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Abstract

This paper proposes a novel image classification method based on few-shot learning, which is mainly used to solve model

overfitting and non-convergence in image classification tasks of small datasets and improve the accuracy of classification. This

method uses model structure optimization to extend the basic convolutional neural network (CNN) model and extracts more

image features by adding convolutional layers, thereby improving the classification accuracy. We incorporated certain measures

to improve the performance of the model. First, we used general methods such as setting a lower learning rate and shuffling to

promote the rapid convergence of the model. Second, we used the data expansion technology to preprocess small datasets to

increase the number of training data sets and suppress over-fitting. We applied the model to 10 monkey species and achieved

outstanding performances. Experiments indicated that our proposed method achieved an accuracy of 87.92%, which is 26.1%

higher than that of the traditional CNN method and 1.1% higher than that of the deep convolutional neural network ResNet50.

Index Terms: Deep learning, Feature extraction, Few-shot learning, Image classification

I. INTRODUCTION

In recent years, deep learning models have been applied to

computer vision tasks with great success, such as face recog-

nition, object recognition, image classification, and semantic

segmentation etc. [1-3]. Furthermore, several outstanding

deep learning models have emerged, such as LeNet, Alex-

Net, GoogLeNet, VGG(Visual Geometry Group), and Res-

Net [4-8]. These deep learning models based on the

convolutional neural network (CNN) model have different

characteristics and can achieve satisfactory results for differ-

ent tasks. Deep learning models can automatically learn fea-

tures from data, which generally requires a large amount of

available training data, particularly for very high-dimen-

sional input samples such as image and video processing. If

the number of samples is small, the deep learning model can

extract minimal features, and the expected results produced

by the model are unsatisfactory.

CNNs are also called shift-invariant artificial neural net-

works [9] because they can express learning and can perform

shift-invariant classification of input information according

to their hierarchical structure. As the deep learning model

mainly relies on the sample data features extracted by the

convolutional layer to realize object recognition and image

classification, the number of samples determine the accuracy

of the model prediction to a certain extent. The aforemen-

tioned classic CNNs are all models trained on large image

datasets such as ImageNet [10, 11], which can achieve better

results in computer vision tasks. However, in realistic

scenes, minimal features are extracted by the model owing to

the small amount of sample data, resulting in non-convergence

and over-fitting of the deep learning model during training
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that directly affects the prediction results of the model.

This paper proposes an optimized image classification

method that can solve the problem of image classification in

small datasets. In these methods, we use a deepened model

depth to realize the feature extraction of small dataset

images. On the one hand, we use the data augmentation tech-

nology to increase the number of training samples and the

regularization technology to suppress model overfitting. On

the other hand, by setting a lower learning rate, shuffle, and

other model optimization methods, model convergence is

accelerated. The use of these model optimization methods

can significantly improve the prediction accuracy.

II. BACKGROUND

A. Few-Shot Learning

Humans can recognize new objects using minimal sam-

ples. For example, children can recognize simple objects,

such as apples and strawberries, with only individual pic-

tures in the book. Cognitive ability refers to the perception

of objects. Nerve cells play an essential role in cognition.

Researchers hope that a machine learning model can quickly

achieve few-shot learning [12] by training a large amount of

data in a particular category and then training only a small

number of samples for a new category arising from a down-

stream task. Traditional few-shot learning considers that both

the training data and test data come from the same domain.

If the unknown domain is included in the downstream task,

the traditional few-shot learning method is unsatisfactory.

Recently, along with the rapid development of machine

learning, the development of few-shot learning in the image

processing field has surpassed that in the natural language

processing field, and excellent few-shot learning has been

focused on [13, 14]. Few-shot learning is an application of

meta-learning in the field of supervised learning. Meta-learn-

ing, also known as learning-of-learning, decomposes a data-

set into multiple meta-tasks in the meta-learning phase to

learn the model generalization ability when categories change.

There is no need to face brand new categories in the meta-

testing stage. The classification can be completed by chang-

ing the existing model. The definition of small-sample learn-

ing is as follows: a few-shot learning set contains multiple

categories, each with multiple samples. C categories are ran-

domly chosen from the training set of the training phase,

along with K samples for each category (total CK data), and

the meta-task is composed of inputs to the model support set.

Extract the batches of samples from the remaining data as

model prediction objects (batch sets). The model must learn

to distinguish these C categories from C*K data, and these

tasks are called C-way K-shot problems.

In a learning process with only a few-shot learning ses-

sion, different meta-tasks are sampled for each training (epi-

sode); therefore, the training as a whole involves different

combinations of categories. This mechanism allows the

model to learn the common parts of various meta-tasks, such

as extracting important features and comparing sample simi-

larities, but removes the relational task-specific parts from

the meta-tasks. Models trained using this learning mecha-

nism can classify well even when faced with new and unseen

meta-tasks.

Few-shot learning models can be broadly divided into

model-based, metric-based, and optimization-based models.

The mathematical definition of the model-based model is

shown in (1).

Pθ(y|x,S) = fθ (x,S), (1)

where P represents probability, S represents the sample, x

denotes the input sample, y denotes the output sample, and θ

denotes the weight. f represents the entropy function, also

known as full conditional embedding, and can be understood

as a model predicted by the model. The mathematical defini-

tion of a metric-based model is shown in (2).

. (2)

where k represents the number of samples. The mathematical

definition of optimization-based model is shown in (3).

