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Determining the optimal harvest time for oyster mushrooms (Pleurotus sp.) is a
critical challenge in cultivation practice, as conventional methods rely on subjective
visual inspection by farmers, which is prone to human error and inconsistency. This
study presents a comparative analysis of two deep learning approaches, namely a
Convolutional Neural Network (CNN) based on the ResNet50 architecture and
YOLOV11, for classifying oyster mushroom maturity and harvest readiness into two
categories: “harvest-ready” and “not harvest-ready.” A dataset of 1,200 balanced
images was collected directly from an oyster mushroom cultivation facility and
preprocessed through auto-orientation, resizing to 640x640 pixels, and data
augmentation applied exclusively to the training set. Model performance was
evaluated using accuracy, precision, recall, F1-score, and training time as evaluation
metrics. The comparative evaluation was conducted on 30 newly acquired images
that were entirely excluded from the training, validation, and testing datasets. The
experimental results show that YOLOv11s achieved superior and more balanced
performance, with accuracy, precision, recall, and F1-score each reaching 93%. In
comparison, the CNN (ResNet50) model achieved an accuracy of 90%, a precision
of 100%, a recall of 83.3%, and an F1-score of 90.9%. In terms of training efficiency,
CNN (ResNet50) required 71.9 minutes, while YOLOv11s required 89.3 minutes.
These findings indicate that YOLOv11s is a more effective model for automated
oyster mushroom harvest readiness detection and has the potential to be integrated
into smart farming systems.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Oyster mushroom (Pleurotus sp) is an agricultural
commodity with high economic value and serves as an
important source of nutritious food. However, determining
the optimal harvesting time remains a significant challenge
for farmers because it is generally performed manually, which
may lead to suboptimal harvesting decisions and
consequently affect the quality of the harvested mushrooms.
Detecting mushroom maturity and harvest readiness is a
critical aspect of oyster mushroom cultivation, as it directly
influences harvest quality, market value, and production
efficiency. Traditionally, harvesting decisions rely on
farmers' visual observations, which are inherently subjective
and prone to errors due to their dependence on individual

experience. Furthermore, this manual approach is labor-
intensive and time-consuming, particularly in large-scale
cultivation systems [1].

Recent advances in deep learning-based computer vision
have created significant opportunities for developing
automated solutions for oyster mushroom maturity and
harvest readiness detection. In recent years, deep learning
methods, particularly Convolutional Neural Networks
(CNNSs), have become widely adopted for agricultural image
classification and detection tasks, including disease
identification and oyster mushroom classification. Recent
studies have demonstrated that CNN-based models can
achieve an accuracy of up to 97.14% in classifying diseases
affecting oyster mushroom cultivation bags (baglogs) by
leveraging transfer learning techniques, which accelerate the
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training process while improving classification performance
[2]. In another study, a CNN model achieved an accuracy of
82% for mushroom genus classification using a locally
collected dataset [3].

In addition to CNN-based approaches, one-stage object
detection models such as You Only Look Once (YOLO) have
demonstrated superior inference speed and real-time
detection capabilities, particularly for detecting small objects
in complex real-world environments. An international study
reported that the YOLOvV5s model achieved a high mean
Average Precision (mAP) while maintaining satisfactory
inference speed for detecting Agaricus bisporus mushrooms
[4]. Furthermore, a recent study published in 2024
demonstrated that a lightweight YOLO variant specifically
optimized for oyster mushroom detection achieved an mAP
of 94.95% while requiring fewer model parameters and
shorter inference time than conventional YOLO architectures
[5]-

Moreover, the latest developments in the YOLO family
continue to improve the trade-off between detection accuracy
and inference speed for agricultural applications. However,
studies specifically investigating the application of YOLOv11
for oyster mushroom maturity and harvest readiness detection
remain limited. Given its promising capabilities, YOLOv11
has considerable potential for integration into smart farming
systems alongside Internet of Things (loT) technologies,
enabling automated harvesting processes that improve
production efficiency and harvest quality.

