
 

 

Artificial Neural Network and Its Application in 

Image Recognition 
 

 

Abstract: Computer vision technology refers to the technical vision that uses cameras 

and computers to replace human eyes to recognize, track and measure objects. Image 

recognition (image object recognition and detection) is one of its basic tasks. The key to 

accomplish this task is the artificial neural network model and algorithm. With the 

continuous improvement of neural network model, image object recognition 

technology has also been steadily improved. In this paper, the origin, types and 

development history of artificial neural network are introduced, and its application in 

image recognition is reviewed. 
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1 Introduction 

Artificial intelligence is to use computers to complete intelligent work that only 

talents can do, mainly including voice signal processing, intelligent search, reasoning, 

image recognition, machine learning, etc. These works are all related to artificial neural 

network (ANN). As an important branch of artificial intelligence, ANN can simulate 

the human brain to complete some tasks requiring high-intensity learning and 

computing, so as to solve some complex problems better and faster. 

Artificial neural network is a complex network structure composed of a large 

number of neurons connected with each other. It can be used in some aspects by 

simulating some mechanisms of the brain [1,2]. The unique structure and information 

processing method of neural network make it have obvious advantages in many aspects 

and wide application fields. The main application fields include intelligent driving 

[3-5], process control and optimization [6-9], voice processing [10-13], signal 

processing [14-17], medical and health care, target detection [18-20] and so on. 

Target detection is involved in many fields, such as defect detection, face 



 

 

recognition, dangerous area detection, medical pathology detection and vehicle target 

detection. The two key links of target detection are image preprocessing and image 

feature recognition. The main tasks of image preprocessing include image conversion, 

image smoothing and image enhancement [21]. On this basis, the iterative threshold 

image segmentation method is used to intercept the target image, and the target image 

features are extracted based on HOG features, so that they are not affected by the image 

state, and accurate image features are obtained and target detection or recognition is 

performed. 

Image conversion is to convert the analog image collected by the camera into digital 

image, which is mainly divided into three steps: sampling, quantization and coding. 

Among them, sampling refers to the discretization of analog images according to fixed 

time or space intervals; Quantization refers to restricting the discrete points of an image 

to a fixed range of values, that is, realizing the level of discrete points to be limited; 

Coding is to convert the quantized discrete points of the image into the form of binary 

digital representation, so as to compress the amount of information [22]. 

Image smoothing is to eliminate all kinds of interference and noise in the process of 

image acquisition by the camera according to a certain filtering rule, and restore its 

original appearance. According to different noise characteristics of the image, different 

filtering methods are used for image smoothing. At present, there are three main 

methods: mean filtering, median filtering, high or low pass filtering. The mean filtering 

method uses the average value of each point in the neighborhood of a pixel to replace 

the original gray level of the pixel; The median filtering method uses the gray value of 

adjacent pixels of a pixel in the image to replace the pixel value; The low-pass (or 

high-pass) filtering law sets a cut-off frequency point to filter out all values lower (or 

higher) than the frequency of the digital image signal to eliminate high-frequency (or 

low-frequency) noise. 

In the process of target detection, after the digital image is smoothed, the details of 

the image itself (such as boundary contour, line, etc.) will be blurred. Therefore, image 

enhancement processing is also required, which mainly includes two tasks: histogram 

equalization and edge sharpening, respectively strengthening the target object 



 

 

information and image edge contour information in the image [23]. 

After image enhancement, target image capture and feature extraction can be 

performed by threshold method, that is, the target object in the image is separated from 

the background. Its basic principle is to divide image pixel points into several 

categories by comparing the difference between image pixel points and the set feature 

threshold [24] 

At present, the target detection technology based on neural network algorithm has 

developed rapidly. This paper will briefly describe the origin and development of 

artificial neural network, and summarize the application research progress of artificial 

neural network in target detection. 

2  Development history of artificial neural network 

As early as the 1940s, the artificial neural network was officially born, marked by 

the M-P model proposed by McCulloch and Pitts [25]. Then Hebb [26] proposed a 

basic principle of neural network learning algorithm, namely Hebb learning rule; In 

1960, Widrow [27] proposed the adaptive linear element model. These models and 

algorithms lay a solid foundation for the application of neural network theory. However, 

due to the difficulty of crossing limits of electronic circuits, the development of neural 

networks has stagnated for nearly 20 years. Until the 1980s, new theories such as ART 

network, cognitive machine network, Boltzmann machine theory, and parallel 

distributed processing have been proposed continuously, which solved two problems 

proposed by Minsky [28]. Starting from the Hopfield model proposed by Hopfield, 

artificial neural networks have entered a new era of development [29]. In 1986, 

Rumelhart and Hinton [30] proposed a multilayer feedforward network (BP) algorithm. 

BP algorithm includes forward propagation of signal and back propagation of error. 

This two-way feedback structure can reduce the error signal to the minimum at that 

time. In 1998, Vapnik [31] proposed the concept of SVM algorithm, namely support 

vector machine. Hinton [32-34] et al. alleviated the local optimal solution problem of 

ANN by using the pre-training method. 

