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Abstract 

High-throughput phenotypic acquisition and analysis allow us to accurately quantify trait 
expressions, which is essential for developing intelligent breeding strategies. However, 
there is still much potential to explore in the field of high-throughput phenotyping for 
edible fungi. In this study, we developed a portable multi-phenotypic acquisition system 
for Pleurotus eryngii using RGB and RGB-D cameras. We developed an innovative Unet-
based semantic segmentation model by integrating the ASPP structure with the VGG16 
architecture. This allows for precise segmentation of the cap, gills and stem of the fruiting 
body. By leveraging depth images from RGB-D cameras, we can effectively collect pheno-
typic information about Pleurotus eryngii. By combining K-means clustering with Lab 
color space thresholds, we are able to achieve more precise automatic classification of 
Pleurotus eryngii cap colors. Moreover, AlexNet is utilized to classify the shapes of the 
fruiting bodies. The Aspp-VGGUnet network demonstrates remarkable performance 
with a mean Intersection over Union (mIoU) of 96.47% and a mean pixel accuracy (mPA) 
of 98.53%. These results reflect respective improvements of 3.03% and 2.23% compared to 
the standard Unet model, respectively. The average error in size phenotype measurement 
is just 0.15 ± 0.03 cm. The accuracy for cap color classification reaches 91.04%, while fruit-
ing body shape classification achieves 97.90%. The proposed multi-phenotype acquisition 
system reduces the measurement time per sample from an average of 76 s (manual 
method) to about 2 s, substantially increasing data acquisition throughput and providing 
robust support for scalable phenotyping workflows in breeding research. 

Keywords: Pleurotus eryngii; assisted breeding; phenotypic analysis; deep learning;  
depth camera 
 

1. Introduction 
Pleurotus eryngii is highly valued not only for its rich nutritional content but also for 

its health-promoting properties, such as its hypotensive and hypolipidemic effects (Zhang 
et al., 2020) [1]. It is characterized by a thick flesh texture, a unique almond-like aroma 
and flavor profiles reminiscent of abalone. Its high oligosaccharide content supports 
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prebiotic activity through beneficial interactions with Bifidobacterium, offering potential 
dual advantages for gastrointestinal well-being and cosmetic applications (Wang et al., 
2024) [2]. In modern cultivation techniques, accurately measuring phenotypic traits like 
stipe length, pileus diameter, color characteristics and morphological features is essential 
for breeding programs. However, traditional manual measurement methods can be inef-
ficient and inconsistent due to the risk of human error and subjective judgment. 

Thanks to the rapid advancement of intelligent sensing, computer vision and deep 
learning technologies, agricultural phenotypic analysis is gradually moving toward auto-
mation, high-throughput processing and improved precision. In response to the increas-
ing need for comprehensive data acquisition, several automated platforms have been de-
veloped, such as track-based systems (Li et al., 2023) [3], pipeline and imaging chamber 
systems (Dengyu et al., 2016) [4] and mobile platforms (Wang et al., 2023) [5]. Zhou et al. 
(2021) [6] created a portable and affordable plant phenotyping system that incorporates 
image sensors to assess soybean salt tolerance, thus supporting breeding programs. Zhu 
et al. (2023) [7] developed a mushroom measurement system using resistance strain 
gauges to accurately determine position, size and weight. An et al. (2016) [8] created a 
high-throughput phenotyping system using dual digital cameras to measure leaf length 
and rosette leaf area. These crop-specific systems greatly boost the efficiency of data col-
lection, minimize human error and improve measurement accuracy. 

Sensors like RGB imaging, hyperspectral imaging, RGB-D sensor and LiDAR are 
commonly used in plant phenotyping platforms to measure and analyze crop traits. These 
sensors play a valuable role in monitoring crop growth, conducting trait analysis and en-
abling precise breeding (Dengyu et al., 2016 [4]; Li et al., 2023 [3]; Wang Y. et al., 2023 [5]). 
RGB-D camera and LiDAR are used to capture spatial information such as crop structure, 
volume and biomass (Raj et al., 2021 [9]; Rong et al., 2023) [10]. Compared to LiDAR, RGB-
D sensor have lower hardware and computational costs (Ravaglia et al., 2019) [11], which 
makes them a great choice for medium and small-scale phenotypic acquisition and auto-
mated systems. Baisa and Al-Diri (2022) [12] investigated the potential of using affordable 
consumer-grade RGB-D sensor to create an innovative algorithm. This algorithm focuses 
on detecting, locating and estimating the 3D pose of mushrooms to enable efficient robotic 
picking capabilities. Zhou et al. (2024) [13] introduced a method to align RGB and depth 
images and convert 2D coordinates into 3D coordinates via reverse prediction, allowing 
for precise measurement of corn stem diameters. These studies enhance RGB images 
through the introduction of depth information, reducing the requirement for external ref-
erences (such as checkerboards or calibration objects) and thereby enhancing the accuracy 
of measurement and the practicality of the system. 

