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Abstract: This research presents a new hybrid deep-learning model for object identifica-
tion and classification. The model combines the excellent classification performance of a
Convolutional Neural Network (CNN) with the strong detection capabilities of YOLOv8.
The suggested approach generates bounding boxes that indicate probable objects, using
YOLOv8 for initial object localization. Subsequently, CNN further enhances these detec-
tions by categorizing the recognized items into compost and non-compost. This dual-phase
technique enhances detection accuracy and classification precision, successfully tackling
common obstacles encountered in real-world visual identification tasks, such as intricate
backgrounds and diverse item sizes. The effectiveness of the hybrid model is evaluated
using a specialized dataset related to waste recycling, which demonstrates significant im-
provements compared to individual models. The findings indicate that the hybrid YOLOv8
and CNN model attains an F1 score of 0.86, precision of 0.85, recall of 0.87, and accuracy of
0.88, surpassing the performance of both YOLOv8 and CNN models. The findings indi-
cate that this comprehensive method provides a hopeful resolution for tasks that require
the precise and effective identification of objects, thereby making it a valuable addition
to computer vision and deep learning. The research analyses the model’s structure, the
training process, and the experimental outcomes, highlighting the advantages of combining
YOLOv8 and CNN approaches to enhance the overall performance in tasks related to object
recognition and classification.

Keywords: object detection; deep learning; CNN; YOLO; kitchen waste classification

1. Introduction
The objectives of computer vision are to enable machines to perceive and clarify visual

data, drawing inspiration from the neural networks in human brains. The development of
computational models is necessary to supply essential information that computer vision
applications require. Computer vision primarily focuses on two crucial tasks: object
detection and object classification. Object detection and object classification are distinct but
interconnected tasks within computer vision. Object classification aims to give a specific
class to an entire image or a specified region of interest within the image. Object detection is
a computational approach to create models that can accurately identify and locate specified
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classes inside photos or movies. The object detection task becomes more extensive as this
method provides many class labels and bounding box coordinates inside a single image.

Recent progress in object identification models has dramatically enhanced the per-
formance and precision of categorization tasks. Out of all these models, the YOLO (You
Only Look Once) family has had a significant impact. Implementing YOLOv3 by Redmon
and Farhadi was a notable advancement in recognizing objects in real-time, providing a
favorable combination of speed and precision [1]. Later advancements, such as YOLOv4,
further improved this equilibrium by boosting the performance in different detection
tasks [2]. YOLOv8, a recent development, has demonstrated exceptional performance in
object identification and categorization [3].

In recent years, there has been a growing need for accurate and effective object detec-
tion and classification in various industries, including healthcare, autonomous vehicles,
and surveillance. Traditional models sometimes struggle with the intricacies of real-world
situations, which include a wide range of object sizes and intricate contexts. To tackle
these issues, this research presents a hybrid deep learning model that combines the advan-
tages of two powerful techniques, YOLOv8 and Convolutional Neural Networks (CNNs).
YOLOv8 is a prominent figure in real-time object detection, providing precise identifi-
cation and positioning of items in a picture. However, although it has strong detection
skills, YOLOv8’s capacity to accurately classify things may need to be improved when
distinguishing between items with differing levels of detail.

The suggested hybrid model includes a Convolutional Neural Network (CNN) to
improve the accuracy of post-detection classification and overcome these limitations. The
CNN utilizes the regions produced by YOLOv8 to accurately categorize the identified
objects once it recognizes prospective objects and creates bounding boxes. This strategy
improves the precision of both item recognition and classification by leveraging the com-
bined advantages of both models. The model is trained and assessed using a customized
dataset, showcasing significant improvements compared to solo YOLOv8 or CNN models.
This study showcases the composite model’s capability to attain cutting-edge performance
in object identification tasks. It provides details on the architecture, training process, and
experimental results. The findings highlight the potential of hybrid deep learning algo-
rithms to tackle challenges in computer vision, offering a valuable perspective for future
study and applications. As deep learning progresses, the combination of various neural
network structures has gained popularity to enhance performance in diverse computer
vision applications. The area has made significant progress in efficiency and accuracy,
mostly due to the emergence of specialized models like Convolutional Neural Networks
(CNNs) for picture classification and You Only Look Once (YOLO) for object recognition.
YOLO models, known for their rapidity and accuracy, have been widely integrated into
real-time applications due to their ability to analyze photos in a single iteration. However,
YOLOv8 demonstrates strong detection capability, although it may sometimes require more
precise categorization granularity in complex situations.

