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Highlights 
 Representative SVM and CNN algorithms in traditional machine learning and deep learning for research. 
 Under other conditions being the same, the data sets are different. The impact of the results varies. 
 This article compares and analyzes the accuracy and running time. 
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AB ST R ACT  

Image classification is a hot research topic in today's society and an important direction in the field of image processing research. SVM is a very 

powerful classification model in machine learning. CNN is a type of feedforward neural network that includes convolution calculation and has a 

deep structure. It is one of the representative algorithms of deep learning. Taking SVM and CNN as examples, this paper compares and 

analyzes the traditional machine learning and deep learning image classification algorithms. This study found that when using a large sample 

mnist dataset, the accuracy of SVM is 0.88 and the accuracy of CNN is 0.98; when using a small sample COREL1000 dataset, the accuracy of 

SVM is 0.86 and the accuracy of CNN is 0.83. The experimental results in this paper show that traditional machine learning has a better 

solution effect on small sample data sets, and deep learning framework has higher recognition accuracy on large sample data sets. 
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1. Introduction 

In the information age, pictures carry a lot of information 

and play an indispensable role. For massive images, it is very 

important to find useful image information within the effective 

time. Therefore, the excellent performance of the image 

classification algorithm has a certain influence on the image 

classification results. There are many image classification 

algorithms. The more common ones are machine learning and 

deep learning. Different models have different effects in different 

problems. Traditional machines Learning image classification 

algorithms and deep learning image classification algorithms 

have their own advantages. Comparing and analyzing image 

classification algorithms based on traditional machine learning 

and deep learning is of great significance for selecting 

algorithms to classify pictures. 

Juan W proposed a hyperspectral remote sensing image 

classification method based on the improved optimal exponential 

factor (OIF) and support vector machine (SVM) algorithm, using 

the "one to one" classification strategy of support vector machine 

sort. The experimental results of Juan W show that the support 

vector machine (SVM) algorithm can effectively obtain the 

optimal classification band combination with high classification 

accuracy [1-2]. Zhao L draws on the idea of cropping KNN and 

uses the improved KNN classification algorithm to apply it to the 

object-oriented classification of high-resolution remote sensing 

images. Zhao L compares the classification results. Zhao L's 

experiment shows that under the same training set and test set, 

the improved KNN algorithm can achieve higher classification 

accuracy in high-resolution remote sensing image classification 

[3-4]. 

Image classification has always been a research hotspot, 

and machine learning algorithm has always been a commonly 

used image classification algorithm. As a branch of machine 

learning, deep learning has powerful functions and flexibility. In 

this paper, the representative SVM and CNN algorithm are 

selected, and the accuracy and time are compared, so as to 

provide a reference value for selecting the appropriate image 

classification algorithm. In the selection of data sets, in order to 

compare the algorithms from different perspectives, four types of 

data sets are used. It is proved that, under the same other 

conditions, different data sets have different effects on the 

experimental results of image classification. This paper is not 

only to verify the performance of the algorithm from a certain 

aspect, but also to compare the accuracy and running time, which 

is more convincing than the single confirmation accuracy or 

time. 

2.Proposed Method 

2.1 Machine Learning and Deep Learning 

(1) Basic concepts 

Machine learning is the core of the field of artificial 

intelligence. It is a multidisciplinary interdisciplinary subject, 

involving probability theory, statistics, approximation theory, 

convex analysis, algorithm complexity theory and other 

disciplines. A discipline that specializes in how computers 

simulate or implement human learning behavior to acquire new 

knowledge or skills and reorganize existing knowledge structures 

to improve their own performance. Generally speaking, machine 

learning is to learn laws from a large number of historical data 

through related algorithms, and make predictions or judgments 

on new sample data, and then learn like human beings. Deep 

learning is a new field in machine learning. Its motivation is to 

build and simulate the neural network of human brain for 

analysis and learning. It imitates the mechanism of human brain 

to interpret data, such as text, sound and image. It is a kind of 

unsupervised learning. Its concept comes from the research of 

artificial neural network, so it is also called deep neural network. 