In phenotypic analysis research, image segmentation is a crucial step in extracting 
morphological parameters (Narisetti et al., 2022) [14], particularly when it comes to tasks 
such as size measurement and area calculation, where precise semantic segmentation be-
comes very important for achieving accurate results. The segmentation results can be used 
to determine the contour area and length-width dimensions of crops through geometric 
calculation methods (Raj et al., 2021) [9]. For instance, Yang et al. (2022) [15] introduced a 
segmentation and localization method for Agaricus bisporus using Mask R-CNN, applying 
elliptical fitting techniques to determine the centroid position and stem size of the mush-
rooms. Meanwhile, Kolhar and Jagtap (2023) [16] adopted the DeepLabV3 Plus to perform 
contour segmentation of Komatsuna leaves, enabling the estimation of leaf count, pro-
jected area and growth stages. The segmented regions of interest not only help to reduce 
the influence of environmental and other factors but also allow us to integrate the color 
quantization and grading algorithm within the chromaticity space (Ahmad et al., 2021) 
[17] with the shape classification algorithm based on contour features (Vazquez et al., 2024) 
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[18]. The integration allows for the precise classification of various phenotypic parameters, 
such as color and shape. 

Recent advancements have been made in non-destructive geometric measurement of 
Pleurotus eryngii. Luo et al. (2024) [19] used RGB-D imaging to measure Pleurotus eryngii 
volume, filling an early gap in mushroom phenotyping and greatly reducing detection 
time. However, their method focuses solely on volume and does not consider gill-related 
phenotypic information. Similarly, Yin et al. (2025) [20] used mobile multi-view imaging 
combined with structured light to reconstruct the 3D geometry of Pleurotus eryngii, ena-
bling detailed modeling of surface features. Nevertheless, their method still relies on ex-
ternal structured-light modules, involves a relatively complex and time-consuming acqui-
sition process, and is not well suited for high-throughput, and real-time phenotyping in 
breeding or production environments. 

One of the key challenges in acquiring multiple phenotypes of Pleurotus eryngii is to 
develop an efficient, portable and precise method for phenotype collection and analysis. 
To this end, the main contributions of this study encompass the following three aspects: 
(1) We introduce a portable multi-phenotype acquisition system for Pleurotus eryngii us-

ing RGB and RGB-D cameras. This system addresses common inefficiencies and er-
rors in traditional manual measurements, providing a fast, real-time, and precise ap-
proach for phenotyping edible fungi. 

(2) We created an enhanced semantic segmentation model that improves the accuracy 
of mask segmentation for Pleurotus eryngii fruiting bodies and enables the automatic 
extraction of multiple phenotypic parameters. 

(3) A set of algorithms was developed to efficiently measure the size, color and shape of 
Pleurotus eryngii, offering strong support for intelligent breeding analysis of edible 
fungi. 

2. Materials and Methods 
2.1. Phenotypic Acquisition Device 

Figure 1 presents the phenotypic acquisition device, which consists of a dark cham-
ber integrated with a RealSense D405 (Intel Corporation, Santa Clara, CA, USA), an RGB 
camera (Shenzhen Ruier Weishi Technology Co., Ltd, Shenzhen, China), a pressure sensor 
(Shenzhen Xintai Microelectronics Technology Co., Ltd, Shenzhen, China), a tempera-
ture/humidity sensor (Guangzhou Aosong Electronics Co., Ltd, Guangzhou, China), a 
light source controller with a 6-watt white LED, and an STM32F103C8T6 microcontroller 
(STMicroelectronics, Geneva, Switzerland). The microcontroller collects data from the sen-
sors via UART serial communication and transmits them to the application terminal for 
real-time processing and interaction. 

2.2. Data Acquisition 

The Pleurotus eryngii samples utilized in this study were sourced from Zhongyan 
Mushroom Industry Co., Ltd., located in Zhangzhou City, China Using the self-developed 
phenotypic acquisition platform, the samples were precisely positioned so that the caps 
were directed toward the RGB camera and the fruiting bodies aligned with the RGB-D 
camera at a working distance of 30 cm, as shown in Figure 1. In total, more then 300 sam-
ples were systematically collected for analysis. In this study, 607 images of the fruiting 
bodies were captured using the RGB-D camera, while 304 images of the caps were ac-
quired with the RGB camera. To ensure data consistency, all images were uniformly 
resized to 640 × 460 pixels. 
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Figure 1. Pleurotus eryngii phenotype collection device. 

In addition, key morphological parameters of each sample, including cap diameter 
and stipe length, were measured manually using a ruler. Cap color was quantitatively 
assessed with a standardized color chart. Based on manual observation and classification, 
the fruiting body morphology was categorized into three types: bowling-pin shaped 
(swollen on one side of the stipe), cylindrical (uniform width of cap, gills, and stipe), and 
standard type (broad cap with slender stipe). Similarly, the cap color was manually clas-
sified into three categories: yellowish-brown, dark brown, and light brown, based on ref-
erence color cards. 

2.3. Data Preprocessing 

In the image segmentation task, we assigned labels to the cap, gills and stipe of the 
Pleurotus eryngii fruiting body to help distinguish between different regions. Using 
Labelme (v4.5.11), each part of the fruiting body was manually annotated and organized 
into three categories: cap, gills, and stipe. The data were randomly divided into training, 
validation and test sets in 7:2:1 ratio. 

To enhance model robustness and mitigate overfitting, we applied a variety of data 
augmentation techniques before training. Specifically, we randomly rotated and flipped 
images to introduce diversity, adjusted brightness, contrast and saturation to mimic real-
world lighting conditions, scaled and cropped images to help the model adapt to different 
sizes and added random deformations to improve its ability to handle shape variations. 
The dataset was enriched by increasing the number of training images from 607 to 1136. 

