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ABSTRACT 

With the booming growth of artificial intelligence (AI) technology, machine learning (ML) as its core 
component has shown enormous potential and application value in solving optimization problems. 
Among numerous ML algorithms, neural networks (NN) have become one of the preferred tools for 
handling optimization problems due to their high flexibility and powerful learning ability. This article 
focuses on the application of NN in the field of image recognition, exploring its solution methods and 
application exploration. Image recognition, as an important branch in the field of AI, aims to recognize 
and understand information in images through computer algorithms. NN can automatically learn 
features in images and construct complex classification models by simulating the connections and 
working modes of human brain neurons. By applying the NN model, the performance of the image 
recognition system has been significantly improved. NN can accurately recognize objects, scenes, 
and text information in images, providing strong technical support for fields such as intelligent 
security, autonomous driving, and medical diagnosis. With the continuous progress of technology 
and the expansion of application scenarios, NN will play an important role in more fields, promoting 
the rapid growth of AI technology. 
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1. INTRODUCTION 

In recent years, the rapid growth of AI technology has attracted widespread attention worldwide [1]. 

From smart homes to autonomous driving, from medical diagnosis to financial analysis, the 

application of AI is ubiquitous, and it is gradually penetrating into every aspect of our lives, changing 

our work and lifestyle [2]. In this wave of AI, NN, as an important component of AI technology, has 

become one of the hotspots in today's technology field due to its strong learning ability and wide 

application prospects [3]. Since its inception, NN has been highly regarded for its unique structure 

and processing methods. Compared with traditional computer algorithms, NN has a distributed 

parallel information processing mechanism and adaptability, which enables it to handle more complex 

and large-scale datasets and learn effective feature representations from them [4]. With the continuous 

increase in data volume and the improvement of computing power, NN has made tremendous 

progress and wide applications in fields such as image recognition, speech recognition, and natural 

language processing (NLP) [5]. 

In the field of image recognition, the application of NN is particularly prominent. Image recognition 

is an important branch in the field of AI, which aims to recognize and understand information in 

images through computer algorithms [6]. Compared with traditional image processing methods, NN 

has stronger learning ability and robustness, which can automatically extract key features in images 

and construct complex classification models [7]. This has made breakthrough progress in the field of 
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image recognition and demonstrated excellent performance in practical applications [8]. Firstly, NN 

can automatically learn feature representations in images. Traditional image processing methods 

typically require manual design of feature extractors to extract key features from images. However, 

this method is not only cumbersome and inefficient, but also difficult to adapt to different tasks and 

datasets. NN, on the other hand, can automatically learn feature representations in images through 

backpropagation algorithms without the need for manual feature extractor design. This enables NN 

to adapt more flexibly to different tasks and datasets, and improves the accuracy of image recognition. 

Secondly, NN can construct complex classification models. In image recognition, we need to classify 

objects or scenes in the image. However, due to the wide variety of objects or scenes in the image 

and the significant differences between them, it is difficult to use a simple classifier for accurate 

classification. NN, on the other hand, can construct complex classification models and map the 

original image data to feature representations in high-dimensional space through nonlinear 

transformations of multiple hidden layers, thereby achieving accurate classification of different 

objects or scenes. It is precisely because NN has such outstanding performance in the field of image 

recognition that it has become one of the hot topics in today's technology field. More and more 

researchers are paying attention to the application of NN in image recognition and constantly 

exploring new algorithms and models. Meanwhile, with the continuous growth of deep learning (DL) 

technology, the performance of NN in the field of image recognition is also constantly improving. 

This article focuses on the application of NN in the field of image recognition, exploring its solution 

methods and application exploration. 

2. THE APPLICATION OF NN MODEL IN IMAGE RECOGNITION 

2.1. Image Recognition 

Image recognition, as one of the core foundational issues in the fields of computer vision and AI, is 

of great importance [9]. In areas such as object recognition, region detection, scene classification, and 

image retrieval, image recognition technology has made significant progress, providing strong 

support for the digitalization and intelligence process of modern society [10]. Among numerous 

image recognition methods, the NN model has become a hot topic and mainstream technology in 

current research due to its powerful data processing and self-learning capabilities. The NN model is 

a computational model that simulates the workings of the human nervous system, consisting of a large 

number of interconnected neurons. These neurons are connected through weights, and by 

continuously adjusting these weights, the model can learn and adapt to complex data distributions. In 

image recognition tasks, the NN model learns image features of different categories through training, 

and uses these features for image classification and recognition during the testing phase. 

2.2. Specific Applications 

Convolutional Neural Network (CNN) is one of the most commonly used NN models in image 

recognition tasks. It extracts local features from images by simulating convolution and pooling 

operations in the human visual system. CNN typically consists of multiple convolutional layers, 

pooling layers, and fully connected layers, each containing multiple convolutional kernels for 

extracting different features from images (as shown in Figure 1). By stacking multiple convolutional 

and pooling layers, CNN can learn hierarchical feature representations of images, thereby improving 

the accuracy of image recognition. In terms of object recognition, CNN has been widely applied in 

various practical scenarios, such as facial recognition, vehicle detection, pedestrian detection, etc. For 

example, in facial recognition tasks, CNN can recognize identity by learning features such as texture 

and shape of the face. In vehicle detection tasks, CNN can accurately detect vehicles in complex road 

environments by learning their appearance and shape features. 