Multi layer perceptron with multiple hidden layers is a kind of 

deep learning structure. The features obtained by deep learning 

are expressed level by level, and more abstract high-level 

semantic features are formed by combining low-level features to 

represent attribute categories or features, so as to discover the 

distributed features of data. 

Most of the machine learning methods deal with data in 

shallow structure. These structural models have only one or two 

layers of nonlinear feature transformation at most, which can be 
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regarded as a structure with one layer of hidden layer or no 

hidden layer at all. 

The reason why deep learning is called depth is relative to the 

above shallow learning. Different from traditional shallow 

learning: 

1) Deep learning emphasizes the depth of the model 

structure, usually there are five, six or more hidden layers; 

2) Highlight the importance of feature learning. We know 

that in the field of image recognition, extracting image features 

is the most critical part of the pattern recognition system. The 

quality of feature extraction directly affects the final recognition 

rate of the system. Through layer by layer feature space 

conversion, in-depth learning can get the most excellent 

expression of features; 

3) Deep learning can automatically learn features from data. 

The features acquired from shallow structure are designed by 

hand. It is difficult to make use of the advantages of big data by 

relying on the prior knowledge and parameter adjustment 

experience of designers. 

(2) Deep learning model 

There are many kinds of deep learning models, among 

which convolutional neural network, deep trust network model, 

self coding network model, restricted Boltzmann machine model 

are commonly used. 

1）CNN 

An important role of supervisory pre training is to 

accelerate the training process of deep neural network. Taking 

convolutional neural network as an example, it is developed 

from neurocognitive machine according to the principle of visual 

field in human brain. It has the characteristics of local 

connection and parameter sharing, and has the excellent 

properties of time-shift invariance when processing data. At 

present, many pattern recognition systems, such as handwritten 

character recognition system, face recognition system and speech 

recognition system, have used CNN, and achieved good results. 

2）DBN 

Deep reliability network (DBN) is essentially a multi-layer 

neural network structure composed of multiple RBM networks, 

which can be understood as a Bayesian probability generation 

model. The first layer is called the input layer, the last layer is 

called the output layer, and the middle layers are called the 

hidden layer. The training principle is: first, train the first RBM 

layer according to the input data; then take the output of this 

layer as the input of the next RBM layer to continue the training; 

finally complete the training of the whole DBN network by 

repeating the previous process. The training process of DBN 

network is also called unsupervised training process, which 

realizes the reconstruction of input data. 

3）AE 

The automatic encoder is a special ANN. The AE model 

assumes that the output and the input data are the same, and then 

adjusts its parameters through training, so that the encoded input 

data can be decoded by the automatic encoder and restored to the 

original input data to the greatest extent, and the encoded data 

can be regarded as a feature extraction of the original data after 

being abstracted, so as to achieve this goal, It needs the ability of 

automatic encoder to find and summarize the characteristics of 

the original input data. In the process of building automatic 

encoder model, it may also be applied to sparse coding, 

de-noising coding, prediction sparse decomposition and other 

algorithms. The main purpose of these algorithms is to prevent 

the mapping of the model itself as the characteristics of data 

from being learned by the model and so on. In these methods, the 

evaluation of the effect of automatic coding is mainly based on 

some regularization processing, in which sparse coding can 

correct the deviation of hidden unit and form the effective output 

of hidden unit. 

4）RBM 

RBM consists of visible and hidden elements, both of which 

are binary variables. The network structure of RBM is a bipartite 

graph. There is an edge between the visible unit and the hidden 

unit, but there is no edge connection between the visible unit and 

the visible unit, and between the hidden unit and the hidden unit. 