Therefore, a comparative analysis of CNN and YOLOv11
for detecting oyster mushroom maturity and harvest readiness
is relevant and important to conduct, particularly due to the
limited number of deep learning studies focusing on oyster
mushrooms as an agricultural commodity cultivated by
farmers. This research aims to address the existing research
gap by evaluating the performance of these two deep learning
approaches and identifying the most suitable algorithm for
supporting intelligent, efficient, and technology-driven oyster
mushroom cultivation. The comparative analysis in this study
is conducted by evaluating the performance of CNN and
YOLOv11 using accuracy, precision, recall, F1-score, and
model training time as the primary evaluation metrics.

Il. METHODOLOGY
The research methodology consisted of a series of
interconnected stages, starting from data collection and
preprocessing to model evaluation and performance
comparison. Two deep learning models, namely a
Convolutional Neural Network (CNN) with the ResNet50
architecture and YOLOv11, were employed to analyze oyster
mushroom image data. Each stage was carefully designed to
ensure high quality data preparation and optimal model
development. After both models were trained, their
performance was evaluated and compared to identify the
model that achieved the best performance in detecting oyster

mushroom maturity and harvest readiness.
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Figure 1. Research Stages

A. Data Collection

Data collection represents the initial stage of this study and
aims to acquire the dataset used for training and evaluating
the deep learning models. In this study, the dataset was
collected by capturing images of oyster mushrooms directly
using a smartphone camera. The image acquisition process
was conducted in an oyster mushroom cultivation facility
under various conditions, including different camera angles,
object to camera distances, and lighting conditions. These
variations were intentionally introduced to ensure that the
resulting dataset accurately represents real-world cultivation
environments. All captured images were subsequently
reviewed to ensure image quality and were categorized into
predefined classes.

The dataset consisted of 1,200 images divided into two
classes: harvest-ready and not harvest-ready. Class
determination was based on several visual characteristics of
the oyster mushrooms, including cap size, color, and the
density of mushrooms within a single cluster. Each class
contained 600 images, resulting in a balanced dataset.
Maintaining an equal number of images for each class helps
reduce class imbalance during the training process, allowing
the models to learn representative features from both
categories more effectively. The collected dataset was
subsequently used in the preprocessing stage before being
employed to train the CNN (ResNet50) and YOLOv1l
models, The following shows the distribution of the dataset.
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Figure 2. Distribution Dataset
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B. Preprocessing

Data preprocessing is an important stage performed before
the model training process to prepare the dataset for
subsequent analysis. The primary objective of this stage is to
produce a standardized and high quality dataset that meets the
input requirements of both the CNN (ResNet50) and
YOLOvV11 models. In this study, all images first underwent
an auto-orientation process, in which the image orientation
was automatically corrected based on the metadata embedded
in the images to ensure consistent image alignment.
Subsequently, all images were resized to 640 x 640 pixels
using the stretch resizing method. This method resizes each
image to a predetermined resolution without preserving the
original aspect ratio, ensuring that all images have input
dimensions that are compatible with the requirements of the
deep learning models. The 640 x 640 pixel resolution was
selected because it is the standard default input size
commonly used by the YOLO model. Therefore, the same
640 x 640 pixel resolution was also applied to the CNN model
to maintain consistency and ensure that the training data used
for both models were balanced and comparable.

After the resizing process was completed, the dataset was
divided into three subsets: 70% for training, 20% for
validation, and 10% for testing. This data partitioning allows
the models to be trained using the training set, validated
during the training process to monitor their generalization
capability, and subsequently evaluated using the testing set,
which contains data that have not been previously used by the
models. The same data partitioning strategy was applied to
both models, including the number and specific images used
in each subset, to ensure that both models were trained,
validated, and tested using the same dataset and to minimize
the potential for unwanted bias. Thus, the evaluation results
can provide a more objective and fair assessment of the
performance of both models.

After the preprocessing stage was completed, data
augmentation was applied exclusively to the training set to
increase dataset diversity without requiring additional image
acquisition. The augmentation process generated various
versions of the original images while preserving the essential
characteristics of the oyster mushrooms, allowing the models
to learn more robust and representative features under
different environmental conditions. At this stage, several
augmentation techniques were applied to both models,
including flip, rotation, brightness, exposure, blur, and noise.
Applying augmentation only to the training set can improve
the models' generalization capability, reduce the risk of
overfitting, and enhance their robustness when encountering
variations in real-world conditions. In contrast, no
augmentation was applied to the validation or testing sets,
ensuring that model evaluation was performed using
unaltered data and could more accurately reflect the models'
generalization performance. After the preprocessing stage
was completed, data augmentation was applied exclusively to
the training set to increase dataset diversity without requiring
additional image acquisition. The augmentation process
generated various versions of the original images while