 

51 

 

Figure 1. CNN structure 

Although recurrent neural networks (RNNs) were originally designed for processing sequential data, 

they have also demonstrated their unique advantages in the field of image recognition. By dividing 

images into sequences according to certain rules (such as treating each row or column of an image as 

a sequence), RNN can learn contextual information in the image, thereby improving the accuracy of 

image recognition. In addition, RNN can also be combined with other types of NN models, such as 

CNN-RNN models, to further improve the performance of image recognition. In scene classification 

tasks, RNN can classify images by learning spatial relationships and time series information. For 

example, when identifying different active scenes in video streams, RNN can capture the temporal 

dependencies between frames and combine them with the image features extracted by CNN for 

classification. Generative Adversarial Network (GAN) is a novel NN model that generates high-

quality images through adversarial training between the generator and discriminator. In image 

recognition tasks, GAN can be used for data augmentation and image restoration. By generating 

synthetic images similar to real images, GAN can expand the training dataset and improve the model's 

generalization ability. In addition, GAN can also be used to repair damaged images or improve image 

resolution, thereby improving the performance of image recognition. 

3. DESIGN OF IMAGE RECOGNITION METHODS 

3.1. Algorithm Principle 

In NN, the neuron model is the basic computational unit. Each neuron receives input signals from 

other neurons or external sources, performs weighted summation on these signals, and applies a 

nonlinear activation function to generate output. Assuming that the neuron receives a  input signals, 

the corresponding weights are represented by w . The output Z  of a neuron can be expressed using 

the following mathematical expression: 

 

 bwawawagZ  332211                         (1) 

 

Among them, b  is the bias term of the neuron, which allows the neuron to have a non-zero output 

even without input. 

Considering that the network output layer needs to make quick decisions to quickly recognize the 

category of images, the LIF neuron with the lowest model complexity and highest computational 

efficiency is selected as the constituent unit of the network output layer. The LIF neuron model 

performs excellently in simulating the behavior of biological neurons due to its simplicity and 
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efficiency. The mathematical expression of LIF neurons describes the dynamic changes in their 

membrane potential. The differential equation for the evolution of the membrane potential V  of 

neurons over time without external stimuli can be expressed as: 
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Among them,  tV  represents the membrane potential of the neuron, it  represents the pulse time of 

the i th V4 neuron, iw  is the corresponding connection weight, and 3136N  is the number of V4 

layer neurons. 

In the training process of NN, in order to prevent overfitting, we usually use batch gradient descent 

as the optimization algorithm and cross entropy as the objective loss function for training optimization. 

The batch gradient descent algorithm updates the weights of the network by processing a small batch 

of samples in each iteration, which can reduce computational complexity and accelerate the training 

process. The basic idea of gradient descent is to calculate the gradient of the loss function with respect 

to network weights, and then update the weights in the opposite direction of the gradient to minimize 

the loss function. In the output layer of NN, we usually use the softmax function to convert the output 

of neurons into a probability distribution to represent the predicted probability of each category. The 

cross entropy loss between the output of the softmax function and the true label is used as a loss 

function to measure the difference between the predicted and true results. The formula for calculating 

the partial derivative of the Softmax function is: 
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Among them, lz  is the forward input of the activation function at the end of the l  layer; la  is the 

forward output of the l  layer after passing through the activation function. 

3.2. Experiment 

In order to gain a deeper understanding of the advantages of NN in image recognition, we conducted 

an experiment comparing the recognition accuracy of CNN and Support Vector Machine (SVM). 

Figure 2 visually illustrates the performance of these two methods in the experiment, and it is clear 

from the figure that CNN has a higher recognition accuracy. This is mainly due to the powerful feature 

extraction ability and end-to-end training method of CNN. Firstly, CNN can automatically learn 

hierarchical features in images through structures such as convolutional layers, pooling layers, and 

fully connected layers. These features not only contain local information of the image, but also global 

contextual information. In contrast, the feature extraction methods used by SVM usually only extract 

local information of the image and cannot fully utilize the global structure of the image. 
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Figure 2. Comparison of image recognition accuracy 

Secondly, CNN adopts an end-to-end training approach, which can directly take the original image 

as input and output the final classification results. This training method enables CNN to fully utilize 

the original information in the image, avoiding information loss during the feature extraction process. 

SVM, on the other hand, needs to first convert the image into feature vectors before proceeding with 

classification. During this process, some useful information may be lost. In addition, CNN also has 

strong generalization ability. Through a large amount of training data, CNN can learn common 

features in images and accurately classify new images. SVM, on the other hand, needs to train a 

separate classifier for each category, and its generalization ability is relatively weak. Through this 

experiment, we have demonstrated the advantages of CNN in image recognition. CNN has shown 

better performance than SVM in both recognition accuracy and generalization ability. This is mainly 

due to the powerful feature extraction ability and end-to-end training method of CNN. Therefore, in 

future image recognition research, we can further explore the potential of CNN and attempt to apply 

it to a wider range of fields. 

4. CONCLUSIONS 

In recent years, NN has become an indispensable part of people's lives and work. Especially in the 

field of image recognition, the application of NN has achieved significant results, greatly promoting 

the growth of the AI field. This article focuses on the application of NN in the field of image 

recognition, exploring its solution methods and application exploration. Image recognition, as an 

important branch in the field of AI, aims to recognize and understand information in images through 

computer algorithms. With the continuous progress of DL technology, NN, especially CNN, has 

become the mainstream method in the field of image recognition. The experimental results show that 

compared to traditional ML methods, NN exhibits higher accuracy in image recognition tasks. This 

is mainly due to the powerful feature extraction ability and end-to-end training method of NN. NN 

can automatically learn hierarchical features in images, which not only contain local information of 

the image, but also global contextual information. In addition to image recognition tasks, NN has also 

achieved significant results in areas such as object detection, facial recognition, and medical image 

analysis. With the continuous progress of technology and the expansion of applications, it is believed 

that NN will play a more important role in the future. 
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