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Abstract
Accurate recognition of cervical cancer cells is of great significance to clinical diagnosis, but these existing algorithms are designed
by low-level manual feature, and their performance improvements are limited an improved algorithm based on residual neural
network is proposed to improve the accuracy of diagnosis. Firstly, momentum parameters are introduced into the training model;
secondly, by changing the number of training samples, the recognition rate of the algorithm can be improved. Therefore, aiming at
the task of object recognition under resource constrained condition, we optimize the design method of the network structure such as
convolution operation, model parameter compression and enhancement of feature expression depth, and design and implement the
lightweight network model structure for embedded platform. Our proposed deep network model can reduce the parameters of the
model and the resources needed for operation under the condition of guaranteeing the precision. The experimental results show that
the lightweight deep model has better performance than that of the existing comparison models, and it can achieve the model
accuracy of 94.1% under the condition that the model with fewer parameters on cervical cells data set.
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Introduction

With the continuous development of medical image processing
and pattern recognition technology, cervical cancer cell detec-
tion technology based onmachine vision emerges as the require-
ment [1]. This technology is expected to replace traditional man-
ual screening methods to solve the problems of low efficiency,
being greatly influenced by subjective factors and low accuracy
in manual screening methods [2]. Since the technology is in the
initial stage, there is a general problem, such as low accuracy of
recognition, poor sensitivity and specificity of classification.

Intelligent cervical cell image analysis is one of the specific
tasks that applies AI technology to achieve modern medical
diagnosis [3]. Recently, many researchers are dedicated to the

research on intelligent cervical cell image analysis and have
made remarkable progress [4]. However, due to the character-
istics of realistic cervical cell images as well as cervical cell’s
complex shapes and structures, the accuracy and real-time
performance of existing cervical cell image processing, detec-
tion and recognition technologies need to be improved so as to
meet the public’s pressing demands for intelligent cervical cell
image analysis [5]. By the virtue of pattern recognition and
machine learning theory, some literature [6–9] provide a thor-
ough analysis to image segmentation, feature extraction, fea-
ture selection, feature combination [10] and classification of
cervical cell image, and conducts in-depth research on the key
technologies of intelligent cervical cell image analysis to pro-
mote the accuracy and speed of the intelligent analysis system
for cervical cell images [11].

To study on the segmentation of non-overlapping single
cervical cell color image, literature [12] has proposed an ac-
curate and fast image segmentation method based on super
pixel gap-search MRF (Markov Random Field) model.
Based on the pre-segmented super pixels, this model can ex-
tend MRF model to label super pixel patches to partition the
image into cell nucleus, cytoplasm and background directly.
Moreover, due to the proposed gap-search mechanism, a large
amount of redundant computation is reduced to solve the
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problem and the proposed method is much faster than pixel-
based MRF model. Experimental results show that the pro-
posed segmentation method based on super pixe1 Gap-search
MRF can segment the non-overlapping cervical single cell
images more accurately and quickly than other segmentation
approaches. However, literature [12] is not suitable for over-
lapping cells, whose segmentation effect is poor.

Therefore, the segmentation of cervical cell overlapping
images is explored in literature [13] and this problem is divid-
ed into two categories: “partial overlapping” segmentation
problem and “true overlapping” segmentation problem. As
for “partial overlapping” segmentation of cervical cell image,
an improved super pixel and K-means++ is proposed. Firstly,
SLIC super pixel algorithm technique is employed to divide
the filtered image into super pixel patches. Secondly, 13 di-
mension features are extracted from the divided super pixels
and these super pixels are clustered into 4 classes by K-
means++ algorithm. According to the different intensities of
cluster’s centers, the image is segmented to cervical nucleus,
background, candidate cytoplasm and overlapped region.
Finally, in the light of the prior knowledge of the cell shape,
candidate cytoplasm and overlapped regions, cytoplasm is
identified by removing the outside of cell shape.
Experimental results show that the proposed method performs
better than other classic unsupervised methods for the seg-
mentation of “partial overlapping” cervical color image seg-
mentation. As for “true overlapping” segmentation of cervical
cell image, an improved method combines graph cuts and
Voronoi diagram algorithms in [14]. Firstly, this method em-
ploys graph cuts for scene segmentation to identify back-
ground and foreground. Secondly, after detecting nuclei re-
gions of each cell clump as seeds of Voronoi diagram, non-
overlapping “rough” cells are segmented from the clump.
Thirdly, according to the cell prior shape, the overlapping
“compensation” region of each rough cell, which is not in
Voronoi cell, is extracted. Finally, “rough” cell region and
“compensation” cell region are combined as a whole cell.
Experimental results show that the proposed method achieves
the same segmentation accuracy as existing best segmentation
methods over two challenge datasets of overlapping cervical
cell segmentation.