However, CNNs have proven to be highly efficient at extracting intricate features
from images, making them suitable for precise classification jobs. The deep layers of
CNNs enable the model to distinguish between similar items by acquiring hierarchical data
representations. This property is particularly beneficial for differentiating across classes
with similar visual characteristics. To overcome the inherent constraints of utilizing the
model in isolation, one can merge the detection capabilities of YOLOv8 with the enhanced
classification abilities of CNNs. This research proposes a novel hybrid model that leverages
the synergistic attributes of CNNs and YOLOv8. The hybrid approach begins by using
YOLOv8 to detect and locate items in a picture. A CNN then improves this algorithm during
the classification process. This two-step procedure aims to improve the overall precision,
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especially in scenarios when accurate categorization is crucial. Compared to standalone
models, the hybrid model’s exceptional performance is evidenced by its evaluation of
a diversified dataset. This approach improves precision and offers a flexible structure
that can be applied to tackle various item identification and classification difficulties in
practical situations.

Comparative studies on CNN and YOLO models for object detection have been
thoroughly documented. However, limitations in complex classification contexts remain a
challenge. Recent studies have explored hybrid architectures to leverage both detection and
classification advantages, with models like YOLOv3-CNN showing promise in real-time
applications. The proposed YOLOv8-CNN model advances this field by integrating the
latest YOLO architecture, which allows for enhanced speed and precision, and a CNN for
fine-grained classification post-detection. This hybrid model seeks to bridge existing gaps
in accuracy and robustness that previous hybrid models have not fully addressed.

In this paper, we introduce a novel hybrid deep learning model combining YOLOv8’s
object detection with CNN’s robust classification capabilities to achieve high precision in
compost and non-compost material identification. Comparatively, previous approaches
using standalone YOLO or CNN models have shown limitations, particularly in complex
classification scenarios. The hybrid approach in this research demonstrates notable improve-
ments in accuracy and robustness, which are essential for practical applications in fields
requiring precise real-time object identification, such as waste management, autonomous
navigation, and environmental monitoring.

2. Literature Review
Extensive research has been conducted on object detection, resulting in the creation of

multiple models. The SSD (Single Shot MultiBox Detector) model, developed by Liu et al.,
is renowned for its efficacy in object detection in images by utilizing a solitary deep
neural network [4]. Moreover, the Focal Loss function, proposed by Lin et al., tackles the
problem of class imbalance in object detection tasks, enhancing the precision of models on
demanding datasets [5]. Furthermore, deep learning techniques, such as those used in deep
residual learning, have substantially contributed to the discipline. He et al. showed that
deep residual networks could significantly improve the performance of image recognition
tasks by utilizing residual connections [6]. MobileNets, created by Howard et al., offer
efficient neural network structures specifically designed for mobile and embedded vision
applications, making them well-suited for lightweight models such as YOLO [7].

Tan and Le made a significant contribution with their EfficientNet architecture. This
architecture reconsiders the scaling of Convolutional Neural Networks, resulting in im-
proved performance and efficiency [8]. The Faster R-CNN model, developed by Ren et al.,
integrates region proposal networks with Convolutional Neural Networks, providing a
reliable method for real-time object detection [9,10]. The progression of YOLO models
from YOLOv1 to YOLOv8 has been well documented, demonstrating enhancements in
both speed and accuracy. As a result, these models have become very appropriate for
various applications, such as industrial defect identification [11]. Liu et al. [12] announced
YOLO-SE, an enhanced version of YOLOv8 specifically designed for remote sensing ob-
ject identification. YOLO-SE incorporates novel modules to increase its detection skills.
Xu et al. thoroughly examined the progress made in YOLO architecture. Their study offers
valuable information on the technical improvements and the various applications of these
breakthroughs in computer vision tasks [13].