The total probability distribution of RBM satisfies Boltzmann 

distribution. In the visual layer, each neural node can be 

understood as a characteristic representation of input data. For 

the visible layer and the hidden layer, when one of the network 

layers is known, all the nodes in the other layer can be 

considered as conditionally independent. Therefore, the 

parameters of hidden nodes can be calculated through the input 

of the visible layer, and the parameters of neural nodes in the 

visible layer can be calculated after the hidden output results are 

obtained. The main purpose of RBM is to train the parameters of 

each layer, The input data of the visible layer can be transformed 

into the hidden output, and the input of the visible layer can be 

calculated reversely from the hidden output. The hidden output 

can be regarded as a feature expression of the input data of the 

visible layer, so RBM can extract the features of the data, and the 

hidden unit is RBM features. 

2.2 Artificial Neural Network 

The emergence of artificial neural network is based on the 

exploration of brain working mechanism by early 

neurobiologists. It is a mathematical model that abstracts and 

simulates the way of processing information of biological central 

nervous system according to the knowledge of network topology. 

The neural network has the ability of parallel and distributed data 

computing, adaptive feature learning, good fault tolerance and 

robust robustness. 

(1) Neural network model 

Artificial neural network is formed by a large number of 

information processing units connected with each other. These 

information processing units are called artificial neurons. The 

construction of artificial neuron model originates from the 

structure of biological neuron. The main components of 

biological neuron include cell body, axon and dendrite. Artificial 

neuron establishes the structure of artificial neuron by simulating 

biological neuron. The artificial neuron is composed of three 

parts: multiple connection weights, a summation term and a 

nonlinear activation function. 

1) Sigmoid function 

Sigmoid function is also called logistic function. Because of 

its easy derivation, it has become the most frequently used 

activation function of early deep neural network. Its value range 

is from O to 1, which is suitable for two classification problems. 

The application effect is better when the characteristics are 

different. The mathematical expression of sigmoid function is: 

 
xe

x



1

1
 (1) 

Sigmoid function has three main disadvantages. The first 

point is that in the process of deep neural network training, it 

is easy to lose the gradient. Sigmoid function will cause the 

derivative to appear 0, which makes the network weight 

unable to be updated. The second point is that the output of 

sigmoid function is always larger than o, which results in 

slow convergence of the model. The third point is that power 

operation results in the increase of training time. The above 

problems make sigmoid function gradually abandoned later. 

2) Tanh function 

Tanh function is also called double tangent function. The 

value range is from - 1 to L. it has a good effect in the 

                  



4 

application of large feature differences, and it will expand the 

differences between features in the process of repeated 

training. Because the output of tanh function is O-centered, 

the effect of using gam function as activation function is 

better than sigmoid function. But tanh function also has the 

problems of gradient vanishing and power operation taking 

too long. The mathematical expression of tanh function is: 

 
xx

xx

ee

ee
x








tanh (2) 

3) Relu function 

Relu function is the most frequently used activation 

function in recent years. Its emergence solves the problem of 

gradient disappearance caused by the use of sigmoid function 

and tanh function with the increase of network layers. The 

convergence speed of random gradient decline is far faster 

than sigmoid function and tanh function. In addition, there is 

no power operation, which greatly improves the convergence 

speed of the model. The mathematical expression of the relu 

function is: 

 xLU ,0maxRe  (3) 

However, the relu function also has disadvantages, and 

the output is not centered on 0. Some neurons in the network 

may not be activated all the time, resulting in their weights 

can not be updated. 

Neural network system is a network topology structure 

formed by a large number of neurons interconnection, 

including interconnection type and hierarchical structure. At 

present, the hierarchical model is the mainstream application 

structure of neural network model, and it is also the focus of 

this section. Generally speaking, artificial neural network is a 

neuron structure including input layer, multiple hidden layers 

and output layer. The input of each layer network is the 

output of the previous layer network, and the mapping 

process from input to output is nonlinear. Through the 

information transmission of each layer network, the final 

result output is achieved. In this mode, to calculate the output 

of neural network, it is necessary to carry out forward 

propagation step by step, input the initial vector into the input 

layer, calculate all the activation values of the next layer one 

by one, and so on, until the output layer outputs the results. 

