors
should be weakened by the loss function, and less intervention in training will make the
model have better generalization ability. Following this idea, WIoU v1 with two attention
mechanisms is defined as follows:

LWIoUv1 = RWIoULIoU (5)

The first attention mechanism is RWIoU , which is the penalty term to amplify LIoU of
the ordinary-quality anchor box. The second attention mechanism is LIoU , which reduces
RWIoU of the high-quality anchor box and focus on the distance between central points
when the anchor box coincides well with the target box. The definitions of LIoU and RWIoU
are given as follows:

LIoU = 1 − IoU =

∣∣B ∩ Bgt
∣∣∣∣B ∪ Bgt
∣∣ (6)

RWIoU = exp

(
x − xgt

)2
+

(
y − ygt

)2(
Wg

2 + Hg
2
)∗

 (7)

where the properties of anchor box and target box are described as B = [x, y, w, h],
Bgt =

[
xgt, ygt, wgt, hgt

]
, respectively. Wg and Hg are the size of the smallest enclosing

box, as shown in Figure 9.
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In order to increase the contribution of hard examples to the loss value and improve
classification performance, WIoU v3 with a dynamic non-monotonic focusing mechanism
is proposed based on WIoU v1. The outlier degree of anchor box β is characterized by the
ratio of LIoU to (LIoU) to evaluate the quality of the anchor box:

β =
LIoU

LIoU
(8)

where LIoU represents the exponential running average with momentum. A lower β
presents the higher quality of the anchor box, where a small gradient gain is assigned to
focus on ordinary-quality anchor boxes. Furthermore, a small outlier degree will effectively
prevent large harmful gradients from low-quality examples. A non-monotonic focusing
coefficient using β is applied to construct WIoU v3:

LWIoUv3 = rLWIoUv1 r =
β

δαβ−δ
(9)

where α and δ are hyperparameters. Due to LIoU being dynamic, the quality demarcation
standard of anchor boxes is dynamic, which enables WIoU v3 to make the gradient gain
allocation strategy that is most appropriate to the current situation at any moment.

2.2.3. Evaluation Metrics

To evaluate the accuracy of the lotus seedpod instance segmentation model, precision
(P), recall (R), mean average precision (mAP) are utilized as performance metrics in this
work [26,27]. In the case of detection and segmentation, the sets can be used to evaluate
bounding boxes and masks. P measures the fraction of true positive objects in prediction,
while R measures the fraction of true positive objects that are successfully detected. mAP
represents the mean average precision of bounding box or pixels segmentation of all
categories, which can be denoted as mAPbox and mAPmask, respectively. The expression of
the P, R, AP, and mAP are listed as follows:

P =
TP

TP + FP
× 100% (10)

R =
TP

TP + FN
× 100% (11)

AP =
∫

P(R)dR × 100% (12)

mAP =
1
C

C

∑
i=1

AP(i)× 100% (13)

where TP (true positive) denotes the number of correctly predicted lotus seedpod categories;
FP (false positive) denotes the number that was incorrectly predicted as lotus seedpod
categories or background; FN (false negative) represents the number of lotus seedpod
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category that were not detected or misdetected as negative samples. AP measures the
average precision of bounding box or pixel segmentation. C is the number of categories. In
addition, this work also considers the model size and detection time to comprehensively
evaluate its performances.

2.2.4. Model Parameters and Software

The training and testing for the network were conducted on a workstation with an
Intel Core i7-11700K @3.6GHZ, NVIDIA GeForce RTX 3070 8G GPU, Windows 10 64-bit
system. Software tools, including CUDA 11.1, cuDNN 8.2.0, and Python 3.8, were utilized.
All experiments are conducted in the same environment.

The training model was initialized with pre-trained weights based on the COCO
dataset. An initial learning rate of 0.01 was used. The momentum and weight decay were
0.937 and 0.0005, respectively. The training batch size was 24, and the maximum number of
epochs was 150. The resolution of the input images was set to 640 × 640 pixels. Stochastic
gradient descent (SGD) was selected as an optimizer.

3. Results
3.1. Performance of Data Augmentation Technique

To clarify the impact of data augmentation techniques on model detection and seg-
mentation performance, the YOLOv8n-seg model was employed to evaluate experimental
results based on different datasets. As shown in Table 2, the dataset optimized by the
copy-and-paste (C&P) technique and traditional augmentation (TA) methods outperforms
the original dataset and the dataset only optimized by C&P. Compared with the original
dataset, mAPbox and mAPmask for dataset optimized by C&P and TA both increased by
7.7%. Note that C&P effectively addresses the class-imbalanced problem, where the AP of
the bounding box for the ripe class increases from 83% to 91.2%. However, the AP of the
overripe class decreases by 2.6% after using C&P. It can be inferred that the expansion of
the dataset makes the label class more balanced, which presents challenges for classification
tasks and deteriorates the model performance. However, this problem can be solved by
using the traditional augmentation method to generate a bigger dataset, where the box AP
of the overripe class increased by 5.6%.