preserving the essential characteristics of the oyster
mushrooms, allowing the models to learn more robust and
representative features under different environmental
conditions. At this stage, several augmentation techniques
were applied to both models, including flip, rotation,
brightness, exposure, blur, and noise. Applying augmentation
only to the training set can improve the models' generalization
capability, reduce the risk of overfitting, and enhance their
robustness when encountering variations in real-world
conditions. In contrast, no augmentation was applied to the
validation or testing sets, ensuring that model evaluation was
performed using unaltered data and could more accurately
reflect the models' generalization performance.

C. Convolutional Neural Network (ResNet50)

Convolutional Neural Network (CNN) are among the
most widely used deep learning methods for image
classification tasks. Although CNNs share the same
fundamental principles as conventional artificial neural
networks, they employ a specialized architecture consisting of
two main components: the Feature Extraction Layer and the
Fully Connected Layer (Multilayer Perceptron, MLP) [6].
The feature extraction layer automatically learns hierarchical
representations from input images through convolution and
pooling operations, while the fully connected layer performs
the final classification based on the extracted features. CNNs
process image data by analyzing the spatial arrangement of
pixels organized in a two-dimensional grid, where each pixel
contains intensity values representing brightness and color.
This enables the network to effectively learn complex visual
patterns and semantic features from the input images [7] [8].

In this study, the CNN model was implemented using the
ResNet50 architecture. ResNet50 is a deep convolutional
neural network consisting of 50 layers and was specifically
designed to address the vanishing gradient problem
commonly encountered in very deep neural networks through
the use of residual connections. The architecture comprises 49
convolutional layers followed by a fully connected layer for
classification. By incorporating identity shortcut connections,
ResNet50 provides an alternative pathway for gradient
propagation during backpropagation, thereby facilitating
more stable and efficient training. This residual learning
strategy enables the network to maintain high classification
performance while achieving an effective balance between
network depth and computational efficiency [9].

The key feature that distinguishes ResNet from
conventional CNN architectures is the incorporation of skip
connections (also known as identity shortcut connections)
between network layers. These connections bypass one or
more intermediate layers, allowing information and gradients
to flow directly across the network. As a result, important
feature representations are preserved, and gradient
propagation during backpropagation remains stable,
effectively mitigating the vanishing gradient problem. This
design enables the successful training of substantially deeper
neural networks while maintaining high learning efficiency
and improving overall model performance [10].

Comparative Analysis of CNN and YOLOv11 Algorithms for Detecting Oyster Mushroom Maturity and Harvest Readiness

(Juhar Riski Ahmadi, Nurdin, Mukti Qamal)



4622

e-ISSN: 2548-6861

ResNet50 Model Architecture

Qutput

2 b

CONV
Relu
Max Pool
Conv Block
D Block
Conv Block
ID Block
Conv Block
1D Block
Conv Block
ID Block
Avg Pool
Flattening

o
5
5
°
a
o
o
=
()
N

e e e

Stage 1 Stage 2 Stage3 Stage4 Stages

Figure 3. Architecture ResNest50

D. You Only Look Once (YOLOv11)

You Only Look Once (YOLO) is a deep learning-based
object detection algorithm designed for real-time
applications. YOLO adopts a single-stage detection approach
by formulating object detection as a unified regression
problem, in which a single neural network simultaneously
predicts object bounding boxes and class probabilities directly
from the entire input image in a single forward pass. Unlike
two-stage object detectors, which rely on a separate region
proposal generation process followed by object classification
using more complex architectures, single-stage detectors such
as YOLO perform object localization and classification in a
single step across the entire image. This unified framework
significantly improves detection speed while maintaining
competitive detection accuracy, making YOLO substantially
faster than conventional approaches such as R-CNN and
Faster R-CNN. Since its initial introduction, the YOLO
family has undergone continuous architectural improvements,
resulting in successive versions with enhanced accuracy,
computational efficiency, and detection performance. These
advancements have culminated in the latest release,
YOLOv11, which is employed in this study [11] [12].