Recent research has also investigated the use of YOLO models for trash categoriza-
tion. Brown et al. have shown that the implementation of deep learning techniques can
significantly enhance the precision and effectiveness of waste management systems [14].
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Zhang et al. presented Efficient YOLO, a refined iteration of YOLOv8, that improves the
speed and precision of real-time object recognition in intricate settings [15].

2.1. YOLOv8 Architecture

The YOLO object detector is now the most generally recognized and utilized real-time
object detector. It is favored for its lightweight network architecture, as shown in Figure 1;
effective feature fusion methods; and more accurate detection results. YOLOv8 is the
latest version of the YOLO (You Only Look Once) series of object detection models. This
iteration builds upon the essential elements of its previous versions, integrating multiple
enhancements to improve precision and efficiency. The primary goal of YOLOv8, launched
in 2023, was to combine the most efficient characteristics of many real-time object detectors.
To meet the needs of different projects, the development also included models of different
sizes, such as YOLOv5, which were determined using the scaling coefficient.
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The YOLOv8 backbone network has been adjusted to enhance its feature extraction
capability, acquiring more intricate representations from the input photos. Moreover,
the model utilizes advanced feature fusion techniques to effectively merge features from
different scales, hence improving the detection of objects of different sizes. The detection
heads of YOLOv8 are designed to produce accurate predictions of bounding boxes and
precisely estimate the probabilities of different classes, making it a powerful tool for object
recognition tasks.

2.2. CNN Architecture

The Convolutional Neural Network (CNN) model used in this study serves as a refer-
ence point for evaluating the performance of YOLOv8. The CNN architecture consists of
several essential components. At first, the input images undergo processing utilizing many
convolutional layers to extract features. Following these layers are pooling layers, usually
implemented as max-pooling layers. These layers are specifically designed to decrease
the spatial dimensions of the feature maps, thus concentrating the information. Finally,
the design includes fully connected layers that analyze the collected high-level features
from the convolutional layers and perform classification using these features [17–19]. This
typical CNN setup is suitable for jobs that need precise item classification; however, it may
not be as efficient as YOLO models in recognizing many objects in a single image.
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2.3. Hybrid YOLOv8 and CNN Architecture

The hybrid approach, which combines YOLOv8 and CNN, is an innovative object
recognition and classification method that leverages both architectures’ advantages. This
solution integrates the precise classification accuracy of Convolutional Neural Networks
(CNNs) with the resilient object detection capabilities of YOLOv8. This section will examine
the structure, instruction, execution, and possible uses of this hybrid paradigm. YOLOv8,
a constituent of the “You Only Look Once” series, is making significant progress in the
realm of real-time object identification. It employs an efficient architecture composed of
three main components: a backbone network, a neck, and a detection. The CNN used in
this hybrid model is specifically designed for fine-grained classification tasks. It consists of
several layers: an input layer, convolutional layers, activation layers, pooling layers, and a
fully connected layer.

Training and Implementation

Figure 2 shows the flow diagram of the hybrid YOLOv8-CNN architecture. The
training of this hybrid model involves two main stages:

(a) YOLOv8 Training
YOLOv8 is trained on a dataset that includes images with labeled bounding boxes
and class annotations. The training involves optimizing the model’s ability to detect
objects and correctly classify them. Hyperparameters such as learning rate, batch
size, and the number of epochs are tuned to achieve optimal performance. Data
augmentation techniques, such as rotation, flipping, and scaling, are applied to
enhance the model’s robustness.

(b) CNN Training
CNN is trained on the ROIs extracted from the output of the YOLOv8 model. This
training process focuses on refining the classification of detected objects. Like YOLOv8,
data augmentation is used, and hyperparameters are carefully chosen to ensure high
accuracy and generalization capability.
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After training, the hybrid model is tested on a validation set to evaluate its perfor-
mance. The process involves the following:

(a) Object Detection and Cropping
Using YOLOv8, objects within images are detected, and the corresponding bounding
boxes are used to crop the ROIs.