2.4. Model Structure and Improvement 

2.4.1. U-Net Basic Network 

Ronneberger et al. (2015) [21] proposed the U-Net architecture, which has demon-
strated strong effectiveness in medical image segmentation, particularly under limited 
training data. As illustrated in Figure 2, the U-Net architecture primarily consists of an 
encoder, a series of skip connections, and a decoder. The encoder extracts hierarchical 
features through repeated convolution and downsampling operations, where the feature 
representations gradually transition from low-level spatial details to high-level semantic 
information. The skip connections transmit feature maps from the encoder to the corre-
sponding decoder layers, enabling the model to retain fine-grained spatial information 
that may be lost during downsampling. This mechanism helps preserve localization accu-
racy and enhances the mode’s ability to delineate structural boundaries. The decoder then 
progressively restores spatial resolution through upsampling and convolution, integrat-
ing encoder features via skip connections to reconstruct detailed segmentation maps with 
high accuracy. 
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Figure 2. U-net network structure. 

2.4.2. VGG16 Network Structure 

Simonyan and Zisserman (2015) [22] proposed the VGG16 network, a classic deep 
convolutional neural network architecture and its network structure is depicted in Figure 
3. VGG16 significantly improved model performance by increasing network depth and 
achieved outstanding results in the ImageNet Large Scale Visual Recognition Challenge 
(ILSVRC), establishing itself as an important foundation in modern computer vision re-
search. 

VGG16 construct a deep network by layering multiple small convolutional kernels (3 
× 3 kernels). Compared with earlier architectures relying on large convolutional filters, the 
use of small kernels allows the network to increase depth while keeping the number of 
parameters manageable. This thoughtful design enables VGG16 to achieve an excellent 
balance between depth and computational efficiency. By progressively stacking multiple 
small convolutional kernels, the network can effectively learn local details while gradually 
capturing broader image features through deeper-level combinations. This thoughtful de-
sign enables the network to excel in both precision and scope of feature extraction. 

VGG16 also exhibits strong transfer-learning capability. It delivers competitive per-
formance on ImageNet and performs well in downstream tasks such as image classifica-
tion, object detection, and semantic segmentation. Thanks to its robust capabilities, it has 
become a cornerstone for computer vision applications. Researchers can efficiently de-
velop domain-specific models by fine-tuning pre-trained VGG16. Its architecture is easy 
to work with and excels at feature extraction, which makes it as a favored choice in deep 
learning research. Although more advanced architectures such as ResNet and EfficientNet 
have emerged, VGG16 continues to serve as a reliable and influential benchmark due to 
its simplicity, robustness, and ease of implementation. 

2.4.3. The Pyramid Pooling Module 

The Atrous Spatial Pyramid Pooling (ASPP) module (He et al., 2014) [23] is widely 
employed in computer vision tasks, including image segmentation and object detection, 
to enhance a model’s capacity for multi-scale feature extraction As shown in Figure 4, 
ASPP utilizes atrous convolutions with multiple dilation rates (e.g., 1, 2, 4, and 8) to cap-
ture both local details and global contextual information. Its primary advantage lies in 
expanding the receptive field while maintaining computational efficiency. 
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To further improve performance, the ASPP module integrates a global average pool-
ing layer, which computes the mean of the entire feature map, providing global context 
and ensuring that essential semantic information is retained during feature fusion. Subse-
quently, multi-scale and global features are aggregated along the channel dimension to 
form a comprehensive feature representation, significantly enhancing the effectiveness of 
deep learning models in visual tasks. For example, its incorporation into the DeepLab se-
ries has demonstrated superior performance in image segmentation, particularly in scenes 
with complex backgrounds and objects of varying scales, improving both segmentation 
accuracy and recall. 

 

Figure 3. The VGG16 network structure. 

 

Figure 4. The pyramid pooling module. 

2.4.4. Aspp-VGGUnet Network Structure 
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In this work, we enhanced the encoder of the U-net structure by replacing its original 
downsampling pathway with the first 13 convolutional layers of VGG16 and incorporat-
ing a pyramid structure into the Copy and Crop phase. The improved U-net network is 
shown in Figure 5, primarily consisting of an enhanced encoder feature extraction net-
work and skip connections. 

Specifically, the five convolutional blocks of VGG16 were adopted to substitute the 
“convolution + max pooling” structure in the standard U-net encoder. The feature maps 
output from each VGG16 block were used as multi-scale representations for the corre-
sponding encoding stages. Leveraging the continuous small-kernel convolutions and pre-
trained weights of VGG16 enables the encoder to extract richer low-level textures, struc-
tural patterns, and semantic information while reducing feature loss during downsam-
pling. 

Furthermore, the ASPP module was incorporated into the skip connections. For each 
skip connection, the feature map from the encoder is first processed by ASPP, where par-
allel atrous convolutions with different dilation rates generate multi-scale contextual re-
sponses. These enhanced features are then concatenated with the corresponding decoder 
features to facilitate more effective feature fusion. By expanding the receptive field with-
out compromising spatial resolution, ASPP provides strong multi-scale context percep-
tion and significantly improves boundary delineation, localization accuracy, and the over-
all robustness of the segmentation network. 

 

Figure 5. Aspp-VGGUnet network structure. 