The YOLO detection process begins by dividing the input
image into a grid of cells, where each cell is responsible for
predicting multiple bounding boxes along with the probability
of object presence. Each predicted bounding box is assigned
a confidence score, which reflects the likelihood that an object
is present as well as the accuracy of its predicted location. The
model also predicts class probabilities for each bounding box
to determine the object's category. Once predictions from all
grid cells have been generated, Non-Maximum Suppression
(NMS) is applied to eliminate redundant overlapping
bounding boxes while retaining the most confident detections.
This one-stage detection pipeline enables YOLO to achieve
efficient and accurate object detection with low inference
latency [13] [14].

Since its introduction, the YOLO family has undergone
substantial architectural advancements, evolving from
YOLOVL1 to the latest YOLOv11. Each successive version has
introduced improvements such as more powerful backbone
networks and advanced data augmentation techniques,
including Mosaic augmentation and adaptive anchor
matching, which enhance detection accuracy for objects with
varying sizes, scales, and spatial locations. In particular,
YOLOV11 incorporates multi-scale attention modules and an
adaptive detection head, enabling the model to better capture

complex object features while improving recall and mean
Average Precision (mAP). Although these architectural
enhancements substantially improve detection performance,
they also increase computational requirements, making
hardware capability an important consideration for practical
deployment [15].

YOLOv11 is the most recent generation of the YOLO
object detection framework, officially introduced in 2024.
Compared with earlier versions, YOLOvV11 incorporates
several architectural enhancements, including improved
multi-scale feature learning, a refined anchor mechanism, and
a more computationally efficient backbone network. These
improvements enable the model to achieve higher detection
accuracy while maintaining real-time inference capability.
The progression of the YOLO family and the performance
improvements achieved across different versions are

illustrated in Figure 3.
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Figure 4. YOLO Evolution and model Performance from 2015-2024
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The development of the YOLO framework from its initial
release to the latest version can be summarized as follows:

1. YOLOvV1 (2015): Introduced the first single-stage object
detection framework capable of detecting objects by
processing an entire image in a single forward pass [16].

2. YOLOv2 (2016): Enhanced detection performance
through the introduction of anchor boxes and upsampling
techniques, resulting in improved localization accuracy
[17].

3. YOLOv3 (2018): Added Incorporated a more powerful
backbone network, multi-scale feature extraction, and
multiple anchor boxes to improve detection of objects at
different scales [18].

4. YOLOV4 (2020): Improved both training efficiency and
detection accuracy by integrating Mosaic data
augmentation and several architectural optimizations [19].

5. YOLOV5 (2020): Released by Ultralytics as a Python-
based implementation emphasizing flexibility, ease of use,
and practical deployment [20].

6. YOLOV6 (2022): Designed as a lightweight, open-source
object detection model optimized for edge computing
applications [21].

7. YOLOvV7 (2022): Introduced additional architectural
refinements to achieve improved detection accuracy while
maintaining computational efficiency [22].

8. YOLOV8 (2023): Further refined the detection
architecture by optimizing the backbone, neck, and head
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components, together with several new modules that
enhanced both accuracy and inference efficiency [23].

9. YOLOV9 (2024): Introduced the Programmable Gradient
Information (PGI) and Generalized Efficient Layer
Aggregation Network (GELAN) techniques to improve
feature representation in deep neural networks [24].

10. YOLOV10 (2024): Developed Developed by Tsinghua
University with an emphasis on computational efficiency
through the adoption of large-kernel convolutions and
partial self-attention mechanisms [24].

11. YOLOV11 (2024): Represents the latest evolution of the
YOLO family, incorporating advanced architectural
optimizations that enhance both detection performance
and computational efficiency for increasingly complex
computer vision tasks[25].

E. Model Performance Comparison

Model performance comparison represents the final stage
of this study and aims to evaluate and compare the
performance of the CNN (ResNet50) and YOLOv11 models
in classifying the maturity level of oyster mushrooms. The
comparison was conducted using 30 newly acquired images
that were excluded from the training, validation, and testing
datasets. This evaluation strategy was adopted to assess the
ability of each model to generalize to previously unseen data
under real-world conditions.

