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Abstract—This study presents the Bayesian-Optimized Attentive Neural Network (BOANN), a 

novel approach enhancing image classification performance by integrating Bayesian optimization 

with channel and spatial attention mechanisms. Traditional image classification struggles with the 

extensive data in today's big data era. Bayesian optimization has been integrated into neural networks 

in recent years to enhance model generalization, while channel and spatial attention mechanisms 

improve feature extraction capabilities. This paper introduces a model combining Bayesian 

optimization with these attention mechanisms to boost image classification performance. Bayesian 

optimization optimizes hyperparameter selection, accelerating model convergence and accuracy; the 

attention mechanisms augment feature extraction. Compared to traditional deep learning models, 

our model utilizes attention mechanisms for initial feature extraction, followed by a Bayesian-

optimized neural network. On the CIFAR-100 dataset, our model outperforms classical models in 

metrics such as accuracy, loss, precision, recall, and F1 score, achieving an accuracy of 77.6%. These 

technologies have potential for broader application in image classification and other computer vision 

domains. 

Keywords—Deep learning; Image classification; Convolutional neural network; Bayesian 

optimization 

 

Introduction 

Image classification is one of the basic tasks of computer vision, that is, given an input image, a 

certain classification algorithm is used to determine the category to which the image belongs. There 

are many ways to classify images, and different classification results will be obtained based on 

different classification standards. The main processes of image classification include image 

preprocessing, image feature description and extraction, and classifier design. Preprocessing includes 

image filtering (such as median filtering, mean filtering, Gaussian filtering, etc.) and normalization 

operations, whose purpose is to facilitate the subsequent processing of the target image. Image 

features are descriptions of its salient attributes, and each image has unique characteristics [1-6]. 

Feature extraction is to select and extract appropriate features according to the established 

classification method based on the characteristics of the image itself. A classifier is an algorithm that 

classifies target images based on selected features. 

Traditional image classification methods are processed according to the above process. Their 

performance differences mainly depend on feature extraction and classifier selection. The features in 

traditional image classification algorithms are all manually selected. Commonly used image features 

include low-level visual features such as shape, texture, and color, as well as local invariant features 

such as scale-invariant feature transforms , local binary pattern, and oriented gradient histograms [7-

9]. Although these features have a certain degree of universality, they are not very targeted to specific 
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images and specific division methods. In addition, for images of some complex scenes, it is very 

difficult to find artificial features that can accurately describe the target image. Traditional classifiers 

include K nearest neighbors and support vector machines [10-11]. For some simple image 

classification tasks, these classifiers are simple to implement and have good results. However, when 

the category differences are subtle or the image interference is serious, their classification accuracy 

drops significantly. Therefore, traditional classifiers are not suitable for the classification of complex 

images. 

With the advent of the intelligent information age, deep learning has emerged. As a branch of 

machine learning, deep learning aims to simulate the human neural network system, build a deep 

artificial neural network, analyze and interpret the input data, and combine the underlying features 

of the data into abstract high-level features. This technology has played an irreplaceable role in 

artificial intelligence fields such as computer vision and natural language processing. As a typical 

representative of deep learning, the Deep Convolutional Neural Network (DCNN) performs well in 

computer vision tasks. Compared with traditional image classification algorithms that rely on 

manual feature extraction, convolutional neural networks extract features from input images through 

convolution operations, and can effectively learn feature expressions from a large number of samples, 

thereby enhancing the generalization ability of the model. For example, in autonomous driving, 

CNNs have improved tasks like recognizing images, understanding the environment, and planning 

paths [33]. Methods like Class Probability Space Regularization (CPSR), Multiple Distributions 

Representation Learning (MDRL), and advanced U-Net models with SimAM and CBAM have 

significantly improved image segmentation accuracy, including pixel-level precision, complex scene 

analysis, and multimodal healthcare applications [34][35][36]. Deep learning has also improved 

medical imaging by automatically identifying features like tumors, enhancing diagnostic accuracy 

[37]. In cybersecurity, AI and ML boost data security through faster threat detection, risk prediction, 

and smarter decision-making [38]. Dynasmile, a video-based smile analysis software that uses AI, 

make smile analysis faster and more accurate in orthodontics, advancing esthetic rehabilitation 

dentistry [39]. 