(b) Classification of ROIs
CNN then processes these cropped regions to classify them accurately.

(c) Combining Results
The final output integrates YOLOv8’s detection and CNN’s classification results. This
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integration may include verifying YOLOv8’s preliminary classifications with the more
detailed analysis provided by the CNN.

(d) Evaluation Metrics and Comparison
To assess the effectiveness of the hybrid model, various evaluation metrics were used:
(1) accuracy, (2) precision and recall, (3) F1 score, (4) processing speed. The hybrid
model’s performance is compared against standalone YOLOv8 and CNN models to
demonstrate improvements in accuracy and robustness. The hybrid model typically
outperforms the individual models by leveraging YOLOv8’s detection strength and
the CNN’s classification accuracy.

A comprehensive range of evaluation measures was utilized to assess the effectiveness
of the YOLOv8 and CNN models. The primary measure used was accuracy, the ratio of
correctly identified examples to the total number of predictions. The performance of the
models was also evaluated based on the accuracy of optimistic predictions (precision) and
the ability to identify relevant occurrences (recall). Additionally, precision and recall were
computed. The F1 score, calculated as the harmonic mean of precision and recall, provided
a reliable evaluation of the classification performance of the models. Additionally, the
time required to make a conclusion based on a single image was emphasized, and the
speed at which the models processed the information was measured to determine their
applicability for applications that require real-time performance. This collection of measures
offered a thorough evaluation of the strengths and weaknesses of each model, thereby
facilitating a comprehensive comparison. The YOLOv8 model utilized in this work expands
upon the progress made by its predecessors, integrating cutting-edge methods to improve
object recognition accuracy. YOLOv8 incorporates dense connection, as recommended by
Huang et al., to enhance information flow and gradient propagation [10] By incorporating
the optimizations from YOLOv4, this approach enables YOLOv8 to achieve exceptional
performance in detecting and classifying compostable and non-compostable objects.

3. Methodology
3.1. Data Collection and Preprocessing

Collecting a dataset is the initial stage in constructing any machine learning model,
particularly an object identification model. This phase entails acquiring and categorizing
many photographs of the objects that will be used for detection. This step is the most
crucial aspect of training a model. Kitchen waste was categorized as compostable and non-
compostable waste. The dataset was divided into a 1:4 ratio, with separate test and training
sets. Table 1 displays the categories of kitchen waste utilized and their corresponding
classifications. The dataset is acquired in a laboratory using a camera positioned at a fixed
angle to capture the photos. The camera is positioned on a tripod at the same level as the
average human’s eyes, as depicted in Figure 3. The dataset’s position is altered by adjusting
rotation, distance, and perspective to provide training images that accurately depict those
locations. The total number of datasets obtained for this article amounts to 721 photos.

The next process was annotating the images. Annotation is the process of labeling
raw data so that they become training data for machine learning. The annotation process
was performed by using an open source tool called LabelImg, as shown in Figure 4. This
figure shows the annotation process using LabelImg, a tool for labeling objects in images.
The left panel contains various tools, such as opening images, zooming, and deleting
annotation boxes. The right panel lists the assigned labels, categorizing objects as compost
or non-compost. Each object in the image is marked with a green bounding box, indicating
its classification. This step is essential for preparing a dataset to train an AI model for waste
classification. LabelImg has a simple and effective interface for drawing bounding boxes
around objects and indicating their class. The LabelImg supports labeling in Pascal VOC
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XML and YOLO format. The XML files contain the annotation data for the image, which is
the standard way of storing bounding box coordinates classes and other information about
objects in an image. This format is commonly used in the TensorFlow Object Detection API
to train models.

Table 1. Kitchen waste used as datasets.

