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Abstract
Recycling waste materials is critical to reducing the environmental effects of increased waste production.
Proper waste separation is critical for speeding recycling procedures. This research uses advanced
optimization algorithms to handle the difficulty of classifying waste materials. The complexity of waste
material composition and diversity pose a significant challenge for accurate classification, requiring
advanced classification algorithms. Convolutional neural networks (CNNs) have developed as effective
methods for image classification, such as waste material sorting. However, adjusting CNN parameters to
optimize classification accuracy remains a key area of study. This paper suggests using genetic algorithms
(GA) and particle swarm optimization (PSO) to improve the performance of CNNs in waste material
classification. The goal is to improve classification accuracy while minimizing loss by fine-tuning CNN's
dense layer, which includes the number of dense layers, number of neurons, and activation functions. A
dataset containing images of 12 waste material types, such as food, plastic, cardboard, glass, metal,
paper, and others, is used for experimental assessment. Based on the results of this research finding, it
can be concluded that GA and PSO have succeeded in optimizing and increasing the accuracy of the test
to 85.32% and 85.42%, respectively, compared to the baseline of 76.78%. PSO also converged more
rapidly and completed the optimization process only about 10% faster and with the lower final loss (0.545
against 0.579), whereas in the only final generation, the closer ties of losses were seen by GA. The
proposed technique can enhance waste management process through better sorting and recycling of the
waste materials. Future studies will be conducted on hybrid metaheuristic strategies and continue
optimization to the convolutional layers in classifying waste.

Categories: AI applications, Algorithm Analysis, Artificial Intelligence and Machine Learning in the Cloud
Keywords: waste classification, genetic algorithm (ga), particle swarm optimization (pso), convolutional neural network
(cnn), optimization techniques, artificial intelligence

Introduction
Recycling waste materials is necessary because of the decreasing natural resources [1]. Recycling of
waste materials is a building block for a sustainable society. If the waste materials are not recycled in a
proper way, they can create many problems, like air pollution, water pollution, and various diseases in
living organisms. The present waste material separation and recycling processes require authorities to sort
garbage by hand and use various filters to separate out objects. The motivation of this work is to find an
optimized automatic technique for sorting waste materials. This will help to make recycling plants more
efficient and help reduce the adverse effects of waste materials. Sorting the waste materials manually
takes a lot of time and is not 100% accurate. Manual sorting can increase the cost of recycling and have a
harmful effect on the health of the waste sorting workers [2]. This will not only have positive environmental
effects but will also have a constructive effect on the economic growth of a country [3,4]. In addition, the
application of an advanced waste classification system can save a lot of us from environmental risks simply
by minimizing the improper disposal and increasing the recycling rates. Organizations that are devoted to
protecting the environment like World Wide Fund For Nature acknowledge the fact that the effective waste
management is vital for the protection of natural ecosystems and public health [5,6]. There are intellectual
and environmentalist groups whose members are active in their local areas, advancing their objectives.
Automation of garbage classification is very necessary nowadays due to the increasing garbage
production in the world. The average waste generated by a person per day is 0.58 kg [7]. With the current
rapid growth in global garbage production, solid waste will reach up to 2.2 billion tons per year by the year
2025, and the cost of disposing of the waste will be approximately 375.5 billion dollars [8]. The increasing
garbage production has a bad effect on the environment. The utilization of garbage materials and the
optimization of the garbage disposal process are urgent issues that are currently a major concern for
countries around the world. There are two main challenges in the current recycling of waste materials: the
garbage is sorted manually by workers, which is not efficient, and classifying the garbage material
manually is not accurate. It is an important task to solve these two problems in the recycling process of
waste materials. Convolutional neural networks (CNNs) have emerged as excellent tools for automating
trash categorization tasks, owing to their ability to extract intricate features from waste material images.
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However, tuning CNN parameters for optimal classification accuracy remains a complicated and difficult
task. Traditional optimization approaches may be insufficient for successfully navigating the high-
dimensional parameter space. Metaheuristic optimization approaches provide interesting opportunities for
improving CNN performance in garbage classification problems. Genetic algorithm (GA) and particle
swarm optimization (PSO) are two metaheuristic algorithms that are well known for their capacity to
effectively explore and exploit solution spaces in search of near optimal solutions [9,10]. GA mimics natural
selection by developing candidate solutions over multiple generations, whereas PSO replicates swarming
particle behavior to iteratively enhance solution quality. This work suggests using GA and PSO to optimize
CNN’s dense layer for garbage classification, with the goal of improving classification accuracy and
streamlining waste management operations. By utilizing the strengths of these metaheuristic algorithms,
we seek to enhance the efficiency of garbage classification systems, thus contributing to sustainable waste
management techniques.