Figure 1 shows a classic neural network structure with three levels. The number of nodes in the 

input layer and the output layer is often fixed, and the number of nodes in the middle layer can be 

freely specified. The topology and arrows in the neural network structure diagram represent the data 

flow in the prediction process; the key in the structure diagram is not the circle (representing the 

neuron), but the connecting line (representing the connection between neurons), each connecting line 

corresponds to a different weight (its value is called weight), which needs to be trained. 

 

Figure 1. Classical neural network structure. 

Among the many neural network models, AlexNet, GoogleNet, VGG16 and ResNet are classic 

representative architectures that have achieved breakthrough results in large-scale image recognition 

tasks [12-15]. The introduction of these models not only promoted the development of deep learning 

research, but also demonstrated strong performance in practical applications [30-32]. 

These models have excelled in real-world applications, such as optimizing GPU partitioning for 

better control in autonomous systems [40]. Bayesian optimization has been successful in black-box 

model tasks, using Neural Processes to handle large parameter spaces [41]. V2F-Net is great at 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 February 2025 doi:10.20944/preprints202409.2367.v2

https://doi.org/10.20944/preprints202409.2367.v2


 3 of 10 

 

pedestrian detection, even in occluded situations, by separating visible and full-body estimation [42]. 

Duality-based methods have achieved sublinear regret in decision-making within Markov decision 

processes [43]. Confident learning techniques have helped visual defect detection in noisy, 

imbalanced industrial data [44]. Multi-modal deep learning has improved classification of repairable 

defects by combining tabular and image data [45]. K-means clustering with SVMs has boosted 

classification in robotics tasks [46]. 

Although these classic deep learning models have performed well in image classification tasks, 

as application requirements increase and data scale expands, how to further improve the 

performance of neural networks remains an important research direction. In recent years, Bayesian 

optimization, channel attention mechanism, and spatial attention mechanism have received 

widespread attention as effective means to improve the performance of neural networks. Bayesian 

optimization efficiently searches for optimal hyperparameters by constructing a proxy model, while 

channel attention mechanism and spatial attention mechanism enhance the representation ability of 

the model by adaptively adjusting important information in the feature map [28-29]. 

This paper aims to reproduce the classic neural network models AlexNet, GoogleNet, VGG16 

and ResNet, and on this basis, design and implement an improved model that combines Bayesian 

optimization, channel attention and spatial attention. Through experimental comparison, this paper 

will analyze and verify the performance advantages of the improved model in image classification 

tasks. 

Methods 

In this chapter, we will introduce our proposed method in detail. The network mainly integrates 

the spatial attention mechanism, channel attention mechanism and Bayesian neural network based 

on Bayesian optimization. Figure 1 shows the classification network structure proposed in this paper. 

A. Bayesian Optimization 

Bayesian optimization is a commonly used hyperparameter selection method Error! Reference 

source not found.. It is a global optimization algorithm based on Bayes' theorem and is usually used 

when the objective function is difficult to calculate or the calculation cost is high. Specifically, in 

Bayesian optimization, the selection of hyperparameters is expressed as: 

1 )arg ma (xn   + =  (1) 

Among them, α(θ) is the acquisition function, and the next set of hyperparameters is selected by 

maximizing α(θ). Through Bayesian optimization, the neural network model can find the optimal 

hyperparameter combination in a shorter time, thereby improving the performance and training 

efficiency of the model. In the model of this article, Bayesian optimization is combined with Bayesian 

neural network in order to search and select the best hyperparameter configuration more efficiently.  

Specifically, some adjustable hyperparameters in the model are used as search objects, and Bayesian 

optimization is performed in each training. Bayesian optimization updates the mean and variance 

functions of the proxy model in each iteration, and re-evaluates and adjusts each hyperparameter by 

selecting the acquisition function. This adjustment process makes the model's hyperparameter 

configuration more reasonable, effectively improves model performance and reduces the possibility 
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of overfitting.  