The performance of both models was evaluated based on
the confusion matrix generated during the testing process.
Several evaluation metrics were derived from the confusion
matrix, including accuracy, which measures the overall
correctness of the model's predictions; precision, which
evaluates the proportion of correctly predicted instances
among all positive predictions; recall, which measures the
model's ability to correctly identify all instances belonging to
each class; and the F1-score, which represents the harmonic
mean of precision and recall. In addition to these classification
metrics, the training time required by each model was also
analyzed as an indicator of computational efficiency. The
results obtained from these evaluation metrics were
subsequently compared to determine the model that
demonstrated the best overall performance in classifying
oyster mushrooms into the harvest-ready and not harvest-
ready categories.

The following evaluation metrics were used to compare
the performance of the CNN (ResNet50) and YOLOv11l
models:

a. Accuracy represents the overall proportion of correctly
classified instances, including both positive and
negative samples, relative to the total number of

observations.

TP+TN
PP p— o)
T+TN+FP+FN
b. Recall measures the ability of a classification model to

correctly identify all relevant instances within a dataset.

Accuracy =

It represents the proportion of actual positive samples

that are correctly classified by the model.
TP 2)
TP+FN (
c. Precision evaluates the reliability of the model's positive

predictions by measuring the proportion of correctly

Recall =

predicted positive instances among all instances
predicted as positive.
Precision = —— 3)

TP+FP
d. The Fl-score is a performance metric that combines

precision and recall into a single measure by calculating
their harmonic mean. It is particularly useful when a

balanced assessment of both metrics is required.
Precision .Recall

F1— Score = 2. — “)
Precision+Recall
TABLE I.
CONFUSION MATRIX
) i Predicted

Confusion Matrix Positive Negative
_ TP (True FN(False
At Positive Positive) Negative)
Negative FP (False TN (True
9 Positive) Negative)

This table presents the confusion matrix used to evaluate
the performance of the detection models. The matrix serves as
the basis for calculating key evaluation metrics, including
precision, recall, F1-score, and accuracy, by comparing the
actual class labels with the predicted outcomes.

I11. RESULT AND DISCUSSION

Classifying the maturity level of oyster mushrooms is a
critical stage in the cultivation process, as it determines the
optimal harvesting time and directly influences harvest
quality. Conventional maturity assessment relies heavily on
farmers' experience and visual inspection, making the
decision-making process subjective and prone to human error.
To address this limitation, deep learning approaches,
including a Convolutional Neural Network (CNN) based on
the ResNet50 architecture and YOLOv11, were employed to
automate the classification of oyster mushroom maturity.

This study presents a comparative performance analysis of
the two models to identify the most effective approach for
classifying oyster mushrooms into “harvest-ready” and “not
harvest-ready” categories. The comparison was conducted
using several evaluation metrics, including accuracy,
precision, recall, F1-score, and training time, providing a
comprehensive assessment of the strengths and limitations of
each model.

A. Data Description

In this study, the dataset was collected by capturing
images of oyster mushrooms directly at a cultivation facility
using a smartphone camera. Image acquisition was performed

Comparative Analysis of CNN and YOLOv11 Algorithms for Detecting Oyster Mushroom Maturity and Harvest Readiness
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under various conditions, including different camera angles,
object-to-camera distances, and lighting conditions, to ensure
that the dataset accurately represented real-world cultivation
environments.
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Figure 5. Research Dataset

The dataset consisted of 1.200 images, evenly distributed
into two classes: “harvest-ready” and “not harvest-ready”,
with 600 images in each class. Maintaining a balanced
number of samples for each category helps minimize class
imbalance during model training, allowing the models to learn
representative features from both classes more effectively.
Before model development, all images underwent a
preprocessing pipeline consisting of auto-orientation, resizing
to 640 x 640 pixels, dataset partitioning into 70% training,
20% validation, and 10% testing subsets, followed by data
augmentation applied exclusively to the training set to
increase dataset diversity.

In addition to the primary dataset used for model training
and evaluation, this study employed 30 newly acquired
images that were excluded from the training, validation, and
testing datasets. These images were used during the model
performance comparison stage to evaluate the generalization
capability of the CNN (ResNet50) and YOLOv11 models on
previously unseen data. Consequently, the evaluation results
provide a more objective assessment of the ability of both
models to classify oyster mushrooms into the “harvest-ready”
and “not harvest-ready” categories.