The problem of feature selection and combination for cer-
vical cell images is studied. Margin based adaptive feature
selection and combination method is proposed in literature
[15]. The basic idea is proposed based on minimizing the
distance among instances in a cluster, meanwhile maximizing
the distance among instances belong to different clusters.
Specifically, the prior probability about the training data is
used when solving multi-value weighted vector for feature
optimization. In addition, when the feature selection and com-
bination are conducted, the original features are transformed
into the new feature space. It thus becomes easier to conduct
classification of the instances in the new feature space.

Experimental results illustrate that the proposed feature selec-
tion and combination method outperforms its counterparts on
accuracy when performing the abnormal detection for cervical
cell images. Literature [16] studies the outlier detection for
cervical cell images. It argues that cervical cancer cell diagno-
sis system should guarantee both the accuracy and the effi-
ciency. To improve the accuracy of diagnosis system, a three-
phase outlier detection model is proposed for cervical cell
image analysis. The model separately optimizes the three
stages in cervical cancer outlier detection based on a well-
segmented cell image. Specifically, it first extracts 160 fea-
tures to represent the intrinsic characteristics of the cervical
cell. Then, a margin-based adaptive feature selection method
is used to learn an optimal combination of these features for
outlier detection task. After that, the optimized features are fed
into a two-stage classified strategy for cancer cell detection.

However, these algorithms are designed by low-level man-
ual feature, and their performance improvements are limited
[17]. Accurate recognition of cervical cancer cells is of great
significance to clinical diagnosis [18]. Recently, the diagnosis
of cervical cancer cells mainly depends on the manual feature,
and judgment based on clinical experience may lead to higher
errors [19]. There are complexity and difference among cer-
vical cancer cells, and the shape of tissues and organs is irreg-
ular. The image data of cervical cancer cells have high-order
statistical characteristics, resulting in a large amount of redun-
dant information. In order to improve the recognition rate,
deep learning is more and more widely used in the recognition
and diagnosis of cervical cancer cells, and has a broad appli-
cation prospect in the field of biology [20].

Convolutional neural network is the most representative
model in deep learning. By constructing a multi-hidden layer
model framework and using a large number of training data to
simulate the high-level features of human brain function learn-
ing, the literature [21] applies convolutional neural network to
recognize the cervical cancer cell, which can simplify the pro-
cedure of segmentation and extraction of features. With the
increase of network layers, the training time is too long and the
accuracy will tend to be saturated. On the basis of convolution
neural network, the residual neural network is proposed in
literature [22]. The advantage of residual neural network is
that it can greatly reduce training time and prevent over-
fitting. However, the stochastic gradient descent algorithm is
used to train the network, which will introduce noise sources
and make the training parameters fluctuate greatly and the
update of parameters unstable, and has a great impact on the
recognition rate of the algorithm.

In this paper, an improved algorithm based on residual neural
network is proposed to solve these problems. Firstly, by intro-
ducing momentum parameters into the training model, the noise
interference can be reduced; secondly, by changing the number
of training samples, the recognition rate of the algorithm can be
improved. Therefore, aiming at the task of object recognition
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under resource constrained condition, we optimize the design
method of the network structure such as convolution operation,
model parameter compression and enhancement of feature ex-
pression depth, and design and implement the lightweight net-
work model structure for embedded platform. So that the deep
network model can reduce the parameters of the model and the
resources needed for operation under the condition of guarantee-
ing the precision. The experimental results show that the light-
weight deep model has better performance than that of the basic
model proposed by ResNet, and it can achieve the model accu-
racy of 93.5% under the condition that the model with l0× fewer
parameters on cervical cells data set.