 

Figure 1. The classification network structure is proposedFusion Attention Mechanism. 

The channel attention mechanism highlights the information of specific channels in the data by 

assigning different weights, thereby enhancing the expressive power of the model Error! Reference 

source not found.. The spatial attention mechanism pays more attention to the spatial position of the 

feature map. It expresses the importance of different positions in the form of weights, making the 

model pay more attention to useful spatial areasError! Reference source not found.. In the fusion 

process, the feature map is first input into the channel attention module. Then, the global information 

of each channel is obtained by global average pooling and maximum pooling operations. Then, the 

pooled features computed from the shared multi-layer perceptron are fused to generate channel 

attention weights. These weights enhance the key information between channels by performing 

channel-wise weighting on the original feature maps. The channel attention is defined as follows: 

 
( ) ( )

( )

V AvgPool X MaxPool X

MLP V

= +

=
 (2) 

Among them, V is the feature of the previous layer, maxpool is the maximum pooling, avgpool 

is the average pooling, and MLP is the multi-layer perceptron model.The channel-weighted feature 

map is then input into the spatial attention module. In this part, the feature map first generates a 

spatial attention map through channel aggregation operations, such as average pooling and 

maximum pooling in the channel dimension. This image is used to represent the importance of each 

spatial position in those feature map, and then the feature map is weighted in the spatial dimension 

to retain important spatial information. The spatial attention is defined as follows: 

 
'
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Among them, i and j represent the position. 𝑋′ represents the output of the spatial attention 

module. The weights and biases are multiplied by the features position-wise. The order of channel 

first and then space can first extract the global information of important channels, and then further 

select key spatial regions from them, effectively focusing on the most useful features Error! Reference 

source not found..The comprehensive attention process can be encapsulated as: 
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Where ⊗ denotes that the elements at each position are multiplied. 𝛽 represents the channel 

attention weight, and 𝛼 represents the spatial attention weight. ‘b’ represents the bias of each layer. 

𝛽  performs weighting on each channel and performs the first feature extraction. 𝛼  performs 

weighting on the region in space and performs the second feature extraction. The extracted features 

are sent to the next stage. 

Compared with multi-head attention mechanism, Fusion attention mechanism has higher 

computational efficiency and lower parameter number, because it relies on simple pooling and 

convolution operations to achieve attention allocation, which is suitable for embedding in lightweight 
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devices. In addition, the Fusion attention mechanism has a simple structure and is easy to integrate 

directly into existing convolutional neural networks without significant changes to the backbone 

network. At the same time, fusing channel attention and spatial attention together can pay more 

attention to global and local features, which are mainly used for image classification tasks, while the 

multi-head attention mechanism is better at capturing long-distance dependent information, which 

often tends to ignore local information in the image Error! Reference source not found.. 

Experimental Results 

A. Experimental Design 

In order to verify the effectiveness of the improved model in this paper, the CIFAR-100 dataset 

is used as the training and validation set. The dataset contains 60,000 color images, of which 50,000 

are used for training and 10,000 are used for testing. The resolution of each image is 32x32. The dataset 

contains 20 superclasses. Each superclass has 5 subclasses, totaling 100 subclasses. Compared with 

the CIFAR-10 dataset with only 10 subclasses, this has stricter requirements on the generalization 

ability of the model. For the dataset, the pixel value of each image is standardized to a distribution 

with a mean of 0 and a standard deviation of 1. During the input process, random cropping and 

flipping are performed to increase data diversity. To accelerate the experiment, we use NVIDIA 3080 

GPU as the experimental hardware, and use CUDA environment and Pytorch1.12 with CUDA 

environment to accelerate the experiment. 

In the experiment, the proposed method is compared with classic models such as AlexNet, 

GoogleNet, VGG16 and ResNet. In the hyperparameter selection, the learning rate of these classic 

models is 0.01, the loss function momentum is 0.5, and the Dropout rate is 0  Error! Reference source 

not found..  