Garbage disposal has become a serious problem in recent years, owing to the increased use of single-use
items [5]. This encompasses everything from bottled water to throw-away coffee cups, packing foam to
medical waste, light bulbs to plastic bags. Several ways to categorize garbage have been developed
utilizing computer vision systems. Juan Carlos et al. [11] demonstrated an automated garbage sorting
system intended for Colombian high schools. The system consists of three modules: image capture with a
webcam in a regulated lighting box; image processing using grayscale image correlation against a
database of trash photos; and a robotic system that opens the relevant waste bin based on categorization.
The method achieved testing accuracy of 75%, 72%, and 87% for plastic bottles, soda cans, and
cardboard boxes, respectively. In comparison research, Sakr et al. [12] compared CNN using AlexNet to
support vector machines (SVM) using a bag of features technique for waste image categorization. SVM
outperformed CNN (83%), with an accuracy of 94.8%. The SVM model was installed on a Raspberry Pi 3
to do image-based waste sorting. Nnamoko et al. [13] suggested a unique five-layer CNN architecture for
classifying garbage images into recyclable and organic categories. Utilizing an enhanced version of Sakr’s
waste products categorization dataset for training, the more compact 80 × 45 resolution model
demonstrated 80.88% testing accuracy, surpassing the performance of the larger 225 × 264 model
(76.19%), despite its lighter weight and shorter training duration. Chhabra et al. [14] proposed a unique
CNN architecture that incorporates leaky ReLU activation, batch normalization, max pooling, and dropout
for categorizing images into food waste and general waste categories. On the given dataset, their
architecture achieved an F1-score of 87.12%, an accuracy of 88.54%, and a recall of 87.62%. The
EfficientNet-B0 CNN model, which was pre-trained on ImageNet, was suggested to be used by Malik et al.
[15] to categorize municipal solid waste images into 34 groups. An accuracy of 81.2% was attained while
requiring four times fewer computer operations than the bigger EfficientNet-B3 model through the fine-
tuning of a region-specific waste image dataset. Using a frozen state for pre-trained layers and a waste
dataset to train new layers, the approach included transfer learning. Altikat et al. [1] classified images of
plastic, glass, paper, and organic garbage using deep convolutional neural networks (DCNN) with four- and
five-layer architectures, respectively. The five-layer DCNN attained a classification accuracy of 70%,
whereas the four-layer DCNN scored 61.67%. Song et al. [8] developed an algorithm, which was inspired
by Inception-V4 and ResNet network. The developed algorithm can detect four types of waste material with
an accuracy of 94.38%. Singh et al. [2] developed a deep learning algorithm to classify waste as
biodegradable and non-biodegradable. Sudha et al. [16] used SVM and CNN to classify images with
garbage and images which did not contain any garbage material. CNN was optimized using GA to classify
six types of waste materials, and an accuracy of 99.6% was achieved on the TrashNet dataset [3]. Zhang
et al. [17] achieved an accuracy of 95.87% on the TrashNet dataset using CNN. Zhang et al. [18] proposed
DenseNet169 garbage image classification deep learning model based on transfer learning, and an
accuracy of 82% was achieved. A deep learning model was trained to achieve an accuracy of 87% for
classifying four types of waste materials, namely plastic, metal, glass, and paper [19]. Inception-v3 was
used for the classification of six types of waste, and an accuracy of 92.5% was achieved [20]. Smart
dustbin was able to differentiate six types of waste materials with an accuracy of 92% using CNN [21]. In
order to automatically sort the garbage generate in metropolitan areas, Chu et al. [22] presented a
multilayer hybrid deep learning system. By analyzing various fertilizing phase images, Xue et al. [23]
offered CNN as a means of achieving quick fertilizer analysis. When Aral et al. [24] examined many deep
learning models for categorizing the TrashNet dataset, they examined DenseNet, Inception ResNet,
MobileNet, and Xception structures. Nowakowski and Pamula [25] put forward a novel approach to
categorizing and identifying electronic waste. Sousa et al. [26] proposed a faster region-based CNN that is
hierarchical and can recognize and categorize trash in food trays. ResNet-based intelligent trash
categorization was proposed by Adedeji and Wang [27]. Using preprocessing and classification,
Mazloumian et al. [28] suggested DNN for the categorization of food waste. In a study by Vyas et al. [29],
the combination of image augmentation techniques with a ResNeXt-50 architecture was shown to achieve
validation accuracies greater than 99% on waste datasets, indicating that deep learning methods are
scalable on real-world waste sorting scenarios. Caballero et al. [30] used CNNs to predict recyclable
objects from complex waste images and achieved top-1 accuracies of up to 99% on bespoke datasets,
using model quantization and other techniques to enable deployment on resource-constrained devices. Yu
and Grammenos [31] employed transfer learning paired with a systematic tuning of the training parameters
including learning rate schedulers and layer freezing to boost image processing for waste classification
increasing test accuracy from 91.21% to 95.40% via data augmentation. The end of human intervention in
waste sorting was proposed by Shah and Kamat [32] who proposed to use CNNs to distinguish between
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organic and recyclable waste having an accuracy of 94.9%. Nasir and Aziz Al-Talib [33] critically compared
the various AI techniques for waste classification and also pointed out the challenges existing in using
limited training datasets, with the need for strategies of augmented data. Ranjbar et al. [34] suggested a
deep learning method for the recognition and sorting of waste plastic bottles based on RGB and infrared
image inputs. They employed RevCol as the backbone network, with a lightweight decoupling head, and
used the WIoU v3 loss function to increase both detection accuracy and efficiency. Likewise, Xie et al. [35]
introduced a deep learning system to machine-learn the resin type of construction and demolition plastic
waste from RGB images. By leveraging transfer learning using pre-trained CNN and Vision Transformer
models, ResNet, RegNet, and Swin Transformer, and by distilling knowledge from the Swin Transformer
into MobileNetV3, this approach improves the performance of lightweight models. Collectively, these
contributions illustrate how deep learning-based waste classification systems can rapidly evolve. In addition
to providing innovative solutions for sorting municipal and electronic waste, they offer an important basis
for smart city applications aimed at improving recycling efficiency and environmental sustainability.