Methods

Deep network usually optimizes the deep network compres-
sion of network model by reducing the number of model pa-
rameters and the storage space of single parameter. However,
simply deleting the structural parameters of the network mod-
el without adjusting and optimizing the structure will lead to a
significant decline in the performance, thus affecting the actu-
al use of the networkmodel [23]. The object recognition meth-
od concerned in this paper is the first level, i.e. image level
object recognition. Based on the idea of champion network
model in ILSVRC competitions over the years, and combined
with the needs of embedded applications, the whole structure
of our proposed network model based on modularization is
designed, as shown in Fig. 1.

The deep network model structure proposed in this paper
adopts modular design method. By orderly linking each mod-
ule according to the topological structure, the whole structure
of the model is finally formed. The DResNet module structure
is shown in Fig. 2. The left one is the same dimension of input
and output feature diagrams of modules, while the right one is
used when reduce the dimension of input feature.

It can be seen from the schematic diagram of the module
structure that when the upper module or data reading layer
outputs to the lower module, the original feature channel is
divided into two identical branches. One branch uses the
shortcut connection idea, which directly acts as the front layer
fi(x)of the module output. Since the other branch uses bottle-
neck idea to compress the feature channel first, the compres-
sion ratiowfcan be set according to the actual situation.

After bottleneck output, the total number of feature chan-
nels is segmented according to the proportional coefficientws,
and convolution feature extraction operations are carried out
through convolution kernels of different scales [24]. In this
case, convolution kernels with the size of 1 × 1 and 3 × 3 are
used to realize the difference of receptive fields between dif-
ferent feature channels, so as to enhance the feature expression
ability of small networks. In addition, the feature diagrams of
different convolution kernels are output for splicing operation
to make them become a complete feature channel. After that,
the convolution operation of channel 1 × 1 achieves feature
fusion between different receptive field feature channels.

Because of the large redundancy of deep network, the quality
of different feature channels is different after 1 × 1 convolution
output. So the convolution operation flow based on the idea of
feature channel weighting is adopted here. By transforming a
single convolution channel into a real value, the quality of the
feature channel is measured. The real value is used as the chan-
nel weight to measure the features of each channel and then
output the feature fse(x). Finally, the features of fi(x) and fse(x)
are added point by point through the idea of residual network,
and the feature information processed by themodule is output to
the next feature extraction module or model classifier to realize
the recognition of the cervical cancer cell.

The proposed model structure is based on ResNet network.
It mainly improves from three aspects: optimizing convolu-
tion operation, compressing model parameters and enhancing
feature expression. Each improvement method will be de-
scribed in detail in next section.

Lightweight deep model for cervical cancer
cell

Optimize convolution operation

The standard convolution operation is to add the output results
after calculating the feature channels and convolution kernels of
the input layer, and take the results as the feature input of the next
layer. The standard convolution formula is shown as follows.

g x; yð Þ ¼ ∑
a

s¼−a
∑
b

t¼−b
w s; tð Þ f xþ s; yþ tð Þ ð1Þ

where w is the convolution kernel; f is the feature image.
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Fig. 1 Our proposed light-weigh deep model structure
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Standard convolution computation can extract image fea-
tures, but because the number of convolution kernels depends
on the input and output channels, there is a strong coupling
among them. If it is only from the perspective of input or
output channels, it is difficult to achieve better results because
of the existence of coupling relationship, so the depthwise
separable convolution is used to optimize the convolution op-
eration. The standard convolution operation is divided into
Depthwise and Pointwise. And the flow chart is shown in
Fig. 3.