Compostable Waste Non-Compostable Waste

Lemon Glass bottle

Red Chili Milk box

Green Chili Plastic cup

Shallots Mineral water bottle

Tea bag Tin can

Cinnamon

Bread
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The dataset used in this experiment categorizes images into two groups: compost and
non-compost. To provide a complete dataset, photos were collected from several sources.
The data were divided into training and validation sets, with separate directories assigned
for each. During the preprocessing stage, the images were adjusted to a uniform size of
224 × 224 pixels, and the pixel values were standardized to a range of [0, 1].
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3.2. YOLOv8 Model Training

The YOLOv8 model was trained using the collected dataset. Key hyperparameters
included a specific learning rate, batch size, and a defined number of epochs. Data aug-
mentation techniques, such as rotation, scaling, and flipping, were applied to increase the
robustness of the model. The model’s backbone, feature fusion, and detection heads were
optimized to enhance feature extraction and accurate object detection. The YOLOv8 model
focused on detecting and localizing objects within images, providing bounding boxes and
class probabilities.

A systematic hyperparameter tuning process was conducted using grid search to
optimize the hybrid model’s performance. Multiple values for the learning rate, batch size,
and number of epochs were tested, selecting those that maximized validation accuracy and
minimized loss. The optimal configuration yielded a learning rate of 0.001, a batch size of
16, and 50 epochs for both YOLOv8 and CNN models, balancing training efficiency with
model accuracy. This tuning significantly improved F1 score, and precision compared to
initial trials.

Table 2 provides an overview of the hyperparameter values tested during tuning for
learning rate, batch size, and number of epochs, along with their resulting accuracy and
F1 score. These values were fine-tuned to find the configuration that optimized validation
accuracy and model robustness, making the final model configuration both efficient and
precise for real-world applications.

Table 2. Hyperparameter tuning results.

Hyperparameter Values Tested Resulting Accuracy (%) Best F1 Score

Learning Rate 0.001, 0.005, 0.01 88.1, 87.5, 86.9 0.87

Batch Size 8, 16, 32 87.0, 88.3, 86.7 0.88

Number of Epochs 30, 50, 100 85.9, 88.3, 87.6 0.87

3.3. CNN Model Training

A CNN model was trained separately to perform object classification. The architecture
consisted of multiple convolutional layers for feature extraction, followed by max-pooling
layers to reduce spatial dimensions. The final layers were fully connected and responsible
for classification based on the extracted features. The CNN model was also trained with
data augmentation techniques and similar hyperparameters to the YOLOv8 model to
ensure consistency. The algorithm of the CNN is described below:

1. Input Layer: Accept the cropped image regions from YOLOv8, resized to a standard
dimension (e.g., 224 × 224 pixels).

2. Convolutional Layers: Apply several convolutional layers to extract features from the
input images. Layer 1: 32 filters, kernel size 3 × 3, activation function ReLU. Layer 2:
64 filters, kernel size 3 × 3, activation function ReLU.

3. Pooling Layers: Apply max-pooling layers to reduce the spatial dimensions of the
feature maps. Pooling Layer 1: Pool size 2 × 2. Pooling Layer 2: Pool size 2 × 2.

4. Dropout Layers: Apply dropout layers to prevent overfitting during training. Dropout
Layer 1: Dropout rate 0.25. Dropout Layer 2: Dropout rate 0.5.

5. Flatten Layer: Flatten the feature maps into a one-dimensional vector.
6. Fully Connected (Dense) Layers: Apply fully connected layers to perform the clas-

sification. Dense Layer 1: 128 neurons, activation function ReLU. Dense Layer 2:
1 neuron, activation function Sigmoid (for binary classification).

7. Output Layer: Output the classification results as either compost or non-compost.
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This CNN model is designed to classify the cropped regions detected by YOLOv8 into
compost or non-compost, enhancing the overall detection and classification accuracy in the
hybrid approach.

3.4. YOLOv8-CNN Hybrid Model Approach

The hybrid model integrates YOLOv8’s detection capabilities with the CNN’s classi-
fication strength. YOLOv8 first detects objects in the input images, providing bounding
boxes. For each detected object, the corresponding region is cropped and resized. This
cropped image is then fed into the trained CNN model, which refines the classification.
The combination allows for precise localization of objects and detailed classification. The
algorithm steps of YOLOv8-CNN Hybrid are as follows:

1. Input Cropped Image: Receive the cropped image region from YOLOv8.
2. Convolution and Pooling: Pass the image through convolutional and pooling layers

to extract hierarchical features.
3. Dropout: Apply dropout during training to reduce overfitting.
4. Flatten and Fully Connected Layers: Flatten the output from the convolutional layers

and pass-through dense layers.
5. Output Prediction: Output the probability of the image being composted

or non-compost.