In this section, we also discuss the components used in our proposed method. In particular, we discuss the
basics of the CNN, GA, and PSO, three building blocks used in this study. In the next section, we will
discuss the proposed method for evolving the CNN through GA and PSO for waste material classification.

Convolutional neural network
CNN is one of the most popular types of neural networks. It can achieve high accuracy in problems
involving image data. CNN is composed of layers, as shown in Figure 1, such as the convolutional layer,
pooling layer, nonlinearity layer, and dense layer [36]. It helps reduce the number of parameters in the
neural network. The convolutional layer is the second layer in the CNN, following the input layer, which is
typically an image or video. One of the most important components of the convolutional layer is the kernel
[37]. The dot product of the kernel and the input pixels is computed to produce feature maps. The
convolutional layer helps in detecting lines, edges, curves, and colors. Features in the images are detected
by multiplying the kernel values with the pixels of the image from left to right.

FIGURE 1: Layers in convolutional neural network

The third layer of CNN is the non-linearity layer. The main component of this layer is the activation function.
The function of the activation function in the non-linearity layer is the same as its function in other neural
networks. Its main purpose is to normalize the image. One of the most popular activation functions used by
CNN is ReLU. The fourth layer in CNN is the pooling layer. The pooling layer is used to reduce the number
of parameters, so it takes less time to train CNN, and the problem of overfitting is also solved to some
extent. On the feature map, the pooling operation is applied. Usually, a 2 × 2 filter is used for the pooling
operation. Mean, max, and min are some types of pooling operations. The final layer of CNN is known as
the dense layer. It is called a dense layer because the neurons in each layer are fully connected to all the
neurons in the next layer. The task of this layer is to classify the images. The main components of this layer
are layers, neurons, and activation functions. Output layer neurons are the same as the number of classes
in the problem to be solved.