In order to comprehensively demonstrate the overall performance of the model, this article uses 

four commonly used indicators, including accuracy, precision, recall, and F1 score.  Accuracy 

measures the classification accuracy of the model for the overall sample. Precision measures the 

prediction accuracy of the model for the positive sample. Recall evaluates the recognition ability of 

the model in the positive sample. The F1 score is calculated by precision and recall, which can 

comprehensively reflect the performance of the model on positive samples. By comprehensively 

evaluating the model through the above indicators, we can provide more comprehensive feedback 

on the classification performance of the model on the CIFAR-100 dataset. 

A. Model performance verification 

The results of the baseline model and the model proposed in this paper are shown in Table 1. As 

can be seen from Table 1, the improved model in this paper outperforms other classic models in all 

indicators. The accuracy of the improved model is 77.6%, which is higher than 65.2% of AlexNet, 70.8% 

of GoogleNet, 68.3% of VGG16 and 74.5% of ResNet, indicating that the improved model has better 

classification performance on the CIFAR-100 dataset and can more accurately identify image 

categories. The accuracy of the improved model is 78.3%, which is also significantly higher than other 

models, indicating that the improved model has a higher prediction accuracy for positive samples 

and fewer samples are misclassified as positive. The recall rate of the improved model is 76.8%, which 

is also significantly higher than other models, indicating that the improved model is more sensitive 

to positive samples and fewer samples are missed as negative samples. The F1 score of the improved 

model is 77.5%, which achieves a good balance between accuracy and recall and has the best overall 

performance. From the above results, it can be seen that the introduction of the fusion attention 

mechanism in the improved model plays a key role in feature extraction. The ability of the channel 

attention mechanism to dynamically assign weights to different channels strengthens the important 

features in the channel, while the spatial attention mechanism focuses on the significant areas in the 

image space. Both improve the accuracy of feature extraction. At the same time, the addition of 

Bayesian optimization enables the model to explore a deeper hyperparameter space, giving the model 

more parameter options and improving the generalization ability of the model. The addition of these 

changes has enabled the model to achieve better stability and performance, and also avoided 

overfitting. 
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Table 1. Performance comparison of different models. 

Model Accuracy↑ Precision↑ Recall↑ F1 Score↑ 

AlexNet 65.20% 66.00% 64.50% 65.20% 

GoogleNet 70.80% 71.50% 69.80% 70.60% 

VGG16 68.30% 68.90% 67.40% 68.10% 

ResNet 74.50% 75.20% 73.80% 74.50% 

BNNAM 77.60% 78.30% 76.80% 77.50% 

Table 2. Ablation experiment. 

Model Accuracy↑ Precision↑ Recall↑ F1 Score↑ 

Training 

Time(h)↓ 

Inference 

Time(s/images) 

↓ 

Baseline 

Model 

74.50% 75.20% 73.80% 74.50% 5 0.05 

without 

Bayesian 

Optimizatio

n 

75.20% 75.80% 74.30% 75.00% 4.8 0.045 

without 

Channel 

Attention 

Mechanism 

76.00% 76.50% 75.20% 75.80% 4.6 0.04 

without 

Spatial 

Attention 

Mechanism 

75.50% 76.00% 74.70% 75.30% 4.7 0.042 

without All 

Attention 

75.00% 75.60% 74.20% 74.90% 4.8 0.032 

BNNAM 77.60% 78.30% 76.80% 77.50% 5.1 0.041 

with multi-

head 

Attention 

74.4% 74.8% 73.2% 73.2% 5.3 0.06 

A. Ablation Experiments 

In order to evaluate the impact of each improvement technique on model performance, this 

paper trains and evaluates the above models on the CIFAR-100 dataset and records their accuracy, 

loss value, precision, recall, F1 score and other indicators. The results of the ablation experiment are 

shown in the table 2. 

From the ablation experiment results in Table 2, it can be seen that removing different 

improvement techniques has different effects on the model performance. The improved model is 

better than the basic model in all evaluation indicators, especially the accuracy rate is increased by 

3.1 percentage points. It shows that the introduced improvement technology significantly improves 

the model performance. After removing Bayesian optimization, the accuracy and other metrics of the 

model decreased, but were still better than the baseline model. This shows that Bayesian optimization 

plays an important role in hyperparameter tuning and can help the model find a better parameter 

combination. After removing the channel attention mechanism, the model  

Table 3. Model metrics for different loss functions. 