2.5. Phenotypic Measurement Algorithm 

To evaluate the effectiveness of the method introduced in this work for measuring 
the phenotypic parameters of Pleurotus eryngii, we selected eight key characteristics as 
measurement indicators. These include the color of the cap, the maximum diameter of the 
cap, the thickness and length of the cap, the length and width of the gills, the length of the 
stem and the overall shape of the fruiting body. 
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2.5.1. Algorithm for Measuring Dimensional Phenotypes 

This approach employs optical triangulation technology to calculate the spatial posi-
tion of an object relative to the camera, thereby generating depth images in the process. 
To estimate the size information of fruiting bodies, caps, gills and stems, their regions of 
interest are typically extracted first. Subsequently, the length of their minimum bounding 
rectangles is measured to obtain phenotypic size data. For this study, the measurement 
method consists of three critical stages, The detailed steps of the process are presented in 
Figure 6: 
(1) The regions of interest for the cap, gills and stem of the mushroom are identified 

using the Aspp-VggUnet semantic segmentation network. 
(2) The mask block filters out irrelevant depth data to identify the ROI and preserve its 

depth values. 

𝐷𝐷𝑅𝑅𝑅𝑅𝑅𝑅(𝑢𝑢, 𝑣𝑣)  = 𝑀𝑀(𝑢𝑢, 𝑣𝑣) ⊙𝐷𝐷(𝑢𝑢, 𝑣𝑣) (1) 

Defined by Equation (1), (u,v) denotes the pixel coordinates (column and row indices) 
where M is the binary segmentation mask, D is the raw depth map, and ⊙ denotes 
element-wise multiplication. 
Since the object’s placement direction is predefined, its 2D mask contour is rotated 
by a known angle θ before calculating the minimum bounding rectangle (MBR). This 
aligns the MBR’s sides with the coordinate axes. The 2D rotation transformation is 
applied: 

�𝑥𝑥′𝑦𝑦′� = �cos 𝜃𝜃 − sin𝜃𝜃
sin𝜃𝜃 cos 𝜃𝜃 � �

𝑥𝑥 − 𝑥𝑥𝑐𝑐
𝑦𝑦 − 𝑦𝑦𝑐𝑐� + �

𝑥𝑥𝑐𝑐
𝑦𝑦𝑐𝑐� (2) 

Defined by Equation (2) (x,y) are the original contour points, (x,y) are the rotated 
points, and is the centroid. This method standardizes orientation, ensuring measure-
ment consistency. 
This method standardizes the rectangle’s orientation and ensures consistency with 
the coordinate system. 

(3) The horizontal dimensions of the 3D object’s projection are determined by mapping 
the ROI’s 3D contour coordinates to a 2D plane. Traditional calibration methods often 
produce significant size errors due to difficulty maintaining alignment between the 
calibration and measured objects during real-time measurements. RGB-D cameras, 
however, acquire depth information actively or passively, generating 3D point cloud 
data P = {𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖  , 𝑧𝑧𝑖𝑖}, enabling direct Euclidean distance calculation for true dimensions: 

𝑊𝑊𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = �(𝑥𝑥2 − 𝑥𝑥1)2 + (𝑦𝑦2 − 𝑦𝑦1)2 + (𝑧𝑧2 − 𝑧𝑧1)2 (3) 

This enables more precise measurement of Pleurotus eryngii’s true size, reducing er-
rors from height variations and complex shapes common in traditional methods. 

2.5.2. Algorithm for Color Classification 

In order to accurately capture the color details of Pleurotus eryngii caps, we applied 
the K-means clustering algorithm to identify and group the primary cap colors. K-means 
is a helpful unsupervised learning technique that organizes image pixels according to 
their color characteristics. 

The specific procedures are presented as follows: 
(1) The region of interest (ROI) in the cap is identified using the semantic segmentation 

algorithm, allowing us to focus on the most relevant areas. 
(2) To identify the dominant color of the mushroom cap, the K-means clustering algo-

rithm was first employed with K = 3 to group pixels into three major color clusters. 
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Each pixel is assigned to the nearest cluster center based on Euclidean distance in 
RGB space: 

𝑑𝑑(𝑝𝑝, 𝑐𝑐𝑖𝑖) = �(R𝑝𝑝 − R𝑐𝑐𝑖𝑖)
2 + (G𝑝𝑝 − G𝑐𝑐𝑖𝑖)

2 + (B𝑝𝑝 − B𝑐𝑐𝑖𝑖)
2 (4) 

Defined by Equation (4), p denotes a pixel represented as 3D vector in RGB space (R, 
G, and B intensity channels),  𝑐𝑐𝑖𝑖   is the i-th cluster center, and d (p,𝑐𝑐𝑖𝑖) denotes their 
Euclidean distance. 
In this equation, p denotes a pixel point, and𝑐𝑐𝑖𝑖denotes the i-th cluster center. The 
cluster centers are iteratively updated based on the average color values of the as-
signed pixels until the algorithm converges. After convergence, the cluster contain-
ing the largest number of pixels is selected. The centroid color of this dominant clus-
ter is then taken as the single representative foreground color of the cap. 

(3) For finer perceptual color grading, the obtained cluster centroids (or the dominant 
centroid) are transformed into the perceptually uniform Lab color space. By analyz-
ing their positions in this space—particularly the lightness (L) and yellow–blue (b) 
components—and establishing empirically derived thresholds based on sample sta-
tistics, the color grades (light brown, yellowish brown, and dark brown) can be accu-
rately classified, ensuring precise and consistent color differentiation. 
The classification rules are defined as follows: Light Brown corresponds to L* > 60 
and b* > 10; Yellowish Brown corresponds to 45 ≤ L* ≤ 60 and b* > 15; and Dark Brown 
corresponds to L* < 45 and b* ≤ 15. These thresholds were optimized through statis-
tical analysis of color centroids obtained from 134 labeled samples, ensuring that the 
grading aligns with human visual perception while maintaining objective measura-
bility and reproducibility. 