3.5. Evaluation Metrics

The models were evaluated using accuracy, precision, recall, F1 score, and processing
speed. Accuracy measures the proportion of correctly classified instances, while precision
and recall provide insights into the model’s ability to correctly identify and detect relevant
objects. The F1 score, a harmonic means of precision and recall, offers a balanced evaluation
of the model’s performance. Processing speed was crucial for assessing the real-time
applicability of the models. The results were tabulated and visualized for comprehensive
analysis and comparison.

The performance of the hybrid YOLOv8-CNN model was compared to standalone
YOLOv8 and CNN models, as shown in Table 2. The hybrid model achieved superior
performance with an accuracy of 88.3%, precision of 0.89, recall of 0.86, and F1 score of 0.87.
The hybrid model’s enhanced accuracy demonstrates its potential in high-stakes applica-
tions, such as automated waste sorting, where both detection and classification precision are
critical. The hybrid architecture shows a balanced trade-off between real-time processing
speed and increased classification accuracy, making it feasible for practical deployment.

An error analysis was conducted to identify common misclassifications, particularly
around small or occluded objects that challenge both detection and classification processes.
In many instances, the model showed lower recall for objects with partial occlusion or
where compost and non-compost items were visually similar. Future work may explore
more robust data augmentation techniques or focus on enhancing CNN’s classification
layers to address these specific challenges.

4. Results and Discussions
4.1. YOLOv8 Performance

The YOLOv8 model exhibited commendable object detection ability, precisely de-
tecting the presence of compost and non-compost materials in the photos. The detection
metrics successfully localized and classified objects within the test dataset, as evidenced by
an average precision (AP) score of 0.75 for compost and 0.65 for non-compost. The model’s
real-time inference capabilities were confirmed by utilizing an average processing speed of
10.8 milliseconds per image, highlighting its potential for practical, real-world applications.
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Figure 5 shows the bar chart for YOLOv8 metrics and illustrates the average precision
(AP) scores for detecting compost and non-compost objects. AP is a metric that measures
the accuracy of the object detection model, considering both precision and recall. Higher
AP values indicate better model performance. The chart highlights the effectiveness of
YOLOv8 in correctly identifying and localizing these classes within images. The specific
AP scores demonstrate the model’s strength in detecting compost (AP = 0.75) compared to
non-compost (AP = 0.65).
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non-compost objects.

4.2. CNN Performance

The effectiveness of the CNN model in categorizing the identified items was proven by
its validation set accuracy of 82.5%. The model’s precision and recall scores of 0.85 and 0.80,
respectively, suggest that it had a higher level of accuracy in correctly detecting compost
items compared to non-compost items, as shown by the confusion matrix. However, the
model faced challenges in accurately identifying certain ambiguous cases, leading to a
slightly lower F1 score of 0.83. These findings indicate that the overall performance is
outstanding; however, there is room for enhancement in the precision of the classification.

Figure 6 shows the bar chart for CNN metrics displaying key performance indicators:
accuracy, precision, recall, and F1 score. Accuracy reflects the overall correctness of the
model’s classifications. Precision measures the proportion of true positive identifications
among all positive identifications made. Recall assesses the ability to identify all relevant
instances. The F1 score, a harmonic mean of precision and recall, provides a balance
between the two. The CNN’s high accuracy (82.5%), precision (0.85), and recall (0.80)
indicate a strong classification performance, with a slight dip in F1 score (0.83), suggesting
room for improvement in handling difficult cases.
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4.3. Hybrid Model Evaluation

Integrating YOLOv8 and CNN boosted the system’s effectiveness, leading to an overall
accuracy of 88.3%. The hybrid technique successfully leveraged the detection capabilities of
YOLOv8 and the classification accuracy of CNN. The combined model produced an F1 score
of 0.87, with improved precision (0.89) and recall (0.86). The processing speed of the hybrid
model was slightly slower compared to YOLOv8 alone, but it still fell within the acceptable
range for real-time applications. Within the given environment, this composite model was
proven to be a highly successful solution for precisely and efficiently classifying objects.