In standard convolution operations, it is assumed that the
size of the input feature diagram isM ×Dk ×Dk, whereMis the
number of input feature and Dk is the size of the input feature.
The size of the output feature is N ×Df ×Df, where N is the
number of output feature andDfis the size of the output feature.

So the amount of calculation required for standard convolu-
tion operation is shown in formula (2).

Cfs ¼ Dk � Dk �M � N � Df � Df ð2Þ

After depthwise separable convolution, when the sizes of
input and output feature diagrams are the same, the calculation
can be divided into two parts: deep convolution calculation
and point by point convolution calculation. The amount of
calculation required is shown in formula (3).

Cfd ¼ Dk � Dk �M � Df � Df þM � N � Df � Df ð3Þ

By comparing the standard convolution with the depth sep-
arable convolution, it can be found that the depth separable
convolution reduces the computational complexity of the

Standard Convolutional Filters

Pointwise Convolutional Filters

Depthwise Convolutional Filters

Fig. 3 Depth separable
convolution

1×1GConv

1×1GConv 3×3DWConv

1×1GConv

Concat

AVE Pooling

Sigmoid

1×1GConv

1×1GConv

Channel Weighting

1×1GConv

1×1GConv 3×3DWConv

1×1GConv

Concat

AVE Pooling

Sigmoid

1×1GConv

1×1GConv

Channel Weighting

3×3GConv

(a) (b)

Fig. 2 Diagram of module
structure. (a) the same dimension
of input and output feature; (b)
Dimensionality reduction
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model by a smaller proportion than the original standard con-
volution. The calculation formula is shown in formula (4).

γ ¼ Cfd

Cfs
¼ Dk � Dk �M � Df � Df þM � N � Df � Df

Dk � Dk �M � N � Df � Df

¼ 1

N
þ 1

D2
k

ð4Þ

In deep networks, the 1 × 1 convolution carries the infor-
mation fusion between multi-feature channels. However, be-
cause the point convolution operation is also carried out in a
traversing way, although the parameters of the model are
small, the actual calculation is still relatively large [25]. So
this paper is inspired by uses the idea of group convolution,
and implements all 1 × 1 convolution operations in the net-
work using group convolution. However, channel mixing op-
eration cannot be adopted after group convolution in this pa-
per. The reasons are written as follows: (1) since the number of
channels used in the first three group convolution operations is
different, and in the case of different number of channels, the
group convolution operation itself has the operation of chan-
nel rearrangement, so there will be no edge effect; (2) Mixed
channel operation will increase the amount of computation
and the memory space used in the network operation. It is
contrary to the design requirements of the original hardware
resource constraints, and will also lead to the decline of the
real-time performance of the model.

Compress model parameters

In order to increase the richness of receptive fields in each
layer of the network and reduce the parameters of the model
effectively, a model compression method based on
Bottleneck’s idea is used here. Firstly, the number of feature
channels of input 1 × 1 point convolution and 3 × 3 separable
convolution is compressed by group convolution, and the
compression ratio is controlled by W; and then, according to
the actual application needs, the number of feature channels of
input 1 × 1 and 3 × 3 separable convolutions are set, and the
ratio of them is controlled by R. In practical application, the
two parameters W and R can be selected according to the
requirements of accuracy and actual hardware. And the sche-
matic diagram is shown in Fig. 4.

Enhance feature expression

Rich receptive fields can improve the performance of the
model. The reason is that rich receptive fields guarantee the
quality of feature extraction. For the embedded application
design network, its features are that the parameters of the
model and the hardware requirements for the model operation
are relatively low. But this network structure often has a

problem, that is, the inadequate feature expression ability of
the model. It also leads to the main reason that the perfor-
mance of the model is not as good as that of the network
structure deployed on the server cluster [26]. Therefore,
aiming at the weak feature expression ability of lightweight
network, the idea of channel weighting proposed by SeNet is
used to improve the expressive feature ability of network
model. The principle is shown in Fig. 5.

It can be seen from the schematic diagram that the method
is not based on spatial dimension to optimize the model struc-
ture, such as Inception, but from the perspective of the rela-
tionship between the feature channels to optimize the model
structure. By explicitly modeling the interdependence be-
tween the channels, the feature response of the channels can
be adaptively recalibrated.