B. Model Configuration and Training

Before the training process, the CNN (ResNet50) and
YOLOv11 models were prepared using the same training
configuration to ensure a fair and consistent comparison. Both
models were trained using the AdamW optimizer with a
maximum of 100 epochs and an early stopping patience of 15
epochs. The same training dataset, validation dataset, image
resolution, and augmentation strategy were also applied to
both models. By maintaining consistent training
configurations and input data across the two models,
differences arising from variations in the training setup could
be minimized. Therefore, the performance differences
observed during the evaluation were expected to primarily

reflect the characteristics and capabilities of the respective
model architectures rather than differences in the
experimental configuration. This approach was adopted to
improve the fairness, consistency, and objectivity of the
comparative evaluation between CNN (ResNet50) and
YOLOv11.
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Figure 6. Training Curves Model ResNet50

Based on the accuracy and loss curves, the CNN
(ResNet50) model demonstrates a well performing learning
process. During the initial epochs, both training and
validation accuracy increased rapidly. The training accuracy
increased from approximately 51% in the first epoch to nearly
100%, while the validation accuracy increased from
approximately 61% to around 99-100%. After approximately
epoch 6, both accuracy values remained relatively stable at a
high level until the end of training. Meanwhile, the training
loss and validation loss decreased significantly from
approximately 0.69 at the beginning of training to around 0.20
toward the end. After epoch 6, both loss values remained
relatively stable with only a small difference between them.
The training process stopped at epoch 21 due to the
implementation of early stopping with a patience value of 15
epochs. After achieving the best validation performance at
epoch 6, the model did not show any significant improvement
in validation performance for the following 15 epochs.
Therefore, the training process was automatically terminated
at epoch 21 to prevent unnecessary training and reduce the
risk of overfitting. Overall, these results indicate that the
model was able to learn the characteristics of the dataset
effectively and maintain consistent performance on both the
training and validation data.
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Figure 7. Training Curves Model ResNet50
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Based on the YOLOV11 training results, the Box Loss,
Classification Loss, and DFL Loss decreased significantly
during the initial epochs and then gradually stabilized toward
the end of training at epoch 100. The decrease in Box Loss
indicates an improvement in the model’s ability to predict the
location of the bounding boxes, while the decrease in
Classification Loss indicates that the model became better at
distinguishing between the harvest-ready and not harvest-
ready classes. Meanwhile, the decrease in DFL Loss indicates
improved accuracy in predicting the bounding box
coordinates. The relatively close training and validation
curves indicate a consistent learning process with no
significant performance gap between the two datasets.
Overall, these results show that YOLOv11 was able to learn
the characteristics of the objects effectively and achieve
relatively stable performance throughout the training process.

C. Model Performance Comparison

A comparative performance analysis was conducted to
determine which model, CNN (ResNet50) or YOLOv11, is
more effective in classifying the maturity level of oyster
mushrooms. The evaluation was performed using 30 newly
acquired images captured directly from the cultivation
environment. These images were excluded from the training,
validation, and testing datasets to ensure an unbiased
assessment of the models' generalization capability.
Evaluating the models on previously unseen data provides a
more realistic measure of their performance under practical
deployment conditions.

The predictions generated by each model were compared
with the corresponding ground-truth labels and summarized
using a confusion matrix. The confusion matrix reports the
numbers of True Positives (TP), True Negatives (TN), False
Positives (FP), and False Negatives (FN), providing the basis
for quantitative performance evaluation. Based on these
values, several evaluation metrics were calculated, including
accuracy, which measures the overall proportion of correctly
classified samples; precision, which quantifies the reliability
of positive predictions; recall, which evaluates the model's
ability to correctly identify all relevant instances; and the F1-
score, which represents the harmonic mean of precision and
recall.

In addition to classification performance, the training time
required by each model was analyzed as an indicator of
computational efficiency. The results obtained from these
evaluation metrics were subsequently compared to identify
the model that achieved the best overall performance in
classifying oyster mushrooms into the harvest-ready and not
harvest-ready categories while also demonstrating efficient
model training.