Figure 7 shows the bar chart for the hybrid model metrics, showcasing the combined
performance of YOLOv8 and CNN. The metrics include accuracy, precision, recall, and F1
score, like the CNN chart, but reflect the hybrid approach’s overall efficacy. The hybrid
model achieved a notable accuracy of 88.3%, with precision and recall scores of 0.89 and 0.86,
respectively. The F1 score of 0.87 indicates a balanced performance in terms of precision
and recall, underscoring the advantage of integrating object detection and classification
stages for improved accuracy and robustness.
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Figure 8 shows the bar chart comparing inference/processing times and illustrates
the efficiency of YOLOv8 and the hybrid model in processing images. YOLOv8’s real-
time capability is highlighted with an average inference time of 10.8 milliseconds per
image, making it suitable for applications requiring fast processing. The hybrid model,
while slightly slower at 12.3 milliseconds, still operates within practical limits for real-time
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usage. This comparison emphasizes the trade-off between processing speed and enhanced
detection/classification accuracy provided by the hybrid approach. Figure 9 shows the
overall scores for YOLOv8, CNN, and hybrid YOLOv8-CNN in terms of accuracy, precision,
recall, and F1 score, and Figure 10 shows the detection of hybrid YOLOv8-CNN.
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The hybrid YOLOv8-CNN model provides a promising approach to address the
limitations of standalone models by effectively combining YOLO’s detection strength with
CNN’s classification accuracy. This approach is particularly valuable in waste management
systems that require accurate classification under varying conditions. Future research may
explore expanding this hybrid approach to other domains, enhancing its adaptability and
performance in diverse, complex environments. Beyond waste management, the proposed
hybrid model has potential applications in diverse fields requiring precise object detection
and classification. In medical imaging, for example, it could aid in identifying specific cells
or anomalies in scans. Autonomous vehicles could utilize the model for real-time detection
of pedestrians, vehicles, and other objects on the road. Retail sectors may find value in
deploying this model for product recognition, improving inventory tracking, and customer
experience in smart retail setups. These applications highlight the model’s versatility and
importance in real-world deployment.
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A comparison with other hybrid architectures, such as EfficientNet-YOLO and ResNet-
CNN models, further emphasizes the choice of YOLOv8-CNN in this work. While Efficient-
Net and ResNet offer strong performance in classification, their integration with YOLO
models has limitations in processing speed and detection accuracy for real-time applica-
tions. The YOLOv8-CNN architecture provides a more balanced solution for applications
requiring real-time classification without compromising accuracy, especially in the context
of object detection for compost and non-compost items.

5. Conclusions
The hybrid model, which combines YOLOv8 and Convolutional Neural Networks

(CNNs), can detect and classifying objects. The hybrid model performs more accurately
than both the YOLOv8 and CNN models alone. It is especially suitable for the segregation
system that separates compostable and non-compostable materials. This integrated ap-
proach combines the feature extraction capabilities of standard CNN architecture with the
enhanced detection skills of YOLOv8, which is well-known for its real-time object identifi-
cation performance and accuracy. The method efficiently detects and precisely determines
the location of various objects in an image by employing YOLOv8, thus differentiating
between compostable and non-compostable materials. The model’s capacity to accurately
categorize these identified objects is guaranteed by incorporating a CNN, which relies on
acquired features. The integration of YOLOv8’s fast detection and CNN’s deep feature
extraction enhances the reliability of the segregation process and reduces the occurrence of
misclassification. The model can be further studied for practical applications in which the
situations may vary, as it is resistant to changes in object appearance, lighting conditions,
and backdrop complications. The effectiveness of YOLOv8 ensures that the automated
garbage sorting systems can operate in real-time, which is crucial for their practical deploy-
ment. In addition, before the model deployment, further enhancement, especially for the
YOLO part, including the application of the latest version of YOLO, may be conducted to
increase the detection capability.
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