Specifically, the original feature channel is first trans-
formed into 1x1xC by global pooling operation; then the pro-
portion of each channel weight is obtained by using the non-
linear activation function; and finally the final feature output is
obtained by mapping the proportion to each feature value of
the original feature channel. Because the output feature dia-
gram is based on the weighted coefficients corresponding to
each feature diagram, it plays an automatic feature differenti-
ation process to a certain extent, and is conducive to the ex-
traction of key features of the object.

The improved loss function

In the data set production and data preprocessing stage, be-
cause of the number of samples of different categories, the
imbalance of sample proportion may exist in input samples
of the classifier.

When a class accounts for a big proportion in the data set,
the classifier can often get a good performance. However, the
traditional cross-entropy loss function does not distinguish the
classes that can be well recognized in the process of model
training, which makes the classifier repetitively learn the

Filter

1×1

Filter

1×1

Filter

3×3

relu

relu

Squeeze

Expand

Fig. 4 Model parameter compression method
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samples that have obtained better recognition performance.
This also makes it difficult for the classifier to concentrate
on the learning of the hard-to-recognize samples, which will
increase the training time of the model. Therefore, the focal
loss function proposed by RetinaNet based on the idea of
hard-to-recognize sample mining is used as the loss function
of recognition network training. Focal loss function regards
the probability value of each sample class predicted by the
network as the weight of loss function. The expression of focal
loss function is shown in formula (5).

FL ptð Þ ¼ −αr 1−prð Þγ log ptð Þ ð5Þ
where (1 − pt)

γis the modulation coefficient, which is used to
control the contribution rate of different samples to the loss
function; when γ = 0, it is the standard cross-entropy loss
function; and ptis the probability of predicted output sample
class in the training process.

Experimental method

Experimental database and environment setup

The experimental environment is divided into two parts: net-
work training and network testing. The network training part
is a hardware resource platform based on TITAN X, which
uses motherboard XeonES-2450@2.00 GHz CPU with mem-
ory 16 GB; the software environment is Ubuntu 14.04 system
and the deep learning framework Caffe. The hardware basic
platform is based on Jetson TK1 in network testing part, and
its display memory is 2 GB; the software environment is
Ubuntu 14.04 that is a customized version of Jetson TK1,
and the deep learning framework is also Caffe.

The used cell data comes from two datasets with two types
of cervical cytology images. The first one is from a publicly
available dataset (http://mdelab.aegean.gr/downloads)
collected at the Herlev University Hospital by a digital
camera and microscope. The image resolution is 0.201 μm
per pixel. The specimens are prepared via conventional Pap
smear and Pap staining. The Herlev dataset consists of 917

images with ground truth segmentation and classification.
There are a total of seven different classes diagnosed by two
cyto-technicians and a doctor, so as to maximize certainty of
the diagnosis. These seven classes belong to two categories:
class 1–3 are normal, and class 4–7 are abnormal. Another
database is from self-built database, which is acquired from
West China Hospital.

Network model parameter settings

On the basis of the lightweight deep network module pro-
posed above, according to the different hardware environ-
ments, the model parameters can be adjusted by setting the
values of w and r, where wf = 1.0 and ws = 0.5are used. By
connecting each module, the network model structure needed
for the experiment is finally formed. Detailed information on
model result parameter settings is shown in Table 1 whereMB
denotes Match_ Block and DB denotes DRes_Block.

After using a common convolution layer, the whole network
model directly uses the pooling operation to realize the blurring
of the original image and highlight the outline information of the
object in the image; then uses four groups of the structure
“DB+MB” to extract the high-level semantic feature informa-
tion on the basis of the previous feature diagram; finally uses the

Table 1 Lightweight model structure parameter setting

Layer Output size Kernel size stride repeat

image 224 × 224 – – –

Conv1 112 × 2112 7 × 7 2 1

Pool1 57× 57 3 × 3 2 1

MB1 57× 57 3 × 3 1 1

DB1 57× 57 3 × 3 1 1

MB2 29× 29 3 × 3 2 1

DB2 29× 29 3 × 3 1 2

MB3 15× 15 3 × 3 2 1

DB3 15× 15 3 × 3 1 4

MB4 8 × 8 3 × 3 2 1

DB4 8 × 8 3 × 3 1 2

Pool2 1 × 1 – global 1

Fig. 5 Channel weighting
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classifier softmax to complete the feature classification and rec-
ognize the classification information of the object.

