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Abstract. In this study, we classified single-cell routine Pap smear images by applying deep
learning algorithms such as AlexNet, VggNet, GoogleNet and MobileNet and compared their
classification effects. The results show that the loss of all four models on both the training and
test sets shows a trend of gradually decreasing and stabilising. Specifically, the loss of AlexNet
gradually decreases from 0.637 to 0.212, VggNet from 0.777 to 0.278, GoogleNet from 1.77 to
0.31, and MobileNet from 0.809 to 0.267. At the same time, MobileNet exhibits the highest
maximum and average accuracies which reached 93.9% and 88.3%, respectively, followed by
GoogleNet model with 92.9% and 88.0%, AlexNet with 92% and 88.0%, and VggNet with 90.1%
and 86.7%. The results show that MobileNet exhibits superior classification results in this task,
which provides strong support for its potential application in the classification of single-cell
routine Pap smear images. These findings are of great significance for further exploring the
application of deep learning in the field of medical imaging and provide a useful reference for
future related research.
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1. Introduction

Single-cell routine Pap smear image classification is an important area of medical research dedicated to
the diagnosis and treatment of diseases by analysing and classifying cell morphology, structure and
staining characteristics. The background of this research stems from the need for early diagnosis and
treatment of diseases such as cancer and infectious diseases.

In traditional medical imaging diagnosis, doctors need to rely on visual observation or microscopic
observation of cell morphology features, followed by manual classification and diagnosis [1]. This
method has problems such as high subjectivity and low efficiency. And with the development of digital
medical imaging technology, deep learning algorithms began to be introduced for single-cell routine
Pap smear image classification [2].

Deep learning algorithm plays an important role in single-cell routine Pap smear image classification.
Firstly, deep learning algorithms can automatically extract feature information in images, including
morphological, textural, staining and other features, avoiding the subjectivity and instability of
traditional manual feature extraction [3]. Secondly, deep learning algorithms can be trained by a large
amount of data and have a strong generalisation ability, which enables more accurate cell classification
and diagnosis. In addition, deep learning algorithms can combine multimodal data (e.g., optical
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microscope images, magnetic resonance imaging, etc.) for comprehensive analysis, which improves the
accuracy and comprehensiveness of diagnosis.

In practical applications, deep learning algorithms can also be combined with the clinical experience
of doctors to assist them in rapid and accurate diagnosis. At the same time, in the big data environment,
deep learning algorithms can also help doctors discover some potential new clinical markers or
molecular mechanisms, and provide support for individualised treatment.

In conclusion, there is an urgent need for deep learning algorithms in the field of single-cell routine
Pap smear image classification. In this paper, we classify single-cell routine Pap smear images based on
deep learning algorithms such as AlexNet [4], VggNet [5], GoogleNet [6], and MobileNet [7], and
compare the classification effects of the four classification models to explore the effects of their
classification on single-cell routine Pap smear images. routine Pap smear image classification and
compare the classification effect of the four classification models to explore their potential application
on single-cell routine Pap smear image classification.

2. Introduction to the dataset

In this paper, we choose the open source dataset of SIPaKMeD database, the URL of the dataset is
(https://www.kaggle.com/datasets/mohaliy2016/papsinglecell/data), in this paper, we select the
Dyskeratotic, Koilocytotic and Metaplastic images, Dyskeratotic contains 713 images, Koilocytotic
contains 725 images, and Metaplastic contains 693 images. Some of the images are shown in Figure 1.

Figure 1. The change of the traffic flow. (a) Dyskeratotic. (b) Koilocytotic. (c) Metaplastic.
3. Method

3.1. AlexNet

AlexNet employs a deep convolutional neural network structure with 8 transform layers (5 convolutional
and 3 fully connected layers) and uses a ReLU activation function to enhance the nonlinear
representation of the network. This deep network structure better captures the high-level features in the
image and improves the accuracy of image recognition. In addition, AlexNet introduces a Local
Response Normalisation (LRN) layer to enhance the generalisation ability, while Dropout technique is
used to reduce the risk of overfitting. The modular structure of AlexNet is shown in Fig. 2.