4625
TABLE II.
DETECTION RESULTS OF THE CNN (RESNETSO) AND YOLOV11 MODELS
Mushroom Ground Prediction
No Image Truth Model Result
Harvest-
CNN Ready
Not 53.00%
1. Harvest-
Ready Not Harvest-
YOLO Ready
94.00%
Harvest-
CNN Ready
Not 52.6%
2. Harvest-
Ready Not Harvest-
YOLO Ready
95.3%
Not Harvest-
CNN Ready
Not 72.5%
3. Harvest-
Ready Not Harvest-
YOLO Ready
97.5%
Not Harvest-
CNN Ready
Not 70.2%
4, Harvest-
Ready Not Harvest-
YOLO Ready
95.4%
Not Harvest-
CNN Ready
Not 51.0%
5. Harvest-
Ready Not Harvest-
YOLO Ready
96.1%
Not Harvest-
CNN Ready
Not 68.9%
6. Harvest-
Ready Harvest-
YOLO Ready
85.6%
Not Harvest-
CNN Ready
Not 83.5%
7. Harvest-
Ready Not Harvest-
YOLO Ready
97.2%
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TABLE I11.
No Mushroom Ground |\ e | Prediction CONFUSION MATRIX MODEL CNN & YOLO
Image Truth Result Model Confusion Matrix
Harvest- Positive | Negative
CNN Ready Harvest-
25 Harvest- 93.9% Ready 15 0
. Ready Harvest- CNN (ResNet50) Not
YOLO Ready Harvest- 3 12
93.5% Ready
Harvest-
CNN Rea((i)y Positive | Negative
26 Harvest- 67.2% Harvest-
Ready Harvest- YOLOVLL Ready 14 !
YOLO Ready v Not
95.0% Harvest- 1 14
Harvest- Ready
CNN Ready
Harvest- 98.8% . . . .
27. Ready o Following the construction of the confusion matrices for
voLO F’?;Zg‘;t' both models, accuracy, precision, recall, and F1-score were
93.9% computed using the evaluation equations described in the
previous section. The calculated metrics were subsequently
Harvest- used to compare the classification performance of the CNN
CNN Ready (ResNet50) and YOLOv11 models.
28 Harvest- 86.9%
Ready Harvest- TABLE IV.
YOLO Ready PERFORMANCE COMPARISON OF THE CNN (RESNET50) AND
94.2% YOLOV11 MODELS
Model Accurac | Precision | Recal F1- Training
Harvest- y [ Score | Time
CNN Ready CNN 0.9 1 [0833] 0909 | 719
20, Harvest- 89.2% Resnet50 Menit
Ready Harvest- YOLO 0.93 0.93 0.93 0.93 89.3
YOLO Ready vil Menit
94.1%
Harvest- Based on the results presented in Table 1V, the CNN
CNN Ready (ResNet50) model achieved an accuracy of 90%, precision of
Harvest- 86.7% 100%, recall of 83.3%, and an F1-score of 90.9%. In contrast,
30. Ready H the YOLOv11s model obtained balanced performance across
YOLO Sg\;g‘;t' all evaluation metric§, with accuracy, precision_, rgcall, and
94.0% F1-score each reaching 93%. These results indicate that

Following the detection process using the CNN
(ResNets0) and YOLOv1l models, a comparative
performance evaluation was conducted based on the
accuracy, precision, recall, and F1-score metrics. These
metrics were calculated from the confusion matrices
generated using the prediction results presented in Table II.
The confusion matrices for each model are presented below.

YOLOv11s provides more consistent and robust performance
in detecting and classifying oyster mushrooms than the CNN
(ResNet50) model.

D. Discussion

In terms of accuracy, YOLOvV11s outperformed the CNN
(ResNet50) maodel, achieving 93% compared with 90%,
indicating a higher overall classification accuracy on the
evaluation dataset. This result suggests that YOLOv11s was
more effective in correctly classifying oyster mushroom
maturity levels.

For the precision metric, the CNN (ResNet50) model
achieved the highest value of 100%, indicating that all
samples predicted as harvest-ready were correctly classified
without any false positive predictions. However, its recall was
limited to 83.3%, implying that a number of relevant samples
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were not successfully identified, resulting in false negative
predictions. In contrast, YOLOv1ls achieved balanced
precision and recall values of 93%, demonstrating its ability
to correctly identify a greater proportion of samples while
maintaining a high level of prediction reliability.