On the basis of completing the model construction, it is
necessary to optimize the above network model structure by
using reasonable depth network optimization algorithm and
appropriate network model training parameters, so as to real-
ize the updating and optimization of the connection parame-
ters between neurons in the model. The parameter setting of
model training is shown in Table 2. In this paper, SGD opti-
mization algorithm is used as the calculation method of model
optimization.

Experimental results

In order to quickly verify the feasibility of the algorithm and
take into account the pertinence of actual cancer-cell recogni-
tion applications in cervical cell pathology image, this paper
deletes categories from self-built cervical cell dataset. The
deleted categories are not related to cervical cell objects, and
ultimately the dataset only retains 12 object categories related
to cervical cell objects. In order to ensure the fairness of the
comparison, the following experimental data are based on the
data set. The following experiments are compared in this
paper:

a) Comparison between the original ResNet model and our
proposed model in this paper.

b) our proposed model is compared with existing light-
weight network models such as MobileNet v1,
MobileNet v2, ShuffleNet and ResNet-18.

Firstly, our proposed network model is compared with
ResNet. And the experimental data are used to verify the per-
formance difference between the deep network structure and
the proposed basic network model structure. The comparative
experimental data are shown in Table 3 where @.5 means that
the channel is cut 0.5 times as much as the original channel.

As can be seen from the Table 3, the size of the original
DResNet network model is only 11.2 MBwithout any model
tailoring, which is about 1/10 of the size of the ResNet-50
network model. However, the performance of the model is
only 0.9% different from that of the ResNet model. Under

the condition of further compression, the network model can
achieve 7.4% compression of the original structure. In other
words, the object recognition accuracy is still 0.5% higher
than that of DResNet@.5 under the condition of smaller mod-
el size than DResNet@.5. There are also huge differences in
the memory usage of the whole model in the running phase.
The DResNet network model only needs 533 MB, which is
85% less than the original ResNet network.

Considering the requirements of embedded platform appli-
cation, this paper makes deep channel-based tailoring for the
original DResNet network to test whether the model can meet
the application requirements under different hardware re-
source constraints. As can be seen from Table 4, when the
model is tailored to 1.7% of the original model, the perfor-
mance of the model can still be effectively guaranteed. The
object recognition accuracy is similar to that of ShuffleNet
model, but the storage space occupied by the whole model is
only 1.7 MB.

On the basis of the comparison with ResNet and aiming at
the requirements of embedded application, this paper com-
pares the network model with ResNet-18 [12], MobileNet-
v1 [18], MobileNet-V2 [22] and ShuffleNet [27]. And the
performance comparison curves of those models are shown
in Fig. 6.

We can see from the curve that the DResNet network struc-
ture has a high convergence speed in the early stage of model
training, and its performance is better than other existing net-
work structures designed for embedded applications. At the
end of model training, the performance of the four lightweight

Table 2 Model training
parameter setting Parameter value

Learning rate 0.01

Optimization type SGD

Learning-rate policy Multistep

Max Iteration 450 000

Gamma 0.1

Table 3 Model size vs accuracy on cervical cell data set

Model Size/MB Compression
ratio/%

Accuracy/% Error/%

ResNet-50 98.5 – 95.4 –

DResNet 11.2 10.4 93.6 −0.9
ResNet-50@.5 65.7 65.9 94.6 −0.7
DResNet@.5 7.4 7.9 93.3 −2.1
ResNet-50@.25 17.4 18.1 93.1 −1.9
DResNet@.25 1.7 2.0 89.9 −5.1