 

3  Types and research progress of artificial neural networks 



 

 

Artificial neural network is composed of multiple neurons, generally including input 

layer X, hidden unit and output layer Y. The basic types of neural network include 

single-layer feedforward network, multi-layer feedforward network and feedback 

network. 

Since the advent of the Hopfield network model, the artificial neural network has 

derived hundreds of models to realize data analysis and utilization by simulating other 

industries, such as thermodynamics, mathematics, medicine, etc. The following will 

introduce the three most widely used neural networks: feedforward neural network 

(BP), radial basis function neural network (RBF) and convolution neural network 

(CNN) [35]. 

3.1 Back Propagation (BP) Neural Network  

BP neural network is a prediction model widely used in many fields. It obtains the 

relationship between input data and output data through simulation training, and then 

obtains the simulation prediction results by inputting new data. It is a new intelligent 

prediction method [36]. Its learning process mainly includes the following four parts: 

input mode forward propagation, output error reverse propagation, cyclic memory 

training, and learning result discrimination. Generally, the three-layer BP neural 

network is the most widely used in water demand prediction, which includes three parts: 

input layer, hidden layer and output layer. In the MATLAB running environment, the 

construction steps of three-layer BP neural network model are as follows 

a) Data preprocessing. Before training the neural network, it is necessary to 

normalize the original data to map the data to [0,1] or [- 1,1] or smaller range. b) 

Determine the number of hidden layer nodes. The number of hidden layer nodes has a 

great impact on the training effect of BP neural network. If the number of hidden layer 

nodes is too large, the network training will be too slow and easy to fall into local 

optimization. If the number of nodes in the hidden layer is too small, the network 

learning ability will be insufficient and the mapping relationship between input and 

output variables cannot be realized. c) Create a new forward neural network. d) BP 

network training and simulation. The TRAINGDM algorithm is used to train the BP 

neural network, and the BP network is simulated. 



 

 

The calculation of error items needs to start from the output layer, calculate the error 

items of the hidden layer and the input layer in turn, and update all weights [37]. The 

weight is adjusted once every time a sample is processed. After multiple iterations (that 

is, all training data are processed repeatedly for multiple rounds), the weight of the 

network model can be trained to achieve the objective function. 

3.2 RBF neural network 

Moody and Darken proposed radial basis neural network (RBFNN), which is an 

abstraction and simplification of human brain neural network system [38]. RBFNN 

uses radial basis function as transfer function. Compared with BP neural network, there 

is only one hidden layer, so RBF neural network is superior to BP neural network in 

function approximation, classification ability and learning speed [39]. 

3.3 Convolution neural network (CNN) 

Vaillant et al. [40] first proposed the application of convolutional neural network to 

face detection. Until 2012, the convolutional neural network AlexNet [41] made a 

major breakthrough in image recognition. LeCun [42] proposed LeNet-5 with depth 

structure as a classifier for image recognition. Its basic structure mainly includes input 

layer, convolution layer, pooling layer, full connection layer and output layer. The 

features of the convolution layer are obtained from the local features of the previous 

layer through the weight shared by the convolution. The input image features are 

extracted through multiple convolution layers and pooling layers, and the low-level 

features are gradually changed into high-level features; The high-level features are then 

classified through the full connection layer and the output layer to generate a 

one-dimensional vector that represents the category of the current input image. 

4 Research progress of application of artificial neural network in target detection 

In recent years, with the continuous breakthrough of computer vision technology, 

the field of image recognition and target detection based on artificial neural network 

algorithm has been extended, and its accuracy has also been improved by leaps and 

bounds. The application and research progress of artificial neural network in defect 

detection, crop disease and pest control, auxiliary medical treatment, intelligent 

production line and other fields will be summarized below. 



 

 

Image matching is one of the key technologies of image recognition. The significant 

geometric distortion in the image brings difficulties to dense matching. Shi et al. [43] 

proposed an affine invariant dense wide baseline matching method, which includes two 

main steps: first, extract and match a sparse set of affine invariant features: seed points 

and their affine invariant regions; Then these initial matches are used as spatial prior to 

generate more sparse matches. In the second step, the sparse matching obtained is used 

to initialize the dense matching propagation process. Dense matching is carried out 

through region growth, in which the matching extends from the high discrimination 

region to the low discrimination region, and finally the recovery technology is 

completed by the low-rank matrix. The comparison experiment between the proposed 

method and the existing method shows that it has significant improvement in the 

presence of large affine deformation. 

Artificial intelligence and image recognition can be applied to the assembly 

operation of product production lines. Based on image recognition technology, Wang 

Bixian et al. [44] proposed a method of using cameras to assist operators to complete 

assembly in assembly engineering and accurately locate the assembly area, realizing 

assembly area recognition, assembly positioning and operation guidance, which can 

effectively reduce assembly error rate and improve work efficiency. 

The detection of capsule defects can be intelligentized and mechanized by means of 

artificial neural network. Wang et al. [45] considered the fuzziness and diversity of 

capsule foreign body defects in the image, and applied BP neural network to identify 

capsule foreign body defects. Firstly, the capsule image is divided into three parts by 

the vertical Sobel operator, and each part of the image is processed to remove the noise 

through the median filter; Then the histogram features of all three parts of the image, 

namely smoothness, skewness, flatness, distortion, kurtosis and entropy, are extracted 

and used as the input of BP neural network. Aiming at the non-uniformity of input data, 

a normalization method based on clustering algorithm is proposed. The experimental 

results show that the method has high accuracy. 