Because the topology of the network is not closed-loop or 

loop, the network model is a feedforward neural network. 

Depending on the ability of these large number of neurons to 

process and transmit information, the complex information 

feature extraction and prediction tasks can be realized by 

using the distributed parallel processing mode to map the 

signal nonlinear. 
(2) Back propagation algorithm 

Back propagation algorithm is a learning algorithm which is 

widely used in artificial neural network and has good effect. The 

main idea is to update the parameters of feedforward neural 

network through error transmission and realize network training. 

The artificial neural network based on the back propagation 

algorithm is a supervised feature expression model. First, the 

error between the input result of the forward network and the 

real value is calculated. The chain derivation method is used to 

transfer the error layer by layer, update the weight of each layer 

of the network, and through repeated iterative training process, 

the output value of the cost function is reduced, so that the 

output value of the network is as close to the ideal value as 

possible. 

The specific steps of back propagation algorithm are as 

follows: 

    In the first step, the activation value of each neuron is 

obtained by using the forward conduction formula. The formula 

is as follows: 

 bwvy  (4) 

The second step is to calculate the residual between the 

output result of the output layer and the output expectation. 

In the third step, the network residuals of each layer are 

calculated in turn, and the network parameters are optimized. 

In the fourth step, the gradient descent algorithm is used 

repeatedly to reduce the residual value and realize the final 

convergence of the network. 

Due to its solid theory, rigorous derivation process and 

strong portability, back propagation algorithm is currently 

used in many deep learning models to train network 

parameters. But its disadvantages are also obvious. Firstly, 

the convergence time of the algorithm is too long. Secondly, 

when the network encounters the local minimum value, it will 

have a high probability that it has reached the optimal result 

and cannot guarantee to obtain the global optimal solution. 

Finally, the number of neurons in the hidden layer of the 

network needs to be determined through a lot of experiments, 

repeated parameter adjustment and optimization, and cannot 

be determined through theoretical calculation. 
2.3Traditional Machine Learning-Support Vector Machine 

Support vector machine (SVM) is a very powerful 

classification model in machine learning and a common 

discriminant method[5]. Compared with other classification 

models in data mining, it has better generalization ability [6-7]. 

And for nonlinear separable data, it has a set of advanced 

theoretical methods to deal with. For linearly separable cases, the 

specific method is to find the line with the largest sum of 

distances from neighboring points to separate; for linearly 

inseparable cases, the kernel function is needed [8-9].SVM is 

mainly applicable to two situations. The first category is linearly 

separable data, and the second category is linearly inseparable 

data [10-11]. For linearly separable data, the kernel technique is 

used to map the data from low-dimensional space to 

high-dimensional space, and then the data becomes linearly 

separable through techniques such as relaxation variables. 

The expression of the binary classification discriminant 

function is written as:   bxwxg T 
,Then 

  0xg
stands 

for hyperplane H, which is used to separate the two types of 

samples, and the classification rules are as in formula (5): 

  1bxwy i

T

i (5) 

The mathematical operations in the SVM classification 

problem are all expressed in the form of inner products. We 

replace the inner product operations with kernel functions to 

complete the corresponding feature mapping [12-13]. At present, 

there are three main types of kernel functions, the formula is as 

follows: 

(1) Polynomial kernel function: 

    qiiploy xxxxK 1, 
(6)

 

The result is a polynomial classifier of order q; 

(2) Radial basis kernel function (RBF): 

 












 


2

2

exp,


i

iebf

xx
xxK

(7) 

(3) Sigmoid kernel function: 

    cxxvxxK ii  tanh,
(8) 
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According to different problems, different kernel functions 

need to be selected [14]. Radial basis kernel functions and 

polynomial kernel functions are widely used because of their 

powerful classification capabilities [15]. At the same time, the 

selection of each parameter value of SVM also determines the 

classification effect. 