Genetic algorithm
GA is an algorithm used for finding the exact solution or a close-to-exact solution for optimization and
search problems [38]. It is a population-based optimization algorithm. In these types of algorithms, new
solutions are generated from the current solutions in order to find better results for a given problem. Each
population in the GA has a number of solutions called individuals. Each individual consists of a
chromosome, and the chromosome consists of genes. There is a fitness value associated with each
individual, which is computed through a fitness function. GAs can have multiple generations in order to find
the optimal solution for the optimization problem. The first generation of GA is populated randomly.
Individuals having good fitness values produce a good solution. In the selection stage, the individuals
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having the best fitness value among the population are selected for the crossover stage to produce better
individuals so better results can be achieved, and for diversity, some of the individuals with low fitness
scores are also selected. In the crossover stage, two parents are selected from the selection stage, and an
offspring is produced with a mixture of features from both parents. In the mutation stage, some of the
children are randomly selected, and their features are randomly mutated in order to produce offspring with
better features. However, it is not guaranteed that the mutated features are always better than the features
that are inherited by the parents in the crossover stage.

Particle swarm optimization algorithm
PSO was proposed by Kennedy and Eberhart in 1995. The PSO algorithm is inspired by the social
behavior of some animal groups. It can be more difficult for animals to find food alone than when they are
searching for food in groups. PSO is an optimization algorithm that can solve complex problems with a few
lines of computer code [39]. PSO is computationally less expensive than other optimization algorithms in
terms of memory and speed. In PSO, agents (also called particles) are the main components of a swarm.
The agents move in the search space in order to find an optimal solution. The best position achieved by
each agent is known as their personal best. The best value achieved by the neighboring agents of any
agent is known as the global best [10]. Some of the parameters of particle swarm optimization are agents,
velocity, cognitive constant, random numbers, social constant, position of the agent, personal best of the
agent, and global best. The algorithm of PSO can be simulated for several iterations until an optimal
solution is found [40]. There are built-in functions for the PSO algorithm in many programming languages,
like Python, Java, and C++. PSO is usually used for minimization problems. There are many neighborhood
topologies for PSO, such as star topology, ring topology, and wheel topology [41].

Materials And Methods
In this section, the dataset and techniques used for evolving CNNs through optimization algorithms such
as GA and PSO are discussed.

Waste dataset
In this research, the waste image dataset [42] used for training, validation, and testing of the neural
network comprises 12 categories of waste materials: food, plastic, cardboard, green glass, transparent
glass, brown glass, metallic waste, paper, general waste, batteries, garments, and footwear. The dataset
contains a total of 16,148 images, which were divided into 85% for training (13,725 images), 10% for
validation (1,615 images), and 5% for testing (808 images). The images were resized to 220 × 220 pixels.
To prevent overfitting, data augmentation techniques, including random rotations, flips, scaling, and
brightness jitter, were applied to the training set. Each CNN architecture, whether baseline or optimized,
was trained using the augmented training data (85%), with hyperparameters tuned on the validation set
(10%). Final accuracy and loss metrics were reported on the test data, which was held out using 5% of the
data.

Structure of deep CNN
The constant parameters used in the CNN are listed in Table 1. 

Parameters Values

Convolutional layers 6

Activation function of convolutional layer ReLU

Pooling layers 6

Step size 2

Optimizer Adam

Loss function Categorical cross-entropy

Leaning rate 0.0001

TABLE 1: Constant parameters of convolutional neural network
ReLU, Rectified Linear Unit

The CNN used in this study consists of six convolutional layers and six pooling layers. A step size of 2 is
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applied in both the convolutional and pooling layers. Techniques such as dropout and batch normalization
are employed to mitigate overfitting, while data augmentation is used to expand the dataset. The Adam
optimizer, recognized for its effectiveness in training deep neural networks, is utilized with a learning rate
set to 0.0001. Categorical cross-entropy, chosen for its suitability in problems with multiple output classes,
is employed as the loss function.