 

Figure 6. Flowchart for acquiring dimension information. 

2.5.3. Algorithm for Shape Classification 

As shown in Figure 7, the AlexNet network consists of eight convolutional layers 
arranged consecutively. Each layer is followed by a max pooling layer and uses the ReLU 
activation function to enhance non-linear features. Additionally, the network includes 
three fully connected layers that help achieve the final classification output. During the 
data preprocessing stage, all input images are resized to 227 × 227 pixels to meet the re-
quirements of the AlexNet model. The number of output channels in the convolutional 
layers is 96, 256, 384, 384 and 256. Through this step-by-step feature extraction and com-
pression process, the model learns the shape characteristics of the Pleurotus eryngii fruiting 
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body, enabling it to make accurate predictions. Finally, the model makes decisions using 
a fully connected layer with 1000 neurons and outputs the classification results. 

2.6. Experimental Environment 

For this experiment, we utilized an Intel® Xeon® Silver 4214R CPU with a clock speed 
of 2.40 GHz, 90 GB of memory and an RTX 3080 Ti GPU. The deep learning framework 
was established on the Ubuntu 20.04 system using Python 3.9.0 and PyTorch 2.1.0. In the 
segmentation task, we employed the Adam optimizer with a momentum value of 0.9, an 
initial learning rate of 0.0001, a batch size of 8 and a total of 135 training iterations. 

 

Figure 7. Structural diagram of the AlexNet network. 

2.7. Evaluation Indices 

In this work, commonly adopted evaluation metrics were employed to comprehen-
sively assess model performance. For the semantic segmentation of Pleurotus eryngii fruit-
ing bodies, mPA, mIoUand F1-score (also known as the Dice coefficient) were used. In 
addition, Mean Squared Error (MSE) and the coefficient of determination (R2) were uti-
lized to evaluate the accuracy of the size phenotype extraction algorithm, mPA reflects the 
average pixel accuracy across all categories and evaluates how accurately each category’s 
pixels are classified. 

MPA is a core evaluation metric for semantic segmentation. It computes the pixel-
wise classification accuracy for each class independently and then averages these accura-
cies across all classes. Compared to overall PA, mPA treats each class equally, thereby 
effectively mitigating evaluation bias caused by class imbalance in pixel count. 

𝑚𝑚𝑚𝑚𝑚𝑚 =
1
𝑘𝑘
�

𝑇𝑇𝑇𝑇𝑖𝑖
𝑇𝑇𝑇𝑇𝑖𝑖  +  𝐹𝐹𝐹𝐹𝑖𝑖

𝑘𝑘

𝑖𝑖=1

 (5) 

Defined by Equation (5), K denotes the total number of semantic classes;𝑇𝑇𝑇𝑇𝑖𝑖  (True 
Positives) denotes the number of pixels correctly predicted as class 𝑖𝑖; 𝐹𝐹𝐹𝐹𝑖𝑖 (False Nega-
tives) denotes the number of pixels that actually belong to class 𝑖𝑖 but are incorrectly pre-
dicted as other classes. 

MIoU can be used to evaluate the performance of semantic segmentation. It calcu-
lates the IoU for each category and then determines the average value. 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 =
1
𝑘𝑘
�

𝑇𝑇𝑇𝑇𝑖𝑖
𝑇𝑇𝑇𝑇𝑖𝑖  +  𝐹𝐹𝐹𝐹𝑖𝑖  +  𝐹𝐹𝐹𝐹𝑖𝑖

𝑘𝑘

𝑖𝑖=1

 (6) 

Defined by Equation (3), FNi (False Negatives) denotes the number of pixels that 
belong to class i in the ground truth but are incorrectly predicted as other classes; 

The F1 Score (or Dice coefficient) is a metric that thoughtfully balances precision and 
recall, making it particularly well-suited for scenarios where classes are imbalanced. 
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𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (7) 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 (8) 

𝐹𝐹1 = 2 ∙
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∙ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 (9) 

MSE is a commonly used metric for understanding the difference between a model’s 
predicted values and its true values. Calculating the average of the squared prediction 
errors it provides insight into how accurate the model is. A smaller RMSE value indicates 
that the model’s predictions are closer to the actual values, which is a sign of better per-
formance. 

R2 is used to evaluate how well the size phenotype algorithm explains the variability 
in the actual size data of Pleurotus eryngii. Its value ranges between 0 and 1, and the closer 
it gets to 1, the better the algorithm fits the data. 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2
𝑛𝑛

𝑖𝑖=1

 (10) 

𝑅𝑅2 =  1 −  
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2𝑛𝑛
𝑖𝑖

∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2𝑛𝑛
𝑖𝑖

 (11) 

n is the number of pixels or samples.  yi is the ground truth value. yı�  is the pre-
dicted value produced by the model. 

By combining the MSE and R2, the model’s performance can be evaluated from two 
complementary angles. R2 provides insight into how well the model fits the size data, 
while MSE quantifies the discrepancy between predicted and actual measured values. To-
gether, these metrics help gain a deeper understanding of the algorithm’s accuracy and 
reliability, offering valuable guidance for further refinement. 