Kernel function is essentially a kind of mapping from one 

dimension to multi dimension. When the case of linear 

indivisibility is mapped to multi dimension by kernel function, it 

may become linear separable, that is, it can be separated by 

method one. At this point, the linear non separable data may 

become the linear separable data. The kernel function is used to 

calculate the inner product of two vectors in the low-dimensional 

space in the high-dimensional space. As long as the function 

satisfies Mercer condition, it can be used as the kernel function. 

2.4Deep Learning-Convolutional Neural Network 

(1) Convolutional neural network 

Convolutional neural network has a strong ability to extract 

local features of image. The biggest difference between 

convolutional neural network and traditional neural network is 

that partial connection network is used, and the concept of local 

receptive field is proposed. The traditional neural network for 

image feature learning, first of all, the image of two-dimensional 

data into one-dimensional data, into the network input layer to 

start training. This process destroys the spatial structure 

information of image, which makes it difficult for neural 

network to learn the spatial characteristics between pixels. In 

addition, the parameters of the neural network are too many, 

which makes the training time of the network too long. The local 

receptive field is inspired by the research of brain on visual 

information processing in biology. The visual neurons in the 

cerebral cortex receive a two-dimensional image local signal. 

Convolutional neural network is based on this principle. Each 

neuron in the network is only connected with the local neuron in 

the upper layer, and at the same time, the parameters in the 

network are reduced. 

Another key concept of convolution neural network is 

parameter sharing. Convolution neural network uses convolution 

kernel to extract image features. Each convolution kernel can 

extract a feature in a local image, but in fact, different local 

images may have the same statistical characteristics. Using a 

convolution kernel, we can learn the same features, In this way, 

the global image can be convoluted by using convolution check 

to extract the same features in different positions of the global 

image. Through the way of parameter sharing, the parameters in 

the network are greatly reduced and the network training time is 

reduced. At present, the commonly used convolution neural 

network structure includes input layer, convolution layer, 

activation layer, pooling layer, full connection layer and output 

layer. 

1) Input layer. The input layer is the first layer of convolutional 

neural network. When using convolutional neural network to 

process images, the pixel value matrix of an image or a local 

image block is generally used as the input. Convolutional neural 

network can input image matrix of single channel or multiple 

channels. 

2) Convolution layer. Convolution layer is the most 

important part of convolution neural network, whose core 

operation is convolution operation. Different from the traditional 

full connection layer, the input of each node in the convolution 

layer is only a small block of the network matrix in the previous 

layer, which is usually 3 × 3 or 5 × 5. The convolution layer 

is composed of several characteristic matrices which are 

obtained by convolution operation of multiple convolution check 

input matrices. The eigenmatrix is obtained by using multiple 

convolution kernels to move on the input matrix and inner 

product it. Through the above process, we can get the feature 

description of the local area of the image. 

3) Activate layer. The activation function is used to activate 

each element of the convolution layer, so that the input-output of 

the network is a nonlinear mapping process, which does not 

change the size of the matrix. 

4) Pool layer. In the pool layer, the most important features 

in the local feature matrix are obtained by the down sampling 

method, which further abstracts the dimensionality reduction 

features of the feature matrix, further reduces the number of 

parameters in the final full connection layer network, so as to 

reduce the parameters of the whole network, reduce the 

complexity of the model, reduce the possibility of over fitting 

problems in training, and improve the robustness of the model, 

At the same time, the calculation speed of the model is 

accelerated. The operation of pool layer usually includes taking 

the mean value, maximum value and random value of area 

matrix. Mean pooling method can effectively reduce the impact 

of image noise, but it destroys the image structure information. 

Maximum pooling can reduce the error of convolution and keep 

the structure information of image effectively, so it is widely 

used. 

5) Full connection layer. The fully connected layer is a 

feature vector which is composed of deep layer feature 

permutation after the feature extraction process of multiple 

convolutions and pooling layers. 

6) Output layer. The classifier is used to map the high-level 

features in the full connection layer to the category probability of 

the input image and output the classification result. 