Table 4 Performance comparison of various lightweight network
models

Model Size/MB Accuracy
top1/%

Accuracy
top5/%

ResNet-18 44.5 75.4 92.3

ShuffleNet@1 g3 7.2 69.6 90.1

MobileNet 16.7 70.6 92.8

MobileNet v2 17.4 73.3 93.7

DResNet 10.7 71.9 93.5

J Med Syst (2019) 43: 301 Page 7 of 9 301



models converges to approximately equal, but there are still
some differences. ShuffleNet network still has a large perfor-
mance fluctuation at the end of model training, and its perfor-
mance is slightly lower than that of MobileNet-V2 and
MobileNet-V1 networks. The proposed DResNet network
structure achieves a slightly higher performance than
MobileNet-V1, approximating the accuracy of MobileNet
V2 with a difference of only 0.1%. However, the size and
convergence speed of the model are obviously better than
those of other network models.

Discussion

On the basis of completing the comparison of the whole per-
formance of the model, experiments are carried out to verify
the impact of each improvement on the performance of the
final model in the process of model design. It can be seen from
the table that the algorithm model is only suitable for optimiz-
ing the original convolution operation with depth separable
convolution. The depth separable convolution adopts the
method of dividing the standard convolution into two opera-
tions. Although the parameters and calculation amount of the
model are reduced to a certain extent, the number of informa-
tion cross-correlation between each feature channel in the
model becomes less. As a result, the performance of the
ResNet model is much lower than that of the original model.

By adding squeeze-expand structure, we use the different
size of receptive fields generated by different convolution sizes
to increase the richness of receptive field sizes in the network
model, so that the model can effectively identify the objects of
different sizes, and thereby improve the performance of the
network. The experimental results show that the performance
of the model is improved by 0.8% by adding this method.

The rich receptive field can improve the performance of the
model. The reason is that the rich receptive field provides

guarantee for the quality of feature extraction. However, if
we make full use of high-quality features, whether we can
further improve the performance of the network is an argu-
ment. Therefore, this paper draws on the Squeeze Excitation
network structure based on channel weighting proposed in SE
network to enhance the feature expression ability of light-
weight model. The experimental results show that the perfor-
mance of the lightweight model can be greatly improved by
this structure, and the lightweight model still has strong fea-
ture extraction and expression ability.

In terms of loss function, because the quality of input sam-
ples will directly affect the final performance of classifier
training, there are many redundant calculations in the training
process. The training process has large amounts of data. For
example, an image in the data set can be recognized with high
confidence in the training process. However, because the net-
work does not have the function of filtering the data set, the
model repeats more training of simple samples and cannot
focus on learning difficult samples. Therefore, this paper uses
the focal loss function proposed in RetinaNet network [28] as
the loss function of the classifier, and dynamically adjusts the
weight of the loss value through the probability value predict-
ed by the algorithm. It can be ensured that the network is more
focused on the learning of difficult samples and the final per-
formance of the model is improved. The experimental results
show that the performance of the model is improved by 1.7%
through the focal loss function.

Conclusion

In this paper, the lightweight network model structure is
designed under the constraints of embedded resources and
the DResNet lightweight network structure is proposed. In
addition, the actual experimental verification and analysis
are carried out for the designed lightweight network struc-
ture. Experiments results show that the lightweight net-
work structure can greatly reduce the model parameters
on the basis of ensuring the accuracy of the model, thus
reducing the computational complexity of model-intensive
calculations and the occupation of memory. The model can
be effectively deployed with limited hardware and energy
resources. However, the proposed lightweight network
structure is only for cervical cancer cell classification
tasks. In addition, the network compression method only
focuses on the optimization of the network model struc-
ture. It is not involved in the weight quantization sharing
and coding. In future research, it is hoped that the light-
weight network structure and medicine diagnosis frame-
work can be integrated effectively and utilize deep network
compression methods to achieve cervical cancer cell iden-
tification and diagnosis on embedded hardware platforms.

Fig. 6 Performance comparison of several lightweight networks
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