3. Results and Analysis 
3.1. Experimental Outcomes 

3.1.1. Model Validation 

To demonstrate the effectiveness of the improvements made to the Aspp-VGGUnet 
algorithm, this study systematically compared the original Unet, PSPNet, DeeplabV3+, 
This selection encompasses foundational, multi-scale context modeling, and advanced en-
coder–decoder architectures, providing a comprehensive baseline to assess our model’s 
performance in capturing both global semantics and fine-grained details. The enhanced 
Aspp-VGGUnet model under the same experimental conditions and dataset. All experi-
ments adhered to a standardized protocol. Models were trained and evaluated on the 
same proprietary dataset of 1136 annotated Pleurotus eryngii images, split 7:2:1 into train-
ing, validation, and test sets. All inputs were resized to 512 × 512 pixels and augmented 
via random horizontal flipping. A consistent training setup was used: the Adam optimizer 
(initial learning rate: 1 × 10−4, batch size: 8), 150 epochs on an NVIDIA RTX 3080 Ti GPU. 
Performance was evaluated using the standard metrics mIoU and mPA. 

The experimental results are presented in Table 1—Comparisons of Segmentation 
Models. The results show that the improved Aspp-VGGUnet achieved impressive scores 
of 96.47% and 98.53% in mIoU and mPA, significantly outperforming other comparative 
models. This highlights its outstanding ability in segmentation accuracy and detail detec-
tion. 
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As shown in Figure 8, Figure 8a displays the original image of the king oyster mush-
room, while Figure 8b presents the visualization result of overlaying the annotated mask 
(ground truth) on the original image. Figure 8c, Figure 8d and Figure 8e show the seg-
mentation results generated by the PSPNet, DeepLabV3+, and proposed Aspp-VGGUnet 
models, respectively. The results highlight how Aspp-VGGUnet excels at extracting con-
tours in the edge areas of Pleurotus eryngii images, with greater precision and an enhanced 
ability to capture fine details. Compared to our proposed model, DeeplabV3+ and PSPNet 
exhibit slightly lower performance, with mIoU values of 90.94% and 85.02%, respectively. 
Although these models incorporate advanced encoder–decoder architectures and multi-
scale feature fusion techniques, they still encounter challenges in accurately capturing 
fine-grained details, especially in the precise extraction of edges and contours for Pleurotus 
eryngii, indicating room for further improvement in this regard. PSPNet’s multi-scale 
pooling module demonstrates robust capabilities in capturing global information. How-
ever, inaccuracies persist in detailed areas, especially those with complex structures char-
acteristic of Pleurotus eryngii. Similarly, DeeplabV3+ leverages atrous convolution to im-
prove its global context modeling, yet it still lags behind Aspp-VGGUnet in terms of de-
tailed segmentation accuracy. 

Table 1. Comparisons of Segmentation Models. 

Models mIoU (%) F1_score (%) mPA (%) 
Unet 93.44 93.30 96.30 

PSPNet 85.02 91.07 93.05 
DeeplabV3+ 90.94 95.32 93.10 

Aspp-VGGUnet 96.47 96.00 98.53 

 

Figure 8. Segmentation effect comparison; (a) Original fruiting body image, (b) Ground truth, (c) 
PSPNet result, (d) DeeplabV3+ result, (e) Aspp-VGGUnet result. 

3.1.2. Component-Wise Ablation Analysis 

To better understand how each module contributes to the model’s performance, we 
carried out a series of ablation experiments. The detailed results can be found in Table 2—
Ablation experiments evaluating the impact of components A (VGG16) and B (ASPP). We 
separately examined how the VGG16 pre-trained backbone network (Component A) and 
the ASPP module (Component B) enhance the model’s feature extraction capabilities. 

The U-Net architecture employed VGG16 as its feature extractor, with the network 
initialized using pre-trained weights to facilitate more efficient and effective training. 
Compared to the original Unet, the VGG16 backbone significantly improves key metrics 
such as mIou, F1_score and mPA. This indicates that it effectively enhances the model’s 
ability to extract meaningful features. Following this, we integrated the ASPP module, 
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which uses multi-scale dilated convolutions to more effectively capture the contextual in-
formation across different scales in images. The performance of Aspp-VggUnet is signifi-
cantly enhanced across all metrics compared to the original VGGUnet, particularly excel-
ling in multi-scale feature extraction. 

In summary, the ablation experiments indicate that incorporating the ASPP and 
VGG16 modules leads to a notable improvement of Unet’s capability for feature extraction 
and multi-scale context comprehension. This is particularly evident when the sample size 
is limited, as the model’s overall performance is significantly strengthened. 

Table 2. Ablation experiments evaluating the impact of components A (VGG16) and B (ASPP). 

Method A B mIoU (%) F1_score (%) mPA (%) 
Baseline ✗ ✗ 93.44 93.30 96.30 

Baseline + A ✓ ✗ 95.00 94.50 96.71 
Baseline + A + B ✓ ✓ 96.47 96.00 98.53 

3.2. Phenotypic Analysis 

3.2.1. Semantic Segmentation Analysis 

Based on the comparative analysis presented in Table 1, it is evident that the Aspp-
VGGUnet model, which incorporates VGG16 pre-trained weights and ASPP modules di-
lated convolution modules, achieved the best performance in the experiment. Conse-
quently, it was selected as the default model for extracting phenotypic parameters of Pleu-
rotus eryngii. 