Baseline CNN architecture
To measure the advantage of optimization, we first took a baseline CNN with no optimization. It included
six blocks of Conv2D, Batch Normalization, ReLU, and MaxPooling (2 × 2), and two fully connected layers
with 512 neurons (ReLU) and Dropout (0.5). The output layer had 12 neurons with softmax activation. Its
compilation uses the Adam optimizer (learning rate 0.0001) and categorical cross-entropy loss, and it was
trained on 30 epochs.

Evolving CNN’s dense layer with GA and PSO
In this study, GA and PSO are used to find a deep neural network with a minimum loss score for
classifying waste materials. The number of dense layers and the parameters in the dense layer, which are
the number of neurons and activation functions, are modified through these optimizers to find an optimal
neural network. The search space is shown in Table 2. The modified parameters are the same in all dense
layers if optimizers modify the number of layers to more than one layer.

Parameters Search space

Layers 1, 2, 3, 4

Number of Neurons 64, 128, 256, 512, 768, 1,024

Activation functions ReLU, ELU, Tanh, Sigmoid

TABLE 2: Search space
ReLU, Rectified Linear Unit; ELU, Exponential Linear Unit; Tanh, Hyperbolic Tangent

The GA used for evolving the CNN consists of these steps:

1. We created five neural networks using the parameters listed in Table 2. They were the individuals in the
population for the first generation, as shown in Figure 2.

2. The loss of each network is calculated on the test dataset after training the model in the first generation.
Classification loss is used as a fitness function.

3. For the next generation, the networks in the first generation are sorted by their loss score. Networks with
low loss scores are retained, and some of the high-loss networks are also retained for maintaining
diversity.

4. Crossovers are done between the neural networks retained in Step 3 to produce children.

5. Some of the children were mutated randomly to produce better neural networks.

6. The GA had four generations, with each population having five neural networks. So in total, 20 neural
networks were trained.
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FIGURE 2: First generation
ReLU, Rectified Linear Unit; ELU, Exponential Linear Unit; Tanh, Hyperbolic Tangent

PySwarms, which is a Python library for PSO, was used for evolving CNN with PSO. There were five
agents generated for this study, and the PSO algorithm was run for four iterations. The steps to evolve
CNN by PSO are explained as follows:

1. The population of agents is generated for the PSO algorithm. The parameters of PSO are set, such as
the number of iterations, number of particles, social constant, cognitive constant, inertial weight, and two
random numbers.

2. Then, the CNN is trained with the parameters obtained by the PSO algorithm.

3. The loss value of CNN is used as the objective function of PSO.

4. Then, the objective function of the PSO algorithm is evaluated.

5. The parameters of PSO are updated. Each agent updates its position and velocity, which depends on its
best position and the best position in the whole swarm.

6. The best solution is selected that gives the lowest loss value among all networks.

7. The search space for particles used is presented in Table 3.

Particle coordinates Parameters Search space range

X1 Number of layer 1, 2, 3, 4

X2 Number of neurons 64, 128, 256, 512, 768, 1,024

X3 Activation function ReLU, Tanh, Sigmoid, ELU

TABLE 3: Search space of particles
ReLU, Rectified Linear Unit; ELU, Exponential Linear Unit; Tanh, Hyperbolic Tangent

Results
Each model was trained for 30 epochs. The dense layer was optimized using GA and PSO, which
considered the number of dense layers, neurons, and activation functions. GA operated through four
generations, each consisting of five individuals, whereas PSO ran for four iterations, each containing five
particles. This approach generated 20 neural networks with different dense layer configurations in the CNN
for garbage categorization. All models (baseline, GA optimized, and PSO optimized) were trained using an
NVIDIA K80 GPU.
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Model Test accuracy (%) Test loss