Multi-scale problem is one of the difficult problems in image recognition. Zhao et al. 

[46] proposed a feature pyramid bidirectional semantic feature information fusion 



 

 

model to achieve bidirectional fusion of semantic feature information of images at 

different scales. Then, a new multi-scale image recognition method based on 

bidirectional semantic information fusion of feature pyramid is formed by embedding a 

deep neural network to improve the accuracy of object recognition at different scales. 

The experimental results show that the average accuracy of this method in PASCAL 

VOC dataset is at least 0.7% higher than that of other methods, which can effectively 

improve the accuracy of multiscale image recognition. 

In order to realize the convenient recognition of wheat leaf disease image based on 

mobile terminal, Feng Xiao et al. [47] established a wheat leaf disease image 

recognition model based on lightweight convolutional neural network (CNN) and 

migration learning. The sample set is composed of three wheat leaf disease images of 

wheat powdery mildew, stripe rust and leaf rust. The image recognition model of wheat 

leaf disease is constructed using the deep learning framework Tensorflow 2.0 and 

MobileNetV2. The trained parameters on the ImageNet data set are used as the initial 

parameters of the model. The effects of migration learning method, sample size, adding 

Dropout layer, and initial learning rate on the performance of the model are discussed. 

The results show that the wheat leaf disease image recognition model with high 

recognition accuracy, strong generalization ability and suitable for mobile applications 

can be constructed based on MobileNetV2 and migration learning. 

Jiang Yanxiang [48] and others proposed a computer vision target detection 

algorithm based on full convolution neural network to solve the problem of low 

accuracy of traditional computer vision target detection algorithm. The computer vision 

image is converted into a digital image by sampling, quantizing and coding. After a 

series of processing such as image smoothing, image enhancement, and target image 

interception, the target image feature extraction is completed to achieve image 

preprocessing. The computer vision image target detection is completed by using the 

full convolution neural network training. The Matlab simulation software is used as the 

experimental platform. The image set used in the test experiment is from the 

VisualGenome data set. The total number of image samples is 108249. 1000 static 

images and 1000 dynamic images are selected as the experimental test objects. The 



 

 

results show that the accuracy and recall rate of this method are closer to 1, the 

detection accuracy is higher, and the detection time is less. 

Wu Heng et al. [49] The network is composed of deep separable convolution and 

reverse residual, which greatly reduces the calculation amount of the model and 

maintains high recognition accuracy. The accuracy rate of image recognition reaches 

91.9%, and the inference delay is less than 1.5 s. It is suitable for microcomputers. 

The image recognition function of artificial neural network is also very important in 

auxiliary medical treatment. Kondo et al.[50]  uses the modified GMDH (Group 

Method of Data Handling) neural network algorithm to identify the radial basis 

function network. The algorithm has a feedback loop, and the neural network identified 

by it is applied to the medical image recognition of the brain. It can automatically select 

useful input variables, the number of hidden layers, the number of neurons in the 

hidden layer and the optimal architecture of neurons in the hidden layer to minimize the 

error criterion defined as Akaike Information Criterion (AIC). The results show that the 

neural network algorithm is very useful in brain medical image recognition. 

Moving C-arm X-ray images play a key role in minimally invasive spine surgery. 

However, automatic lumbar spine recognition is still a challenging task. To this end, Li 

et al. [51] proposed a new automatic recognition method of lumbar spine based on 

two-way short-term memory (LSTM) circulating neural network (RNN). They took the 

curvature features of 3D lumbar spine model common to 2D X-ray images as the input 

of the model, used bidirectional recurrent neural network to learn the correlation of 

curvature features of lumbar spine under different imaging angles, and used LSTM 

neurons to replace the notes of bidirectional RNN. The experimental results show that 

this method can recognize the lumbar spine more accurately. 

By measuring the size of different structures in ultrasound (US) images, the fetal 

development can be non-invasive evaluated. However, due to many factors, such as low 

signal-to-noise ratio and small fetal size, automatic classification of anatomical planes 

in fetal ultrasound images is challenging. Kumar et al. [52] proposed a new general 

method for classifying anatomical planes in fetal ultrasound images. This method trains 

two convolutional neural networks to learn the best ultrasound (US) image and its 



 

 

salient features. The fusion of these features overcomes the challenges related to 

ultrasound fetal imaging by emphasizing the salient features in the image that can best 

distinguish different planes. For 12 of the 13 different planes found in the clinical data 

set of fetal ultrasound images, the classification accuracy is higher than the most 

advanced baseline. 

5 Conclusion 

The technology of image recognition based on artificial neural network has been 

applied to industrial production, crop protection, medical care and other industries, 

bringing great convenience to people's production and life. With the further 

development of artificial intelligence, the accuracy of image recognition based on 

artificial neural network will be higher and higher, and the application will be wider and 

wider. 
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