The F1-score of the CNN (ResNet50) model was 90.9%,
reflecting a reasonable balance between precision and recall.
Nevertheless, this value remained lower than that of
YOLOvV11s, which achieved an F1-score of 93%. Considering
all evaluation metrics, YOLOv11s demonstrated superior
overall performance in classifying oyster mushrooms into the
“harvest-ready” and “not harvest-ready” categories on the
dataset used in this study. The comparison of the performance
metrics for both models is illustrated in the following figure.

Hasil Perbandingan Model
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L

2
0

F1-Score

o o o -
= [} ) - ]

Capaian Score

o
[¥]

Accuracy Precision Recall

B CNN Resnet50 EYOLOV1i1s

Figure 8. Comparison of Accuracy, Precision, Recall, and F1-Score

Based on the recorded training times, the CNN (ResNet50)
model required 71.9 minutes to complete the training process,
whereas the YOLOv11s model required a longer training time
of 89.3 minutes. This difference in training time can be
attributed to the distinct architectural characteristics of the
two models.

Waktu Latih Model (Menit)

Menit
«
=1

CNN Resnet50

YOLOV11s

Figure 9. Comparison of Training Time

The shorter training time of the CNN (ResNet50) model
can be attributed to its primary task of image classification,
where the model only learns discriminative features to assign
an input image to a predefined class. In contrast, YOLOv11s
performs both object localization and classification
simultaneously by predicting bounding boxes, confidence
scores, class probabilities, and Intersection over Union (loU)-
based loss during each training iteration. Consequently,

YOLOv11s requires more computational operations,
resulting in a longer training time than the CNN (ResNet50)
model.

Compared with several previous studies that reported
training times of only a few minutes, the training durations of
71.9 minutes for CNN (ResNet50) and 89.3 minutes for
YOLOvV11s are relatively longer. This can be attributed not
only to the differences in model architecture but also to factors
such as dataset size, image resolution, data augmentation,
training configuration (e.g., the number of epochs and batch
size), and the computational resources available. Although
both models required relatively long training times, they
achieved satisfactory performance in classifying oyster
mushrooms into the “harvest-ready” and “not harvest-ready”
categories.

1VV. CONCLUSION

This study presents a comparative analysis of two deep
learning models, namely CNN (ResNet50) and YOLOv11,
for classifying oyster mushroom maturity and harvest
readiness into two categories: ‘harvest-ready” and ‘“not
harvest-ready.” The evaluation was conducted using 30 newly
acquired images that were entirely excluded from the training,
validation, and testing datasets to provide an objective and
unbiased assessment of each model’s generalization
capability under real-world conditions.

The experimental results demonstrate that YOLOv11s
achieved superior overall performance, obtaining balanced
scores of 93% across all evaluation metrics, including
accuracy, precision, recall, and F1-score. In contrast, the CNN
(ResNet50) model achieved an accuracy of 90%, a precision
of 100%, a recall of 83.3%, and an F1-score of 90.9%.
Although the CNN (ResNet50) model attained perfect
precision, its lower recall indicates that it failed to correctly
identify a portion of the relevant samples, resulting in false
negative predictions. YOLOvlls demonstrated more
consistent and balanced performance across all metrics,
making it the more reliable model for classifying oyster
mushroom maturity in this study.

Regarding computational efficiency, the CNN (ResNet50)
model completed training in 71.9 minutes, whereas
YOLOvV11s required 89.3 minutes. The longer training time
of YOLOv11s is attributable to its simultaneous execution of
object localization and classification tasks, including the
prediction of bounding boxes, confidence scores, class
probabilities, and loU-based loss computation during each
training iteration. Despite this trade-off, the superior detection
accuracy of YOLOv11ls makes it the preferred choice for
automated oyster mushroom harvest readiness classification.

For future research, several improvements are
recommended to further enhance model performance. First,
expanding the dataset with a greater number and more diverse
images, including variations in lighting, camera angle, and
mushroom growth stages, is expected to improve model
robustness and generalization. Second, exploring additional
architectures such as YOLOv11im or YOLOv11l may vyield
higher detection accuracy at the cost of increased
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computational requirements. Third, integrating the developed

model

into a real-time monitoring system, potentially

combined with Internet of Things (loT) technologies, could

enable the practical

deployment of automated oyster

mushroom harvest readiness detection in smart farming
environments.
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