Table 2. Comparison of performance on instance segmentation of lotus seedpods among different
data augmentation technique.

Type
Box Mask

mAPbox (%) mAPmask (%)
P (%) R (%) AP (%) P (%) R (%) AP (%)

None
ripe 78.5 81.8 83 78.5 81.8 83

89.7 89.7
overripe 88.7 95.2 95.2 88.7 95.2 96.4

+C&P
ripe 87.2 85.5 91.2 87.2 85.5 91

91.9 91.6
overripe 92.3 85.6 92.6 92.3 85.6 92.3

+C&P + TA
ripe 94.9 92 96.6 94.9 92 96.6

97.4 97.4
overripe 97.3 95.1 98.2 97.3 95.1 98.1

3.2. Ablation Experiment and Robustness Test

To clarify the impact of network improvement on the detection and segmentation
performance of the model, this paper applied the YOLOv8n-seg network as the baseline
model, and the improved components were added in turn through ablation experiments to
verify the necessity of the corresponding improvement.

As shown in Table 3, adding the CBAM module to the neck network helps to extract
abundant sematic features in the deep network, resulting in a 0.3% increase in mAPbox
value and a 0.2% increase in mAPmask value. Based on this, the WIoU loss function was
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introduced to improve the mAPbox and mAPmask values by 0.3%, respectively. Additionally,
P and R were increased by 0.4% and 0.6%, respectively. Overall, the improved YOLOv8-
seg model (YOLOv8n-seg + CBAM + WIoU) showed significant improved detection and
segmentation performance compared to the baseline model.

Table 3. Comparison results of ablation experiment performance.

Models P (%) R (%) mAPbox (%) mAPmask (%) Time Size

YOLOv8n-seg 96.1 93.5 97.4 97.4 26.9 ms 6.8 MB

+CBAM 96.1 93.7 97.7 97.6 25 ms 7.4 MB

+CBAM + WIoU 96.5 94.3 98 97.9 25.9 ms 7.4 MB

In order to verify the robustness of the proposed model, the instance segmentation
performance of lotus seedpods is tested in a complex nature environment, as described in
Figure 10. As shown in Figure 10a, the proposed model can segment overlapping targets
with high accuracy. Figure 10b–d shows that the proposed model has strong robustness
to segment ripe and overripe lotus seedpods under different illumination conditions
(backlight, overexposure, and shadow light). In Figure 10d, far and small lotus seedpods
can be classified correctly and segmented accurately by the proposed model without
missed or false detection. Moreover, the harvesting efficiency can be greatly improved by
recognizing far or small targets in the field of view.
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Figure 10. Lotus seedpods segmentation results under different conditions.

3.3. Comparison to State-of-the-Art Methods

A series of experiments were conducted to compare the performance of improved
YOLOv8-seg, YOLOv8n-seg, YOLOv5, Mask R-CNN, and YOLACT. YOLACT and Mask
R-CNN are both widely used segmentation detectors. The performance metrics are shown
in Table 4 and Figure 11. From Table 4, it is shown that the proposed model is superior
to YOLACT, Mask R-CNN with backbone ResNet 50, and Mask R-CNN with backbone
ResNet 101 in accuracy, speed and size, with mAPbox being 98%, mAPmask being 97.9%,
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detection time being 25.9 ms, and model size being 7.4 MB. In terms of mAP value, the
proposed model has a higher mAP value and faster detection speed compared with the
YOLOv8n-seg and YOLOv5 models in [2], with an appropriate model size.

Table 4. Comparison of performance on instance segmentation of lotus seedpods among differ-
ent models.

Models mAPbox mAPmask Time Size

Proposed method 98% 97.9% 25.9 ms 7.4 MB
YOLOv8n-seg 97.4% 97.4% 26.9 ms 6.8 MB
YOLOv5 [2] 95.8% 95.7% 97.9 ms 14.8 MB

YOLACT 93.4% 93.3% 204 ms 189 MB
Mask R-CNN (ResNet 50) 95.7% 95.7% 289 ms 348 MB

Mask R-CNN (ResNet 101) 95.4% 95.4% 296 ms 496 MB
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Figure 11a shows an image of a lotus pond scene in which lotus seedpods have
different view angles (front, side, and back view), maturities (ripe and overripe), and
different degrees of occlusion. Our model achieved accurate segmentation of ripe and
overripe lotus seedpods, back or side-view lotus seedpods, and occluded lotus seedpods
without false or missed detections, as shown in Figure 11b, whereas the Mask R-CNN
with backbone ResNet 101 model has the same performance, as shown in Figure 11e.
However, the model size of Mask R-CNN (ResNet 101) is much bigger than the proposed
model, as described in Table 4. The YOLOv8n-seg and YOLACT models both have a
false segmentation target, as indicated in Figure 11c,f, with a yellow dotted circle. Mask
R-CNN (ResNet 50) has a redundant detection target, as shown in Figure 11d with a yellow
dotted circle.
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3.4. 3D Visualization of Lotus Pond Scene in Laboratory