Pθ(y|x, S) = fθ(S)(x). (3)

B. Dataset

The study of monkey species is conducive to researchers

on the habits, population classification, and genetic charac-

teristics of monkeys and is of great significance for studying

human evolutionary history. This study established a small

deep learning model to classify approximately 1,400 monkey

group images of 10 species. This dataset was taken from

Wikipedia’s monkey cladogram [15], named 10 monkey spe-

cies. The training dataset had 1098 images, and the test data-

set had 272 images. The number of images in each category

was not uniform. Compared to the Dogs vs. Cats dataset [16]

(approximately 25,000 images), the number of samples in

this dataset was minimal. Therefore, it was challenging to

establish a deep model to achieve monkey species classifica-

tion and improve the classification accuracy.

III. PROPOSED METHOD

A. Model Architecture

When there are enough data samples, the CNN model can

be competent for most image recognition and classification

Pθ y|x S,( ) kθ x xi S, ,( )yi
x

i
y

i
,( ) S∈

∑=
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tasks owing to its simple structure, small number of parame-

ters, fast data feature extraction, and high prediction accuracy.

However, when dealing with image classification tasks of

small datasets, although pre-training models (such as VGG

and ResNet) can extract more data features, the result of the

pre-trained model will increase the number of model parame-

ters, resulting in a deeper model hierarchy. The model training

time is extremely long. Therefore, we reformed and optimized

the CNN model structure without significantly increasing the

model parameters, mainly including the following aspects.

First, we extracted more data features by adding a small

number of convolutional and pooling layers. Here, we used a

3 × 3 convolution kernel, a convolution stride size of 1 × 1,

and set the convolution layer activation function to ReLU.

We set the maximum pooling size to 2 × 2 and the pooling

stride size to 2 × 2. Moreover, we set up a combination mod-

ule of two layers of convolution and a maximum pooling

layer, and added two such combination modules before the

fully connected layer.

Second, in the fully connected layer, we used regulariza-

tion techniques such as dropout to reduce unnecessary neu-

rons, provide essential data features for the classifier, and

improve classification accuracy. In the fully connected layer,

we set the two layers dropout values to 0.5 and 0.25.

Third, we set softmax as a classification function to realize

the classification output of input image feature neurons and

output the classification results of 10 categories.

Finally, in the model training process, we used the cate-

gorical cross-entropy verification function as the loss func-

tion, and we used Adam [17] as the optimizer of stochastic

gradient descent to optimize the training process of the

model and accelerate the model convergence. The structure

of the proposed model is illustrated in Fig. 1.

B. Data Argumentation

Data enhancement, also known as data expansion, refers to

the value of limited data corresponding to more data without

significantly increasing the data. Data augmentation is very

effective for small sample datasets. Data enhancement can

be divided into two methods: supervised and unsupervised

enhancement. Supervised data enhancement can be divided

into single-sample data enhancement and multi-sample data

enhancement methods. Unsupervised data enhancement can

be divided into two directions: generating new data and

learning enhancement strategies. In this study, we mainly

adopted the data enhancement method of geometric transfor-

mation, as presented in Table 1. Data enhancement by such

geometric transformation can increase the number of training

samples to improve the model generalization ability, effec-

tively suppress model overfitting, and improve the accuracy

of model classification.

IV. RESULTS

To test the classification effectiveness and performance of

the proposed model, we used the Python computer program-

ming language to construct a deep learning model and

deployed the model on a graphics workstation equipped with

an Intel Core i7-4790 chip, 16 GB memory, 2T hard disk,

and a GTX960 graphics display card. The experimental pro-

cedure was as follows.

Fig. 1. Proposed model structure.

Table 1. Data argumentation

Parameters Values

Rescale 1.0/255

Rotation (º) 40

Width shift 0.2

Height shift 0.2

Zoom range 0.2

Shear range 0.2

Horizontal flip TRUE

Fill mode NEAREST
81 http://jicce.org
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Classification experiments were performed on the prepro-

cessed dataset in the CNN model and the proposed model;

the number of batches of training data was set to 64, and the

number of training rounds was set to 100. Fig. 2 depicts the

accuracy and loss rate curves of the CNN model, and Fig. 3

shows the accuracy and loss rate curves of the proposed

model during training. The average accuracy of the CNN

model in the prediction dataset was 69.74%, and the accu-

racy of the proposed model was 87.92%. In addition, to

comprehensively evaluate the performance of the proposed

model, we trained and tested the preprocessed data in deep

learning models such as VGG16 and ResNet50. The test

results are presented in Table 2.

V. CONCLUSION

This paper proposes a novel image classification method

based on few-shot learning in monkey species. This method

increased the number of convolutional layers to achieve the

rapid extraction of sample data features from a small dataset

based on a CNN. Then, by fine-tuning the fully connected

layer and adopting the dropout mechanism, the most exten-

sive feature data was retained for the classification function

to achieve a fast and accurate classification, thereby improv-

ing the classification accuracy.

We trained and tested the proposed model on a dataset of

10 monkey species and obtained a test accuracy of 87.92%.

Compared to the CNN model, the accuracy rate increased by

26.1%. Compared to the VGG16 and ResNet50 deep learn-

ing models, the accuracy of the proposed model increased by

7% and 1.1%, respectively. The experimental results indi-

cated that the proposed model exhibited an outstanding per-

formance in image classification tasks on a small dataset.
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