3x3 MaxPool, stride 2
5x5 Conv (256), pad 2

3x3 MaxPool, stride 2
11x11 Conv (96), stride 4

Figure 2. The modular structure of AlexNet.
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During the training process, AlexNet employs regularisation methods such as data augmentation and
stochastic inactivation to improve the generalisation ability of the model. Data augmentation expands
the training dataset by rotating, flipping, scaling and other operations on the training samples, thus
reducing the sensitivity of the model to the input data; while random deactivation reduces the
dependency between neurons by randomly setting the neuron outputs to 0, which helps prevent
overfitting. In terms of optimisation algorithms, AlexNet uses a momentum-based stochastic gradient
descent (SGD) algorithm and introduces a learning rate decay strategy. These optimisation methods
effectively accelerate the model training process and improve the speed of model convergence.

In terms of hardware devices, AlexNet significantly accelerates the training speed with the help of
GPU parallel computing capability. This lays the foundation for the subsequent application of deep
learning models on large-scale image data [8].

3.2. VGG

The principle of VGG model is mainly based on the design and feature extraction of deep convolutional
neural network, which gradually extracts the features of the input image through multi-layer convolution
and pooling operations, and classifies them through the fully connected layer.

Firstly, the VGG model adopts a uniform convolutional kernel size (3x3) and step size (1), and the
ReLU activation function is used after each convolutional layer to enhance the nonlinear fitting ability
of the network. This design allows the VGG model to have a deeper network structure, which helps to
extract more complex and abstract image features. In addition, in order to reduce the number of
parameters and decrease the risk of overfitting, the VGG model employs multiple consecutive
convolutional layers followed by a maximum pooling layer to gradually reduce the feature map size.
Secondly, the VGG model structurally employs stacking multiple convolutional and pooling layers as
well as fully connected layers to construct the entire network. Among them, VGG16 and VGG19 are
two commonly used versions, consisting of 16 and 19 convolutional layers, respectively. These
convolutional layers can effectively capture local features in the input image and gradually combine
them into more abstract and high-level feature representations. Finally, these high-level features are
mapped to different classes for classification through fully connected layers.

In addition, the VGG model uses a smaller convolutional kernel and a deeper network structure to
enhance the recognition of subtle features as well as complex textures in images.

3.3. GoogLeNet

GoogLeNet uses multiple Inception modules to build the entire network. Each Inception module consists
of four parallel paths that perform 1x1, 3x3, 5x5 convolution and max pooling operations and connect
their outputs. Doing so allows the network to learn richer and more complex feature representations at
different scales, which improves the image recognition performance.The module structure diagram of
GoogLeNet is shown in Fig. 3.
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Figure 3. The module structure diagram of GoogLeNet.
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In order to reduce the number of parameters and computational effort, GooglLeNet uses 1x1
convolution to reduce the number of channels in each Inception module.1x1 convolution reduces the
number of channels in the input data while keeping the spatial dimensions unchanged, which reduces
the amount of data that needs to be processed in the subsequent 3x3 and 5x5 convolution operations [9].

In terms of network structure, Googl.eNet also uses a global average pooling layer instead of a fully
connected layer. Global average pooling allows the feature maps output from the last convolutional layer
to be subjected to an average pooling operation, yielding a fixed-size feature vector as input to the final
classifier. This reduces the number of parameters and effectively prevents overfitting.

During the training process, to further improve performance, Google also used auxiliary classifiers
to guide the gradient back propagation. These auxiliary classifiers were added to certain layers in the
middle and combined with an overall loss function to facilitate gradient propagation and accelerate
convergence.

3.4. MobileNet

MobileNet employs a depth-separable convolution structure that breaks down the standard convolution
operation into two steps: deep convolution and point-by-point convolution. Deeply separable
convolution first performs independent spatial convolution for each input channel, and then linearly
combines the output channels through point-by-point convolution. This structure effectively reduces
computational complexity and maintains relatively good feature extraction capability. The schematic
structure of MobileNet is shown in Figure 4.

3x3 DConv,
BN
H-Swish

Figure 4. The schematic structure of MobileNet.

MobileNet introduces the concepts of width multiscale and resolution multiscale. Width multiscaling
allows the user to control the number of channels in each layer of the network, thus striking a balance
between model size and speed, while resolution multiscaling allows the input image to be scaled so that
the model can adapt to image inputs of different resolutions.

In addition, global average pooling is used in the last few layers instead of fully connected layers,
further reducing the number of parameters. This design allows MobileNet to significantly reduce the
model size and computational load while maintaining relatively high accuracy, making it ideal for
deployment on mobile devices, embedded systems, and edge-end devices [10].