A vision-perception platform of lotus seedpods was established in the laboratory, as
shown in Figure 12. On the platform, a depth camera (Intel Realsense D435) collected
an RGB-D image of the artificial lotus pond scene and sent it to the mobile controller
(Raspberry Pi 4B). The RGB and depth images are displayed in the monitor. The collected
RGB-D images are processed using the proposed segmentation model and visualized in
MATLAB. As shown in Figure 13, a 3D point cloud is generated by RGB-D images. The
2D-segmented mask information in the RGB image is projected into the 3D point cloud
image. In the end, a 3D point cloud image with semantic information can clearly describe
the working environment of the harvesting robot in a lotus pond. The obtained information
is the basis for constructing a 3D map of working spaces and computing the pose of each
lotus seedpod in order to improve the success rate and reduce the rate of fruit damage
in the harvesting process. These works will be involved in future work that develops an
intelligent robotic system for lotus seedpod harvesting.
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4. Discussion

In the agricultural field, many studies have been carried out on the design of al-
gorithms for the segmentation of different fruits in images. As for lotus seedpods, our
previous work dealt with the detection of overripe lotus seedpods in images in order to
implement this in an automatic harvesting machine [2]. However, because lotus seedpods
are an upwardly growing conical fruit with different poses, the harvesting system needs
segmentation with a high level of detail to determine the grasping pose of the end effector.

In practice, the growth stage of lotus seedpods in a lotus pond is inconsistent. The ripe
stage of lotus seedpods is only 5–7 days, which makes it difficult to collect sufficient data.
On the other hand, the lotus seedpods at the unripe and ripe stages have similar features,
such as: The color of lotus seeds is green. The ripe lotus seedpods are easy to be misdetected.
Therefore, accurately detecting and segmenting ripe lotus seedpods is a great challenge. We
addressed this problem by using the data generation method. By segmenting and copying
the ripe lotus seedpod from the original image and pasting it to randomly selected images,
we were able to generate a large number of synthetic images from the original images and
overcome the class-imbalanced problem. The synthetic images and original images were
further augmented using horizontal flip, vertical flip, multiply brightness, gaussian noise,
rainy effect, and motion blur methods to create a large training dataset for deep learning.
Table 2 shows that the C&P method effectively improves the average precision of ripe lotus
seedpods, while traditional data augmentation methods increase the average precision of
both classes.

In this paper, we presented an improved YOLOv8-seg model to perform instance
segmentation of lotus seedpods. An improved YOLOv8-seg model has been created by
introducing a lightweight CBAM module and WIoU loss function. The CBAM module
adaptively refines features in the YOLOv8-seg network, which allows the model to focus
on the critical context information of lotus seedpods and enhances its capacity to extract
distinguished features with negligible computation overheads. The WIoU loss function
provides a gradient gain allocation strategy to dynamically balance the effects of high-
quality and low-quality anchor boxes and improve the detector’s overall performance. The
improved model has higher mAP values, faster computational speed, a lighter model size,
and higher segmentation quality than the Mask R-CNN and YOLACT models, as demon-
strated in Figure 11 and Table 4. The prediction for ripe and overripe classes was over 95%
accurate, indicating that instance segmentation networks can be a reliable tool for making
autonomous harvesting decisions. In addition, the proposed model has demonstrated its
segmentation performance in a 3D point cloud image based on a visual perception platform
for a lotus pond scene in the laboratory. The proposed model successfully detects and
segments “ripe” and “overripe” lotus seedpods, whereas only overripe lotus seedpods
were detected in reference [2]. Furthermore, references [28,29] realized the detection and
segmentation of lotus seedpods with high mAP values, respectively. However, they did
not distinguish the maturity stage of lotus seedpods.

5. Conclusions

In this study, the YOLOv8-seg model was improved by incorporating the CBAM
module and WIoU loss function in order to implement instance segmentation tasks for ripe
and overripe lotus seedpods in an unstructured environment. Experiment results show
that the proposed YOLOv8-seg model is superior to state-of-the-art models, such as Mask
R-CNN and YOLACT, in speed, accuracy, and model size. The recall, precision, mAPbox,
and mAPmask of the proposed model were 96.5%, 94.3%, 98%, and 97.9%, respectively. The
weight size and the average running time to process an image were 7.4 M and 25.9 ms,
respectively. The proposed model has good robustness and effectiveness for the visual
perception of the lotus pond. In addition, a visual sensing platform of a lotus pond was
established in the laboratory, where a 3D cloud point map with semantic information was
obtained to describe the working environment of the harvesting robot.
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Future work will focus on applying the segmentation model to develop a lotus seedpod
pose reconstruction algorithm. The corresponding control strategy for harvesting robot
end-effectors will also be considered.
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