The training process of convolutional neural network is 

supervised. The advanced line propagates forward to the network, 

and then optimizes the network parameters through the back 

propagation algorithm. 

(2) Image classification based on convolutional neural 

network 

Convolutional neural network (CNN) is a special type of 

neural network, which is generally widely used in the field of 

image recognition [16-17].The CNN network structure is 

composed of an input layer, 2 convolutional layers, 2 pooling 

layers, 2 fully connected layers and output layers, a total of 8 

layers [18-19]. Let the mth input graph of the convolutional layer 

be Xm, Wn, m represent the convolution kernel from the mth input 

graph to the nth feature graph of the current layer, then the nth 

feature of the convolution layer node in the current layer The 

graph output yn can be expressed as follows: 









 

m

nmnmn bWXfy ,

(9) 

Where bn is the offset parameter of the nth feature map of 

the current layer, and * is the discrete convolution operator. f is 

the activation function of the neuron, which is generally a 

nonlinear mapping [20-21]. 

Pooling operations are divided into max pooling and 

average pooling, that is, maximum pooling and average pooling 

[22-23]. The key role of the pooling layer is to compress the 

image, less occurrence of overfitting, and facilitate optimization 

[24].After the features are obtained by convolution, all the 

extracted features can be used to train the classifier, such as 

softmax classifier, but it faces the challenge of computational 

complexity. For example: for a 96x96 pixel image, suppose we 

have learned 400 features defined on the 8 × 8 input, each 

feature and image convolution will get a (968 + 1) (968 + 1) = 

7921 dimensional convolution feature, because there are 400 

features, each example will get a 892 ×  400 = 3168400 

dimensional convolution feature vector. 
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Assuming that the image input to the pooling layer is x
(l-1)

, 

the image after pooling is x
(l)

, and down means pooling operation, 

then the pooling part can be defined as: 
    1 ll xdowmx

(10) 

The fully connected layer is at the tail of the convolutional 

neural network. It converts the two-dimensional feature map of 

the convolution output into a one-dimensional vector, that is, 

connects all the features, and finally sends the output value to the 

classifier, such as Softmax classifier [25]. After Softmax, the 

output can be expressed as: 

 





n

j

yi

yi

i

e

e
yS

1
(11) 

3.Experiments 

3.1 Experimental Environment 

This experiment is written on the pycharm platform in the 

Windows environment, using Python language. Computer 

hardware environment configuration: the system is 64-bit 

windows10, the processor is intercorei5-8250UCPU@1.6GHz, 

the memory is 4.0GBRAM, and the graphics card is 

InterUHDGraphics620. The deep learning framework has no 

GPU version of tensorflow, and its version is 1.8.0. 

3.2 Experimental Design 

In order to compare the performance of the two algorithms 

in all aspects, this paper tests from the sample data size and 

different picture types. The image classification process is 

divided into training and testing. The sample set is divided into a 

training set and a test set. The training set is used for model 

training; the test set is used to detect the performance of this 

model and whether it can complete the image classification task 

more accurately. The first is to train a large number of data sets 

to generate a model and save it, then use the trained model to test 

the picture, and finally get the classification results. 

(1) Large sample data set test 

The large sample data set used in this paper is the mnist 

handwritten digital picture data set. There are 10,000 images in 

28 × 28 format, which are 0-9 handwritten digits, as shown in 

Figure 1 (a). The experiment selected 2500 sheets as the test set 

and 7,500 sheets as the training set. 

(2) Small sample data set test 

The small sample data set used in this article is the 

COREL1000 picture set. In the experiment, the pictures in the 

picture set are adjusted to 96 × 96. The example is shown in 

Figure 1 (b). The picture set is divided into ten categories. 

Marked, in turn labeled 0-9, in the experiment selected 200 as 

the test set, 800 as the training set. 