Baseline CNN 76.78 0.9359

GA‑Optimized CNN 85.32 0.5790

PSO‑Optimized CNN 85.42 0.5450

TABLE 4: Accuracy and loss comparison: Baseline vs. GA optimized vs. PSO optimized
CNN, Convolutional Neural Network; GA, Genetic Algorithm; PSO, Particle Swarm Optimization

Table 4 illustrates that both GA and PSO significantly improve performance over the non-optimized
baseline, increasing accuracy from 76.78% to approximately 85.4%. GA achieves an accuracy of 85.32%
with a test loss of 0.5790, while PSO achieves 85.42% accuracy with a test loss of 0.5450, an
improvement of about 8.6 percentage points. These results indicate that dense layer optimization is highly
effective and supports further analysis of convergence behavior and computational overhead.

Generations no. Best-result individuals
Parameters

Accuracy Loss
Layers No. of neurons Activation function

1 1 1 512 ReLU 0.8271 0.7009

2 3 1 768 ReLU 0.8209 0.5987

3 4 1 512 ELU 0.8532 0.5790

4 3 4 64 ReLU 0.8423 0.6250

TABLE 5: Results of genetic algorithm
ReLU, Rectified Linear Unit; ELU, Exponential Linear Unit

Iterations no. Best-result particles
Parameters

Accuracy Loss
Layers No. of neurons Activation function

1 4 2 1,024 Sigmoid 0.8542 0.5514

2 1 2 512 Sigmoid 0.8475 0.5450

3 1 2 768 Tanh 0.8508 0.5477

4 5 2 768 ELU 0.8443 0.5662

TABLE 6: Results of particle swarm optimization algorithm
ELU, Exponential Linear Unit; Tanh, Hyperbolic Tangent

The results are further summarized in Tables 5 and 6, which present the best-performing individuals from
each GA generation and the best-performing particles from each PSO iteration, respectively, along with
their model configurations, accuracy, and loss. GA achieved a maximum accuracy of 85.322% (Generation
3) with a loss of 0.5790. The generation accuracies for GA ranged from 82.092% to 85.322%, and the
losses ranged from 0.5790 to 0.7009 across the four generations. In comparison, the best accuracy
achieved by PSO was 85.42% (Iteration 1) with a loss of 0.5514. The accuracies of PSO’s particles ranged
from 84.43% to 85.42%, and the losses ranged from 0.5514 to 0.5662. Overall, PSO produced more high-
performing models per iteration than GA.
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FIGURE 3: Genetic algorithm loss convergence

FIGURE 4: PSO loss convergence
PSO, Particle Swarm Optimization

Figure 3 indicates that in Generation 1, individuals in GA start at high and spread loss values (i.e., 0.7009-
0.9359), representing slow initiation and a large gap among solutions. At Generation 4, the optimal GA
loss further decreases to 0.5810, but the range is very wide (up to 0.6276), which also shows that GA is
prone to searching an extensive solution area. Figure 4 displays the behavior of PSO. At Iteration 2, its best
loss becomes 0.5450, and at Iteration 3, it reaches the overall best of 0.5385. The formation of the losses
by PSO at Iteration 4 extends between 0.5662 and 0.6865. It is interesting to note that three of the five
PSO particles (0.5662, 0.5717, and 0.5817) have their final solutions less than the GA best (0.5810), and
two particles have their solutions greater than the worst solution of GA (0.6865 and 0.6300). This shows
that PSO not only converges quicker and lands at minimal minima but also has far more solutions that
surpass the best solution in GA, even though some runs are somewhat slower.

These observations indicate that PSO not only converges more quickly and consistently reaches lower
minima but also produces more high-quality solutions than GA, despite some variability in performance
across iterations.
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FIGURE 5: Compute time comparison
GA, Genetic Algorithm; PSO, Particle Swarm Optimization

Figure 5 is a comparison of total computation time. PSO takes about 13.5 hours to run its four iterations,
and GA requires 14.58 hours, which is almost 15 hours to run the same number of individuals, a time
difference of about 10%. Overall, PSO is significantly faster in converging and frequently finds many better
solutions in less time than GA, which delivers more uniform though higher losses because of the larger
exploration. 