4. Result

Firstly, the data is configured, and a total of three types of images, Dyskeratotic, Koilocytotic and
Metaplastic, are divided into the training set and the test set according to the ratio of 7:3, with 70% of
the data being used for training, and 30% of the data being used for testing. The graphics card used for
the experiment is 3090, and the memory is 32G. During the experiment, the changes of loss and accuracy
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in the validation set are recorded, and the change curves of loss and accuracy are outputted; the change
curves of loss for the four models are shown in Fig. 5, and the change curves of accuracy for the four
models are shown in Fig. 6.

Line graph of the evolution of loss 05 Line graph of the evolution of loss
0.6
0.7
05 0.6
1] 1]
§oa] §os;
0.4
0.3
0.3
0'2 T T T T T T T T T T T T
o BT 20 30 4D 50 ] 10 20 30 4D 50
Epoch Epach
Line graph of the evolution of loss Line graph of the evolution of loss
1.75 0.8
1.50 0.7
1.25 0.5
7] 7]
§ 1001 Hos/
0.75 1 04
0.501 03l
0251 . . ! . . ; ; . : .
] 10 20 30 4D 50 0 B0 20 30 4D 50
Epoch Epoch

Figure 5. The change curves of loss for the four models.

As can be seen from the change of loss of the four models, the loss value of AlexNet gradually
decreases from 0.637 and converges to 0.212, the loss value of Vgg gradually decreases from 0.777 and
converges to 0.278, the loss value of GoogleNet gradually decreases from 1.77 and converges to 0.31,
and the loss value of MobileNet gradually decreases from 0.80 to 0.31, and the loss value of Vgg
gradually decreases from 0.80 to 0.31. for GoogleNet decreases from 1.77 and converges to 0.31, and
for MobileNet the loss value decreases from 0.809 and converges to 0.267.
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Figure 6. The change curves of accuracy for the four models.

The accuray from the validation set of the four models are counted to calculate the maximum and
average values of the model accuracy, and the results are shown in Table 1, from which it can be seen
that MobileNet has the highest maximum and average accuracy, which are 93.9% and 88.3%,
respectively; followed by GoogleNet model, with the maximum and average accuracy, which are 92.9%
and 88.0%, respectively; AlexNet model, with the maximum and average accuracy, which are 92.9%
and 88.0%, respectively; and GoogleNet model, with the maximum and average accuracy, which are
92.9% and 88.0%, respectively. 88.0%; AlexNet is next with 92% and 88.0% for maximum and average
accuracy, respectively; and the worst prediction is the Vgg model with 90.1% and 86.7% for maximum
and average accuracy, respectively.

Table 1. Model evaluation parameters.

Model Max Average
AlexNet 0.92 0.88058
Vgg 0.901 0.86774

GoogleNet 0.929 0.88038
MobileNet 0.939 0.8829

5. Conclusion

In this study, we have classified single-cell routine Pap smear images based on deep learning algorithms
such as AlexNet, VggNet, GoogleNet and MobileNet, and compared the effectiveness of the four
classification models. By dividing the data into training and test sets in the ratio of 7:3, we recorded and
analysed the variations of loss and accuracy in the validation set. When observing the trend of the loss
changes of the four models, it is found that the loss value of AlexNet gradually decreases from 0.637
and gradually converges to 0.212, the loss value of Vgg gradually decreases from 0.777 and gradually
converges to 0.278, the loss value of GoogleNet gradually decreases from 1.77 and gradually converges
to 0.31, and the loss value of MobileNet's loss value gradually decreases from 0.809 and gradually
converges to 0.267.These results indicate that MobileNet exhibits faster convergence to lower loss
values in the task of single-cell routine Pap smear image classification.

Further analysing in terms of maximum and average accuracies, we find that MobileNet exhibits the
best performance with 93.9% and 88.3% maximum and average accuracies, respectively; followed by
the GoogleNet model with 92.9% and 88.0% maximum and average accuracies, respectively; and
AlexNet is ranked third, with 92.9% and 88.0% maximum and average accuracy of 92% and 88.0%,
respectively; and the Vgg model presents the worst prediction results, with a maximum and average
accuracy of only 90.1% and 86.7%.

In conclusion, the results of this study show that MobileNet exhibits high classification accuracy in
the task of single-cell routine Pap smear image classification and converges faster during the training
process. Therefore, it has the potential for wide application in this field.
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