 
(a)MNIST handwritten digital picture data set   

  

 (b)Corel1000 picture collection 

Figure 1. Sample picture data set 

(3) Testing of different picture classifications 

1) Test of different sizes of pictures 

The data set used is the COREL1000 picture set. The 

performance of the two algorithms is evaluated from different 

picture sizes. The data of the sample set is normalized, and the 

picture size is processed as: 64 × 64, 128 × 128, and 256 × 256. 

carry out testing. 

2) Different types of pictures 

The data set used is the COREL1000 picture set, the size of 

the picture is set to 128 × 128 size, and then 2 types, 4 types and 

6 types are randomly selected from the sample for testing. 

4.Discussion 

4.1 Test Analysis of Data Set Size 

(1) Test analysis of large sample data set 

When using the large sample data set mnist for image 

classification, the classification effect of the two models is 

shown in Figure 2. 

 
Figure 2. MNIST classification results analysis 

As can be seen from Figure 2, when using a large sample 

mnist data set, the accuracy of SVM is 0.88, the accuracy of 

CNN is 0.98, the time required for SVM is 27.6min, and the time 

required for CNN is 23.2min. 

(2) Test analysis of small sample data set 

When using the small sample COREL1000 data set for 

image classification, the classification effect of the two models is 

shown in Figure 3. 

 
Figure 3. Analysis of corel1000 classification results 

As can be seen from Figure 3, when using the small sample 

COREL1000 data set, the accuracy of SVM is 0.86, the accuracy 

of CNN is 0.83, the time required for SVM is 1.02min, and the 

time required for CNN is 2.01min. 

4.2 Analysis of Test Results of Different Picture Classifications 

(1) Test analysis of different sizes of pictures 

In the case of different picture sizes, the performance of the 

two algorithms is compared and analyzed. The results are shown 

in Table 1 and Figure 4. 

Table 1. Accuracy comparison of two algorithms under different picture sizes 

Picture 

size 

Number of categories SVM classification 

Accuracy 

CNN classification 

Accuracy 
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64×64 10 0.62 0.71 

128×128 10 0.64 0.74 

256×256 10 0.61 0.95 

 
Figure 4. Comparison and analysis of the accuracy of two 

algorithms under different image sizes 

As can be seen from Table 1 and Figure 4, under the same 

conditions, the size of the picture has an impact on the accuracy 

of the algorithm. Among them, when the size of the picture is 64 

× 64, the accuracy of the SVM algorithm is 0.62, and the 

accuracy of the CNN algorithm is 0.71 When the picture size is 

128 × 128, the SVM algorithm accuracy is 0.64, and the CNN 

algorithm accuracy is 0.74; when the picture size is 256 × 256, 

the SVM algorithm accuracy is 0.61, and the CNN algorithm 

accuracy is 0.95. 

(2) Test analysis of different types of pictures 

Set the size of the picture to 128 × 128, and then randomly 

select 2 types, 4 types, and 6 types from the sample, as shown in 

Table 2, and the accuracy and running time are shown in Figure 

5. 

Table 2. Test situation 

Picture size Number of categories Training set Test set 

128×128 2 160 40 

128×128 4 320 80 

128×128 6 480 120 

 
Figure 5. Classification performance analysis of two algorithms 

for different types of pictures 

It can be seen from Figure 5 that under other picture types 

with the same conditions, the accuracy of the two algorithms is 

almost the same, and the test time of SVM is shorter and the test 

time of CNN is longer. 

5.Conclusions 

The traditional machine learning image recognition model 

has various advantages, but it still has many deficiencies. In 

order to improve the accuracy of image recognition, the structure 

of deep learning models is proposed. Compare SVM and CNN 

algorithms. 

In this paper, four different data sets are used for research 

and comparison. In terms of sample size and picture type, the 

accuracy and time of the two algorithms are compared and 

analyzed. 

In this paper, through comparative analysis of experimental 

data, we can see that on small-scale data sets, traditional machine 

learning models have more classification advantages, and on 

large-scale data and recognition accuracy, deep learning models 

have better capabilities. 
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