Model Accuracy↑ Precision↑ Recall↑ 
F1 

Score↑ 

Base 

Model 
75.00% 73.00% 72.00% 72.50% 
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w Cross-

Entropy 
76.00% 74.00% 73.00% 73.50% 

w KL 

Divergence 
75.00% 73.00% 72.00% 72.50% 

Proposed 

Model 
77.60% 78.30% 76.80% 77.50% 

performance declined, especially in accuracy and F1 score, indicating that the channel attention 

mechanism plays an important role in enhancing the model's feature extraction capabilities. After 

removing the spatial attention mechanism, the model performance also declined, but the decline was 

slightly smaller than that of the channel attention. This shows that the spatial attention plays a key 

role in improving the model's attention to key areas. After removing all attention mechanisms, the 

model performance degrades further, but is still better than the base model. This shows that although 

the attention mechanism significantly contributes to performance improvement, Bayesian 

optimization also plays an important role in improving model performance. Through the above 

ablation experiments, we verified the effectiveness of Bayesian optimization, channel attention, and 

spatial attention in improving model performance. By using these improved techniques, the 

classification performance of the basic model on the CIFAR-100 data set is significantly improved. 

From the ablation experiment results in Table 3, it can be seen that different loss functions have 

different effects on the model performance. The cross entropy loss is better than other loss functions 

in all evaluation indicators. Compared with the lowest accuracy, the accuracy is The rate increased 

by 3.6 percentage points, indicating that the introduced loss function significantly improved the 

model performance. After using the mean square error loss, the model performance has declined, 

especially in accuracy and precision, indicating that the cross-entropy loss is important in accurately 

quantifying errors, effectively guiding parameter updates, and significantly improving the 

classification accuracy of the model. effect. As can be seen from the training and inference time data, 

models using channel and spatial attention mechanisms ("w All Improve") demonstrate excellent 

performance without significantly increasing training and inference times. Compared with the 

baseline model, the training time of this model was reduced from 5 hours to 4.8 hours, and the 

inference time was reduced to 0.032 seconds/image. Compared with the 0.05 seconds of the baseline 

model and 0.06 seconds of the multi-head attention mechanism, it saved about 36 seconds. % to 47% 

of the time. This time cost saving is very important in practical applications, especially for scenarios 

that require real-time response such as edge computing and embedded systems.In addition, 

compared with the multi-head attention mechanism, channel and spatial attention not only optimize 

time efficiency, but also maintain or even exceed the baseline level in accuracy. Therefore, the 

combination of channel and spatial attention mechanisms can not only significantly reduce 

computational complexity while ensuring model performance, but also significantly reduce time and 

resource costs, making it an effective method to achieve a balance between performance and 

efficiency.Through the above ablation experiments, we verified the effectiveness of different loss 

functions in improving model performance. By using these improved techniques, the classification 

performance of the basic model on the CIFAR-100 data set is significantly improved. 

Conclusions 

This paper conducts detailed research and experiments on the performance improvement of 

classic neural network models in image classification tasks. This article adopts Bayesian optimization 

method in hyperparameter tuning, which significantly improves the convergence speed and final 

performance of the model. At the same time, this article introduces a channel attention mechanism 

into the model, allowing the model to adaptively adjust the importance of different channels. At the 

same time, the model also introduces a spatial attention mechanism so that the model can better 

capture the spatial relationships in the image and focus on key areas. Through experimental 

verification on the CIFAR-100 data set, the improved model is significantly better than the classic 

model in terms of accuracy, loss value, precision, recall and F1 score, especially the accuracy rate 

reached 77.6%, proving The effectiveness of the proposed improvement method is demonstrated. The 
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successful application of the improved model not only demonstrates the potential of Bayesian 

optimization and attention mechanisms in improving model performance, but also provides new 

ideas for the design of future deep learning models. In the future, these improved technologies may 

be applied and promoted in a wider range of image classification tasks and other computer vision 

fields, further promoting the development of deep learning technology. 
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