Discussion
The experimental findings clearly showed that both PSO and GA brought significant improvements to the
waste classification accuracy over the non-optimized baseline model. Both optimization techniques
performed well above 84% on test accuracy, with PSO achieving the highest test accuracy of 85.42%,
compared to GA's 85.32%. PSO also resulted in lower values of loss between iterations (best loss of
0.5450) than GA (best loss of 0.5790). Both GA and PSO showed a progressive decrease in the values of
loss across generations and iterations, and by the last stage, reliable convergence was observed. In the
fourth generation, it was interesting to note that GA had a close final cluster of loss values, with most
individuals clustering around 0.580-0.630, in comparison to PSO, which was slightly more dispersed in the
fourth iteration, with loss values ranging from 0.566 to 0.686. This showed that PSO achieved smaller peak
losses and better convergence at the initial stages. GA, in turn, had a more consistently good population in
its final generation, indicating its local-search enhancement ability in later iterations.

A notable point of observation is that PSO reliably found high-performing configurations with less variation
when compared to GA. The evolutionary characteristic of GA supports varied solutions but is more
susceptible to variations in performance, owing to the risk of getting stuck in local optima. PSO, conversely,
features the swarm intelligence mechanism that ensures a fast convergence and comparably high
accuracy with minimized loss fluctuation. It is, however, worth mentioning that GA has a larger exploration
space, which means that it has the potential to search through more candidate solutions, which may prove
useful in problems that need diversity in architecture.

Moreover, one of the constraints that were applied to this study is that every dense layer of a specific CNN
will have the same number of neurons and activation functions. Although this simplification also led to
quicker convergence in both optimization approaches, it could have limited the discovery of more diverse
architectures. It was noted that such combinations of hyperparameters as a single dense layer with ELU
activation and 64 neurons in the case of GA, and two dense layers with Sigmoid activation and 1024
neurons in PSO, were observed in models that performed well. These findings indicate that there is a need
to investigate more dynamic level-wise optimization of hyperparameters in the future to possibly attain
even greater classification performance. Additionally, the computational study showed that PSO needed a
time of about 13.5 hours to complete its four optimization iterations, whereas GA needed a time of about
15 hours to reproduce four generations, implying faster convergence of PSO under the same hardware
specifications (NVIDIA K80 GPU). This also proves the usefulness of PSO in situations that involve less
computation power or when fast convergence of a model is important.

However, this work only considered tuning the dense layer hyperparameters, but future work will explore
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hyperparameter optimization on convolutional-layer parameters like kernel size, learning rate, dropout rate,
and optimizer settings. Further, the usage of hybrid metaheuristic methods, where the global searching
abilities of the GA are implemented together with the fast convergence properties of the PSO, will offer a
proactive trend in the further enhancement of the CNN-based waste classification systems.

Conclusions
For waste classification from 12 categories, GA and PSO were applied to optimize the number of dense
layers and their parameters in CNNs. The results of both techniques were competitive in that GA achieved
an accuracy of 85.32%, and PSO overtook it, achieving a maximum accuracy of 85.42%. PSO was also
more stable in its performance, as it recorded lower test losses (0.5450 as compared to 0.5790 by GA) and
faster times of convergence. As comparative analysis shows, PSO, due to the presence of the faster
convergence and more reliable loss values, is a suitable candidate in a condition where there is a limit on
computational resources or stability of the model is of key concern. However, the wide search capability
that GA has could enable it to find other architectures that may give valuable and alternative solutions to
difficult tasks. In addition, optimization of the same number of neurons and activation functions on each
dense layer enhanced convergence, but this limitation might have reduced the exploration space and
consequently architectural variety.

These findings also affirm the usefulness of the evolutionary algorithms in optimizing the CNN
hyperparameters in waste management. Computational reasons made it necessary to keep the number of
training epochs constant (30) across all experiments. Future research could thus explore increased training
time on stronger GPUs, examine the tuning of convolutional-layer parameters, and explore hybrid
metaheuristic methods or layer-wise flexible tuning techniques. These enhancements can lead to more
improvements in classification accuracy and model generalization in waste classification and other
computer vision tasks.
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