The segmentation results for Pleurotus eryngii are shown in Figure 9. In this figure, 
(1), (2) and (3) represent three mature fruiting body samples of the same cultivar of Pleu-
rotus eryngii, while Figure 9a, Figure 9b, Figure 9c and Figure 9d correspond to the original 
frontal images, frontal mask images, original dorsal images and dorsal mask images of 
the fruiting bodies, respectively. By capturing images from both the front and back and 
applying semantic segmentation, we observe that in the segmented mask regions, the red 
areas indicate the caps of the fruiting bodies, the green areas represent the gills and the 
yellow areas correspond to the stipes. 

The enhanced Aspp-VGGUnet algorithm demonstrates exceptional performance in 
segmenting different parts of the Pleurotus eryngii fruiting body, with high segmentation 
accuracy and rapid processing speed. Moreover, the proposed method eliminates the 
need for preprocessing steps such as filtering, binarization, and edge trimming, thereby 
simplifying the entire workflow. Traditional segmentation algorithms are highly sensitive 
to threshold settings and often struggle with generalization across different scenarios. In 
contrast, the improved semantic segmentation model developed in this study effectively 
distinguishes the structural components of Pleurotus eryngii, resulting in more accurate, 
stable, and robust segmentation outcomes. 

3.2.2. Dimensional Phenotype Analysis 

To verify the accuracy of the size algorithm, this study conducted systematic tests on 
various phenotypic dimensions of Pleurotus eryngii. By analyzing the correlation between 
the calculated values and the actual measured values, the specific indicators are clearly 
illustrated in Figure 10. 

The evaluated traits included the maximum cap diameter, cap thickness (horizontal 
length), cap longitudinal width, gill length, stem length, stem width, and the total length 
of the fruiting body. The sample measurement data were acquired using RGB cameras, 
RGB-D cameras, and advanced image-processing techniques. Length and width estimates 
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were computed from the three-dimensional coordinates within the ROI, ensuring accurate 
and reliable quantification of each phenotypic trait. 

 

Figure 9. Semantic segmentation result diagram; (a) Original front image of the sub-entity, (b) Front 
mask image of the sub-entity, (c) Original back image of the sub-entity, (d) Back mask image of the 
sub-entity. 

The subsequent figure presents the R2 and MSE. Data analysis reveals that the corre-
lation between the estimated values and the actual measured values for each dimension 
reflects the accuracy of the measurement. The results show that the R2 values for all di-
mensions fall consistently within the range of 0.91 to 0.95, highlighting the algorithm’s 
strong consistency and reliability in predicting sizes. Additionally, the MSE ranges from 
1.3 to 2.1, reflecting a commendably small difference between calculated and measured 
values, which further confirms the algorithm’s precision. 

 

Figure 10. Linear fitting diagram of dimensions. 
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3.2.3. Color Phenotypic Outcomes 

The color clustering algorithm employs an iterative optimization process to classify 
pixels with similar colors pixels into distinct categories. Through multiple iterations, it 
continuously refines pixel color assignments, gradually grouping analogous colors and 
extracting the foreground color of the cap image. Figure 11 shows sub-images (1), (2), and 
(3) for different caps: Figure 11a is the original image, Figure 11b is the ROI extraction 
result, and Figure 11c is the main color extraction result. The cap is first segmented from 
the original image using an Aspp-VGGUnet network to extract the ROI. Subsequently, K-
means clustering is applied to obtain the dominant foreground color. Specifically, Specif-
ically, pixels within the ROI are grouped into K = 3 clusters based on their color similarity 
in RGB space. The cluster containing the largest number of pixels is identified, and the 
centroid (mean color) of this dominant cluster is taken as the representative foreground 
color of that individual cap. 

During the implementation of the algorithm, we carefully analyzed multiple experi-
mental datasets and established a suitable threshold in the LAB color space. This step 
helps achieve precise quantitative classification of cap colors while ensuring consistent 
and reliable outcomes. We measured the cap colors of 134 samples, and the resulting con-
fusion matrix is shown in Figure 12. The findings reveal that our color classification 
method achieves an impressive accuracy rate of 91.04%, demonstrating strong perfor-
mance. 

 

Figure 11. Color Clustering Algorithm Results; (a) Original Cap Image, (b) Cap ROI Extraction, (c) 
Main Color Extraction. 

3.2.4. Shape Characterization 

In the field of Pleurotus eryngii breeding, morphological differences in mushroom 
shape are closely linked to key agronomic traits, including growth patterns, yield, disease 
resistance, environmental adaptability, and marketability. Shape-based classification 
therefore facilitates the selection of superior varieties with high economic value and stable 
performance, enabling refined cultivation strategies and enhanced production efficiency. 
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Figure 12. Confusion Matrix Diagram of Color Grading Outcomes. 

In this study, we developed an AlexNet-based classification model to distinguish 
three Pleurotus eryngii shapes: bowling ball-shaped, straight-shaped, and standard-shaped. 
A total of over 1136 annotated samples were used, divided into training and validation 
sets. During training, images were augmented through random cropping and horizontal 
flipping, while validation images were resized to 224 × 224 and normalized. The model 
was optimized with cross-entropy loss and the Adam optimizer at a learning rate of 0.0002, 
trained over 300 epochs with a batch size of 32 and 8 parallel data-loading threads. The 
final model achieved an impressive accuracy of 97.90% on the test set. Figure 13 illustrates 
the experimental results of AlexNet in three different classification tasks, clearly showing 
how effective the model is in each task. 

 

Figure 13. Classification of pleurotus eryngii shapes; (a) Bowling ball type, (b) Standard type, (c) 
Straight type. 

3.3. System Interface Display 

Figure 14 shows the system interface and the displayed results of the Pleurotus eryngii 
phenotypic acquisition system. In real-time monitoring and data collection, the software 
platform can display image data from both the RGB-D camera and the RGB camera in-
stantly. Using the previously introduced phenotypic measurement algorithm, breeders 
can efficiently acquire detailed phenotypic information about the size of various parts of 
Pleurotus eryngii through an intuitive interactive interface. The system also provides real-
time outputs for cap color classification (where the label “Light” corresponds to “Light 
Brown” within the defined categories of light brown, yellowish brown, and dark brown) 
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and fruiting body shape, with an overall phenotypic response time of approximately 2 s. 
Environmental parameters, including temperature and humidity inside the acquisition 
chamber, are monitored in real time via integrated sensors and displayed on the interface 
to provide continuous feedback on experimental conditions. Simultaneously, the weight 
of each fruiting body is directly measured by a built-in pressure sensor and automatically 
recorded within the system. In terms of data management, it automatically saves and ex-
ports batch data, while storing multi-dimensional phenotypic data in a structured format. 
This not only simplifies the process but also greatly facilitates subsequent data analysis 
and processing for breeding research. 

 

Figure 14. Interface of the Pleurotus eryngii Phenotypic Acquisition System. 

4. Discussion 
A portable phenotyping system for Pleurotus eryngii was developed, integrating an 

RGB camera and the RealSense D405 to simultaneously capture RGB and depth images 
for 3D phenotypic measurement (Zhou et al., 2021) [24]. Furthermore, the proposed mod-
ified U-Net architecture based on ASPP and the VGG16 network achieved remarkable 
performance enhancements in the segmentation tasks of the cap, gills, and stem, with the 
mIoU reaching 96.47% and mPA attaining 98.53%. Although excellent results were 
achieved in the current task, the performance of this network might be constrained by 
specific datasets, and its generalization ability in other domains (such as medical images, 
remote sensing images) and complex outdoor scenarios still requires further validation. 

In the task of phenotypic acquisition and analysis, this study proposes a method that 
utilizes depth information from the camera to calculate three-dimensional coordinates 
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and directly compute size parameters based on spatial data. Unlike traditional 2D imag-
ing or fixed-distance measurement approaches, this method relies on depth-derived 3D 
coordinates for calculation, thereby fundamentally avoiding the scale errors caused by 
variations in imaging distance (Guo & Chen, 2018) [25]. The method stands out for its 
ability to meet size measurement requirements in complex scenarios, providing robust 
and reliable support for phenotypic analysis. This advantage becomes particularly evi-
dent when compared with multi-view neural radiance field (NeRF)-based reconstruction 
methods, such as that presented by Yin et al. (2025) [20], which require extended data 
acquisition and processing time. Our system maintains measurement accuracy while sig-
nificantly improving throughput, making it better suited for high-throughput or near-
real-time applications such as on-site breeding screening. In contrast, our method demon-
strates superior acquisition efficiency, providing rapid and reliable phenotypic measure-
ments suitable for high-throughput or real-time applications. 

For color and shape classification, the perceptually uniform Lab color space was 
adopted to decouple luminance from chromaticity, establishing an illumination-robust 
pipeline that enhanced the repeatability and standardization of color assessment. Mean-
while, a standard AlexNet model effectively resolved subtle morphological variations 
across mushroom phenotypes, attaining a classification accuracy of 97.90%. These results 
confirm that established computer vision and deep learning architectures, when embed-
ded within a customized hardware-software pipeline, can reliably execute complex phe-
notypic analysis under controlled imaging environments. Nevertheless, the present per-
formance remains dependent on consistent acquisition conditions and dataset uniformity. 
Extending the system to scenarios with variable illumination, wider genetic backgrounds, 
or less structured field settings would require further validation and could be improved 
through adaptive preprocessing or transfer-learning strategies to enhance generalization 
capability. 

In summary, the method introduced in this study has achieved notable success in 
tasks such as phenotype acquisition, color classification and shape classification. However, 
there are still some areas for improvement, including the reliance on depth information 
accuracy and challenges with color stability under extreme lighting conditions. While this 
study focuses on the automated extraction of mature phenotypes, investigating pheno-
typic variations across different maturity levels and growth conditions will be an im-
portant direction for future research. Further development, for example, by incorporating 
time-series models and dynamic phenotypic data at different environmental conditions 
for a given variety, will help broaden the understanding of mushroom morphological 
changes. 

5. Conclusion 
This study established a portable and cost-effective phenotypic acquisition system 

for Pleurotus eryngii, offering a practical solution for high-throughput and precise pheno-
typic analysis in edible mushroom breeding. By integrating an improved deep learning 
model with readily deployable sensors, the system successfully enabled the automated 
extraction of multiple morphological traits, significantly enhancing measurement effi-
ciency and objectivity while considerably lowering the technical barrier to adoption. This 
work provides reliable technical support for transitioning Pleurotus eryngii breeding from 
experience-based selection to data-driven decision-making and lays a practical founda-
tion for its scalable application within modern precision breeding systems. 
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